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A B S T R A C T

Toxic cyanobacteria blooms such as Anabaena, Aphanizomenon, Microcystis and Oscillatoria are of critical concern
for public health and environmental system globally. An algal bloom is largely influenced by factors that jointly
characterize the climatology (e.g., water temperature), hydraulics (e.g., water velocity) and nutrient con-
centrations (e.g., phosphorus and nitrogen). While a wide range of efforts has been made to predict a cyano-
bacterial bloom, there is still a need for computational tools to characterize the bloom concentration effectively.
Here, we present a short-term cyanobacteria forecasting model that not only predicts the occurrences of algal
bloom but also provides their concentration conditional on the selected dominant environmental variables. The
prediction model operates in two stages. In the first stage, cyanobacterial occurrences are predicted using a first-
order Markov model conditioned on a few selected environmental variables. On occasions where a cyano-
bacterial occurrence is predicted, the second stage predicts cyanobacterial cell counts again conditional on the
selected environmental variables. In an application using data for four major rivers in South Korea, a minimum
Threat Score of 0.56 (56% forecasting accuracy) with a single environmental variable, temperature, is attained.
This simple model provides one week ahead probabilistic prediction of cyanobacteria occurrence and cell
concentration making it easier to prioritize proactive measures based on the probability changes caused by
relevant changes in the conditioning environmental variables.

1. Introduction

The manifestation of an active cyanobacterial bloom has been a
critical issue in the operation and maintenance of water-systems
worldwide (Brooks et al., 2016; Haakonsson et al., 2020; Hallegraeff,
1993; Paerl and Huisman, 2008). Cyanobacteria is believed to be one of
the first organisms to spread across the earth (Herrero et al., 2008) and
is known to recur when conditions are favorable (Anneville et al., 2015;
Paerl and Ustach, 1982). In addition to its unattractive appearance and
smelly odor, cyanobacterial bloom worsens quality of water and gen-
erates toxins which can negatively impact humans and animals
(Fleming et al., 2002; Huisman et al., 2018). For instance, liver and
kidney can be damaged by direct ingestion of water contaminated with
cyanobacteria, an impact that occurs with humans and animals alike
(Yunes, 2019). Unexpected outbreaks, rare number of events and site-
specific characteristics present some of the obstacles in predicting algae
accurately in advance, as a result of which water authorities have
mainly adopted follow-up empirical approaches for prediction after the
cyanobacterial bloom reaches a certain level. With the increasing

frequency of cyanobacterial blooms around the world (Glibert et al.,
2005), considerable research has gone into identifying drivers for both
cyanobacteria outbreaks and propagation and formulating effective
forecasting models. Although the specific conditions that lead to an
algal bloom may be location or also event dependent, it has been es-
tablished that algal blooms are dominantly affected by some common
conditions characterizing the climatology (e.g. temperature and radia-
tion), hydraulics (e.g. retention time and water velocity) and nutrient
concentrations (e.g. nitrogen and phosphorus) of the water system
(Fornarelli et al., 2013; O’Keeffe, 2019; Obenour et al., 2014; Paerl and
Otten, 2013). Kim et al. (2020b) studied data from South Korea and
concluded that out of dominant environmental variables, water tem-
perature is the most important factor for algal bloom growth. This is in
line with the findings of Cha et al. (2017) who also found that tem-
perature and retention time are the key factors for algal bloom for-
mation in Korea.

The literature reports a variety of studies to develop forecasting
models for cyanobacteria occurrences based on location specific process
drivers. McGillicuddy (2010) analyzed various predictive models which
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loosely fall into the category of conceptual, empirical and numerical
models. While numerical or dynamical models attempt to simulate the
physics that leads to cyanobacterial evolution, conceptual models
characterize the evolution through a simplified data driven statistical/
stochastic model form that requires model parameters to be calibrated
using observed data. Empirical models assume a causal relationship
between the response and the process drivers, but often use the data
alone for characterization of the modelled response. Empirical models
based on the artificial neural network have been developed and applied
to forecast cyanobacteria occurrence and growth conditional on en-
vironmental variables such as temperature, pH, phosphorus and ni-
trogen (Bowden et al., 2005a, 2005b; Guzel, 2019; May et al., 2008;
Pyo et al., 2020; Sen et al., 2018; Srisuksomwong and Pekkoh, 2019).
To avoid the time lag problem of the availability of real time algal
bloom information, Ibelings et al. (2003) used a modeling approach
based on long-term weather forecasts to predict surface water bloom
formation. They combined traditional numerical modeling based on
differential equations with an expert system based on fuzzy logic.
Zhang et al. (2013) coupled the near real time remotely sensed algal
bloom information with process‐based models to forecast bloom be-
havior over a period of days to weeks. Similarly, Cha et al. (2014) used
a Bayesian hurdle Poisson model to identify the conditions that affect
the abundance of cyanobacteria relative to other phytoplankton, and
developed a model for cyanobacteria prediction. Zhao and Huang
(2014) identified significant environmental factors influencing cyano-
bacterial bloom occurrence using two Probit models for short-term
forecasts of bloom occurrence in the Hill Dagong water area of Lake Tai
in China. Lee and Lee (2018), Yi et al. (2018) applied artificial neural
network-based machine learning techniques to predict chlorophyll-a as
a surrogate of cyanobacteria concentration in rivers in Korea. Kim et al.
(2020b) presented a binary forecasting model focusing on the occur-
rence or non-occurrence of cyanobacteria in rivers in Korea. They used
three dominant environmental factors to define bacterial growth in a
dynamic manner. Apart from these empirical predictive models, phy-
sical models, for example, Environmental Fluid Dynamics Code (EFDC)
(a multidimensional water modelling system, including hydrodynamic,

sediment-contaminant, and eutrophication components), and CE QUAL
W2 (a water quality and hydrodynamic model for rivers, estuaries,
lakes, reservoirs, and river basin systems), represent conventional
physical/numerical models for water quality that have also been ap-
plied to this problem (He et al., 2011). Although such physical models
are shown to capture well the observed response in their study regions
well, they cannot be easily extended to other parts of the world because
they require extensive data (El-Shafie et al., 2014) and fine-tuning/
fitting of model parameters. Likewise, although the binary predictive
models are simple to implement and can easily be extended to other
regions, these can only predict bloom occurrence/nonoccurrence and
are of limited assistance when the aim is to control bloom concentration
through engineering controls such as upstream water releases.

Keeping these limitations in mind, the present study proposes a
probabilistic forecasting model for cyanobacteria concentration to as-
sist with risk-based management of the bloom by water authorities who
can modulate pertinent environmental control variables. The proposed
model not only forecasts the occurrence probability of cyanobacteria,
but also provides quantitative forecasts using only a few environmental
variables. Being simple and effective, the model can be used for as-
sessing proactive measures for the cyanobacterial bloom control by
evaluating the changes in the probability distribution by adjusting en-
vironmental factors. The model proposed here provides a one week
ahead probabilistic forecast of cyanobacteria using the current values of
cyanobacteria concentration and identified environmental predictors.
The model provides a one week ahead probabilistic forecast of cyano-
bacteria using the current values of cyanobacteria concentration and
identified environmental predictors.

This paper is organized as follows. In Section 2, the datasets and the
proposed probabilistic modelling framework are described. Section 3
explains and discusses the results obtained by using the proposed
model. Finally, in Section 4, conclusions of this study are presented.

Fig. 1. Study area and data summary. (a) Location map of 16 stations along the four major rivers; Han, Nakdong, Geum and Yeongsan, (b) Example of weekly time
series for T, P, N, V and C at Gangjung station in Nakdong river. (b-1) the vertical line at each time step is the range between 1st and 3rd quantile of the model
forecasts, ● is the case when the observed value belongs to the range, and in other case, it is marked as ○. (c)-(g) Box plots using 6-year weekly C, T, P, N and V at the
16 stations. T = water temperature; P = total phosphorous; N = total Nitrogen, V = flow velocity; C = number of cyanobacterial cells.
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2. Data and method

2.1. Study area and data

This study uses data from the four major rivers of South Korea to
illustrate the proposed modelling approach. As shown in Fig. 1a, the
study area is located in the southern part of the Korean Peninsula, la-
titude: 33°N–39°N and longitude: 124°E–130°E. There are four distinct
seasons, spring, summer, autumn and winter, in South Korea belonging
to East Asian monsoonal region. As a result of its geographical setting,
the region experiences a temperate climate (Savada and Shaw, 1997).
The country has four major rivers; Han, Nakdong, Geum, and Yeongsan,
which most of the Korean population and industries rely on as major
water sources. The overall catchment area of four rivers which cover
almost 63% of South Korea is about 63,016 km2 (South Korea Ministry
of Environment, 2003), with environmental and climatological condi-
tions not significantly different to each other.

The selection of environmental variables is crucial and sensitive in
our modelling strategy. In an earlier study, Kim et al. (2020b) found
four environmental variables: T (water temperature); P (total phos-
phorous); N (total Nitrogen); and V (flow velocity) as significant pre-
dictors of cyanobacteria occurrence in South Korean rivers. This study
utilizes weekly water quality data for six years from January 2013 to
December 2018, obtained from the Water Environment Information
System (http://water.nier.go.kr/) run by the Ministry of Environment
of South Korea (South Korea Ministry of Environment, 2012). In detail,
the datasets used in this study consist of observed measurements of
water temperature (T, °C), total phosphorus (P, mg/L), total nitrogen
(N, mg/L), cyanobacterial cell count (C, total number of cells/mL) and
water flow rate (m3/sec) at 16 stations of these rivers (Fig. 1a). The
minimum distance between two stations is 20 km, and the environ-
mental factors like velocity, nutrient vary over the locations because of
diverse elevations, cross sections, velocities and inflows from adjoining
locations. According to the types of data released in South Korea, the
number of cyanobacteria cells denotes the overall cell counts (sum of
cell counts) of the four toxic cyanobacteria species, Anabaena, Aphani-
zomenon, Microcystis and Oscillatoria, which are categorized into cya-
nobacterial toxins (Bartram and Chorus, 1999) creating a negative
impact on the liver or nervous system according to World Health
Organization (2001). Nevertheless, it should be noted that every cya-
nobacteria species acts differently and prefers different environmental
conditions. The measured water flow rate (m3/sec) is converted to
water velocity (m/sec) using HEC-RAS model (Hydrologic Engineering
Center – River Analysis System) (Brunner, 1995), which requires reg-
ular-interval cross-section, roughness of each section and water flow
rate to estimate mean cross-sectional velocity at measurement points.
Physical data such as cross-sections and roughness are collected from
the national river management plan of 2015 (Han River Flood Control
Office, 2018) updated every five years for all Korean major rivers by the
South Korea government. Mean daily flow rate of every measuring spots
are collected from the MyWater, managed by K-water, State-owned
company in South Korea (https://www.water.or.kr/).

2.2. Methodology

Cyanobacteria evolution proceeds through interaction with a
variety of variables that constantly change in time and space making it
difficult to physically model cyanobacterial occurrence and growth.
However, one can simplify the relationship by casting this evolution in
a probabilistic setting. Markov models are frequently used to synthesize
the evidence available for any process, finding uses in nearly every
discipline as a result. They assume that the random variable exhibits a
finite order of dependence on its past occurrences, an assumption that is
often adapted by invoking exogenous variables that modulate the
Markovian process. Following this, we propose a Markov model of cy-
anobacteria growth which takes into account cyanobacteria

concentration and associated exogenous factors. The major factors that
influence the growth of cyanobacteria are temperature, velocity and the
nutrient composition of the suspending medium. Transition prob-
abilities of a Markov model express the likelihood of cyanobacteria
growth to change from one state to another.

The model described here is intended to provide a weekly prob-
abilistic forecast of the cyanobacteria occurrence and concentration
based on the cyanobacteria count and values of environmental vari-
ables at the previous time step. Thus, the model can be considered as a
short-term probabilistic forecasting model. The model ascertains the
probability distribution of the one-timestep-ahead cyanobacterial oc-
currence or concentration characterizing the random variable as a
Markov chain and expressing its probability distribution using Kernel
Density Estimation (KDE). The key reasoning for adopting Markovian
dependence originates from the bacterial growth mechanism which
imparts cyanobacterial growth as a clear function of its preceding state
(Kim et al., 2020a, 2020b; Tortora et al., 2004). The kernel density
estimation (KDE) procedure is a non-parametric means to define the
probability density using a finite data sample, used here to express the
conditional probability distribution of Cyanobacterial concentration. In
the approach outlined below, cyanobacteria occurrences and counts are
generated separately at each time step. The probability of cyano-
bacteria occurrences in occurrence model is generated using a 1st order
Markov model conditional on the previous time step values of exo-
genous variables (environmental variables in our case here) and cell
count of cyanobacteria. On occasions where the occurrence model
predicts an event, the cell count or cyanobacterial concentration is as-
certained using KDE, again conditional on previous time step values of
exogenous predictors and cyanobacteria concentration. The details of
the occurrence and count stages of the model are presented next.

2.2.1. Cyanobacteria occurrence model
Hereinafter, we denote a cyanobacterial occurrence/amount at time

t as Ct and at the qth time step prior to the current as Ct−q. It should be
noted that the same notation (Ct) is used both for cyanobacterial oc-
currence and amount and should be taken in the context of the issue
being addressed. Also, both single-variables and parameters are defined
as non-bold while both multi-variable vectors and matrices are pre-
sented as bold characters or symbols.

The cyanobacteria forecasting model can be viewed as the condi-
tional prediction of Ct∣Zt-1 where Zt-1 serves as a vector of variables at a
given location at time t-1 and includes exogenous environmental con-
trol variables, Xt−1 along with cyanobacterial count/occurrence, Ct-1 at
the preceding time step. The parameters (in case of a binary response,
the transition probabilities) of a first-order Markov model are defined
by P(Ct∣Ct-1) when Zt-1 consists of Ct−1 alone. However, if the con-
ditioning vector Zt-1 includes additional predictors Xt-1, these transition
probabilities would modify as P(Ct|Ct−1,Xt−1). To estimate P
(Ct|Ct−1,Xt−1), the following parameterization is applied (Mehrotra
and Sharma, 2007):
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The first term of Eq. (1), P(Ct ∣Ct−1), represents the standard tran-
sition probabilities of a first-order Markov model. The second term
presents the additional effects introduced by the predictor set Xt-1 in the
conditioning vector Zt-1. In the most simplified form, Xt-1 is assumed to
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be consisting of environmental variables which are normally dis-
tributed. Under this assumption, the associated conditional probability
density f(Xt-1 ∣Ct = 1,Ct−1 = i) can be approximated as a multivariate
normal. As a result, P(Ct ∣Ct−1,Xt-1) can be simplified as
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where μ1,i is the conditional mean vector of X when Ct = 1,Ct−1 = i
and μ0,i when Ct−1 = i and Ct = 0. Likewise, V1,i and V0,i are the
corresponding variance–covariance matrixes. P1i represents the transi-
tion probabilities of a first-order Markov model P(Ct = 1∣Ct−1 = i) and
det() represents the determinant operation.

In Eq. (2), μ0, V0, μ1, V1 and p1i are the parameters of the modified
Markov model for P(Ct∣Ct−1, Xt-1) These can be derived by forming
different conditional subsets of the given cyanobacterial series and by
calculating the conditional probabilities, means, variances and covar-
iances. For example, μ1,i is the mean of a subset of data formed by
pooling out weeks when there is Cyanobacteria occurrence noted
(Ct > 1000). For the cases, where the assumption of a multivariate
normal is violated, conditional probability densities f(Xt-1∣Ct, Ct−1) and
f(Xt-1∣Ct−1) of Eq. (1) may be estimated either using nonparametric
alternatives, for instance, kernel density estimation or adopting more
appropriate probability distributions. For this study, the assumption of
a multivariate normal distribution is adopted.

2.2.2. Cyanobacterial count model
The number of cyanobacterial count should be predicted for each

time step by the occurrence model as an event. The cyanobacterial
count model is based on the kernel density procedure defined in pre-
vious studies (Harrold et al., 2003; Mehrotra and Sharma, 2007;
Sharma, 2000; Sharma and O'Neill, 2002; Sharma et al., 1997). The
model structure description described here is adopted from the above
publications and is reproduced here for the sake of convenience of the
readers. The model is mentioned hereafter as the Kernel Density Esti-
mation (KDE) model.

Similar to the occurrence model, the KDE predicts the number of
cyanobacterial counts conditional on the values of cyanobacteria count
and the environmental variables at the preceding time step. Let the
cyanobacterial count at time t be Ct, the conditioning vector be Xt

consisting of q predictor variables. The conditional density estimates for
week t for a multivariate Gaussian kernel can be written as:
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where f(Ct|Xt-1) is the calculated conditional multivariate probability
density for week t, which is defined as a weighted sum of N Gaussian
density functions with bi (mean) and λ2S′ (covariance). Here, N is the
total number of observations and S′ is a spread measure of the condi-
tional density, calculated as
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The contributed portion of each kernel in building the conditional
probability density is assigned weight wi and is expressed as
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where ψ is the diagonal matrix of influence weights (Mehrotra and
Sharma, 2006). It incorporates the relative influence of each predictor
in forming the conditional probability density. λ, a kernel bandwidth, is
a spread measure and, bi is the conditional mean related to each kernel,
described as:

= +b C S S X X[ ] [ ] {[ ] }t ii i XR
T

XX
1

1 (7)

Basic principles of Eqs. (3) to (7) and detailed discussions about the
kernel density procedure are described in Mehrotra and Sharma (2007)
and Sharma and O'Neill (2002).

2.2.3. Predictor sets with combinations of environmental variables
In a so-called leave-one-out validation framework, we develop/ca-

librate the model using data for 15 stations and test/validate the de-
veloped model on the left out station. This process is repeated 16 times,
by rotating the left out station to obtain the cross-validated predictions
at all 16 stations. In addition, at each time step 1000 predictions are
made to form a probabilistic forecast at that time step.

In order to select an optimal set of predictors, we form multiple
predictor sets using all possible combinations of these four environ-
mental variables (e.g. M1 = TPV, M2 = TV,…, and M15 = P) as shown
in Fig. 3, and use them to both occurrence and count models to predict
the cyanobacteria occurrence probability and concentration and eval-
uate the results.

To quantitatively evaluate the performances of these predictor sets,
we apply a 2 × 2 contingency table (Wilks, 2011), on the weekly
forecasts (both occurrence and count) of our prediction model (M = 1
or 0) to assess if it matches with the observations (O = 1 or 0).
Therefore, it is composed of four scalars: hit (M = 1 and O = 1, de-
noted as “a”); false alarm (M = 1 and O = 0, denoted as “b”); miss
(M = 0 and O = 1, denoted as “c”); and correct rejection (M = 0 and
O = 0, denoted as “d”). While the occurrence calculation is performed
based on the overall observed dataset, count concentration is calculated
on the reduced datasets where occurrence of cyanobacteria is noted (i.e.
O = 1). For the occurrence assessment in Fig. 2a, for example, a hit (a)
is identified if the probability of occurrence model at a given time step
is> 50% (out of 1000 forecasts), i.e. M = 1; and the observed cya-
nobacterial cell count also exceeds the threshold, i.e. O = 1. In the
count assessment in Fig. 2b, a hit (a) is captured when the observed
cyanobacterial cell count is within the interquartile range of forecasting
distribution (formed from the 1000 forecasts) at a certain time step.
Here, the threshold is defined as 1000 cells/mL based on South Korean
Government’s algal alert system in place since 1997 (Srivastava et al.,
2015).

We adopt two scores to evaluate the performance of cyanobacteria
occurrences forecasts. These are the Proportional Correct (PC) and
Threat score (TS). PC in Eq. (8) is the most direct and intuitive measure
of the accuracy of a forecast for discrete events. Although, PC is
straightforward to calculate, for rarer events like cyanobacterial bloom
occurrences in our case (about 18.6% event rate; 932 out of 4992 da-
tasets), the score is significantly influenced by the large number of non-
events and inflates the model performance. Therefore, TS is selected to
complement the limitation of PC since it does not consider the correct
rejections (d) in the calculations (Eq. (9)). Perfect score of both metrics
is 1 and the worst value is 0.

= +
+ + +

a d
a b c d

PC (8)

=
+ +

a
a b c

TS (9)

For the count assessment, we use TS only as there is no “d” element
in count assessment and therefore PC can’t be calculated. In addition to
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this, for the count assessment, we also calculate Root Mean Square
Error (RMSE) as an additional measure of the differences between the
observed and forecast cell counts, and defined it as:

= = O S
n

RMSE
( )i

n
i Med i1 ,

2

(10)

where Oi is the observed cyanobacterial cell count and SMed is the
median value of model forecast at time step i.

2.2.4. Sensitivity analysis with controllable predictors
In addition to estimating PC, TS and RMSE, a sensitivity analysis is

also conducted to assess the influence of individual environmental

variables on the probability of cyanobacteria occurrence. A predictor
set consisting of temperature and velocity variables is selected for this
sensitivity analysis since these variables could be controlled by external
operations. Generally, temperature of water at higher elevation is lower
than at low elevations. Similarly, water temperature of upstream dam is
lower than that of downstream due to its geological location. By re-
leasing water from the upstream dam and by operating the weir-gate
instantaneously, temperature and velocity can be varied in a controlled
manner to possibly create unfavorable conditions for the growth of
cyanobacteria.

To understand better how the occurrence model reacts when these
environmental variables change, three cases are assessed. In the first
two cases, the changes in the occurrence probability are noted when

Fig. 2. Assessment criteria of both occurrence and count of cyanobacteria, OBS means observation and SIM stands for simulation.

Fig. 3. (a) Overall performance of the combination of environmental input variables, (b) performance of the TPV dataset under different cyanobacteria concentration
(in cells/mL) threshold conditions for the preceding time step. Note TS represents the threat score, with subscripts ‘o’ and ‘c’ denoting occurrence and counts
respectively.
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temperature and velocity are reduced by a unit standard deviation
(1σ = 8.4 °C, 0.25 m/s) separately. Even though dropping water tem-
perature by 8.4 °C does not seem to be realistic, data does exhibit these
variations and it would help to visualize easily how the model reacts
when a variable is modified.

In the last case, these two variables are reduced together by one
standard deviation. Results from these and other assessments are pre-
sented next.

3. Results and discussion

3.1. Performance evaluation

The modeled results and those obtained from the sensitivity analysis
of parameters are presented in Fig. 3a and in Table S1 of the Supporting
Information (hereafter the prefix “S” for figures and tables indicate
those in the Supporting Information). In addition, Fig. S2 shows time
series of predicted and observed cyanobacteria concentration over three
representative stations, Gongju, Seungchon and Gangjung. In Fig. 3a,
the subscripts “o” and “c” in the description of PC and TS scores, re-
spectively, represent the occurrence and count models. All results re-
present validation performance using the leave-one-out cross-validation
procedure outlined before. Overall, all datasets exhibit equally good
performances except a few instances where these scores are low. For
example, all datasets achieve a PC score of 0.86 at a minimum. How-
ever, as mentioned in Section 2.2.3, many non-bloom events (about
81.3% of non-event) result in high score of correct rejections (d) (i.e.
non-bloom in both observation and model) leading to an inflated PC
score. As TS ignores the correct rejection term, the score was lower than
PC with an averaged value close to 0.50 except for three datasets: P, V,
NV and PV (Fig. 3).

When comparing the performances of the four single-variable da-
tasets (i.e. T, N, V or P), water temperature (T) comes up as the most
dominant variable amongst the four for both occurrence and count
models. It shows comparable performance against datasets consisting of
two or more variables (Fig. 3). This finding highlights the importance of
water temperature in the formulation of any predictive model (Cha
et al., 2017; Kim et al., 2020b).

The performance of datasets, T and TN; P and PV; N and PN, are
almost identical, probably because of the high joint dependence of the
two variables considered (Pearson correlation coefficients are −0.45
between T and N, 0.32 between P and N, and 0.31 between V with P,
respectably).

Finally, TPV produces the best results whereas both TPN and TPNV
less perform. Following these results, the use of either TPV, TN, or TV
dataset is likely to be recommended depending on the availability of
data.

Overall, by including probabilistic results, this model enables users
to make a risk-based decision. In addition, the model can also be viewed
as an improved water quality model because it not only provides
probabilistic output (occurrence probability) but also a deterministic
count of cyanobacteria (median value of count) that physical models
normally aim to simulate. While a physical model requires considerable
amount of time for calibration and running with large data require-
ments to specify current boundary and initial conditions, the proposed
model does a similar job with a few environmental variables and with a
reasonable accuracy. As a result of the model performance, water au-
thorities in the study area can benefit from various aspects such as
simple and reliable forecasting, evaluation of proactive measures and
most influential environmental factors.

3.2. TPV dataset performance conditional to preceding cyanobacterial
count

In this section, we evaluate the predictive performance of the
forecasting model under varying cyanobacteria concentration

conditions. To assess the stability of the approach, we select the TPV
dataset because it provides a more consistent performance across var-
ious conditions compared to other groups of datasets. We divide the
whole data into subsets based on cyanobacteria cell counts for the
preceding time step. For example, Ct-1 < 1000 in Fig. 3b means the
subset when the cyanobacterial bloom did not happen at the preceding
time step. Likewise, Ct-1 < Ct denotes the subset when the current
cyanobacterial cell count is greater than the one in the preceding time
step. Since calculating TS does not include correct rejections (d) occu-
pying a high portion of the forecasting cases, we only consider TS to
provide an indication of model behavior under varying conditions.

Overall, the occurrence model performs well when Ct-1 > 1,000
cells/mL because it is based on first-order Markovian dependence with
that threshold being used. On the other hand, a poor result is obtained
when Ct-1 < 1000 cells/mL. This is because of a relatively large
number of false alarms (b) in calculating TS (Eq. (9)). Specifically,
about 80% of total observed cell counts in this group showed greater
than zero but< 1000 cells/mL because of which TS is likely to be
higher if the threshold (1000 cells/mL) is lowered. In the count model,
the TPV exhibits a good performance with fewer deviations across the
cases.

3.3. Influence of controlled environmental variables on the model outcome

In order to understand the influence of the externally controlled
environmental variables on the probability of cyanobacteria occur-
rence, sensitivity analysis is performed using the TV data alone. This
follows the reasoning that it is possible to control water temperature
and velocity to some extent by releasing the water from upstream
storages where feasible. The change in probability resulting from
changing the T, V and both together as boxplots is presented in Fig. S1.

By dropping temperature by one standard deviation (1σ = 8.4 °C),
occurrence probability decreases by about 19% (median value). On the
other hand, occurrence probability is reduced by about 7% (median
value) by increasing the velocity by one standard deviation. When
changes in these two variables are applied together, the occurrence
probability drops by about 24%. These results suggest that temperature
is more effective than velocity and varying both variables together is
much more effective in controlling the cyanobacteria occurrence.

3.4. Caveats and follow-up studies

This study used four easily assessable environmental variables;
water temperature (T), total phosphorus (P), total nitrogen (N) and flow
velocity (V). Our results show that all of them influence the occurrence
and concentration of cyanobacterial blooms to a varying degree.
However, other factors such as turbidity, pH, salinity, irradiance,
electric conductivity, can also influence the cyanobacteria occurrence.
These variables are not considered in the present study for the sake of
simplicity and unavailability of data. Remote sensing information can
also be used as a surrogate to supplement the ground information
needed to study the cyanobacteria occurrence and concentration. For
example, Teta et al. (2017) showed that remote sensing can be applied
to identify initial cyanobacterial bloom by combining with aerial and
in-situ data.

In this study, we assumed that the environmental conditions leading
to cyanobacterial growth do not change across space within the study
area. This assumption is based on the relatively small spatial extent of
the study area (around 100,000 km2) where the environmental and
climatological conditions do not vary significantly in space. However, it
should be noted that the conditions of environmental variables that
trigger algal bloom might differ depending on the regions or event since
each location or outbreak has a unique and native environmental
control. If enough data is available, this framework should ideally be
applied separately to each location, especially so if climatic and land-
use conditions are markedly different from each other.
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The weekly time step applied in the model framework follows the
weekly data sampling interval adopted by South Korea (South Korea
Ministry of Environment, 2012). Using data at finer temporal resolu-
tions is expected to further improve the model performance. The fre-
quency of sampling is dictated by a number of factors including in-
dented use, the cost of monitoring, the season and the growth rate of
the cyanobacteria. The Guidance manual of Global Water Research
Coalition (Newcombe, 2012) recommends that sampling for high risk/
high security supplies (i.e. drinking supplies) should occur on at least a
weekly basis and probably twice-weekly when cyanobacterial count
of> 2000 cells/mL is reached. For supplies where the public health risk
is deemed to be low (i.e. low cell counts in non-supply reservoirs),
fortnightly sampling may be adequate. As duration of cyanobacterial
blooms is usually greater than a month (in temperate zones Cyano-
bacteria can last 2–4 months, whereas in tropical and subtropical re-
gions they can continue all year round), a weekly sampling interval is
expected to provide a good idea of the Cyanobacteria growth behavior
(Sivonen and Jones, 1999).

4. Conclusion

This paper demonstrated the applicability of a probabilistic short-
term forecasting model for cyanobacterial bloom occurrence and count.
The model works in two parts: prediction of cyanobacteria occurrence
and simulation of cyanobacteria counts following a positive simulation
of occurrence. The occurrence model simulates cyanobacterial bloom
using a first-order Markov model conditional on environmental vari-
ables. Cyanobacterial counts are simulated based on a first order con-
ditional kernel density-based model. Results of a sensitivity analysis
conducted using various combinations of four environmental control
variables, suggest TPV, TN and TV as sets of optimal environmental
variables for prediction of cyanobacteria over the study region.

A minimum PC score of 0.86 and conditional TS of 0.5 capturing
rare occurrence events and stable results across various conditions and
stations consolidate the performance of the proposed model. The novel
elements of this research include the idea of modelling the cyano-
bacteria growth rate conditional on the previous state of cyanobacteria
occurrence and environmental variables under a Markovian assump-
tion. Water temperature is found to be the most dominant variable in
the cyanobacteria predictions followed by the nutrients such as N and
P. The results of sensitivity analysis can help in identifying appropriate
proactive measure required to control the cyanobacteria occurrence.

Although, the model is developed and applied using the data for
South Korea, the logic adopted and the model structure followed is
quite generic and it can easily be extended to other areas depending on
the availability of environmental data. Care should, however, be taken
to assess whether the same environmental control variables, or vari-
ables indicative of localized conditions, climate and land use are to be
used.
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