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Abstract

Harmful Algal Blooms (HABs) can originate from a variety of reasons, including water
pollution coming from agriculture, effluent from treatment plants, sewage system leaks,
pH and light levels, and the consequences of climate change. In recent years, HAB
events have become a serious environmental problem, paralleling population growth,
agricultural development, increasing air temperatures, and declining precipitation.
Hence, it is crucial to identify the mechanisms responsible for the formation of harmful
algal blooms (HABs), accurately assess their short- and long-term impacts, and
guantify their variations based on climate projections for developing accurate action
plans and effectively managing resources. This present study utilizes empirical
dynamic modeling (EDM) to predict chlorophyll-a (chl-a) concentration of Lake Erie.
This method is characterized by its nonlinearity and nonparametric nature. EDM has a
significant benefit in that it surpasses the constraints of conventional statistical
modeling through the use of data-driven attractor reconstruction. Chl-a is a critical and
commonly used parameter in the prediction of HAB events. Lake Erie is an inland water
body that experiences frequent HAB phenomena as a result of its location. With a
MAPE of 4.31%, an RMSE of 6.24, and a coefficient of determination of 0.98, the EDM
showed exceptional performance. These findings suggest that the underlying
dynamics of chl-a changes can be well captured by the EDM model.
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1. Introduction

Harmful algal blooms (HABSs) originate from agricultural and industrial pollution, water
temperature, and quality (Paerl and Paul, 2012; Graham et al., 2016). In addition to
reducing the quality of drinking water, they also negatively impact the smell, taste, and
aesthetics of lakes used for recreation and drinking. In their study, Dai et al. (2023)
have investigated HABs from 2003 to 2020 by utilizing satellite data. It has been
discovered that the extent of HABs expands by 13% and the occurrence of HABs
escalates by 59% over this time frame. While there are variations in patterns across
the globe, Europe and North America have been identified as the regions experiencing
the highest number of HAB events.

In the past few years, there has been a sharp rise in HABs events due to environmental
pollution, climate change (Baydaroglu and Demir, 2024; Yesilkoy et al., 2023, 2024),
the increasing number in global populations, the growth of agricultural production
(Yesilkdy and Demir, 2024). HAB tracking (Greene et al., 2021), modeling (Baydaroglu
etal., 2024), and prediction (Yan et al., 2024) research have been expedited as a result
of the increasing prevalence of HABs and their critical role in protecting public and
environmental health.

Predicting HABs is challenging due to the scarcity and inconsistency of data (Kwon et
al., 2023; Fung et al., 2023), the impact of several nonlinear environmental factors, and
the complex nonlinear and seasonal patterns of HAB data. Notwithstanding these
difficulties, there are quite a few efforts employing Al-based algorithms like random
forest (Yan et al., 2024), support vector machines (Silva et al., 2023), neural network
models (Chen et al., 2023), Bayesian modeling (Myer, 2020), logistic regression
(Villanueva et al., 2023), long short-term memory (Busari et al., 2024), physically based
models such as empirical dynamic modeling (Agarwal et al., 2023), and hybrid
approaches including sparse identification of nonlinear dynamics (Baydaroglu et al.,
2024). These studies employ water quality indicators such as chl-a, microcystin, total
inorganic nitrogen, total phosphorus, dissolved oxygen, and pH, as well as
meteorological variables such as water and air temperatures, global solar radiation,
wind speed, and physical parameters such as secchi disc depth and turbidity.

There are some HAB prediction endeavors using chl-a as a HAB indicator. Qui et al.
(2023) employed shoreline, chl-a, algal bloom, wind direction, and dynamic indices to
predict the HAB risks in areas with coastlines, creating a simulation model. To forecast
HABs at 7-day and 14-day time frames, Li et al. (2014) used chl-a concentration, total
inorganic nitrogen, orthophosphate, total phosphorous, water temperature, dissolved
oxygen, secchi disc depth, global solar radiation, and wind speed. Agarwal et al. (2023)
forecasts HABs on a sub-monthly level using empirical dynamical modeling. The
results indicate that the forecasting of HABs is enhanced when the multivariate data is
derived from measurable image characteristics. This enhancement is particularly
apparent when time periods exceeding seven days are taken into account. The SINDy



method was employed by Baydaroglu et al. (2024) to simulate the alteration in
microcystin, a toxin that algae produce. They utilized evaporation as a
meteorological variable and dissolved oxygen as a water quality metric. Lee et al.
(2022) created a model that predicts the concentration of chl-a by incorporating water
quality factors (chl-a, electric conductivity, dissolved oxygen etc.) and meteorological
variables (air temperature, wind speed and directions). The results show that chl-a
either has no effect on electrical conductivity or performance is reduced in this regard.
chl-a, ammonia nitrogen, nitrate/nitrite, shortwave solar radiation, pH, air and water
temperature, total phosphorus, turbidity, land use, wind speed, dissolved oxygen,
specific humidity, precipitation, agricultural land use were the variables used by Yan et
al. (2024) to predict the levels of chl-a. According to the findings, forecasts made one
month in advance are more accurate than those made for the current month.

The Great Lakes are the world’s largest and most biodiverse freshwater reservoir, and
its basin includes both manufacturing-oriented industrial facilities and agricultural areas
(Tewari et al., 2022). Lake Erie is the Great Lakes’ shallowest and smallest lake
according to water capacity. Its geographical position has a substantial impact on
nutritional overload (Tewari et al., 2022). Therefore, several studies on predicting
HABs are conducted using water quality factors, physical characteristics, climatic
variables, and teleconnections (Scavia et al., 2023; Manning et al., 2023).

Empirical dynamic modeling (EDM) is a technique rooted in dynamical system theory
that does not rely on explicit dynamic equations (Sugihara and May, 1990; Ye et al.,
2015; Chang et al.,, 2017). It is a potent technique for predicting and examining
nonlinear dynamics (Johnson and Munch, 2022). EDM has been utilized in diverse
research domains, such as wind turbine power forecasting (Ma et al., 2019), assessing
the impact of climate on dysentery epidemics (Wu et al., 2020), identifying shared
spatial patterns in air temperature, salinity, and ichthyoplankton diversity (Kuriyama et
al., 2020), predicting water flow (Saberski et al., 2022), differentiating between abiotic
and biotic factors influencing population fluctuations in sympatric fishes (Wasserman
et al., 2022), forecasting coastal and riverine algal blooms (McGowan et al., 2017; Tian
et al., 2024), and analyzing the causal relationship between crop yield and climate
extremes (Simanjuntak et al., 2023; Baydaroglu et al., 2024).

The global rise in HAB events poses a significant concern to public health, emphasizing
the need for a comprehensive understanding of HAB formation mechanisms, accurate
modeling, and informed decision-making about precautionary measures and
rehabilitation efforts. Therefore, scientific studies in this field have gained momentum.
EDM has proven to be highly effective in predicting ecological parameters (Sugihara
et al., 2012; Wang et al., 2019, Tian et al, 2024). However, it has not yet been used to
the prediction of chl-a. This study has utilized EDM to predict chl-a, a crucial indicator
of HABs, and showed that EDM is a highly effective approach for predicting HABs.



For simplex projection, the study used the R package rEDM (Ye et al., 2016; Sugihara
etal., 2019; Park et al., 2022; Sugihara et al., 2020). This paper is structured as follows:
An explanation of the study area, the data, and the methodology is given in Section 2.
Section 3 contains the findings and conclusion.

2. Materials and Methods
2.1 Study Area

The region encircling the Great Lakes, the world’s largest and most biologically diverse
freshwater system, is characterized by a combination of industrial and agricultural land
use. Lake Erie is distinguished from its interconnected counterparts by virtue of its
relatively shallow depth and lesser volume. Its geographic position renders it
particularly susceptible to nutrient pollution (Tewari et al., 2022). Since 2002, Lake Erie
has grappled with HABs, with their severity escalating dramatically in recent years (Ai
et al., 2023, Badshah et al., 2024).

Figure 1 shows the region to the west of Lake Erie where the HAB events are mostly
taking place, along with the specific locations of the monitoring stations.
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Figure 1. Western Lake Erie monitoring stations of NOAA's Great Lakes
Environmental Research Laboratory (Retrieved from https://www.glerl.noaa.gov/res/
HABs_and_Hypoxia/ rtMonSQL.php).

2.2 Data

As is known, HAB formations occur in the spring and summer months. The study has
utilized Chl-a data collected from May to October between the years 2012 and 2022.
The sampling processes for the analysis of water quality parameters in lakes and
oceans are quite irregular, particularly when the data from previous years is analyzed.


https://www.glerl.noaa.gov/res/%20HABs_and_Hypoxia/%20rtMonSQL.php
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For instance, sampling intervals may vary from one week to eleven days or fourteen
days in certain months. There is even data from different hours of the same day.

All chl-a data from all stations illustrated in Figure 1 have been pooled due to the need
for a substantial quantity of data for dynamical modeling. These datasets have been
obtained from National Oceanic and Atmospheric Administration (NOAA) - National
Centers for Environmental Information (NCEI) Granule Geoportal.

Figure 2 illustrates the mean values of all station data per year. The data from Figure

2 clearly shows a noticeable increase in chl- a level in the years 2013, 2015, 2017,
2019, and 2022.
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Figure 2. Mean chl-a values Of Lake Erie per year.

2.3 Empirical Dynamical Modeling (EDM)

EDM is a chaos theory-based, equation-free method for analyzing dynamical systems
(Sugihara and May, 1990; Ye et al., 2015; Wang et al., 2019). It can be applied to
predict single or multivariable as well as determine the causality or nonlinearity of a
system. The effectiveness of EDM that includes simplex projection, s-map and cross
convergent mapping in dealing with complex and nonlinear systems has been
convincingly proven (Sugihara et al., 2012; Ushio and Kawatsu, 2020; Agarwal et al.,
2023; Tian et al, 2024). This study utilizes a single variable for the purpose of making
predictions.

2.3.1 Phase Space Reconstruction

Since EDM is stochasticity-sensitive, it needs to be used in systems that exhibit
deterministic dynamics (Cummins et al., 2015; Nova et al., 2019). In order to assess
low-dimensional deterministic dynamics, it can be conducted univariable phase space
reconstruction (PSR) for attractor generation for each variable and employ simplex
projection to verify that the predictive ability diminishes over time.



The trajectories in the phase space can depict the time evolution of a phenomena.
Each point in a phase space represents a specific state of the system, while each
trajectory illustrates the system's time evolution under different initial conditions. In a
phase space, clusters of points have a distinct form that draws trajectories towards it,
known as attractors (Baydaroglu and Kogak, 2014). The embedding theorem (Takens,
2006) allows for the construction of a phase space from a one-dimensional time series.
For a time series x; € R,t = 1,2, ..., N, reconstruction equation is as follows:

X = (xt, Xt_gy e xt_(E_l)T) 1)

where X, are E dimensional vectors and 7 is a time delay.

2.3.2 Simplex Projection & Sequential Locally Weighted Global Linear Map

By calculating a weighted average of the trajectories of the nearest neighbors of the
new state, simplex projection calculates the trajectory of that state (Ye et al., 2015). It
uses embedding dimension-lagged coordinates to forecast future values (Sugihara
and May, 1990; Hsieh et al., 2005; Steele, 2023).

To determine the nearest neighbors of a new state xg, it is initially determined the m
nearest neighbors (m = E + 1): The neighbors are represented by the vectors
x,(s, i), where n(s, i) is the time index of the ith nearest neighbor to x,. The neighbors
are subsequently forward-evolved, and a weighted average of the forward evolutions
is computed for estimating x,j:

/x\s+h = (Z:rél Wi(s)xn(s,i)+h)/2ﬁlwi(s) (2)

where w;(s) are weights. w;(s) are determined by the distance between x, and its ith
neighbor, x, (s, i), which is scaled to the distance to the nearest neighbor:

Wi(s) = exp(_d(xsr xn(s,i))/d(xs' xn(s,l))) (3)
where d(x,, x;) is the Euclidean distance between x; and x; (Ye et al., 2015).

Moreover, the S-map (sequential locally weighted global linear map) test for
nonlinearity (Sugihara 1994) can be employed to assess the presence of nonlinear
state dependency in a variable. (Sugihara and May, 1990; Nova et al., 2019). S-map
combines E-lagged coordinates and a weighting parameter 6 to predict future values
in a nonlinear manner (Sugihara, 1994; Steele, 2023).

The prediction skill in both simplex projection and s-map is measured using the
Pearson correlation coefficient. lyapExp in MatLab and libraries of nonlinearTseries



and tseriesChaos of R have been employed to estimate the maximum Lyapunov
exponent. Besides, the rEDM library of R has been used for simplex projection.

3. Results and Discussion

As stated before, the main difficulty in predicting HAB-related parameters such as Chl-
a is that the available data are limited, sparse, and have irregular sampling intervals.
For instance, the quantity of data points may be insufficient in certain years, while it
may be adequate in others. Or there may be weeks in which no data is collected, while
others may have three to four daily data points due to the fact that multiple
measurements are obtained. Due to this limitation, the chl-a amounts have been
calculated on an annual basis rather than looking at monthly or yearly fluctuations (see
Fig. 2). As a result of this situation, it is challenging to establish a precise prediction
interval and accurately represent the presence of nonlinearity. In light of this scenario,
Lyapunov exponents (As) have been computed as a metric for quantifying the degree
of nonlinearity exhibited by the data. Lyapunov exponents have been demonstrated to
be the most valuable tool for analyzing the dynamics of chaotic systems. They are the
mean exponential rates at which neighboring trajectories in phase space either diverge
or converge. Due to the exponential divergence of close trajectories, systems with
initially equivalent states will quickly exhibit significant variances, leading to a rapid loss
of predictive capability. A system that possesses at least one positive Lyapunov
exponent is classified as chaotic (Wolf et al., 1985).

The chl-a data has been determined to have a positive maximum Lyapunov exponent.
Given that the highest Lyapunov exponent is positive, it can be inferred that the data
exhibits chaos or nonlinearity (Grassberger et al., 1991; Kantz, 1994). Moreover, the
nonlinearity of chlorophyll-a (chl-a) has been ascertained using S-map (see Figure 3).
If the nonlinear parameter () has a value of zero at the time where the prediction skill
achieves its maximum level, then the model is classified as linear. Nevertheless, if the
value exceeds zero, the model is categorized as nonlinear (Sugihara, 1994). Based on
Figure 3, the chl-a data can be considered nonlinear due to its nonlinear parameter
value of 7.

0.08
0.06
0.04

0.02

Prediction skill (r)

0
001 01 03 05075 1 15 2 3 4 5 6 7 8 9

Nonlinear parameter (6)

Figure 3. Ch-l a data first differences S-map prediction skill as a function of S-map
nonlinear parameter.



As seen in Figure 4, the optimal embedding dimension has been determined to be 2
using simplex projection. The maximum resolution for embedding is achieved by
employing a time delay of 1 in simplex projection (Javier et al., 2022; Bonotto et al.,
2022; Tian et al., 2024). Therefore, the time delay has been set to 1 to ensure the
highest possible temporal resolution, as the chl-a data is not collected on a daily basis.
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Figure 4. Simplex projection prediction skill based on embedding dimensions.

Choosing a small embedding dimension may result in overlapping points in the phase
space, while selecting a large embedding dimension may cause the points to be far
separated from each other (Lang et al., 2022; Agarwal et al., 2023). Consequently, the
prediction accuracy has been evaluated by increasing the embedding dimension and
observing the resulting change in accuracy. Figure 5 illustrates the variations in
performance metrics based on the embedding dimension. The embedding dimension
value that yielded the lowest prediction error and the maximum prediction accuracy
has once again been determined to be 2.
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Figure 5. Change of performance criteria based on embedding dimensions.

The chl-a data 3d attractor is illustrated in Figure 6. x, y, and z are defined as x(t),
x(t — 1), and x(t — 21), respectively.



Figure 6. The attractor of chl-a data.

Based on Figure 6, it can be concluded that the chl-a data exhibits chaotic behavior.
This is because the limit cycles (1 = 0) appear to be diverging from each other (1 > 0),

suggesting that small perturbations in the system could grow over time, leading to
chaotic behavior.

For this study, 80% of the data is allocated for the library, while the remaining 20% is
set aside for prediction. The predicted and observed chl-a data are shown in Figure 7.
The x-axis of the graph displays a time interval that corresponds to 20% of total data
due to the irregularity in HAB data collecting. This figure clearly demonstrates that EDM
is highly effective in making accurate predictions, particularly in accurately capturing
the dynamics of the nonlinear chl-a data.
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Figure 7. The observed and the predicted chl-a data based on time interval.

Table 1 shows the chl-a prediction model performance results. Mean absolute
percentage error (MAPE), root mean square error (RMSE) and coefficient of
determination (R2) are used as performance indicators. Chl-a prediction using EDM
has been evaluated using a comprehensive set of performance metrics, including
MAPE, RMSE, and R2. As presented in Table 1, the model demonstrated outstanding



performance, achieving a MAPE of 4.31%, RMSE of 6.24, and an R? of 0.98. These
results indicate that the EDM model can accurately capture the underlying dynamics
of chlorophyll-a variations.

Table 1. Performance criteria of chl-a prediction using EDM.
Performance criteria

MAPE (%) 4.31
RMSE (ug/L) 6.24
Coefficient of determination (R?) 0.98

4. Conclusion

To address the HAB problem, exacerbated by the impacts of climate change on public
and environmental health, it is imperative to accurately identify the problem and make
future predictions. Based on this perspective, an important indicator of HABs, known
as chl-a, has been predicted via EDM.

As mentioned before, the key obstacle in HAB prediction research is the lack of data
and intermittency. The reason for the intermittency is that HABs occur during the
summer months (May to October). Another factor that complicates prediction research
is the lagged impacts of climate on HABs. Furthermore, it may be asserted that the
challenges associated with manual, long-term water monitoring and disruptions in
water analysis also have a significant impact on prediction studies. Despite several
challenges, it is evident that EDM effectively simulates chaotic data, such as chl-a. In
this study, the model’s ability to predict both short-term and long-term trends in chl-a
concentrations suggests its potential for operational applications in water quality
management.

Utilizing water quality metrics, meteorological factors, and physical features such as
distances to agricultural and industrial fields may enhance the efficacy of models in
predicting and modeling harmful algal bloom (HAB) indicators like chl-a. Furthermore,
employing physics-based machine learning techniques (Baydaroglu et al., 2024)
instead of relying solely on machine learning models or traditional approaches can
yield more accurate prediction results.

Data Availability

Chl-a data: https://www.ncei.noaa.gov/metadata/granule/geoportal/#searchPanel

References

Agarwal, V., Chavez-Casillas, J., & Mouw, C. B. (2023). Sub-monthly prediction of
harmful algal blooms based on automated cell imaging. Harmful Algae, 122, 102386.


https://www.ncei.noaa.gov/metadata/granule/geoportal/#searchPanel

Ai, H., Zhang, K., Sun, J., & Zhang, H. (2023). Short-term Lake Erie algal bloom
prediction by classification and regression models. Water Research, 232, 119710.

Badshah, S. L., Stirbet, A., Siddiquee, M., Govindjee, G., Kang, D. W., Bridgeman, T.,
& Seo, Y. (2024). Inhibition of CO2 Fixation as a Potential Target for the Control of
Freshwater Cyanobacterial Harmful Algal Blooms. ACS ES&T Water.

Baydaroglu, O., & Demir, |. (2024). Temporal and spatial satellite data augmentation
for deep learning-based rainfall nowcasting. Journal of Hydroinformatics, 26(3), 589-
607.

Baydaroglu, O., Yesilkdy, S., Demir, |. (2024). A Phenology-Dependent Analysis for
Identifying Key Drought Indicators for Crop Yield based on Causal Inference and
Information Theory.

Baydaroglu, O., Yesilkdy, S., Dave, A., Linderman, M., & Demir, |. (2024). Modeling of
Harmful Algal Bloom Dynamics and Integrated Web Framework for Inland Waters in
lowa. https://doi.org/10.31223/X5S40X

Baydaroglu, O., & Kogak, K. (2014). SVR-based prediction of evaporation combined
with chaotic approach. Journal of Hydrology, 508, 356-363.

Bonotto, G., Peterson, T. J., Fowler, K., & Western, A. W. (2022). Identifying causal
interactions between groundwater and streamflow using convergent cross-
mapping. Water Resources Research, 58(8), e2021WR030231.

Busatri, I., Sahoo, D., & Jana, R. B. (2024). Prediction of chlorophyll-a as an indicator
of harmful algal blooms using deep learning with Bayesian approximation for
uncertainty assessment. Journal of Hydrology, 630, 130627.

Chang, C. W., Ushio, M., & Hsieh, C. H. (2017). Empirical dynamic modeling for
beginners. Ecological research, 32, 785-796.

Chen, X., Fu, Y., & Zhou, H. (2023). An approach of multi-element fusion method for
harmful algal blooms prediction. Environmental Science and Pollution Research,
30(11), 32083-32094.

Cummins, B., Gedeon, T., & Spendlove, K. (2015). On the efficacy of state space
reconstruction methods in determining causality. SIAM Journal on Applied Dynamical
Systems, 14(1), 335-381.

Dai, Y., Yang, S., Zhao, D., Hu, C., Xu, W., Anderson, D. M., ... & Feng, L. (2023).
Coastal phytoplankton  blooms expand and intensify in the 21st
century. Nature, 615(7951), 280-284.


https://doi.org/10.31223/X5S40X

Fung, B. S., Chan, W. H., Lo, I. M., & Tsang, D. H. (2023). Freshwater Microscopic
Algae Detection Based on Deep Neural Network with GAN-Based Augmentation for
Imbalanced Algal Data. ACS ES&T Water, 4(3), 982-990.

Graham, J. L., Dubrovsky, N. M., & Eberts, S. M. (2016). Cyanobacterial harmful algal
blooms and US Geological Survey science capabilities. US Department of the Interior,
US Geological Survey.

Grassberger, P., Schreiber, T., & Schaffrath, C. (1991). Nonlinear time sequence
analysis. International Journal of Bifurcation and Chaos, 1(03), 521-547.

Greene, S. B. D., LeFevre, G. H., & Markfort, C. D. (2021). Improving the spatial and
temporal monitoring of cyanotoxins in lowa lakes using a multiscale and multi-modal
monitoring approach. Science of the Total Environment, 760, 143327.

Hsieh, C. H., Glaser, S. M., Lucas, A. J., & Sugihara, G. (2005). Distinguishing random
environmental fluctuations from ecological catastrophes for the North Pacific
Ocean. Nature, 435(7040), 336-340.

Javier, P. J. E. A, Liponhay, M. P., Dajac, C. V. G., & Monterola, C. P. (2022). Causal
network inference in a dam system and its implications on feature selection for machine
learning forecasting. Physica A: Statistical Mechanics and its Applications, 604,
127893.

Johnson, B., & Munch, S. B. (2022). An empirical dynamic modeling framework for
missing or irregular samples. Ecological Modelling, 468, 109948.

Kantz, H. (1994). A robust method to estimate the maximal Lyapunov exponent of a
time series. Physics letters A, 185(1), 77-87.

Kuriyama, P. T., Sugihara, G., Thompson, A. R.,, & Semmens, B. X. (2020).
Identification of shared spatial dynamics in temperature, salinity, and ichthyoplankton
community diversity in the California current system with empirical dynamic
modeling. Frontiers in Marine Science, 7, 557940.

Kwon, T., Hanschen, E. R., & Hovde, B. T. (2023). Addressing the pervasive scarcity
of structural annotation in eukaryotic algae. Scientific Reports, 13(1), 1687.

Lang, S. H., Zhu, H., Sun, G. D., Jiang, Y., & Wei, C. L. (2022). A study on methods
for determining phase space reconstruction parameters. Journal of Computational and
Nonlinear Dynamics, 17(1), 011006.

Lee, D.,Kim, M., Lee, B., Chae, S., Kwon, S., & Kang, S. (2022). Integrated explainable
deep learning prediction of harmful algal blooms. Technological Forecasting and Social
Change, 185, 122046.



Li, X., Yu, J., Jia, Z., & Song, J. (2014, November). Harmful algal blooms prediction
with machine learning models in Tolo Harbour. In 2014 International conference on
smart computing (pp. 245-250). IEEE.

Ma, J., Yang, M., & Lin, Y. (2019). Ultra-short-term probabilistic wind turbine power
forecast based on empirical dynamic modeling. IEEE Transactions on Sustainable
Energy, 11(2), 906-915.

Manning, N. F., Wang, Y. C., Long, C. M., Bertani, ., Sayers, M. J., Bosse, K. R., ... &
Scavia, D. (2019). Extending the forecast model: Predicting Western Lake Erie harmful
algal blooms at multiple spatial scales. Journal of Great Lakes Research, 45(3), 587-
595.

McGowan, J. A., Deyle, E. R., Ye, H., Carter, M. L., Perretti, C. T., Seger, K. D., ... &
Sugihara, G. (2017). Predicting coastal algal blooms in southern
California. Ecology, 98(5), 1419-1433.

Myer, M. H., Urquhart, E., Schaeffer, B. A., & Johnston, J. M. (2020). Spatio-temporal
modeling for forecasting high-risk freshwater cyanobacterial harmful algal blooms in
Florida. Frontiers in environmental science, 8, 581091.

Nova, N., Deyle, E. R., Shocket, M. S., MacDonald, A. J., Childs, M. L., Rypdal, M., ...
& Mordecai, E. A. (2019). Empirical dynamic modeling reveals ecological drivers of
dengue dynamics. Interface, 15, 510.

Paerl, H. W., & Paul, V. J. (2012). Climate change: links to global expansion of harmful
cyanobacteria. Water research, 46(5), 1349-1363.

Park, Joseph, C. Smith, G. Sugihara and E. Deyle. 2022. rEDM: empirical dynamic
modeling (CEDM’). R package version 1.13.0. https://CRAN.R-
project.org/package=rEDM.

Qiu, Y., Liu, H., Liu, F., Li, D, Liu, C., Liu, W., ... & Duan, H. (2023). Development of a
collaborative framework for quantitative monitoring and accumulation prediction of
harmful algal blooms in nearshore areas of lakes. Ecological Indicators, 156, 111154.

Saberski, E., Park, J., Hill, T., Stabenau, E., & Sugihara, G. (2022). Improved prediction
of managed water flow into Everglades National Park using empirical dynamic
modeling. Journal of Water Resources Planning and Management, 148(12),
05022009.

Scavia, D., Wang, Y. C., & Obenour, D. R. (2023). Advancing freshwater ecological
forecasts: Harmful algal blooms in Lake Erie. Science of the Total Environment, 856,
158959.


https://cran.r-project.org/package=rEDM
https://cran.r-project.org/package=rEDM

Silva, E., Counillon, F., Brajard, J., Pettersson, L. H., & Naustvoll, L. (2023).
Forecasting harmful algae blooms: Application to Dinophysis acuminata in northern
Norway. Harmful Algae, 126, 102442.

Simanjuntak, C., Gaiser, T., Ahrends, H. E., Ceglar, A., Singh, M., Ewert, F., &
Srivastava, A. K. (2023). Impact of climate extreme events and their causality on maize
yield in South Africa. Scientific Reports, 13(1), 12462.

Steele, R. (2023). Exploring drivers of capelin (Mallotus villosus) and Atlantic cod
(Gadus morhua) population dynamics using Empirical Dynamic Modelling
(EDM) (Doctoral dissertation, Memorial University of Newfoundland).

Sugihara, G., & May, R. M. (1990). Nonlinear forecasting as a way of distinguishing
chaos from measurement error in time series. Nature, 344(6268), 734-741.

Sugihara, G. (1994). Nonlinear forecasting for the classification of natural time
series. Philosophical Transactions of the Royal Society of London. Series A: Physical
and Engineering Sciences, 348(1688), 477-495.

Sugihara, G., May, R., Ye, H., Hsieh, C. H., Deyle, E., Fogarty, M., & Munch, S. (2012).
Detecting causality in complex ecosystems. science, 338(6106), 496-500.

Sugihara, G., Ye, H., Clark, A., & Deyle, E. (2019). SERDP Project RC-2509.

Sugihara, G., Park, J., Deyle, E., Saberski, E., Smith, C., & Ye, H. (2020). Empirical
dynamic modeling. The Comprehensive R Archive Network. Tomaru, T., Murakami,
H., Niizato, T., Nishiyama, Y., Sonoda, K.

Takens, F. (2006, October). Detecting strange attractors in turbulence. In Dynamical
Systems and Turbulence, Warwick 1980: proceedings of a symposium held at the
University of Warwick 1979/80 (pp. 366-381). Berlin, Heidelberg: Springer Berlin
Heidelberg.

Tewari, M., Kishtawal, C. M., Moriarty, V. W., Ray, P., Singh, T., Zhang, L., ... & Tewari,
K. (2022). Improved seasonal prediction of harmful algal blooms in Lake Erie using
large-scale climate indices. Communications Earth & Environment, 3(1), 195.

Tian, J., Wang, G., Xiang, D., Huang, S., & Li, W. (2024). Causality analysis and
prediction of riverine algal blooms by combining empirical dynamic modeling and
machine learning techniques. Water Resources Research, 60(5), e2023WR036334.

Ushio, M., & Kawatsu, K. (2020). Forecasting Ecological Time Series Using Empirical
Dynamic Modeling: A Tutorial for Simplex Projection and S-map. Diversity of functional
traits and interactions: Perspectives on community dynamics, 193-213.



Villanueva, P., Yang, J., Radmer, L., Liang, X., Leung, T., Ikuma, K., ... & Lee, J.
(2023). One-Week-Ahead Prediction of Cyanobacterial Harmful Algal Blooms in lowa
Lakes. Environmental Science & Technology, 57(49), 20636-20646.

Wang, M., Yoshimura, C., Allam, A., Kimura, F., & Honma, T. (2019). Causality
analysis and prediction of 2-methylisoborneol production in a reservoir using empirical
dynamic modeling. Water research, 163, 114864.

Wasserman, B. A., Rogers, T. L., Munch, S. B., & Palkovacs, E. P. (2022). Applying
empirical dynamic modeling to distinguish abiotic and biotic drivers of population
fluctuations in sympatric fishes. Limnology and Oceanography, 67, S403-S415.

Wolf, A., Swift, J. B., Swinney, H. L., & Vastano, J. A. (1985). Determining Lyapunov
exponents from a time series. Physica D: nonlinear phenomena, 16(3), 285-317.

Wu, H., Li, Z., Yu, X., Zeng, Q., Lin, J., Chen, Y., ... & Lin, H. (2020). Empirical dynamic
modeling reveals climatic drivers in dynamics of bacillary dysentery epidemics in
China. Environmental Research Letters, 15(12), 124054.

Yan, Z., Kamanmalek, S., & Alamdari, N. (2024). Predicting coastal harmful algal
blooms using integrated data-driven analysis of environmental factors. Science of The
Total Environment, 912, 169253.

Ye, H., Beamish, R. J., Glaser, S. M., Grant, S. C., Hsieh, C. H., Richards, L. J., ... &
Sugihara, G. (2015). Equation-free mechanistic ecosystem forecasting using empirical
dynamic modeling. Proceedings of the National Academy of Sciences, 112(13),
E1569-E1576.

Ye, H., & Sugihara, G. (2016). Information leverage in interconnected ecosystems:
Overcoming the curse of dimensionality. Science, 353(6302), 922-925.

Yesilkdy, S., Baydaroglu, O., Singh, N., Sermet, Y., & Demir, |. (2023). A contemporary
systematic review of Cyberinfrastructure Systems and Applications for Flood and
Drought Data Analytics and Communication.

Yesilkoy, S., & Demir, I. (2024). Crop yield prediction based on reanalysis and crop
phenology data in the agroclimatic zones. Theoretical and Applied Climatology, 1-14.

Yesilkdy, S., Baydaroglu, O., & Demir, I. (2024). Is snow drought a messenger for the
upcoming severe drought period? A case study in the upper Mississippi river
basin. Atmospheric Research, 107553.



