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Many environmental studies have implemented machine learning methods, including
water bloom prediction. However, the need for robustness and generalization of models
across different environmental conditions and geographical locations is urgent. This study
implements. The Random Forest algorithm to develops a predictive model for water
bloom occurrences. Using a classification model, it is a novel approach for predicting
water bloom occurrences across various freshwater bodies, from reservoirs to lakes. The
model demonstrates an overall accuracy of 0.74 for predicting the water blooms from
multiple freshwater sources, including Inba Swamp, Takizawa Dam, Shourenji Dam, and
Kasumigaura, using surveillance data from Japan Water Agency websites. The promising
accuracy and intentionally introduced one-month lag of water bloom occurrence in the
constructed database shows its effectiveness in anticipating water blooms. The Out-Of-
Bag error rate suggests the optimal number of trees to grow in the model is 500 for space
and time efficiency. Cross-validation across multiple sampling sites reveals nuanced
prediction accuracies, emphasizing the importance of considering spatial variability.
Predictor importance analysis identifies chlorophyll a, total nitrogen, total phosphorus,
and temperature as crucial factors, with the importance of 0.18, 0.04, 0.02, and 0.02,
respectively. It does not only contribute to the accuracy of the prediction model but also
provides insights into the underlying dynamics of water bloom events, enhancing the
understanding of water bloom dynamics and informing proactive environmental
management strategies.

1. Introduction
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Water blooms, characterized by the rapid proliferation of
cyanobacteria in freshwater bodies, have emerged as a pressing



environmental concern due to their negative impacts on water quality
and ecosystems (Piontek et al., 2023). In addition to threatening aquatic
life, water blooms have cascading effects on human health, recreational
activities, and the usability of water resources (Vidal et al., 2017; Lad
et al., 2022). Cyanotoxin-producing cyanobacteria can contaminate
drinking water supplies and cause adverse health effects when
consumed by humans or animals (Drobac et al., 2013; Du et al., 2024).
Exposure to cyanotoxins has been linked to liver damage,
gastrointestinal problems, and even neurological effects, highlighting
the urgent need to protect water resources (Mittelman et al., 2016;
Sandhu et al., 2024). As these events become more common, proactive
and accurate predictive models become imperative for timely
intervention and sustainable water management practices (Burford et
al., 2020).

In recent years, the intersection of environmental studies and
machine learning has gained significant traction in addressing complex
ecological challenges. Machine learning techniques, driven by
advances in computational power and the availability of large datasets,
have demonstrated the potential to unravel intricate patterns and
relationships within environmental data (Anandhi & Iyapparaja, 2024;
Nath et al., 2024; Rather et al., 2024; Walsh et al., 2024). The
application of machine learning to predict water quality phenomena,
such as water blooms, holds promise for improving our understanding
of the dynamics underlying these events, and numerous machine
learning models have been used in previous studies (Marrone et al.,
2023).

Given the diverse machine learning models available, it is crucial
to consider the strengths and weaknesses of each approach when
selecting the appropriate model for a specific application. For example,
Bayesian frameworks offer interpretability and uncertainty estimation
but can struggle with complex datasets and require significant
computational resources (Marwala et al., 2023). Gradient boost
regressors (GBR) and long short-term memory (LSTM) networks excel
at capturing temporal patterns and handling sequential data but may
suffer from overfitting and sensitivity to hyperparameters (Brophy &
Lowd, 2022; Varsha et al., 2023). Convolutional neural networks
(CNNs) are adept at extracting spatial features from images but may
require large datasets and extensive preprocessing. Clustering
algorithms such as K-means provide insight into data grouping but may
struggle with nonlinear relationships. Neural Networks, XGBoost, and
Logistic Regression, provide flexibility and scalability but may require
extensive feature engineering and tuning (Bonaccorso, 2018). Random
Forest is a widely used machine learning algorithm known for its
versatility in handling classification and regression problems. This
algorithm works by aggregating the outputs of multiple decision trees
to derive a single result, with robustness to the issue of input variable
noise, overfitting, and a significant improvement in prediction
accuracy. The simplicity and flexibility of Random Forest have
contributed to their widespread adoption. Random Forest provides
robustness against overfitting and handles high dimensional data well
but may lack interpretability (Genuer et al., 2010; Liaw & Wiener,
2018).

These algorithms and models have been implemented in previous
studies of water bloom parameter predictions. Several challenges
remain considering the implementation and characteristics of each
algorithm and model. One notable challenge is the need for robustness
and generalization of models across different environmental conditions
and geographic locations. In addition, issues related to data quality,
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feature selection, model interpretability, and scalability remain.
Addressing these challenges will improve the effectiveness and
applicability of machine learning-based early warning systems for
water quality phenomena.

Leveraging the capabilities of machine learning algorithms,
notably the widely used Random Forest algorithm, this study seeks to
provide insights into the factors that influence the occurrence of water
blooms. The capability of Random Forest to manage diverse datasets
and aggregate the outputs of multiple decision trees makes it
particularly suitable for our objective of predicting water quality
phenomena across varying environmental conditions. Moreover, the
flexibility in parameter tuning of Random Forest allows for
optimization in terms of time and space complexity, enhancing the
model's efficiency and adaptability to different scenarios. This study
aims to contribute to the growing body of research at the intersection
of machine learning and environmental studies by presenting a
predictive model for water blooms in freshwater bodies with
optimization strategies.

2. Material and methods
2.1 Study Design

Using the Random Forest algorithm, this study aimed to predict
water bloom occurrences in freshwater lakes and reservoirs. Monthly
water quality data were collected from multiple freshwater reservoirs
and lakes in Japan, covering 2011 to 2022. The data included various
environmental parameters and were used to build a classification model
to identify the presence of water blooms in subsequent months. The
study integrated automated data imports and manual entries to ensure
comprehensive data coverage. The model's performance was evaluated
using metrics such as the Area Under the Receiver Operating
Characteristic Curve, feature importance, and Mean Decrease in
Accuracy. Additionally, the model was optimized for space and time
efficiency, ensuring compatibility with future larger datasets and
enhancing its scalability and robustness for broader applications.

2.2 Data Source and Collection

The data for this study were sourced from the Annual Water
Quality Reports publicly published by the Japan Water Agency. These
reports spanned around the years 2011 to 2022. The focus of the study
involved monthly water quality sampling in freshwater reservoirs and
lakes, specifically Inba Swamp, Takizawa Dam, Shourenji Dam, and
Kasumigaura. Each water body comprised 3 to 4 sampling sites, with
consistent monthly analysis of the same set of parameters. The study
sites and period were picked based on water bloom occurrence
detection, public surveillance data availability, water body type
diversity, and geographical location diversity.

The constructed database, derived from these water surveillance
reports, includes categorical variables such as sampling location and
sampling date. While sampling location is a distinguishing identifier
for each data entry, sampling date, though categorical, possesses a
meaningful chronological order. Although the latter is essential for
specific machine learning simulations, it remains an identifying feature
rather than a training feature in this study's context of the Random
Forest algorithm. The data structure of the database is organized to
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facilitate the classification task of identifying water bloom
occurrences. Specifically, for prediction, the outcome of the water
bloom is encoded as whether it occurred in the next month of a
particular data entry rather than the actual month of the sampling. The
database was constructed, cleaned, adjusted, and integrated from the
automatic import of datasets from the Excel file reports and the manual
entering of statistics from other incompatible file formats.

2.3 Forecasting Model and Statistical Methods

This study's classification task involves determining whether water
bloom is present. The algorithm examines the training features to
understand the relationship between these features and the target
outcome. Decision trees are constructed for subsets of data entries,
evaluating the conditions of the features to predict the outcome. For
each node in a decision tree, the split is determined by calculating the
distribution of class labels (whether there is a water bloom) among the
data points associated with that node that outputs the minimum Gini
index. The formula is as follows:

1
Gini(t) =1 - ) (@)?
i=0

Where t is the node, pi is the proportion of data points in class i at node
t (specifically, p0 = no bloom, pl = bloom)

After the number of trees constructed has reached a predetermined
value, the result is determined through a majority vote, given its
classification nature. A detailed algorithm flowchart can be referenced
in Figure 1. The ensemble nature of this algorithm, combining
predictions from multiple decision trees, is the reason for its name,
Random Forests. Algorithm construction, data management, and
analysis are performed in RStudio version 2023.06.2+561 (Posit
Software, PBC, 2023) based on R 4.3.1 (R Core Team, 2023).

The Area Under Curve (AUC) of the Receiver Operating
Characteristic (ROC) curve was employed as a critical evaluation
metric to assess the model's predictive performance in this study. The
ROC curve represents a model's ability to discriminate between
classes, particularly in binary classification tasks. It plots the actual
positive rate (sensitivity) against the false positive rate (1-specificity)
at various threshold settings. The AUC comprehensively measures the
model's discriminative ability, representing the area under the ROC
curve. A higher AUC value model indicates better performance in
distinguishing between positive and negative instances. In the context
of this study, where the classification task involves identifying water
bloom occurrences, the AUC of the ROC curve serves as a robust
indicator of the model's predictive accuracy and ability to balance
sensitivity and specificity.

The predictive ability of predictors in Random Forests is measured
by importance and mean decrease in accuracy (MDA). MDA was
calculated as the mean accuracy decreases when the predictors are
excluded across all trees in one Random Forest run. Should a value be
harmful, the model's performance increases after excluding a particular
predictor, indicating that this predictor does no better than a random
guess in classifying water bloom occurrence. Thus, it is recommended
to be eliminated from the set of predictors for the model.
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Figure 1. Random forest algorithm flowchart. n is the number of
trees set in a particular run. The prediction error is calculated from
the Out-Of-Bag samples.

The Random Forest method also implements an Out-Of-Bag
(OOB) error rate that measures the prediction error. It is the average
error for a training sample that does not contain the OOB sample in the
bootstrap sample during model building. This measure helps determine
the optimal number of trees to grow in a Random Forest run, where the
error rate converges and stabilizes. The averaged MDA and error rate
of 50 Random Forest runs were used to determine the significant
predictors and the optimal number of trees to grow for each model to
achieve prediction accuracy and optimization of the maximum
efficiency of time and space complexity.

2.4 Ethical Considerations

This study utilized publicly available surveillance environmental
data from the Annual Water Quality Reports published by the Japan
Water Agency. The data did not involve any personal or sensitive
information. All research activities adhered to ethical standards for
environmental research, ensuring transparency and integrity in data
handling and analysis. No specific ethical approval was required as the
study relied solely on secondary data from public sources.

3. Results and Discussion
3.1 Model Performance and Optimization



The application of the Random Forest algorithm yielded an overall
prediction accuracy with an Area Under Curve (AUC) of 0.74 (Figure
2), indicating the model's potential effectiveness in anticipating water
bloom occurrences and associated water quality concerns. To delve
deeper into the model's performance, we examined the accuracy of
training and test data across four sampling sites and the combined sets
of freshwater bodies with recorded water blooms (Table 1). The
analysis revealed variations in prediction accuracy across different
water bodies, stabilizing at approximately 0.69 to 0.89 after cross-
validation, utilizing one sampling site as the training set and the
remaining sites as the testing set allowed for a comprehensive
assessment of the model's robustness and non-overfitting. The results
indicate that while accuracy may differ across water bodies, the
Random Forest model demonstrates stability in predicting water bloom
occurrences after appropriate cross-validation. However, it is crucial to
acknowledge the challenges developing
comprehensive machine-learning models for water bloom prediction.
The complex nature of environmental, chemical, and biological
factors, alongside geographical diversity, presents significant
complications. Moreover, the heterogeneity of data across different
sites and the relatively small datasets poses additional challenges
(Marrone et al., 2023).

associated ~ with

Table 1. Accuracy of training and test data for 4 sampling sites and
combined sets of freshwater bodies with recorded water blooms
applied to random forest prediction model.

Prediction set Prediction Accuracy

Training Testing
Overall 0.74 0.74
Inba Swamp 0.85 0.79
Takizawa Dam 0.75 0.73
Shourenji Dam 0.89 0.83
Kasumigaura 0.74 0.69

*Cross-validation is used and for each site.

Sensitivity
04
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Figure 2. Overall result of prediction accuracy using Random
Forest algorithm. Area Under Curve = 0.74

The OOB error rate was calculated and plotted against the
number of trees grown in the Random Forest to optimize the
model's time and space complexity performance. The error rate
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exhibited initial fluctuations but stabilized around 500 trees,
remaining constant to 3000 trees in this study (Figure 3).
Consequently, the presented results are based on a Random Forest
run with 500 trees.

Error Rate
0.25 0.30 035 040 045 050

T | | ] T I |
0 500 1000 1500 2000 2500 3000

Number of Trees

Figure 3. Mean (black line) and 95% confidence interval (red line)
of Out-Of-Bag error rate in water bloom prediction using overall
data from 50 runs of random forests

Further insights into the factors influencing water bloom events
were obtained by examining predictor importance and MDA
(Table 2). In pursuit of an accurate predictive model for water
blooms, we acknowledge, and address concerns related to
overfitting and collinearity within the complex freshwater
environment. The interdependence of variables such as chlorophyll
a, total nitrogen, total phosphorus, and temperature introduces the
risk of collinearity, where high correlations among predictors can
distort the model's estimates and reduce its interpretability.
Additionally, the intricate dynamics of the water ecosystem pose
challenges, making the model susceptible to overfitting. To
counteract this, regularization techniques, such as cross-validation
and shrinkage methods, are employed to enhance the model's
generalizability. Furthermore, parameters with negative MDA
values, which indicate they have minimal impact on the model's
accuracy, could be omitted in the generated model to enhance the
reliability and robustness. By carefully addressing these concerns
and applying appropriate techniques, the predictive model can
better capture the underlying relationships between predictor
variables and water bloom occurrences, improving its utility for
water resource management and mitigation efforts.

Table 2. Importance and mean decrease in accuracy (MDA) of
predictors from the Random Forest model run in MDA descending
order.

Variables Importance MDA (descending
order)

Chlorophyll a (mg/m?) 0.1763 0.2037

T-N (mg/l) 0.0371 0.0815

T-P (mg/l) 0.0224 0.0725

Temperature (°C) 0.0221 0.0331

BOD (mg/1) 0.0021 0.0038

COD (mg/1) 0.0015 0.0020
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Coliform count

0.0014 -0.0005
(MPN/100ml)

SS (mg/l) 0.0010 -0.0017
DO (mg/l) 0.0009 -0.0019

Permutation tests involve randomly shuffling the values of the
response variable while keeping the predictor variables unchanged,
thereby creating a distribution of scores under the null hypothesis.
For each predictor variable, the observed importance and MDA
scores were compared with the distribution of permuted scores
obtained through 1000 permutations. Significance was determined
based on the proportion of permuted scores greater than or equal to
(for importance) or less than or equal to (for MDA) the observed
score, yielding p-values.

This analysis revealed that chlorophyll a, total nitrogen, total
phosphorus, and temperature exhibited highly
importance scores (p < 0.001) and significant MDA scores (p <
0.001), providing robust evidence of their crucial roles in water
bloom prediction. These results underscore the integral relationship
quality parameters and bloom dynamics.
Specifically, the significant scores highlight the importance of
chlorophyll a, total nitrogen, total phosphorus, and temperature as
indicators of nutrient enrichment and environmental conditions
conducive to cyanobacterial growth and bloom formation. The
observed high MDA scores further support this notion by
indicating that changes in these variables substantially impact the
model's predictive accuracy.

significant

between water

3.2 Model Interpretation and Supporting Results

The application of machine learning methods to predict water
bloom and related parameters has been extensively studied in
previous research. A recent study developed a Bayesian modeling
framework with intracellular and extracellular microcystins that
characterizes the relationships between various environmental and
biological factors with monitoring data from three bloom-affected
lakes (Shan et al., 2020). Another study applied two machine
learning models, GBR and LSTM network, to predict algal blooms
and seasonal changes in algal chlorophyll concentrations in a
mesotrophic lake (Lin et al., 2023). Previous research by Pyo et al.
(2020; 2021) specifically targeted cyanobacterial density using
CNN, which predicts cyanobacteria such as Microcystis biomass.
A separate investigation applied K-means and Random Forest,
targeting the bloom-forming Planktothrix rubescens with a
combined clustering and subsequent regression approach to predict
harmful algal blooms (Derot et al., 2020). There is also a study that
developed three types of models - Neural Network, XGBoost, and
Logistic Regression — using data from water samples collected in a
freshwater lake through corrected over several years to predict the
occurrence of water blooms in advance (Villanueva et al., 2023).
These models primarily focused on single water bodies or used
regression models, limiting their generalizability across different
geographic locations and interpretability regarding the outcome of
interest. A summary of the studies as mentioned earlier compared
to this study could be referenced in Table 3.
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Table 3. Comparison of this study with previous studies that use
machine learning methods in water quality prediction

Task Target Algorith Waterbod Referenc
variable ms y es
Classificati ~ Water RF Multiple This
on bloom lakes and study
reservoirs
Clustering Planktothrix ~ K-means Single, Derot et
& rubescens and RF surface al., 2020
regression water
Clustering Intracellular ~ Bayesian Multiple Shan et
& and modeling bloom- al., 2020
regression extracellular lacued
MCs pag
lakes
Regression Chlorophyll GBR and Single, Lin et al.,
concentratio  LSTM mesotroph 2023
ns ic lake
Regression Chlorophyll RF Single, Wang et
a . reclaimed al., 2023
concentratio lake
n
Classificati ~ Water Neural Single, Villanuev
on bloom Network freshwater aetal.,
and lake 2023
XGBoost

In this study, we analyzed water bloom occurrences across
multiple freshwater bodies, each with distinct environmental and
geographical characteristics. The comparative analysis revealed
that different water bodies exhibit varying influence factors
contributing to water bloom events, resulting in different prediction
accuracy (Table 1). Understanding these differences is essential for
developing targeted preventive measures. For example, for
nutrient-sensitive water bodies, management strategies should
prioritize reducing nutrient inputs through better agricultural
practices and wastewater treatment; for water bodies where
temperature is the significant factor, monitoring and regulating
thermal pollution could be more effective. Implementing
customized management plans based on the dominant influence
factors for each water body will enhance the effectiveness of water
bloom prevention and control efforts, ultimately contributing to
more sustainable water quality management.

To contextualize our findings further, we look specifically into
parameters that have significant predictability for water bloom
occurrences. As the results of our model show, chlorophyll
emerged as the most crucial predictor, accompanied by total
nitrogen, total phosphorus, and temperature, which also played
substantial roles. The intricate relationship between these variables
indicates the complex dynamics influencing water bloom events.
In particular, the association between chlorophyll and nutrient
levels may be influenced by the dynamics of reclaimed water
quality reports. This could suggest a relative lag in phytoplankton
growth, impacted by fluctuations in nutrient levels. The time lag of
the predicted value and actual value for cyanobacterial density can



be observed, especially for Microcystis and Phormidium (Wei et
al., 2001). Thus, the intentional introduction of a one-month time
lag between water quality parameters and water bloom occurrences
in the database of this study may adhere to the observed
complexities. Previous studies, such as the work by Wang et al.
(2023), have highlighted the intricate interplay between nutrient
fluctuations and phytoplankton growth. The observed variability in
water samples, including those with faster nitrate decrease,
underscores the complexity of nutrient dynamics and their
influence on algal growth. This underscores the need for a deeper
understanding of temporal relationships and the potential lag
effects in predictive modeling for water bloom events.

Some other previous research findings provide valuable
context and enhance the understanding of the factors influencing
water bloom events and the growth of cyanobacteria and
cyanotoxins. Schaeffer et al. (2024) highlight the significance of
water surface temperature, precipitation, and lake geomorphology
in predicting chlorophyll with cyanobacteria dominance using
satellite remote sensing technologies, among which water
temperature is recognized as the most significant factor. The
findings align closely with the results of this study, which
acknowledges temperature as an essential variable across diverse
freshwater lakes with ahead-of-time predictivity. Moreover, Kim
et al. (2022) identified water temperature and total nitrogen as key
hydro-environmental predictors for cyanobacterial blooms based
on cyanobacteria cell count, illustrating the significance of water
temperature and total nitrogen in driving water bloom occurrences.
The quantitative analysis conducted by Kim et al. (2022) offers
insights into the relationship between hydro-environmental factors
and cyanobacteria biomass, complementing this study's focus on
predictive modeling. Similarly, Wang et al. (2022) emphasize the
importance of dissolved inorganic nitrogen concerning the toxicity
of Microcystis, as well as the role of total phosphorus in predicting
the biomass of total Microcystis and toxic Microcystis aeruginosa.
The findings underscore the complex interplay between nutrient
availability and water bloom dynamics, further supporting the
relevance of the identified predictors of this study, namely
chlorophyll a, total nitrogen, and total phosphorus, in natural
environmental settings.

Vézie et al. (2002) find that high levels of nitrogen and
phosphorus in freshwater significantly impact the growth of toxic
Microcystis strains over nontoxic ones, potentially contributing to
the onset of harmful water blooms during eutrophication.
Intriguingly, the study also reveals a paradoxical observation:
while intracellular MC concentrations peak under high nitrogen
and phosphorus levels, they also exhibit elevated levels under
minimal combined nutrient concentrations. This unexpected
finding prompts speculation regarding the underlying mechanisms
driving intracellular MC production and accumulation in
Microcystis populations, hinting at complex regulatory pathways
influenced by nutrient availability. Further research endeavors to
unravel the intricate interplay between nutrient dynamics and toxin
production in water blooms hold promise for advancing our
understanding of bloom formation mechanisms.

Similarly, Sivonen (1990) observes that strains of
Oscillatoria, a common hepatotoxin-producing cyanobacteria
genus in freshwater, exhibited higher cyanotoxin production with
increased nitrogen levels. Additionally, toxin production was
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influenced by phosphorus concentration at lower levels.
Temperature also impacted both bacteria growth and cyanotoxin
production. Rapala et al. (1997) discover a significant correlation
between nitrogen levels and dissolved cyanotoxin concentrations,
including MCs and cyanobacterial hepatotoxins, emphasizing
nitrogen's role in cyanotoxin accumulation. It suggests that
reducing phosphorus loads in water bodies could help mitigate
toxic water blooms by limiting cyanobacterial growth and
cyanotoxin production.

Other studies also demonstrated the significant roles of
nitrogen, phosphorus, and temperature in recognizing
cyanobacterial growth and cyanotoxin production (Downing et al.,
2005; Yoshida et al., 2007; Davis et al., 2009) in laboratory
settings. Together, these studies provide a comprehensive
understanding of the multifaceted nature of the dynamics of
cyanobacteria and cyanotoxin in water bloom and reinforce the
importance of integrating multiple predictors to enhance predictive
models for water resource management and bloom mitigation
strategies.

3.3 Limitations and Future Steps

Acknowledging the inherent limitations in the research
methodology is crucial for interpreting the findings accurately.
First, it is important to recognize that in some predictive models,
chlorophyll concentration is treated as an outcome rather than a
parameter due to its intuitive correlation with water bloom
occurrences as well (Lin et al., 2023). Thus, it might have more
implications if future research focuses on other environmental and
chemical parameters as predictors.

Constrained by the data collection methods, study sites are
limited to specific regions and freshwater bodies in Japan. The
model's generalizability would be further improved if study sites
could be expanded to include diverse geographic locations, such as
in other countries. Meanwhile, the collected annual water quality
reports only have monthly data, introduced one-month lag may
only capture some dynamics of water blooms. Depending on data
availability, it would introduce more accurate and detailed
implications if different temporal lags of water quality data and
their impacts could be explored in future studies.

This study's predictive analysis relies on retrospective
surveillance data from multiple water resources, a methodology
prone to biases and constraints (Ramirez-Santana, 2018). Recently,
remote sensing and satellite imagery have made real-time and
large-scale surveillance data capture feasible (Schaeffer et al.,
2024). However, real-time forecasting of water bloom still requires
extensive computer resources to be developed and achieved,
suggesting a potential venue for future research to explore.
Compared to surveillance data analysis on chemical data, real-time
monitoring through remote sensing and satellite imagery on
physical data has also shown promising potential for water bloom
observation and prediction. However, it should be noted that
platforms such as Landsat and Sentinel satellites have significant
costs and temporal constraints (Radeloff et al., 2024).

Additionally, the classification criteria must clarify the
variability in defining water bloom occurrence thresholds across
different geographic regions (Welker et al., 2021). An example of
innovative monitoring approaches is the implementation of Alert
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Levels by CARU (Comision Administradora del Rio Uruguay),
recommended by WHO, for recreational waterbody use, based on
observed color variations in the water obtained from Sentinel 2
satellite imagery. These variations correlate with cyanobacteria cell
density and cyanotoxin concentrations, identifying average
densities of 200 cells/mL and mapping of CARU’s Alert Levels
(CARU, 2016; 2017), and have been used in some prediction
models of previous studies regarding water blooms. As
implemented in Schaeffer et al. (2024), Alert Level 1 is used as the
threshold for water bloom identification. However, it is essential to
recognize that sometimes, the identification of water bloom
occurrences could be addressed by artificial monitoring methods,
as demonstrated by the data presented in this study. Thus, it is
essential for stakeholders to set standardized criteria for water
bloom evaluation if a more robust and generalizable model is to be
simulated.

Addressing these challenges is imperative for developing more
robust and accurate predictive models, ensuring that reliable and
comprehensive data sources inform water resource management
strategies. Continued research efforts focusing on refining
methodologies, integrating advanced monitoring technologies, and
enhancing collaboration among stakeholders will be vital to
overcoming these challenges and improving the effectiveness of
water bloom prediction and mitigation efforts.

This study's results highlight the Random Forest algorithm's
predictive capabilities in anticipating water blooms and provide
valuable insights into the influential factors and dynamics
contributing to these events. Identifying key predictors, such as
chlorophyll, total nitrogen, total phosphorus, and temperature, lays
the foundation for targeted and informed strategies in mitigating
the impact of water blooms on freshwater ecosystems.

The novelty of this research lies in predicting water bloom
occurrences in multiple freshwater bodies, from reservoirs to lakes,
using a classification model. This contrasts with earlier studies that
primarily focused on a single water body and often relied on the
measurement of a regression model instead of a classification
model. This research has advanced the understanding of water
quality dynamics and contributed to developing proactive
strategies to mitigate the environmental consequences of water
blooms.

4. Conclusion

In this study, a Random Forest model was developed to predict
water bloom occurrences in various freshwater bodies, achieving
an overall accuracy of 0.74. The model identifies chlorophyll a,
total nitrogen, total phosphorus, and temperature as significant
predictors of water blooms. These findings highlight the
importance of nutrient levels and environmental conditions in
understanding and forecasting water blooms. Our results
demonstrate the effectiveness of machine learning in ecological
monitoring and suggest practical applications for water resource
management. By providing insights into the dynamics of water
bloom events, our study contributes to developing proactive
strategies for environmental management and mitigating water
quality issues. Future research should focus on enhancing model

Maejo International Journal of Energy and Environmental Communication

robustness across diverse ecological conditions, enlarging data
scales, and improving data quality. Additionally, comparing and
exploring the integration of other machine-learning techniques
could further refine predictive accuracy and generalizability.
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