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Abstract 

Harmful Algal Blooms (HABs), predominantly driven by cyanobacteria, pose significant risks to 

water quality, public health, and aquatic ecosystems. Lake Erie, particularly its western basin, has 

been severely impacted by HABs, largely due to nutrient pollution and climatic changes. This 

study aims to identify key physical, chemical, and biological drivers influencing HABs using a 

multivariate regression analysis. Water quality data, collected from multiple monitoring stations 

in Lake Erie from 2013 to 2020, were analyzed to develop predictive models for chlorophyll-a 

(Chl-a) and total suspended solids (TSS). The correlation analysis revealed that particulate organic 

nitrogen (PON), turbidity, and particulate organic carbon (POC) were the most influential 

variables for predicting Chl-a and TSS concentrations. Two regression models were developed, 

achieving high accuracy with R² values of 0.973 for Chl-a and 0.958 for TSS. This study 

demonstrates the robustness of multivariate regression techniques in identifying significant HAB 

drivers, providing a framework applicable to other aquatic systems. These findings will contribute 

to better HAB prediction and management strategies, ultimately helping to protect water resources 

and public health. 
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Highlights:  

 

• Chlorophyll-a and total suspended solids concentrations are predicted using Multivariate 

regression models with high accuracy. 

• Particulate organic nitrogen, turbidity, and particulate organic carbon were identified as 

the primary drivers influencing harmful algal blooms. 

• The ANOVA F-test confirmed the statistical significance of the regression models, 

validating the influence of key predictors on Chl-a and TSS concentrations. 

• The framework provides a scalable approach for predicting HABs in other aquatic 

systems 
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1. Introduction 

Environmental contamination has contributed to a significant increase in cyanobacterial biomass 

(i.e., algae blooms) in water bodies, severely affecting water quality (Baydaroğlu, 2025). The term 

"bloom" refers to the rapid growth of blue-green algae, or cyanobacteria, which can produce 

harmful toxins (Carmichael and Falconer, 1993). The emergence and proliferation of Harmful 

Algal Blooms (HABs), primarily driven by cyanobacteria, has become a critical environmental 

concern worldwide. These blooms degrade water quality, threaten public health, and disrupt 

aquatic ecosystems. Key factors fueling the rise in HAB incidents include nutrient pollution, 

particularly from agricultural runoff and industrial waste (Bayar et al., 2009), as well as climatic 

changes, such as rising water temperatures and shifts in water quality (Paerl and Paul, 2012; 

Graham et al., 2016). HABs are known for producing hazardous toxins, undermining the 

recreational and aesthetic value of waterways, and complicating efforts to provide clean drinking 

water (Weirich and Miller, 2014). The recent surge in HAB occurrences has been linked to 

population growth, intensified agricultural practices (Yeşilköy and Demir, 2024; Islam et al., 

2024), increasing pollution levels, and climate change (Tanir et al., 2024). This trend underscores 

the urgent need for improved HAB monitoring, estimation, modeling, and prediction techniques 

to safeguard water resources and public health (Greene et al., 2021; Ratté-Fortin et al., 2023; Paerl 

et al., 2016; Yan et al., 2024b). 

Lake Erie, as part of the Great Lakes system, provides a compelling case study for investigating 

HABs. The Great Lakes represent the largest and most biodiverse freshwater system on Earth 

(Magnuson et al., 1997; Tewari et al., 2022). With both industrial and agricultural regions in its 

basin, Lake Erie is the shallowest and smallest of the Great Lakes by volume, yet it holds 

ecological, cultural, and economic importance for approximately 12.5 million residents within its 

watershed. Lake Erie supports commercial and traditional fisheries, extensive freight transport, 

and a robust recreation and tourism industry (Sterner et al., 2020). Its western basin is particularly 

prone to nutrient overload, primarily due to its geographical setting (Boegehold et al., 2023). Since 

2002, chlorophyll-a (Chl-a) concentrations, a widely accepted indicator of eutrophication and 

HABs, have risen to unprecedented levels (Stumpf et al., 2016; Boegehold et al., 2023). Humans 

face exposure to HABs through ingestion, drinking water, and recreational activities (Carmichael 

and Boyer, 2016; Buratti et al., 2017). Therefore, predicting HAB occurrences is essential for 

minimizing health, economic, and environmental risks. Identifying the key factors driving these 

blooms is crucial for implementing effective mitigation strategies (Kouakou and Poder, 2019). 

HAB formation typically results from the interplay of various factors that foster favorable 

growth conditions (Wells et al., 2015). Eutrophication, poor water quality—especially elevated 

nitrogen and phosphorus levels—and climate change are among the primary contributors (Glibert, 

2020; Zhou et al., 2022). While past studies have examined individual drivers such as nutrients, 

land use, or climate, few have explored the complex interactions between physical, chemical, and 

biological factors (Wells et al., 2020; Maze et al., 2015; Paerl et al., 2011). Previous studies, such 

as Hushchyna et al. (2023), have highlighted key nutrient drivers like total phosphorus (TP) and 

iron in predicting cyanobacterial bloom intensity in Lake Torment, Nova Scotia, emphasizing the 



broader significance of nutrient management in mitigating HABs across freshwater systems. These 

approaches often rely on limited data, which can oversimplify predictions and introduce potential 

inaccuracies. Therefore, understanding the multifaceted drivers of HABs is critical for effective 

monitoring and prevention. 

Traditional HAB monitoring techniques, including laboratory analysis of chlorophyll-a, 

cyanobacteria, and various algal toxins, are labor-intensive and require specialized expertise (Katin 

et al., 2021; Giere et al., 2020; Greer et al., 2016). Remote sensing technologies, such as satellite 

and UAV data, offer valuable spatial insights into understanding environmental drivers (Li et al., 

2023; Li and Demir, 2024) including bloom dynamics (Rolim et al., 2023; Kislik et al., 2022; 

Cheng et al., 2020). However, the relationship between chlorophyll-a levels and algal toxicity is 

complex, varying by location and environmental conditions (Hartshorn et al., 2016; Hollister and 

Kreakie, 2016). 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. 

Various prediction models have been developed to address HAB dynamics. Physical process-

based models, such as the Environmental Fluid Dynamic Code (EFDC) (Zheng et al., 2021), 

QUAL2K (Bui et al., 2019) and Water Quality Analysis Simulation (WASP) (Wool et al., 2020), 

rely on detailed physical and biochemical processes but face challenges in handling spatial data 

and high costs (Shin et al., 2019; Verhamme et al., 2016; Wynne et al., 2013; Baek et al., 2021). 

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

particularly with spatial resolution, is costly and involves practical limitations. Statistical models 

that correlate physicochemical and meteorological variables (Sit et al., 2021a) often struggle with 

capturing nonlinear relationships (Liu and Zhang, 2022; Baydaroğlu et al., 2024), limiting their 

predictive accuracy (Frank et al., 2018). Both approaches contribute valuable insights but face 

limitations in predicting HAB dynamics under varied conditions (Janssen et al., 2019). 

To address these challenges, data-driven models have emerged as promising alternatives for 

predicting HABs. These models, increasingly applied in hydrology, water resources, and 

environmental management, can uncover complex relationships without the need for explicit 

mathematical modeling of unknown processes (Tounsi et al., 2023; Wang et al., 2019). Data-

driven approaches (Sit et al., 2021b) offer a significant advantage in analyzing and predicting HAB 

occurrences, providing more accurate and reliable results and support informed decisions for 

public through visualization and communication systems (Demir et al., 2009; Demir and Beck, 

2009).  

The objective of this study is to quantitatively identify the key physical, chemical, and 

biological drivers of HABs using multivariate regression analysis. Specifically, we aim to (1) 

assess the relative importance of explanatory variables, (2) identify the major drivers of HAB 

dynamics, and (3) quantify the relationship between water quality variables and HAB formation. 

Statistical methods such as correlation analysis, multivariate regression analysis, and the ANOVA 

F-test were applied to our dataset. In addition, multivariate regression analysis was also conducted 



for total suspended solids (TSS), which is an important indicator for monitoring water quality and 

measuring the degree of water pollution, to further demonstrate the robustness of our approach. 

The HAB analysis framework developed in this study is designed for broad application to lakes, 

rivers, and coastal areas. We anticipate that this framework will serve as a valuable tool for 

scientists and stakeholders, offering practical guidance for understanding and mitigating HAB 

risks globally. This paper is structured as follows: Section 2 describes the methodology, including 

data collection and correlation and multivariate regression analysis. Section 3 presents the results 

and discussion, highlighting the key drivers for HAB. Section 4 concludes with insights into the 

implications of the findings and suggestions for future research. 

 

 
Figure 1. Workflow of the proposed study for analyzing the key drivers of HABs 

 

2. Materials and Methods 

Figure 1 outlines the workflow for the proposed study, starting with dataset preparation, where 

water quality data undergoes preprocessing to address missing values, remove duplicate records, 

and ensure data consistency. In the Correlation Analysis phase, the relationships between the water 

quality variables and the target variables (Chl-a and TSS) are examined using Pearson's correlation 

coefficient. Additionally, the Relative Importance (RI) index is employed to determine the 

influence of each predictor variable, while bivariate scatter plots visualize the linear relationships. 

This analysis identifies the key water quality parameters that exhibit statistically significant 

correlations with the target variables. The third stage involves Multivariate Regression Analysis, 

where two separate models are developed: Model 1, which focuses on predicting Chl-a 



concentrations, and Model 2, which targets the prediction of TSS levels. These models aim to 

uncover the functional relationships between the predictors and the target variables, considering 

the complexity and interdependence of the environmental factors. 

 

2.1. Data Collection and Pre-processing 

As the nutrient load and HAB occurrence in Lake Erie take place mostly at the western part, our 

study was focused on the western basin of Lake Erie (shown in Figure 2), which encompasses the 

western part of the lake to Point Pelee, ON, Canada and Cedar Point, OH, USA. In this study, we 

used water quality data collected from multiple monitoring stations (Fig. 1) at the western part of 

Lake Erie on the US side operated by National Oceanic and Atmospheric Administration (NOAA) 

Great Lakes Environmental Research Laboratory (GLERL). The data were sampled from 2013 to 

2020, and the resolution of data is in units of days (Boegehold et al., 2023). We specifically focused 

on monitoring stations closest to Maumee River inflow (i.e., WE06 and WE09) which reflect the 

various nutrient and sediment input into the western basin of Lake Erie as well as represent the 

area that are prone to HAB consistently compared to other stations further out in the western part 

of the lake (Stumpf et al., 2016).  

 

 
Figure 2. Location and description western Lake Erie water quality monitoring stations.  

 

Based on the available data, we selected physical, chemical and biological variables, shown in 

Table 1. Physical variables include Secchi Depth, CTD Temperature, CTD Specific Conductivity, 

and Turbidity. Chemical drivers also include CTD Dissolved Oxygen, Total Phosphorus, Total 

Dissolved Phosphorus, Ammonia, Nitrate + Nitrite, Particulate Organic Carbon, Particulate 



Organic Nitrogen, and Total Suspended Solids. Chlorophyll-a is also categorized under the 

biological variables.  

 

Table 1. Summary of the variables used in this study  

Variable Abbr. Unit Definition 

Secchi Depth  SD m Penetration depth of sunlight through the water 

CTD Temperature  T °C Water temperature at site 

CTD Specific Conductivity  Cond µS/cm Conductivity value of water at site  

CTD Dissolved Oxygen  DO mg/L Concentration of dissolved oxygen at site 

Turbidity  Turb NTU Cloudiness of a fluid caused by suspended solids 

Total Phosphorus  TP µg/L Concentration of the sum of all phosphorus 

compounds that occur in various forms at site 

Total Dissolved Phosphorus  TDP µg /L Concentration of the portion of phosphorus that is 

dissolved at site 

Ammonia A µg /L Concentration of Ammonia at site 

Nitrate + Nitrite N  Concentration of NOx at site 

Particulate Organic Carbon POC mg/L Concentration of organic carbon particles 

suspended in water at site 

Particulate Organic Nitrogen PON mg/L Concentration of organic nitrogen particles 

suspended in water at site 

Total Suspended Solids  TSS mg/L Concentration of both organic and inorganic 

particles suspended in water at site 

Chlorophyll-a  Chl-a µg /L Indicator of HABs 

 

2.2. Correlation Analysis 

In this work, Pearson’s correlation coefficient, which is the pivotal statistical techniques, was used 

to analyze the correlation between two variables. The Pearson correlation coefficient method is 

aimed at assessing linear variable correlations. The correlation coefficient is typically denoted by 

the symbol r, whose values range between -1 and 1, where 1 indicates strong positive correlation, 

-1 indicates strong negative correlation, and a value near 0 suggests a weak or nonexistent 

relationship (Gogtay and Thatte, 2017). r can be calculated using Eq. (1):  

 

𝑟 =
∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)2𝑛
𝑖=1

∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 ∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

 (1) 

 

where r is the Pearson’s correlation coefficient, N is the sample size, and 𝑥𝑖 and yi is the ith sample 

values, �̅� and �̅� is the mean values of 𝑥 and 𝑦. In addition, an absolute value of r more than 0.8 

means a strong correlation, < 0.2 means a weak correlation, and between 0.2 and 0.8 indicates a 

correlation (Wang et al., 2023). 

 



2.3. Multivariate Regression Analysis 

Multivariate analysis is essential for categorizing environmental drivers (i.e. HABs) with similar 

traits and summarizing related multivariate patterns, offering valuable insights for creating 

targeted mitigation strategies (Xu et al., 2019a; 2019b). Multivariate regression analysis was 

performed to develop a regression model between the dependent variable and different 

independent variables. The Chl-a and TSS were set as the dependent variables for our study. To 

avoid the influence of collinearity on the regression analysis, independent variables were selected 

by comparing the relative importance values. A simple correlation analysis was performed to 

estimate the correlations between the dependent variable and independent variables. Then 

multivariate regression analysis was performed using the least squares method. When there are n 

independent variables (𝑋𝑖), dependent variable (Y) can be described under the form of the below 

equation: 

 

𝑌 = 𝑏0 + 𝑏1𝑋1 + 𝑏2𝑋2 +…+ 𝑏𝑛𝑋𝑛 + 𝜖 (2) 

 

From Eq. (2), it can be seen that the regression coefficient, or slope, bi (unbiased estimate), 

represents the change in Y per unit change in the (Xi) variable after the adjustment for 

simultaneous linear change; and the y-intercept, b0, also called the multi-regression constant, 

standing for the y value where the regression line crosses the y-axis. Hence, it is the value of y 

when the value of x is equal to 0. The last parameter 𝜖 in Eq. (2) represents the residuals (error 

term). Eq. (2) can be very helpful in predicting the value of the dependent variable (Y) from the 

given value of the independent variables (Xi). It also may predict Y from the outer given ranges of 

(Xi), but such extrapolation is not highly recommended (Kelley & Bolin, 2013). We have also 

herein the ANOVA-F test in our regression model to nullify our hypothesis that there is no 

relationship between the independent variable (X) and dependent (Y) variable, i.e., all regression 

coefficients equal to zero (b1 = b2 = ... = bn = 0). From the ANOVA-F test, the significant p-value 

(< 0.05 at 95% confidential interval) suggests that the relationship between (Xi) and Y is crucial. 

The independent variables (Xi) can reliably predict the dependent variable Y 

  

2.4. Coefficients of Determination 

Coefficients of Determination (R2) indicates how well the predictive value explains the measured 

value. In this work, measured and predicted Chl-a (and TSS) concentrations were taken as the 

dependent and independent variables respectively, and the 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 the higher the prediction accuracy. 

The formula for R2 is as follows: 

 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦�̂�)

2𝑛
𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

 (3) 

 



where yi is the ith actual value and �̂� is the ith predicted value of the dependent variable, and �̅� is 

the mean of yi. The adjusted R2, which is defined as corrected value of R2 for sample size and 

regression coefficients, is a better parameter than R2 itself. The adjusted R2 is always less than 

R2. A high or adjusted R2 generally represents the better model but is not always correct and 

should be used with caution to asset the model. There is no cutoff point of R2 for the appropriate 

model selection. R2 should be evaluated based on the field data types, data transformations, or 

subject area decisions (Hair et al., 2010). 

 

3. Results and Discussions 

Table 2 shows a summary of the descriptive statistics of the dataset after pre-processing. In the 

table, Particulate Organic Carbon and Particulate Organic Nitrogen levels varied widely as well, 

with maximums far exceeding the average, suggesting the presence of organic matter in different 

concentrations throughout the samples. On the other hand, Total Suspended Solids and 

Chlorophyll-a also showed large ranges in value, pointing to varied conditions in the sampled 

water bodies. The standard deviation for each variable suggests the extent of variation in the 

measurements, with some variables like turbidity and total phosphorus showing very high 

variability. It is noticed that we have in total 13 parameters, and we distinguish these parameters 

into two different targets, including Chl-a and TSS versus predictors (the rest of the parameters). 

 

Table 2. Statistical description of the dataset used in this study 

Variables Min Max Mean Std. Dev. 

SD 0 5.3 0.796 0.694 

T 10.1 29.7 22.417 3.651 

Cond 19.9 583.3 337.586 67.828 

DO 4.2 13.0 7.478 1.217 

Turb 0.95 1148.0 29.599 78.295 

TP 14.87 2482.2 119.144 181.173 

TDP 2.67 273.6 30.909 34.865 

A 0.04 561.6 39.822 56.930 

N 0 9.5 1.308 1.676 

POC 0.15 219.3 3.946 15.381 

PON 0.03 40.9 0.677 2.759 

TSS 1.25 540.8 25.489 44.275 

Chl-a 0.71 6784.0 61.232 347.307 

 

Table 3 presents the Relative Importance (RI) values for each predictor variable in relation to 

Chlorophyll-a (Chl-a) and Total Suspended Solids (TSS). For Chl-a, Particulate Organic Nitrogen 

(PON), Turbidity, and Particulate Organic Carbon (POC) emerge as the most influential variables, 

contributing 24.26%, 22.77%, and 18.39% to the model, respectively. These factors play a critical 



role in explaining the variability of Chl-a concentrations in the water. Other significant 

contributors include Total Suspended Solids (TSS) and Total Phosphorus (TP), accounting for 

13.00% and 10.01%, respectively. However, the remaining variables, such as Secchi Depth (SD), 

Dissolved Oxygen (DO), and Temperature (T), provide minimal contributions, and variables like 

Conductivity (Cond) and Nitrogen (N) contribute even less.  

For the TSS model, Turbidity (35.57%), PON (28.06%), and POC (24.12%) dominate the 

model, collectively explaining most of the variance in TSS. Chl-a itself accounts for 5.34% of the 

variance, while TP (6.20%) also plays a notable but smaller role. The remaining variables, 

including SD, TDP, T, and others, contribute very little, with some variables, such as DO and 

Cond, having no measurable importance. This analysis emphasizes the crucial role of certain 

particulate components (PON, Turb, and POC) in both models, highlighting them as key drivers 

in understanding the dynamics of both Chl-a and TSS in the context of harmful algal blooms in 

Lake Erie. 

 

Table 3. Relative Importance (RI) value for two considered targets 

  RI for Chl-a (100%) RI for TSS (100%) 

PON 24.26 28.06 

Turb 22.77 35.57 

POC 18.39 24.12 

TSS 13.00 ---  

TP 10.01 6.20 

SD 3.14 0.34 

DO 2.44 0.00 

T 2.19 0.15 

TDP 2.01 0.12 

A 1.25 0.11 

Cond 0.50 0.00 

N 0.05 0.01 

Chl-a --- 5.34 

 

Table 4 presents the Pearson correlation coefficients between all target variables and 

regressors. Pearson correlation coefficients indicate the strength and direction of the linear 

relationship between two variables, ranging from -1 (perfect negative correlation) to 1 (perfect 

positive correlation). A value close to 0 suggests no correlation. This correlation matrix provides 

important insights into the relationships between environmental variables and the two target 

variables, Chl-a and TSS. The strongest drivers for Chl-a are PON, Turbidity, and POC, while TSS 

is primarily influenced by Turbidity, PON, and POC.  

Figure 3 also shows a bivariate scatter plot indicating pairwise relationships between seven 

selected regressors, SD, Turb, TP, POC, PON, TSS, and Chl-a, for this analysis. Clear positive 

linear relationships are observed between Turbidity and TSS, as well as between Turbidity, POC, 



PON, and Chl-a, suggesting that these variables are important drivers of both suspended solids and 

algal bloom concentration. TP also shows moderate positive associations with both turbidity and 

Chl-a, reinforcing the role of phosphorus in contributing to water turbidity and algal growth. 

 

Table 4. Pearson’s correlation coefficients for all target variables and regressors 

 SD T Cond DO Turb TP TDP A N POC PON TSS Chl-a 

SD 1.00 0.12 -0.13 -0.05 -0.23 -0.27 -0.15 -0.06 -0.01 -0.12 -0.11 -0.35 -0.06 

T 0.12 1.00 -0.01 -0.32 -0.07 -0.06 -0.06 -0.15 0.06 0.06 0.06 -0.16 0.07 

Cond -0.13 -0.01 1.00 -0.15 -0.04 0.09 0.40 0.39 0.50 -0.06 -0.06 -0.03 -0.05 

DO -0.05 -0.32 -0.15 1.00 0.10 0.03 -0.31 -0.32 -0.23 0.16 0.16 0.06 0.19 

Turb -0.23 -0.07 -0.04 0.10 1.00 0.88 0.11 0.06 0.05 0.89 0.91 0.93 0.75 

TP -0.27 -0.06 0.09 0.03 0.88 1.00 0.28 0.14 0.19 0.76 0.78 0.83 0.69 

TDP -0.15 -0.06 0.40 -0.31 0.11 0.28 1.00 0.48 0.61 -0.08 -0.08 0.17 -0.06 

A -0.06 -0.15 0.39 -0.32 0.06 0.14 0.48 1.00 0.46 -0.09 -0.09 0.12 -0.08 

N -0.01 0.06 0.50 -0.23 0.05 0.19 0.61 0.46 1.00 -0.09 -0.08 0.09 -0.07 

POC -0.12 0.06 -0.06 0.16 0.89 0.76 -0.08 -0.09 -0.09 1.00 0.99 0.78 0.71 

PON -0.11 0.06 -0.06 0.16 0.91 0.78 -0.08 -0.09 -0.08 0.99 1.00 0.76 0.79 

TSS -0.35 -0.16 -0.03 0.06 0.93 0.83 0.17 0.12 0.09 0.78 0.76 1.00 0.49 

Chl-a -0.06 0.07 -0.05 0.19 0.75 0.69 -0.06 -0.08 -0.07 0.71 0.79 0.49 1.00 

 

In this study, the objective is to deal with multivariate regression showing the association 

between dependent and independent variables. With our data after evaluating the relative 

importance and correlation analysis, two regression models have been determined as below for the 

prediction Chl-a and TSS, including: 

 

Model 1: Chl-a= 0.113 Tur - 0.035 TP - 3.453 POC + 4.115 PON - 0.03 TSS + 0.004  (4) 

Model 2: TSS= 1.477 Tur + 0.196 TP + 2.125 POC - 2.705 PON -0.126 Chl-a + 0.007  (5) 

 

In Table 5, multivariate correlation coefficient (r) provides insight into the strength and 

direction of the relationship between independent and dependent variables in our regression 

models. For Model 1, the r-value is 0.986, indicating a very strong positive correlation, which 

suggests a high-quality prediction for the dependent variable, Chl-a. Similarly, in Model 2, the r-

value is 0.979, also signifying a strong predictive relationship, this time for the dependent variable 

TSS. The coefficients of determination, represented by R² and adjusted R², further emphasize the 

model's effectiveness in explaining the variability in the outcome variable. In Model 1, R² is 0.973, 

meaning 97.3% of the variance in Chl-a can be attributed to the independent variables in the 

regression model. The adjusted R², which accounts for the number of predictors in the model, 

remains at 0.973, confirming that the predictors explain the vast majority of variability without 

overfitting.  

Model 2 follows a similar trend, with R² at 0.958, indicating that 95.8% of the variability in 

TSS is explained by the independent variables. The adjusted R² for Model 2 also mirrors this value, 

reflecting the robustness of the model. The standard error (SE) of the estimate provides a measure 



of the average distance that the observed values fall from the regression line. For Model 1, the SE 

is 0.008, indicating a very small error in the predictions of Chl-a. In Model 2, the SE is slightly 

higher at 0.016, which still reflects a reasonably accurate prediction for TSS. In both models, the 

low SE values reinforce the precision and reliability of the regression models, indicating minimal 

deviation between the observed and predicted values. 

 

Figure 3. Bivariate scatter plots for seven selected regressors. 

 

Table 5. Model summary 

 r R2 Adjusted R2 Std. Error (SE) 

Model 1 0.986 0.973 0.972 0.008 

Model 2 0.979 0.958 0.957 0.016 



In Table 6, the ANOVA table provides crucial information regarding the statistical significance 

of our regression models. The table presents two primary components: the regression and residual 

sum of squares, which are used to evaluate how well the independent variables explain the variance 

in the dependent variable. In Model 1, which predicts Chl-a, the F-ratio of 3250.46 is substantially 

larger than 1, indicating a highly significant regression model. The F-ratio represents the ratio of 

the mean square for the regression to the mean square for the residuals, which compares the 

variance explained by the model to the variance that remains unexplained. A high F-ratio suggests 

that the model explains a considerable amount of variation in the dependent variable. The 

associated p-value is reported as less than 1E-4, confirming that this result is statistically significant 

and that the likelihood of these findings occurring by chance is extremely low.  

Therefore, we can conclude that the independent variables used in Model 1 are strong 

predictors of Chl-a, and the model is a good fit for the data. Similarly, for Model 2, which predicts 

TSS, the F-ratio is 2067.33, again significantly larger than 1. This high F-value suggests that the 

independent variables in this model also explain a substantial amount of the variability in TSS. 

The p-value for this model is also less than 1E-4, reinforcing the statistical significance of the 

model. This indicates that the relationship between the independent variables and TSS is robust, 

and the model fits the data well. Overall, the results presented in Table 6 demonstrate that both 

regression models are statistically significant, meaning that the independent variables are highly 

effective in predicting the respective dependent variables, Chl-a and TSS.  

 

Table 6. ANOVA table for statistical significance 

    
df 

SS - Sum 

of Square 

MS - Mean 

Squares 
F-ratio p-value 

Model 1 

  Regression 5 0.989 1.98E-01 3250.46 < 1E-4 

  Residual 453 0.028 6.09E-05     

  Total 458 1.017       

Model 2 

  Regression 5 2.598 5.20E-01 2067.33 < 1E-4 

  Residual 453 0.114 2.51E-04     

  Total 458 2.712       

 

Table 7 presents the estimated coefficients for the multivariate regression models predicting 

Chl-a in Model 1 and TSS in Model 2. These unstandardized coefficients represent the direct 

impact of each independent variable on the dependent variable, holding all other predictors 

constant. Each coefficient in the regression equation explains how much the dependent variable is 

expected to increase or decrease with a one-unit change in the independent variable. For Model 1, 

the regression equation is:  

 

Chl-a = 0.113×Turb − 0.035×TP − 3.453×POC + 4.115×PON − 0.03×TSS + 0.004.  



This equation allows for the prediction of Chl-a based on the values of five independent 

variables: Turb, TP, POC, PON, and TSS. For Model 2, the regression equation is: 

 

TSS=1.477×Turb+0.196×TP+2.125×POC−2.705×PON−0.126×Chl-a+0.007.  

 

This equation will help to predict the TSS from the given value of three independent variables 

(Turb, TP, POC, PON, and Chl-a). The p-values associated with each variable provide insight into 

the statistical significance of these coefficients. P- values shown in Table 6 are different from 0 

and most of them are less than 0.05 (except TSS for model 1 and Chl-a for model 2), indicating 

that these variables have a meaningful effect on target variables. The standard error (SE) values in 

the table measure the variability of the coefficients. Smaller SE values indicate that the estimates 

are more precise. In Model 1, all independent variables have small SEs, suggesting stable 

estimates. In Model 2, although most parameters have small SEs, POC and PON have slightly 

larger SEs, indicating more variability in their estimates. 

 

Table 7. Estimates of coefficients for multivariate regression models 

  

Unstandardized 

Coefficients 

Standard 

Error (SE) 
t  p-value 

Model 1   

Constant 0.004 0.000 7.906 < 0.0001 

Turb 0.113 0.038 2.963 0.0032 

TP -0.035 0.012 -2.837 0.0048 

POC -3.453 0.076 -45.688 < 0.0001 

PON 4.115 0.091 45.380 < 0.0001 

TSS -0.030 0.023 -1.319 0.1879 

Model 2   

Constant 0.007 0.001 6.583 < 0.0001 

Turb 1.477 0.037 40.445 < 0.0001 

TP 0.196 0.023 8.392 < 0.0001 

POC 2.125 0.350 6.077 < 0.0001 

PON -2.705 0.415 -6.521 < 0.0001 

Chl-a -0.126 0.095 -1.319 0.1879 

 

The correlation analysis reveals that PON, turbidity, and POC exhibit the strongest associations 

with Chl-a and TSS, suggesting these variables play crucial roles in algal bloom formation. Only 

relative importance value RI >5% can be considered (see Table 3). Specifically, PON and POC 

were found to have the highest relative importance values in the model, contributing over 20% 

each to the predictive capacity for Chl-a. These findings support the emphasis on nutrient 

management, as controlling organic nitrogen levels can mitigate bloom intensity and frequency, 



potentially due to its role in nutrient cycling and algal growth (Wang et al., 2011; Du et al., 2022; 

Hushchyna et al.,2023). 

Two linear multivariate regression models were suggested to predict Chl-a and TSS. Model 1 

and Model 2 demonstrate robust predictive performance, with R² values of 0.973 for Chl-a and 

0.958 for TSS respectively, indicating that our selected variables explain a significant proportion 

of the variance in HAB dynamics. The ANOVA F-test results further affirm model significance 

(F = 3250.46 for Chl-a; F = 2067.33 for TSS), underscoring the reliability of our predictors. For 

both models, all the variables are statistically significant to the prediction (p-value < 0.05). These 

two models with statistically significant analyses show that the prediction for Chl-a and TSS could 

be well performed for Lake Erie.  

It can be seen in Table 7, for model 1 all parameters except TSS are significant (p-value < 

0.05), and we can infer that there is an association between all variables. For model 2, Turb, TP, 

POC, and PON are significant as p-value <0.05, while Chl-a is insignificant as the p-value is 

greater than 0.05, saying that there is more association between the variables than Chl-a. 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; Demiray et al., 2024). 

Our analysis underscores the importance of managing specific nutrients, particularly 

phosphorus and nitrogen compounds, to reduce HAB risk in Lake Erie. The high predictive 

accuracy achieved by including TP, PON, turbidity, and POC as independent variables suggests 

that nutrient reduction strategies targeting these factors could effectively mitigate algal blooms. 

This aligns with findings from several literatures, suggesting that nutrient load control is a 

universally applicable management approach for HABs across diverse freshwater ecosystems 

(Hushchyna et al.,2023; Rosales et al., 2022). 

 

4. Conclusions 

This study presents a detailed analysis of the environmental drivers influencing Harmful Algal 

Blooms (HABs) in Lake Erie, using a multivariate regression approach to develop predictive 

models for chlorophyll-a (Chl-a) and total suspended solids (TSS). Through the integration of 

physical, chemical, and biological variables collected from multiple monitoring stations over seven 

years, our models identified particulate organic nitrogen (PON), turbidity, and particulate organic 

carbon (POC) as the most critical predictors of HAB dynamics. The statistical models 

demonstrated a strong fit, with R² values of 0.973 for Chl-a and 0.958 for TSS, underscoring the 

robustness of multivariate regression for capturing the complex interactions between water quality 

variables and HAB occurrences. 

The significance of this research lies in its ability to uncover key environmental factors that 

drive HAB formation, offering valuable insights into water quality management in Lake Erie and 

beyond. The study's framework can be broadly applied to other aquatic ecosystems, where similar 

environmental pressures contribute to harmful algal growth. By improving our understanding of 



these drivers, the study enables more accurate and proactive HAB forecasting, which is critical for 

safeguarding public health, protecting aquatic ecosystems, and mitigating economic losses in 

sectors such as fisheries, tourism, and water supply management. 

Moreover, this study emphasizes the importance of using comprehensive datasets and 

advanced statistical methods to explore the multifaceted relationships between water quality 

variables. While the models used in this study demonstrate strong predictive capacity, future 

research should investigate the integration of real-time monitoring systems and machine learning 

techniques to enhance the adaptability and accuracy of HAB prediction models under varying 

environmental conditions. Additionally, exploring non-linear modeling approaches could provide 

further insights into the threshold effects and tipping points that lead to bloom occurrences. 

In conclusion, this research represents an important step toward developing data-driven tools 

for HAB management. By identifying the key drivers of HABs and constructing accurate 

prediction models, this study contributes to the development of evidence-based management 

strategies that can mitigate the risks posed by HABs. Policymakers, environmental agencies, and 

stakeholders can leverage these findings to implement targeted interventions, such as nutrient load 

reductions and enhanced monitoring efforts, ultimately fostering a more sustainable and resilient 

approach to managing freshwater resources. 
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