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Abstract 

Harmful algal blooms (HABs) have emerged as a significant environmental challenge, impacting 

aquatic ecosystems, drinking water supply systems, and human health due to the combined effects 

of human activities and climate change. This study investigates the performance of deep learning 

models, particularly the Transformer model, as there are limited studies exploring its effectiveness 

in HAB prediction, considering multiple influencing parameters including physical, chemical, and 

biological water quality monitoring data from multiple stations located west of Lake Erie, and uses 

Shapley Additive Explanations (SHAP) values as an explainable artificial intelligence (AI) tool to 

identify key input features affecting HABs. Our findings highlight the superiority of deep learning 

models, especially the Transformer, in capturing the complex dynamics of water quality 

parameters and providing actionable insights for ecological management. The SHAP analysis 

identifies particulate organic carbon, particulate organic nitrogen, and total phosphorus as critical 

factors influencing HAB predictions. This study contributes to the development of advanced 

predictive models for HABs, aiding in early detection and proactive management strategies. 
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1. Introduction 

The emergence and proliferation of Harmful Algal Blooms (HABs), particularly characterized by 

cyanobacteria, also known as blue-green algae, have escalated into a pressing environmental issue 

affecting water bodies worldwide. These blooms significantly impact water quality, public health, 

and the balance of aquatic ecosystems (Demir et al., 2009). The primary culprits behind the surge 

in HAB incidents include nutrient pollution, primarily from agricultural production and industrial 

waste, coupled with climatic variables such as rising water temperatures and altered water quality 

characteristics (Paerl and Paul, 2012; Graham et al., 2016). HABs are notorious for producing 

dangerous toxins, undermining the aesthetic and recreational value of waterways, and challenging 

the provision of clean drinking water (Weirich and Miller, 2014). The situation is further 

exacerbated by the dramatic rise in HAB events in recent years, attributed to the rapid expansion 

of human populations, extensive agricultural practices, escalating pollution levels, and the 

overarching effects of climate change (Yeşilköy and Demir, 2024; Tanir et al., 2024).  

This disturbing trend underscores the urgent need for the development and refinement of HAB 

monitoring, estimation, modeling, and prediction techniques to protect water resources and public 

health (Greene et al., 2021; Ratté-Fortin et al., 2023; Paerl et al., 2016; Yan et al., 2024a). Given 

these challenges, it becomes imperative to monitor and develop forecasting tools for HABs, to 

ensure public health and safety. However, direct measurement of algal concentrations is labor-

intensive and time-consuming, where the chlorophyll-a concentration often serves as a proxy for 

algal blooms (Boyer et al., 2009) and poor water quality (Mellios et al., 2020). Therefore, it would 

be desirable to predict the occurrence of HABs from other readily measured variables that are 

primary factors contributing to the proliferation of HABs. 

HABs formation typically results from a combination of factors that create a favorable growth 

environment (Wells et al., 2015). Key contributors to HABs include eutrophication, deteriorating 

water quality—especially high levels of nitrogen and phosphorus—and climate change (Glibert, 

2020; Zhou et al., 2022a). Over the last few decades, numerous studies have focused on the effects 

of individual factors like nutrients, land use or climate drivers on HABs, rather than examining the 

complex interaction of physical, chemical, and biological factors (Wells et al., 2020; Maze et al., 

2015; Paerl et al., 2011). However, these studies often relied on single data related to the individual 

factors, leading oversimplified prediction, and potential errors. Therefore, the harmful effects of 

HABs on ecosystems, the economy, and public health require understanding the complex 

interrelation between triggering HABs and their strict monitoring. 

Effective monitoring of HABs often requires laboratory analysis of water samples to assess a 

variety of indicators such as chlorophyll-a (Katin et al., 2021), cyanobacteria (Giere et al., 2020), 

and various algal toxins (Greer et al., 2016). The laboratory techniques used for these analyses 

encompass microscopy, spectrophotometry, liquid chromatography, and biochemical assays 

(Lombard et al., 2019). Such techniques are vital for identifying algae at the species level and 

require specialized technical expertise. Additionally, the use of remote sensing derived data from 

satellites and UAVs provides valuable spatial information of HAB spread (Rolim et al., 2023; 

Kislik et al., 2022; Cheng et al., 2020; Qui et al., 2023), making it easier to observe bloom 



conditions across different water bodies. Addressing the issue of algal blooms and their harmful 

effects necessitates a thorough understanding of their causes and the implementation of effective 

management strategies, including timely prediction of HAB. Consequently, ensuring the accuracy 

of HAB predictions is crucial for effectively responding to this global environmental challenge 

and safeguarding both the ecological environment and human health (Beck et al., 2010). 

There are various prediction models in the literature addressing the HABs. Physical process-

based models (Shin et al., 2019; Verhamme et al., 2016; Wynne et al., 2013; Baek et al., 2021) 

specify physical and biochemical processes that influence HABs. Typical physical process-based 

models include Environmental Fluid Dynamic Code (EFDC), Water Quality Analysis Simulation 

(WASP), QUAL2K (Bui et al., 2019; Zheng et al., 2021; Wool et al., 2020; Demir and Beck, 

2009). While these models have high prediction accuracy with complete data, constructing perfect 

data, particularly with spatial resolution, is costly and involves practical limitations. In addition to 

process-based models, statistical models, which use formula or fits to correlate various variables 

(physicochemical, meteorological, and hydrodynamic) to HAB indicators, sometimes struggle to 

capture complex nonlinear relationships and lack predictive accuracy (Liu and Zhang, 2022; 

Baydaroğlu et al., 2024; Franks et al., 2018). Both approaches have their contributions to studying 

HAB dynamics but often encounter limitations in accurately capturing complex interactions and 

maintaining predictive accuracy under varied conditions (Janssen et al., 2019). 

Due to limitations of these traditional physical and statistical models, data-driven models have 

emerged as ideal alternatives and have recently gained popularity being applied to solve various 

problems in hydrology and atmospheric studies (Sit et al., 2024; Baydaroğlu and Demir, 2024), 

environmental monitoring (Demiray et al., 2023), environmental management (Tounsi et al., 2023; 

Wang et al., 2019; Bayar et al., 2009). Similarly, recent applications of these models have focused 

on predicting HABs by analyzing the relationship between various algal-related factors and water 

quality parameters (Chen et al., 2023; Yan et al. 2024b; Rostam et al., 2023). Various machine 

learning (ML) models have been developed and are in practice for determining drivers of algal 

dynamics and multistep prediction in various lakes, rivers, and reservoirs (Busari et al., 2024; Ai 

et al., 2023; Lin et al., 2023; Jeong al., 2022; Izadi et al., 2021; Derot et al., 2020).  

Among them, Ai et al. (2023) presented a comprehensive study to compare the performance 

of widely used ML algorithms, including bootstrap aggregating (BA), gradient boosting (GB), 

gaussian processes (GP), k-nearest neighbors (KNN), Random Forrest (RF), support vector 

machine (SVM), and XGBoost (XGB), for predicting HABs. In addition to these algorithms, Yu 

et al. (2021) used Adaptive Boosting (AdaBoost), Gradient Boosting Decision Tree (GBDT) 

algorithms to predict HAB occurrence. However, limited information is available on criteria for 

selecting, validating, and evaluating the performance of ML models for HAB prediction (Busari 

et al., 2023). Besides these ML models, researchers have also applied deep learning (DL) models 

which have recently gained popularity due to their significant advantages such as the ability to 

capture temporal dynamics and handle complex interactions among features effectively (Demiray 

et al., 2021; Sit et al., 2021a).  



For example, several studies performed HAB prediction using different Long-Short Term 

Memory (LSTM) based models (Lee and Lee, 2018; Hu et al., 2019; Marndi et al., 2020; Yussof 

et al., 2021). Lee at al. (2022) used and compared integrated CNN model and LSTM to predict 

HABs for multiple streams from 29 stations in four South Korean rivers and showed that prediction 

performance for all monitoring stations of integrated CNN model was better than LSTM based 

models. In addition, a few recent studies have used the state-of-the-art DL algorithms such as 

Gated Recurrent Unit (GRU) and the Transformer for water quality prediction (Busari et al, 2024; 

Qian et al., 2023). Despite studies to predict HABs via ML/DL models is increasing, making 

optimal HAB predictions by reflecting various parameters, time series characteristics and 

performance evaluation remains challenging.  

Developing accurate predictive models necessitates thorough research into specific algal-

related factors and water quality parameters that significantly affect HAB dynamics. Parameters 

such as particulate organic matter, total phosphorus, dissolved phosphorus and turbidity play 

crucial roles in influencing chlorophyll-a concentrations in lakes and ponds (Du et al., 2022; Zhou 

et al., 2017; Wang et al., 2011). Chlorophyll-a is a vital indicator of HABs, with its distribution 

and concentration closely linked to algal growth and toxicity (Humbert and Fastner, 2016). 

Although the growth of cyanobacteria often correlates with increased chlorophyll-a levels, their 

toxicity can vary based on specific environmental factors at different sites (Hartshorn et al., 2016), 

indicating a more complex relationship between chlorophyll-a and algal toxins. Furthermore, 

higher chlorophyll-a concentrations do not always signify high toxin levels but may indicate a 

higher probability of exceeding certain thresholds (Hollister and Kreakie, 2016). Therefore, 

understanding the main drivers of HABs remains pivotal for accurate prediction and prevention 

efforts. 

In addition, all the data driven models previously discussed exhibit black box characteristics. 

This implies that the end user has access only to the input information provided in the models 

(Saeed and Omlin, 2023). Consequently, decision-makers are often unaware of the reasoning 

behind the predictions made by complex AI systems. To tackle these issues, concepts such as 

explainable AI have been developed (Arrieta et al., 2020). Explainable AI aims to create 

methodologies that enable human stakeholders to understand and interpret artificial systems 

(Langer et al., 2021). The sophistication of AI-based systems has advanced to a level where human 

intervention is seldom necessary for their design and deployment.  

However, when decisions made by such systems impact human lives, particularly in fields like 

medicine and law, it becomes crucial to comprehend how these decisions are generated by AI 

methods (Goodman and Flaxman, 2017). While early AI systems were relatively interpretable, the 

rise of deep learning has introduced models with an enormous number of parameters, rendering 

their outputs difficult to explain—a concept known as black-box properties (Castelvecchi, 2016). 

Most deep learning models (such as LSTM, CNN, RNN) used to predict algal bloom possess deep 

layers with numerous parameters, exhibiting the black-box property and predicting only singular 

pieces of information. Given that algal bloom is influenced by a multitude of variables and exhibit 



nonlinear growth patterns, understanding the contribution of each variable in predicting the target 

variable is essential. 

Lake Erie, part of the Great Lakes system, serves as a critical case study for examining HABs. 

The Great Lakes constitute the largest and most biodiverse freshwater reserve on Earth (Magnuson 

et al., 1997; Tewari et al., 2022). The Great Lakes basin encompasses both industrial facilities 

focused on manufacturing and areas dedicated to agriculture. Among the Great Lakes, Lake Erie 

is the shallowest, smallest lake in terms of water volume, and the fourth largest in terms of area. It 

is ecologically, culturally, and economically significant to the approximately 12.5 million people 

who live in its watershed. Each year Lake Erie supports nearly 14,000 tons of commercial and 

traditional fisheries, over 33 million tons of freight, and over USD 1.5 million in recreation and 

tourism business (Sterner et al., 2020). It experiences significant impacts from nutrient overload, 

especially from its western basin due to its geographical location (Boegehold et al., 2023).  

Since 2002, chlorophyll-a concentration, an accepted indicator of eutrophication and HABs, 

has dramatically increased annually in Lake Erie, reaching unprecedented levels in recent years 

(Stumpf et al., 2016; Boegehold et al., 2023). Humans can be exposed to harmful algae through 

ingestion of contaminated fish and drinking water and through inhalation and dermal exposure 

during recreational events such as swimming and boating (Carmichael and Boyer, 2016; Buratti et 

al., 2017). Given the risks HABs pose to human health, the economy, and the environment, 

accurate prediction of HAB occurrences is essential. Identifying key factors influencing these 

blooms is crucial for implementing preventive measures to mitigate potential losses (Kouakou and 

Poder, 2019). 

Despite human and ecological health risks associated with HABs, there is a lack of holistic 

understanding of factors influencing HABs. Previous studies have been conducted using field 

measurements and statistical methods or machine learning techniques to predict HABs for Lake 

Erie. Additionally, while existing research has only focused on HAB prediction performance, few 

studies have identified the effect of each variable on the target variable chlorophyll-a in HABs 

prediction. Furthermore, there is a lack of studies that have conducted comparative testing of deep 

learning model performance, specifically regarding time-series data and in-depth interpretations 

by explainable AI approach (XAI).  

To address these gaps, we investigated the performance of deep learning models, particularly 

the Transformer model, as there are limited studies exploring their effectiveness in HAB 

prediction, considering multiple influencing parameters including physical, chemical, and 

biological water quality monitoring data from multiple stations located west of Lake Erie, and used 

SHAP (SHapley Additive exPlanations) values as an explainable AI tool to identify key input 

features affecting HABs. Addressing gaps in prior research, in summary, this study aims to: (1) 

utilize comprehensive datasets that encompass physical, chemical, and biological water quality 

parameters from multiple monitoring stations; (2) evaluate and compare the performance of 

various deep learning models, with a particular emphasis on the Transformer model, for predicting 

HABs in Lake Erie; (3) uncover significant features influencing HABs formation.  



We anticipate that this study (model comparison with indices) will aid scientists and 

stakeholders in understanding HAB formation mechanisms and serve as a practical reference, 

theoretical guide, and potential prediction standard for protecting ecosystems globally. This paper 

is organized as follows: Section 2 introduces the dataset utilized in this study. Section 3 details the 

methods tested, their specifications, and the role of explainable artificial intelligence (XAI). 

Section 4 presents the results and discussion, emphasizing the role of SHAP in interpreting the 

models. Finally, Section 5 concludes with insights into the implications of our findings and offers 

suggestions for future research directions. 

 

2. Study Area and Dataset 

As nutrient load and HAB occurrence predominantly affect the western part of Lake Erie, this 

study focused on the western basin of Lake Erie, which includes the area from the western part of 

the lake to Point Pelee, ON, Canada, and Cedar Point, OH, USA (shown in Fig. 1). Water quality 

data, collected from seven monitoring stations (Fig. 1) on the U.S. side of the western part of Lake 

Erie and operated by the National Oceanic and Atmospheric Administration (NOAA) Great Lakes 

Environmental Research Laboratory (GLERL), was used. This dataset encompasses water quality 

measurements sampled from 2013 to 2020 (Boegehold et al., 2023).  

These stations are selected to represent the various nutrient and sediment inputs into the 

western basin of Lake Erie and highlight areas consistently susceptible to HABs. The selected 

water quality parameters measured at these stations included Secchi Depth (m), CTD Temperature 

( °C), CTD Specific Conductivity (µS/cm), CTD Dissolved Oxygen (mg/L), Turbidity (NTU), 

Total Phosphorus (µg P/L), Total Dissolved Phosphorus (µg P/L), Ammonia (µg N/L), Nitrate + 

Nitrite (mg N/L), Particulate Organic Carbon (mg/L), Particulate Organic Nitrogen (mg/L), Total 

Suspended Solids (mg/L), and Chlorophyll-a (µg/L). The primary objective was to predict 

chlorophyll-a concentration as a key indicator of HABs. 

 

 
Figure 1. Location and description western Lake Erie water quality monitoring stations.  

    

    

    

    

    

    

    

                        

                 

                 

                 

                 

                 

                 

                 



Table 1 presents a summary of the descriptive statistics of the complete dataset after pre-

processing. Particulate Organic Carbon and Particulate Organic Nitrogen levels exhibited 

considerable variation, with maximum values far exceeding the averages, indicating the presence 

of organic matter in differing concentrations throughout the samples. Similarly, Total Suspended 

Solids and Chlorophyll-a showed large ranges in value, reflecting varied conditions in the sampled 

water bodies. The standard deviation for each variable highlights the extent of variability in the 

measurements, with certain variables such as turbidity and total phosphorus displaying significant 

variability. 

 

Table 1. Descriptive statistical summary of used dataset 

Variables Min Max Mean Median Std. Dev 

Secchi Depth (m) 0.00 6.50 1.15 0.90 0.917 

CTD Temperature (°C) 2.90 29.70 22.02 22.90 3.880 

CTD Specific Conductivity (µS/cm) 19.90 583.30 297.76 280.40 67.028 

CTD Dissolved Oxygen (mg/L) 4.20 13.04 7.58 7.60 1.148 

Turbidity (NTU) 0.68 1148.00 19.76 9.30 55.561 

Total Phosphorus (µg P/L) 4.00 2482.24 77.83 48.14 132.919 

Total Dissolved Phosphorus (µg P/L) 0.16 273.58 20.42 9.27 28.248 

Ammonia (µg N/L) 0.04 2108.70 33.61 12.25 87.502 

Nitrate + Nitrite (mg N/L) 0.00 9.45 0.88 0.34 1.341 

Particulate Organic Carbon (mg/L) 0.14 219.34 2.53 1.30 10.576 

Particulate Organic Nitrogen (mg/L) 0.01 40.93 0.43 0.21 1.895 

Total Suspended Solids (mg/L) 0.82 540.80 17.98 10.15 33.212 

Chlorophyll-a (µg/L) 0.71 678.40 37.86 16.14 237.576 

 

To prepare the dataset for modeling, the year 2020 was designated as the test set, while the 

remaining years were used for training purposes. From the training data, 20% was allocated as a 

validation set. Standard Scaler was applied to standardize the features, ensuring each feature had 

a mean of zero and a standard deviation of one. The dataset was converted into a time series format 

with a sequence length of three, meaning that each input sequence consisted of three consecutive 

time steps. One-hot encoding was used to specify each monitoring station, allowing the model to 

differentiate between data from different locations. To address the missing features in each input 

sequence provided to the models, the persistence method was employed (Demiray et al., 2024), 

which involves carrying forward the last known value. 

 

3. Methods 

This study evaluates the effectiveness of several machine models—Lasso, Ridge, LSTM, GRU, 

and Transformer—in forecasting harmful algal blooms (HABs) in Lake Erie. This section 

describes the setup and implementation of these models, providing insights into their application 

for HAB prediction. 



3.1. Lasso and Ridge Regression Models 

In predictive modeling, particularly when dealing with high-dimensional data, regularization 

techniques such as Lasso and Ridge regression are essential for managing multicollinearity and 

preventing overfitting. Both methods modify the least squares loss function by adding a penalty 

term, aiding in stabilizing the coefficients, though they do so in distinct ways. Lasso regression 

(Least Absolute Shrinkage and Selection Operator) applies a penalty equal to the absolute value 

of the coefficients, promoting sparsity within the model parameters. This L1 regularization helps 

in performing variable selection by reducing some coefficients to zero, which is particularly 

beneficial for enhancing model interpretability (Tibshirani, 1996). The formulation of the Lasso 

regression cost function (Eq. 1) is as follows: 

 

 𝐿(𝑤) =  
1

2𝑛
∑(𝑦𝑖 − 𝑋𝑖𝑤)2

𝑛

𝑖=1

+ 𝛼‖𝑤‖1 

Eq.1 

 

𝑦𝑖 = 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒𝑠 

𝑋𝑖 = 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒𝑠 

𝑤 = 𝑣𝑒𝑐𝑡𝑜𝑟 𝑜𝑓 𝑚𝑜𝑑𝑒𝑙 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

𝛼 =  𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 

‖𝑤‖1 =  𝑡ℎ𝑒 𝐿1 𝑛𝑜𝑟𝑚 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

 

Conversely, Ridge Regression incorporates L2 regularization by adding a penalty equal to the 

square of the magnitude of the coefficients (Hoerl & Kennard, 1970). This approach does not lead 

to zero coefficients but reduces their size uniformly, helping to manage multicollinearity without 

excluding any variables. This method is formulated through the following cost function (Eq. 2): 

 

 𝑅(𝑤) =  
1

2𝑛
∑(𝑦𝑖 − 𝑋𝑖𝑤)2

𝑛

𝑖=1

+ 𝛼‖𝑤‖2
2 

Eq.2 

 

𝑦𝑖 = 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒𝑠 

𝑋𝑖 = 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒𝑠 

𝑤 = 𝑣𝑒𝑐𝑡𝑜𝑟 𝑜𝑓 𝑚𝑜𝑑𝑒𝑙 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

𝛼 =  𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 

‖𝑤‖2
2 =  𝑡ℎ𝑒 𝐿2 𝑛𝑜𝑟𝑚 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

 

The selection between Lasso and Ridge often hinges on the data specifics and the analysis 

goals. While Lasso is favored for models that benefit from feature reduction, Ridge may be better 

suited for scenarios that require the retention of all features in a diminished capacity. 

 

3.2. LSTM and GRU Models 

Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) are foundational to modern 

predictive modeling, especially noted for their efficiency in handling sequences and time-series 



data. These models are designed to solve the problems inherent in traditional recurrent neural 

networks (RNNs), specifically the difficulty in learning long-range temporal dependencies. 

LSTMs were introduced by Hochreiter and Schmidhuber in 1997 and have since become one 

of the most popular architectures for sequential data modeling due to their ability to maintain long-

term dependencies. LSTM networks are composed of a series of units, each containing a cell state 

and various gates that regulate the flow of information. The key components of an LSTM unit are 

the cell state, forget gate, input gate, and output gate. The cell state is responsible for carrying 

information across different time steps and can be thought of as the memory of the network. The 

forget gate decides what information from the cell state should be discarded. It takes the previous 

hidden state and the current input and passes them through a sigmoid function. The input gate 

determines which new information should be added to the cell state. It comprises two parts: a 

sigmoid layer that decides which values to update and a tanh layer that creates a vector of new 

candidate values. The output gate decides what the next hidden state should be, which will be used 

in the next time step. It takes into account the current input, the previous hidden state, and the cell 

state. LSTMs have been widely applied in various domains, including natural language processing, 

speech recognition, and time series forecasting. Their ability to capture long-term dependencies 

makes them particularly suitable for tasks where context over extended sequences is important. 

Gated Recurrent Units (GRUs) were introduced by Cho et al. in 2014 as a simplified variant 

of LSTMs. GRUs combine the forget and input gates into a single update gate and merge the cell 

state and hidden state, resulting in a more streamlined architecture. This simplification makes 

GRUs computationally more efficient while still retaining the capability to capture long-term 

dependencies. In a GRU, the update gate determines the amount of the previous hidden state that 

needs to be passed along to the future. This gate is computed using a sigmoid function that 

combines the previous hidden state and the current input. The reset gate, another key component 

of GRUs, decides how much of the past information to forget. It is also computed using a sigmoid 

function applied to the previous hidden state and the current input. The candidate hidden state is 

then calculated by applying a tanh function to the combination of the reset-modified previous 

hidden state and the current input. The final hidden state is obtained by linearly interpolating 

between the previous hidden state and the candidate hidden state using the update gate. GRUs have 

been found to perform comparably to LSTMs on many tasks, often with fewer parameters and less 

computational complexity. This makes them an attractive option for applications where 

computational resources are limited or where faster training times are desired. 

Both LSTM and GRU architectures are adept at modeling environmental data, which is often 

non-linear and subject to sudden shifts due to underlying ecological dynamics. These models are 

versatile and have been employed in a variety of environmental studies (Sit et al., 2020), including 

streamflow forecasting (Kratzert et al., 2018), air quality prediction (Zhang et al., 2024), and water 

quality prediction (Liu et al., 2019). Each application showcases the ability of LSTM and GRU 

models to analyze and predict complex dynamic systems, making them invaluable tools in the field 

of environmental science. 



These models have also been specifically applied in the context of harmful algal bloom (HAB) 

prediction (Lee et al., 2022; Busari et al., 2024), where their ability to process and make predictions 

based on diverse and dynamic environmental data inputs proves invaluable. By leveraging 

historical and current environmental data, they have demonstrated significant accuracy in 

predicting HABs, thereby supporting proactive management and mitigation strategies in water 

bodies. This practical application underlines the models' crucial role in not only understanding but 

also anticipating environmental changes that impact water quality and ecosystem health. 

 

3.3. Transformer Model 

The transformer model, originally introduced for natural language processing tasks (Vaswani et 

al., 2017), has demonstrated a remarkable ability to capture complex dependencies in sequential 

data. It represents a paradigm shift in sequential data modeling by leveraging self-attention 

mechanisms instead of recurrence, enabling them to handle long-range dependencies more 

efficiently. The core concept of the transformer model is the attention mechanism, which allows 

the model to weigh the importance of different elements within the input sequence dynamically. 

The transformer architecture consists of an encoder-decoder structure. However, in this study, 

we employed an encoder-based transformer, which focuses on encoding the input sequence into a 

rich representation that captures temporal dependencies and interactions between various 

environmental factors. Typically, transformer models use an embedding layer to convert input 

elements into continuous vector representations. However, in our implementation, we used a linear 

layer as the embedding layer to convert each element of the input sequence into continuous 

embeddings. These embeddings are then processed by multiple layers of self-attention and 

feedforward neural networks. 

The self-attention mechanism is the cornerstone of the transformer architecture. It allows the 

model to focus on different parts of the sequence simultaneously by computing attention weights 

over the entire sequence. The self-attention mechanism (Eq. 3) calculates a weighted sum of the 

input values, where the weights are determined by the relevance of each input element to others. 

This process is defined by the following equations: 

 

 
𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (

𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 Eq. 3 

 

where Q (queries), K (keys), and V (values) are the input embeddings, and 𝑑𝑘 is the dimension 

of the keys. The attention mechanism computes the dot product of the queries and keys, scales it 

by the square root of the key dimension, and applies a softmax function to obtain the attention 

weights. These weights are then used to compute a weighted sum of the values, effectively 

allowing the model to focus on the most relevant parts of the sequence. 

One of the innovative features of the transformer model is the multi-head attention mechanism, 

which enhances the self-attention mechanism by enabling the model to attend to information from 

different representation subspaces at different positions. Instead of performing a single attention 



function, the multi-head attention mechanism projects the queries, keys, and values into multiple 

lower-dimensional spaces and performs the attention function in parallel. By attending to different 

parts of the sequence in parallel, the multi-head attention mechanism allows the model to capture 

a richer set of dependencies and interactions within the data. 

Since the self-attention mechanism treats input sequences as sets without inherent order, 

positional encodings are added to the input embeddings to retain positional information, which is 

critical for sequence modeling tasks. These encodings use sine and cosine functions (Eq. 4) of 

different frequencies: 

 

 
𝑃𝐸(𝑝𝑜𝑠, 2𝑖) = sin (

𝑝𝑜𝑠

10000
2𝑖
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⁄

) 

Eq. 4 𝑃𝐸(𝑝𝑜𝑠, 2𝑖 + 1) = cos (
𝑝𝑜𝑠

10000
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⁄

) 

𝑝𝑜𝑠 = 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 

𝑖 = 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 

 

After the self-attention layers, the output is passed through a position-wise feedforward 

network, which applies two linear transformations with a ReLU activation in between. This 

network helps in learning complex patterns by introducing non-linearity and improving the model's 

expressiveness. The output of the feedforward network is then added to the input of that layer 

through a residual connection, followed by layer normalization, ensuring stable and efficient 

training. 

Transformers have achieved state-of-the-art results in various domains, including natural 

language processing, machine translation, and more recently, time-series forecasting (Zhou et al., 

2021; Wu et al., 2021; Zhou et al., 2022b; Demiray and Demir, 2024; Lin et al., 2022). Their ability 

to process entire sequences simultaneously rather than step-by-step as in RNNs or LSTMs makes 

them highly efficient, especially when dealing with long sequences. The Transformer model's 

architecture, leveraging self-attention mechanisms and positional encodings, can be a powerful 

tool for forecasting harmful algal blooms in Lake Erie. Its ability to capture complex temporal 

dependencies, handle large datasets, and offer explainable predictions makes it an invaluable asset 

in environmental monitoring and management. By enabling accurate and proactive HAB 

predictions, Transformers support efforts to protect water quality and ecosystem health, ultimately 

contributing to the sustainability of aquatic environments. 

 

3.4. Specifications of Tested Models 

The implementation of the models in this study was conducted using Python frameworks and 

libraries to ensure optimal performance and accuracy in forecasting HABs in Lake Erie. Each 

model's training environment was tailored through grid search to find the best hyperparameters, 

which varied across different models. For the Lasso and Ridge regression models, the scikit-learn 

library in Python was utilized. During the experiments, the maximum iteration parameter was set 



to 100,000. The optimal alpha and tolerance values were found through grid search. Based on the 

experiments, for Lasso, the best solution was achieved with an alpha of 0.01 and a tolerance of 

0.1, while for Ridge, the optimal alpha was 100 and the tolerance was 0.1. 

The Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), and Transformer 

models were developed and tested using the PyTorch library. For all these models, the L1Loss 

function and Adam optimizer were used. During the training process, ReduceLROnPlateau and 

early stopping were employed. ReduceLROnPlateau is a learning rate scheduler that reduces the 

learning rate when a metric has stopped improving, helping to avoid plateaus during training. Early 

stopping is a technique used to stop training when the model's performance on a validation set 

stops improving, preventing overfitting. For the LSTM-based model, a linear layer was used at the 

beginning and end of the LSTM model, with dropout applied at the end. The training was set with 

400 epochs for warm-up, 400 epochs for patience in ReduceLROnPlateau, and 1000 epochs for 

early stopping, with a learning rate of 0.001. The optimal solution was reached with a model 

consisting of two layers and a hidden dimension of 16, with a dropout rate of 0. 

Similarly, for the GRU-based model, a linear layer was used at the beginning and end of the 

GRU, with a dropout layer at the end. The training configuration included 1000 epochs for warm-

up, 100 epochs for patience, and 250 epochs for early stopping, with a learning rate of 1e-05. The 

optimal model had a hidden dimension of 32, four layers, and a dropout rate of 0.0. For the 

Transformer model, an encoder-based Transformer was used. The training setup included a 

learning rate of 0.001, 200 epochs for patience, 500 epochs for warm-up, and 500 epochs for early 

stopping. The model architecture included a linear layer as input embeddings. The Transformer 

used two attention heads, one layer, a model dimension (dmodel) of 128, a feedforward dimension 

of 64, and a dropout rate of 0.2. Positional encoding was tested but not used in the final model as 

it provided slightly lower performance. The results were very close, but since we used the models 

with the best MAE in other models, we followed the same criterion here as well. 

The training process was performed on a machine equipped with NVIDIA GPUs to accelerate 

computation, particularly for the deep learning models. By utilizing grid search to tune 

hyperparameters, each model was optimized individually to achieve the best possible performance 

for HAB prediction. This approach acknowledges the unique requirements and strengths of each 

model, ensuring a fair and comprehensive comparison of their capabilities. 

 

3.5. Model Interpretation Using XAI 

Explainable Artificial Intelligence (XAI) aims to address one of the significant challenges in 

modern AI systems, particularly deep learning models: the lack of transparency and 

interpretability. As AI models, especially those based on deep learning, become more complex 

and widely used in critical applications such as environmental monitoring and public health, the 

ability to understand and trust the decisions made by these models becomes crucial.  

In the context of predicting HABs, where decisions can significantly impact ecological 

management and public safety, the interpretability of models is not just a luxury but a necessity. 

Explainable models help stakeholders validate and trust the predictions, understand the 



contributing factors leading to an event, and facilitate informed decision-making. This is 

particularly important in environmental science, where the interactions between numerous biotic 

and abiotic factors are complex and often non-linear. 

To interpret the effects of water quality parameters on the predicted Chlorophyll-a 

concentrations by the deep learning models, SHAP (SHapley Additive exPlanations) was utilized. 

SHAP is a post-hoc, model-agnostic technique that unifies multiple interpretability methods under 

the concept of Shapley values (Lundberg et al., 2020; Stubblefield et al., 2020). It establishes a 

new explanatory model for a given black-box system by uncovering associations between feature 

values and the model's output (Burkart and Huber, 2021). This method is based on coalitional 

game theory and Shapley values, which represent a unique distribution of the total surplus 

generated by a coalition of all players in a cooperative game (Lundberg and Lee, 2017). 

The GradientExplainer from the SHAP library was employed to estimate SHAP values. 

GradientExplainer is specifically designed for deep learning models and leverages the gradients of 

the model’s output with respect to its inputs to compute SHAP values. These gradients help 

determine the importance of each input feature in predicting the model’s output, providing insights 

into the decision-making process.  

In the result section, feature importance was visualized using bar graphs representing the 

average absolute contribution of each feature, with larger values indicating higher importance. To 

provide both global and local interpretability, summary plots were created, showing the SHAP 

values of each feature for individual samples. By averaging these values over multiple predictions, 

it was possible to identify which features were generally important across the entire dataset. For 

individual predictions, the SHAP values explained why a specific outcome was reached, 

illustrating the contribution of each feature to that prediction. The relationship between the 

magnitude of a feature's value and the predicted outcomes was indicated by color coding in the 

summary plots, which also displayed the distribution of feature values. Positive SHAP values 

suggested that a feature contributed to an increase in Chlorophyll-a concentration, while negative 

SHAP values indicated a decrease. 

By incorporating this XAI technique, the study aimed to bridge the gap between model 

performance and interpretability, ensuring that the predictive models for HABs were not only 

accurate but also understandable and actionable. This approach supports proactive management 

strategies for HAB mitigation, contributing to the sustainability of Lake Erie's ecosystem. 

 

3.6. Performance Metrics 

To evaluate the performance of HAB prediction models in Lake Erie, this study utilizes four key 

metrics: R-squared (R2), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), 

and Normalized Root Mean Square Error (NRMSE). These metrics were selected due to their 

effectiveness in capturing different aspects of model performance in environmental data modeling 

and are widely recognized in the field. Mean Absolute Error (MAE), Eq. 5, provides an intuitive 

and easily interpretable measure of prediction model performance. The MAE between the 

measured and predicted Chlorophyll-a concentrations is computed without considering their 



direction. A lower MAE indicates a better model fit, showing that the model's predictions are closer 

to the true values. This metric is beneficial when comparing different models on the same dataset, 

as it helps identify the model with the most accurate predictions. 

R-squared (R2), Eq. 6, indicates how well the predictive value explains the measured value. In 

this work, measured and predicted Chlorophyll-a concentrations were taken as the dependent and 

independent variables, respectively, and R2 was determined by applying linear regression analysis. 

The R2 ranges from 0 to 1; the closer the value is to 1, the better the independent variable explains 

the dependent variable, meaning higher prediction accuracy. Mean Absolute Percentage Error 

(MAPE), Eq. 7, is another widely used performance metric that provides an intuitive and easily 

interpretable measure of prediction model performance. MAPE emphasizes relative errors and 

remains unaffected by overall scaling adjustments of the target variable. Smaller MAPE values 

indicate enhanced accuracy and stronger predictive capabilities of the model. 
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Eq. 8 
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The final metric used in this study is the Normalized Root Mean Square Error (NRMSE). 

NRMSE (Eq. 8) measures the average magnitude of the errors between the predicted and observed 

Chlorophyll-a concentrations, normalizing these errors against the mean of the observed data. This 

normalization provides a relative assessment of the model's accuracy, facilitating comparisons 

across different datasets. Due to the varying conditions and environmental factors in this study, 

NRMSE is an appropriate choice for evaluation. The metric ranges from 0 to 1, with lower values 

indicating better model performance by denoting smaller errors relative to the mean of the 

observed Chlorophyll-a concentrations. Higher NRMSE values indicate larger errors and reduced 

predictive accuracy, highlighting areas where the model may need improvement. 

 

4. Results and Discussion 

This section presents the findings from our comprehensive experiments aimed at developing 

predictive models for HABs using deep learning algorithms, with a focus on the relationship the 



HAB indicator, chlorophyll-a, and various water quality parameters. The primary goal was to 

evaluate the predictive performance of five distinct models: Lasso, Ridge, LSTM, GRU, and 

Transformer. The Transformer model, with its innovative self-attention mechanism, represents a 

relatively recent advancement in this field and warrants a thorough examination for its potential in 

capturing complex temporal dependencies in environmental data.  

We assessed each model's ability to predict Chlorophyll-a concentrations using four key 

metrics: R-squared, MAE, MAPE, and NRMSE. These metrics provide a comprehensive 

assessment of each model's predictive accuracy and effectiveness. Furthermore, we applied 

Explainable AI (XAI) technique, specifically SHAP value analysis, to enhance the interpretability 

of the models by identifying the contribution of different water quality parameters to the 

predictions. This combination of quantitative metrics and qualitative insights ensures a thorough 

evaluation of the models' capabilities in predicting HAB events and supports informed decision-

making for ecological management and public safety. 

We analyzed chlorophyll-a concentrations measured at seven stations from 2013 to 2020 on 

yearly (Figure 2a), monthly (Figure 2b), and station (Figure 2c) scale. These plots provide insight 

into the temporal and spatial variability of chlorophyll-a over the study period. The median 

chlorophyll-a concentration appears to fluctuate slightly over the years, with the highest median 

values observed in the earlier years, particularly between 2013 to 2015. However, significant 

outliers are present in nearly all years, with the highest concentrations recorded in 2015, indicating 

a substantial outbreak of HABs during this year. Notable peaks also occurred in 2019. In contrast, 

lover chlorophyll-a concentrations were recorded in years like 2016 and 2018. Based on month 

scale analysis, as shown in Figure 2b, the data indicates that high occurrences of HABs may occur 

in the period from late spring to early fall.  

Specifically, from May to September, chlorophyll-a concentrations were substantially 

increased. This period often aligns with increased rainfall, which can lead to higher nutrient runoff 

from surrounding areas into the lake, thereby further elevating HABs. Finally, the spatial 

distribution of chlorophyll-a concentrations is shown in the station scale (Figure 2c), where data 

from seven monitoring stations (WE4, WE6, WE8, WE9, WE12, WE13, and WE16) are 

compared. Stations WE6, WE8 and WE9 (closest to the Maumee River inflow) consistently exhibit 

higher median chlorophyll-a concentrations, suggesting that these areas may be more prone to 

algal blooms, possibly due to localized nutrient inputs from river (Boegehold et al., 2023) 

compared to stations further out in the western basin of the lake (WE13 and WE16).  

The results of our comprehensive experiments are summarized in Table 2. The comparative 

analysis of the models reveals distinct differences in their predictive performance. The 

Transformer model consistently outperformed the other models across all metrics, achieving the 

highest R-squared value and the lowest values for MAE, MAPE, and NRMSE. This indicates that 

the Transformer model is the most accurate and reliable for predicting HABs in Lake Erie among 

the tested models. The GRU model also demonstrated strong performance, closely following the 

Transformer. The GRU's simplified gating mechanism allows it to efficiently capture long-term 

dependencies, making it suitable for real-time monitoring and forecasting applications. This 



balance between computational efficiency and predictive power makes it a robust choice for HAB 

prediction.  

 

  
(a) (b) 

 
(c) 

Figure 2. Box plot of chlorophyll-a concentrations in Lake Erie from 2013 to2020. (a) 

Yearly scale, (b) monthly scale, (c)station scale.  

 

The LSTM model, while not performing as well as the Transformer and GRU models, still 

showed substantial improvements over the traditional regression models. The LSTM's lower 

performance compared to the GRU suggests that simpler architectures like GRU can sometimes 

achieve comparable or better results with less complexity. The traditional Ridge and Lasso 

regression models exhibited significantly higher errors, highlighting their limitations in capturing 

the complexities of environmental data. Among the regression models, Lasso outperformed Ridge 

across all metrics, showing better R-squared, MAE, MAPE, and NRMSE values. In summary, the 

results emphasize the superior performance of deep learning models, particularly the Transformer, 

in accurately predicting HABs. Both the GRU and LSTM models also demonstrated notable 

advantages over traditional approaches. 

The Figure 3 presents a detailed comparison of the performance of three different models—

LSTM, GRU, and Transformer—across different data subsets. The figure is organized into three 

rows, each dedicated to one of these models, and within each row, three scatter plots are displayed. 

The columns represent the different data subsets used for evaluation: the first column corresponds 



to the model's performance on the training data, the second column corresponds to the model's 

performance on the test data, and the third column corresponds to the model's performance on the 

combined dataset (training and test data together).  

 

Table 2. Performance Metrics for HAB Prediction Models 

Model R2 MAE MAPE NRMSE 

Ridge 0.26 12.84 1.14 0.67 

Lasso 0.38 11.56 1.00 0.61 

LSTM 0.763 6.099 0.399 0.38 

GRU 0.849 5.31 0.412 0.31 

Transformer 0.861 5.06 0.348 0.30 

 

In each plot, the x-axis represents the observed values, while the y-axis represents the predicted 

values by the model. The solid red diagonal line indicates the line of perfect agreement (1:1 line) 

where the model's predictions perfectly match the observed values. The blue dots (scatter points) 

show the actual data point, while the dotted blue line represents the best-linear fit regression line 

between the observed and predicted values. Across all nine plots, the alignment of the data points 

relative to the 1:1 line provides insight into the accuracy and bias of the models. Points that fall 

above the 1:1 line indicate overestimation by the model, while those below the line suggest 

underestimation. The closer the scatter points cluster around the perfect fit line, the better the 

model's predictive accuracy. 

The scatter plots for the LSTM model (top row) reveal that while the LSTM can capture the 

overall trend of the data, there is a noticeable degree of scatter, particularly at higher concentration 

values for all subsets of data. This suggests that the LSTM model may struggle with predicting 

extreme values accurately, leading to under estimation in those cases. The GRU model (middle 

row) shows a slightly improved performance compared to the LSTM, with a tighter clustering of 

data points around the 1:1 line, particularly at moderate concentration levels and using test data.  

However, similar to the LSTM, the GRU model also exhibits challenges in accurately 

predicting the highest concentrations, as indicated by the scatter and deviation of the regression 

line from the 1:1 line. The Transformer model (bottom row) demonstrates a distinct performance 

pattern compared to LSTM and GRU models. The scatter plots indicate that the Transformer may 

better handle the variability in the data, as evidenced by a closer alignment of the points with the 

1:1 line, particularly at higher concentrations. This suggests that the Transformer model might be 

more robust in capturing the complex relationships in the dataset, leading to more accurate 

predictions across the full range of observed chlorophyll-a concentrations. 

To further evaluate the performance of the deep learning models, predictions for the peak HAB 

months of July, August, and September were analyzed separately as shown in Figure 4. These 

months are critical as they typically exhibit the highest HAB values, particularly in August (Tewari 

et al., 2022). In July, the GRU model demonstrated superior performance with the lowest errors 

and highest R-squared value. The Transformer model also showed strong results, despite having 



slightly higher errors compared to the GRU. The LSTM model had the highest errors, indicating 

lower predictive accuracy for this month.  

 

 
Figure 3. Scatter plots of observed chlorophyll-a concentration (x-axis) versus prediction 

chlorophyll-a concentration (y-axis) for deep learning models (LSTM, GRU, and Transformer by 

using different data subsets (training, test and all data). 

 

During August, when HAB values peaked, the Transformer model excelled, achieving the 

highest accuracy among the models. The GRU model maintained strong predictive capabilities but 

had somewhat higher errors in comparison to the Transformer. The LSTM model improved from 

its July performance but still did not match the accuracy of the Transformer and GRU. In 

September, the Transformer model once again led in performance, with the lowest errors and 



highest R-squared value. The GRU model continued to show robust predictive power, though its 

errors were marginally higher than those of the Transformer. The LSTM model, while better than 

its July performance, remained the least accurate among the deep learning models. 

 

 
Figure 4. HABs prediction performance of tested models in peak months 

 

Overall, the monthly analysis highlights the consistent strength of the GRU and Transformer 

models in predicting HABs, with the Transformer model particularly excelling during the peak 

month of August and maintaining top performance in September. The LSTM model, although 

improved, generally exhibited higher errors, suggesting that the GRU and Transformer models are 

better suited for capturing the dynamics of HABs in Lake Erie during these critical months. 

 

 
Figure 5. Feature importance analysis for Transformer model 

 

The use of SHAP analysis can enhance the interpretability of these models, providing a deeper 

understanding of the key water quality parameters influencing the predictions. This interpretability 

supports more informed ecological management decisions, highlighting the practical applicability 

of these advanced models in real-world environmental monitoring and decision-making. To better 

understand the underlying key factors that affect the models, we performed feature importance 

analysis using the SHAP library. 

The feature importance plot (Figure 5) for the Transformer model ranks the input variables 

based on their mean absolute SHAP values, highlighting the most critical factors influencing the 



model's predictions. Particulate Organic Nitrogen (PON), Particulate Organic Carbon (POC), and 

Total Phosphorus (TP) emerge as the top three features. The significant difference in the mean 

SHAP value for PON compared to other factors indicates its dominant role in affecting 

Chlorophyll-a concentrations. This finding suggests that variations in PON have a substantial 

impact on the dynamics of Chlorophyll-a, potentially due to its role in nutrient cycling and algal 

growth (Wang et al., 2017; Du et al., 2022). 

 

 
Figure 6. SHAP values of features and their impact on predictions for Transformer model 

 

The SHAP values plot (Figure 6) for the Transformer model offers a more granular view, 

showing the individual SHAP values for each feature along with the corresponding feature values. 

Higher values of POC and PON, indicated by the red color, are associated with increased 

Chlorophyll-a concentrations, demonstrating a positive correlation with harmful algal bloom 

occurrence. In contrast, lower values, shown in blue, are linked to decreased Chlorophyll-a levels. 

Additionally, the SHAP analysis reveals that TP also plays a significant role in the model's 

predictions. High levels of TP contribute positively to Chlorophyll-a concentrations, highlighting 

its importance as a nutrient that supports algal growth. This aligns with ecological understanding, 

as phosphorus is a key nutrient that often limits primary productivity in aquatic systems (Havens 

et al., 2003; Zhang et al., 2024). 

The GRU model, similar to the Transformer model, highlighted the significance of several key 

water quality parameters in predicting Chlorophyll-a concentrations. The SHAP analysis (Figures 

A1 and A2) for the GRU model indicates that POC, PON, and TP are the most influential features. 

These parameters consistently showed high mean absolute SHAP values, emphasizing their critical 

role in the model's predictions. Higher values of POC and PON were associated with increased 



Chlorophyll-a concentrations, suggesting a positive correlation with HAB occurrence. 

Additionally, other features such as historical Chlorophyll-a and Nitrate + Nitrite also contributed 

significantly to the model's output, reinforcing the importance of nutrient levels in driving algal 

blooms (Rosales et al., 2022; Lee et al., 2022). The GRU model's SHAP values plot demonstrated 

a similar pattern to the Transformer model, with higher nutrient levels pushing the predictions 

towards higher Chlorophyll-a concentrations. 

The LSTM model's SHAP analysis (Figures A3 and A4) further confirms the importance of 

certain water quality parameters in predicting Chlorophyll-a concentrations. POC, PON, and 

historical Chlorophyll-a emerged as the top contributing features, with consistently high mean 

absolute SHAP values. This finding underscores the role of particulate organic matter and 

phosphorus in influencing algal growth and bloom dynamics. Higher values of these features were 

positively correlated with increased Chlorophyll-a concentrations, indicating their significant 

impact on HAB events. Additionally, the LSTM model highlighted the importance of other 

features such as TP and Nitrate + Nitrite, which also played a crucial role in the predictions. The 

SHAP values plot for the LSTM model revealed that higher levels of these nutrients consistently 

led to higher predicted Chlorophyll-a concentrations, mirroring the patterns observed in both the 

Transformer and GRU models. This consistency across models reinforces the importance of these 

key parameters in the context of HAB forecasting. 

The Transformer model distinctly outperforms its counterparts—LSTM, GRU, Ridge, and 

Lasso—in predicting HABs in Lake Erie. The comprehensive analyses, encapsulated in tables and 

figures provided throughout this section, consistently highlight the superior performance of the 

Transformer model. Notably, its ability to achieve higher R-squared values, along with lower 

MAE, MAPE, and NRMSE, underscores its robustness and precision in forecasting Chlorophyll-

a concentrations. Overall, the SHAP analysis for different models consistently identifies POC, 

PON, and TP as the most critical features influencing the predictions of Chlorophyll-a 

concentrations and HABs. This consistency underscores the importance of these parameters in the 

context of HAB prediction. The insights provided by the SHAP methodology not only enhance 

the interpretability of the models but also support more informed decision-making in 

environmental management and public health. 

 

5. Conclusion 

In this study, we proposed a comprehensive analysis of deep learning methods for predicting 

chlorophyll-a concentrations, representing a significant shift from traditional methods by 

developing a model capable of providing integrated predictions across multiple monitoring stations 

rather than focusing on single-location predictions or satellite imagery. Our approach utilized 

comprehensive datasets encompassing physical, chemical, and biological water quality parameters 

from multiple monitoring stations in the western basin of Lake Erie for eight years (2013-2020). 

We have explored the effectiveness of advanced deep learning models, particularly the 

Transformer model, for predicting Chlorophyll-a concentrations within the western basin of Lake 



Erie. The analysis emphasized the importance of an explainable AI approach to enhance model 

transparency and decision-making for ecological management. 

Our comprehensive analysis, utilizing four key metrics—R-squared, MAE, MAPE, and 

NRMSE—demonstrates the superior capability of the Transformer model in HAB prediction. The 

Transformer model outperformed the LSTM, GRU, Ridge, and Lasso models, achieving higher R-

squared values and lower MAE, MAPE, and NRMSE scores, thereby underscoring its precision 

and reliability in forecasting Chlorophyll-a concentrations. Moreover, SHAP analysis provided a 

reasonable interpretation of how each variable affects the HAB prediction. By using SHAP values, 

the effect of each variable on Chlorophyll-a prediction could be interpreted more specifically. Our 

analysis revealed key water quality parameters significantly influencing the HAB formation, such 

as Particulate Organic Carbon (POC), Particulate Organic Nitrogen (PON), and Total Phosphorus 

(TP).  

Our analysis also included a correlation between increases in these factors and rising 

Chlorophyll-a concentration, which served as an indicator for HABs, highlighting a potential link 

that warrants further investigation This consistency underscores the importance of these 

parameters in the context of HAB prediction and supports more informed decision-making in 

ecological management and public safety. This study not only highlights the efficacy of the 

Transformer model in HAB prediction but also contributes significantly to the field of 

environmental modeling by showing the potential of advanced deep learning techniques to 

enhance prediction accuracy and interpretability. The integration of explainable AI methodologies 

ensures that the model's predictions are transparent and actionable, facilitating better management 

strategies for mitigating the impacts of HABs. 

While the overall prediction performance provided valuable insights, it is important to 

acknowledge certain limitations within our study. The model was constructed using only limited 

number of stations owing to the missing value of data and the training period was relatively short. 

Further studies should develop larger benchmark dataset and extend the scope of the studies by 

preserving the data collected daily through continuous data management. Benchmark datasets are 

crucial for ensuring the reproducibility of research and facilitating the improvement of modeling 

studies by providing a standardized basis for comparison and validation (Demir et al., 2022; Sit et 

al., 2021b). 

Furthermore, parameters including meteorological data such as air temperature, wind speed, 

precipitation, solar irradiance and hydrodynamic data such as water level, flowrate can be added 

to properly perform training to improve prediction performance. In addition, further development 

and refinement of the model's architecture and training process could also enhance its predictive 

capabilities. Such advancements will be crucial for improving environmental monitoring and 

management strategies, ultimately contributing to the sustainability of aquatic ecosystems in the 

face of evolving environmental challenges. 
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Figure A1. Feature importance analysis for GRU model 

 

 
Figure A2. SHAP values of features and their impact on predictions for GRU model 

 



 
Figure A3. Feature importance analysis for LSTM model 

 

 
Figure A4. SHAP values of features and their impact on predictions for LSTM model 

 


