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The occurrence of algal bloom results in deterioration of water quality, undesirable sights, tastes and
odors, and the possibility of infections to humans and fatalities to livestock, wildlife and pets. Earlier
studies have identified a range of factors including water temperature, flow, and nutrient concentrations
that could affect cyanobacterial proliferation. Lack of enough data, independence in data across multiple
sampling time steps, as well as the presence of more than one causative factors, each with different levels
of influence on the response, has resulted in limited progress in the development of generalized pre-
diction frameworks for cyanobacteria. In this study, a prediction model for cyanobacteria occurrences
was developed using only three dominant environmental variables; water temperature, velocity and
phosphorus concentration. These environmental variables were selected due to not only direct or joint
contribution to algal bloom but also the ease of their availability either through direct measurements or
as modelled responses in the river location of interest. In order to apply bacterial growth dynamic to the
model, weight functions which quantify the importance assigned to the three variables depending on the
cell number at the preceding time, were formulated. An extensive dataset spanning from 2013 to 2018 at
16 representative locations across the four major rivers in South Korea was used to develop and validate
the model. Through cross-validation, this model was shown to have more than 75% forecasting accuracy
despite the use of a relatively simple predictive algorithm. As the developed model makes use of
commonly available environmental variables, it can easily be extended to locations across the country
where very limited or no prior information about cyanobacteria bloom is available.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

mass fish killing along the 40 km stretch of Darling river in
Australia, offering an illustration of how unprecedented growth of

The occurrence of cyanobacterial bloom is becoming a common
water-related predicament (Brooks et al., 2016; Hallegraeff, 1993;
Paerl and Huisman, 2008). Along with its unsightly color and un-
pleasant odor, cyanobacteria deteriorates water-quality and creates
toxins that can harm humans and animals alike (Fleming et al.,
2002). It also synthesizes added difficulty for water managers in
deciding how much dam releases should occur in times of an active
bloom event downstream. (Gilroy et al., 2000). An example of this
comes from South Korea, where almost every summer, fast
spreading algal blooms on major rivers have been recognized as a
major concern for public health and drinking water (Cha et al.,
2017; Kim, 2012; Park et al., 2017). Another example is the recent
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cyanobacteria can impact our riverine ecosystems (Carman and
Tomevska, 2019).

The increasing frequencies of cyanobacterial bloom occurrences
across the world have prompted considerable research in identi-
fying factors that may be responsible for their occurrences and
proliferation. Richardson et al. (2018) showed the influences of
three factors such as temperature, retention time and total phos-
phorus on the algal bloom in wide range of lakes in Europe. These
factors can be broadly grouped into climatological, nutrient-
induced and hydrological categories (Fornarelli et al., 2013; Paerl
and Otten, 2013). It has been noted that some cyanobacteria need
temperatures over 20 °C due to their competitiveness with
eukaryotic phytoplankton. Moreover, above 25 °C, they are recor-
ded to have a dominant position in comparison with diatom (Berg
and Sutula, 2015; Davis et al., 2009). Additionally, Reynolds and
Walsby (1975) suggested that a temperature range of 25—35 °C
results in favorable conditions for cyanobacteria onset. Similarly,
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retention time or flow-velocity is also known to influence cyano-
bacteria occurrences. Low discharge or velocities hinder circulation
and could trigger water stratification thereby creating a favorable
environment for cyanobacteria and the buoyancy conditions
needed for their growth (Beard et al., 1999; Brookes et al., 1999;
Huber et al., 2012; Oliver, 1994). Finally, sustained nutrient influx
through salinity, nitrogen and phosphorus are necessary for cya-
nobacterial growth. Phosphorus is known as a limiting nutrient and
widely affects the total phytoplankton biomass in freshwater eco-
systems (Elser et al., 1990; Schindler, 1974; Sommer, 1989; Sterner,
1994). In freshwater lake systems, phytoplankton biomass has been
noted to be strongly dependent upon total phosphorus with a
weaker relationship with total nitrogen (Guildford and Hecky,
2000). However, recent literature has revealed the impact of ni-
trogen on cyanobacterial growth in lakes (Gobler et al., 2016; Paerl
et al,, 2011). Conley et al. (2009) presented that regulating only
phosphorus along with allowing nitrogen can decrease algal bloom
in freshwater but cause eutrophication in estuaries. High phos-
phorus is generally considered as the main source of cyanobacteria
in South Korea (Kim and Kang, 1993; Lee et al., 1998). Some studies
(Schindler et al. 2008, 2012) have suggested that the presence of
nitrogen-fixing cyanobacteria in water bodies control the concen-
tration of nitrogen in water and constitute nitrogen as a less
effective contributor of the growth of cyanobacteria.

Although much attention has been given to understand what
drives algal bloom based on lots of specific studies, the develop-
ment of simplified and generalizable forecasting models based on
easily accessible variables has not been fully explored. Even under
similar environmental conditions, the growth rate of cyanobacteria
could differ depending on the existing levels of these conditions.
According to the typical bacterial growth curve presented by
Tortora et al. (2004), there exist four phases of growth: lag (slow or
lack of growth); exponential (doubling cells); stationary (balance
between growth and death of cells) and; death (net loss by death
rate exceeding growth rate) phases.

Recently, forecasting models for algal bloom occurrences and
counts have been developed based on Artificial Neural Networks
(ANN) (Guzel, 2019; Sen et al., 2018; Srisuksomwong and Pekkoh,
2019). Such models can be susceptible to mimicking the training
data characteristics resulting in over-fitting and hence producing
inferior results with new data. This is especially the case when data
length is limited as model complexity can be high with an ANN type
approach. The physical models for water quality analysis such as CE
QUAL W2 and Environmental Fluid Dynamics Code (EFDC) also
require considerable parameter inputs or calibration data for
simulating dynamics with adequacy (Gao and Li, 2014).
McGillicuddy (2010) presents a nice overview of the strengths and
limitations of commonly available conceptual to aggregated black-
box models to predict harmful algal bloom. Even though plenty of
models have been developed and proposed, a majority of them are
physically based and site-specific and are not easy to be
generalized.

Our study aims to develop an approach for predicting the onset
and end of cyanobacteria occurrence as a function of environmental
variables as well as pre-existing concentration as an additional
indicator. The bloom occurrence here is defined based on cyano-
bacteria cell count exceeding a specified threshold. The choice of a
binary predictive model is also based on operational consider-
ations, as a confident prediction can help trigger alerts and activate
damage control measures by the water resources agencies in
charge. Here, simplicity and computational effectiveness of the
model are achieved by adopting simple algorithms based on easily
accessible inputs and bacterial growth models. We verify the
developed model over multiple representative locations across four
major rivers in South Korea.

This paper is structured as follows. Section 2 briefly presents the
relevant datasets used and explains the proposed predictive
modelling framework. In Section 3, results for the proposed model
through cross-validation are presented. Finally, conclusions are
presented in Section 4.

2. Data and method
2.1. Study area and data

Our study focuses on the major river system in South Korea and
uses long-term, comprehensive, high-quality data across the river
system that has been meticulously collected for multiple years by
the Ministry of Environment, South Korea (South Korea Ministry of
Environment, 2009). As presented in Fig. 1(a), the study region
covers the southern part of the Korean Peninsula, latitude: 33°N -
39°N and longitude: 124°E — 130°E. The area has a temperate
climate with four distinct seasons as a part of the East Asian
monsoonal region (Savada and Shaw, 1997). There are four major
rivers in South Korea; Han, Nakdong, Geum, and Yeongsan, all of
which represent major water sources for most of the population
and industries. The total basin area of these rivers is about
63,016 km? which occupies almost 63% of South Korea (South Korea
Ministry of Environment, 2003).

Six-year weekly water quality data from January 2013 to
December 2018 are used in this study. These datasets are mostly
sourced from the Water Environment Information System (http://
water.nier.go.kr/) operated by Ministry of Environment of South
Korea (South Korea Ministry of Environment, 2012). The datasets
include weekly measurements of water temperature (7, °C), total
phosphorus (P, mg/L), Number of cyanobacteria cells (C, total
number of cells/mL) and discharge rate (m>/sec) from 16 stations
along the four major rivers. The frequency of routine observation of
the data is once a week but twice a week for serious algal bloom
events. The cyanobacterial cell numbers in the above datasets are
collected as the sum of cell counts for harmful cyanobacteria spe-
cies such as Microcystis, Anabaena, Aphanizomenon and Oscillatoria.
Those four species are also classified as cyanobacterial toxins
affecting the liver or nervous system (World Health Organization,
2001). The 16 stations presented in Fig. 1(a) have been operating
since 2012 for monitoring algal bloom and extracting water quality
samples. One of the reasons for continuous measurement of this
data is due to repeating occurrences of cyanobacteria every sum-
mer in the country especially in recent years as temperatures rise
across the world (Srivastava et al., 2015).

As there are no velocity measurements in the datasets, the flow
velocity was indirectly obtained by using the HEC-RAS model
(Hydrologic Engineering Center - River Analysis System). The HEC-
RAS model makes use of cross-section, roughness and discharge
information to derive average cross-sectional velocity at defined
measurement points (Brunner, 1995). The cross-section and
roughness data were obtained from the national river basic man-
agement plan of 2015 (Han River Flood Control Office, 2018), which
has been published for the rivers every five years by the South
Korea government. Daily discharges of every measuring point were
derived from the database, MyWater, operated by K-water of South
Korea (https://www.water.or.kr/).

2.2. Methodology

2.2.1. Climatological and environmental factors governing
cyanobacteria growth

As mentioned earlier, it is difficult to attribute the occurrence of
cyanobacteria to one specific factor as there exist combinations of
factors that trigger and sustain cyanobacteria growth. Based on a
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Fig. 1. Overview of the study area. (a) Locations of the four major rivers (Han, Nakdong, Geum and Yeongsan) in South Korea and the 16 data measurement stations used for this
study, (b) time series of T, P, V and cyanobacteria at an example location (Haman station in Nakdong river). (c)—(f) Box plots of weekly T, P, V and log (C) of the four major rivers
obtained from the 16 stations. T = water temperature (°C); P = total phosphorus (mg/L); V = flow velocity (m/s); C = number of cyanobacterial cells/mL.

review of pertinent literature, in this study, three factors; water
temperature (T), total phosphorus (P) and flow velocity (V), were
considered as the dominant environmental variables leading to the
occurrence and growth of cyanobacteria. Although combination of
excess nitrogen and phosphorus can worsen cyanobacterial con-
centration in rivers, phosphorus is considered as the main cause of
cyanobacteria in South Korea (Kim and Kang, 1993; Lee et al., 1998)
and surplus nitrogen is known to have limited influence on the
cyanobacterial formulation (Schindler et al. 2008, 2012). Hence, in
order to place more emphasis on the single nutrient, this study
focuses on P as a representative nutrient factor.

As shown in the time series of T, P, V and C at one of the
representative stations in Nakdong River in Fig. 1(b), definite pat-
terns in the environmental variables and cyanobacteria growth are
noticeable. Tand P are relatively higher at the time of cyanobacteria
events whereas V is lower. In addition to this, it is quite clear from

Fig. 1(c)—(f) that these variables have positive/negative correlations
with cyanobacteria count. Notwithstanding these observations, it is
not straightforward to derive a direct relationship between the
cyanobacteria and the environmental variables due to low Pearson
correlation coefficients (0.21, 0.03 and -0.06 for T, P and V
respectively) and their joint dependence. Realizing this, we refrain
from a prediction of numeric cell counts and focus on developing a
binary prediction model for cyanobacteria occurrence (or non-
occurrence).

The predictive model for the cyanobacterial bloom occurrence
can be stated as:

or.r.v.0 {7} 1)

where the binary response variable (i.e. O) is defined as,
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1 if c>C

0= { 0 else,

C" representing a pre-specified threshold of cyanobacteria cell
concentrations C (to account for the uncertainty in the cell count
measurements), and is adopted equal to 1000 cells/mL following
the South Korean Government’s algal alert system standards (South
Korea Ministry of Environment, 2009; Srivastava et al., 2015).
Additionally, (T, P, V) represent temperature (°C), total phosphorus
concentration (mg/L) and flow velocity (m/s) respectively, with the
vector 0 denoting model parameters to be ascertained.

As the response for the model in Equation (1) is binary, various
formulations of the model can be explored. A commonly used form
involves specifying Equation (1) through a logistic regression
relationship (Kleinbaum et al.,, 2002) using continually varying
representations for predictors (T,P,V). An even simpler model uses
binary predictors defined based on thresholds that become the
parameters 0 to be estimated. Our proposed model predicts the
occurrence of cyanobacteria if T, P and V values are simultaneously

above or below the critical thresholds, defined as = | 9T, 9P, 5“/}.
In other words, if at a given time step T and P are higher than the

thresholds 8, §*, respectively, and Vis lower than the threshold, 3’
then the model predicts the occurrence of cyanobacteria at that
time step. However, during our study we found that these critical
thresholds are not directly applicable because of the persistence
characteristic of cyanobacterial bloom. The cyanobacterial bloom
tends to persist for some time after it reaches the exponential phase
of its typical growth curve even under not-so favorable environ-
mental conditions (Tortora et al, 2004). Following this, we
considered that these thresholds are not static but a function of the
recent past concentration of cyanobacteria. For this, we propose the
following formulation to update the thresholds of T, P and V con-
ditional on the cyanobacteria cell count at the preceding time step:

A
0=|¢F

o

6776 |if .1 =0

= |07 —sTF(C1)0" — SPF(Ce1)0Y +5VF(Cr1) | else,

(2)

where the vector, [¢7 ¢f ¢ ], denotes the updated thresholds of
T, P and V at the given time step (t) conditioned on the cyanobac-
teria cell count at the preceding time step (i.e. C;_1). s7, s” and sV
denote the sample standard deviations of T, P and V, respectively,
and f(C;_1) is a common scaling factor (positive real number)
estimated by a weight function using cyanobacteria concentration
at previous time step, C;_1. It should be noted that the C* = 1000 in
Equation (1) is to define the occurrence of a cyanobacteria bloom
operationally, which should be altered by users as per local
guidelines that may be in place. Also, as implied in Equation (2),
only non-zero values of C;_; are used to modify the dynamic
thresholds for T, P and V. These modified thresholds then decide
whether a bloom has occurred or not for the time step in question.
With these modified threshold values (lower (—) for Tand P; higher
(+) for V), it is possible to incorporate the persistence nature of
cyanobacterial bloom. In this study, three forms of weight function
were tested and compared. These are:

. . a
Sigmoid: f(C;_1) = 1+ e Bl 2
' C, if C,
Linear: f(C;_q) = {a({gl ilf C::: i% @
Exponential: f(C;_1) = oc(l - e*BCm) (5)

Here, o, B and y represent model parameters, to be ascertained

along with the three thresholds (8,4 ,8").

The above process is illustrated in Fig. 2(b)—(e) using cyano-
bacteria occurrence predictions at Gongju station in Geum river, as
an example. The second panel in the figure presents the time series
of recorded cyanobacteria cell numbers (C) with solid line and
threshold cell number (C* = 1000) with dotted line. In the 3rd to
5th panels from the top, 0 is determined, for example of temper-

. T T . .
ature, either § or § — sTf(C,_1) using Equation (2) based on cya-
nobacteria cell counts of preceding time steps. The environmental
variable values at each time step are compared with the thresholds

o7, 6° and 6} to see whether there is a cyanobacteria occurrence or
not. Consider the first case in May 2014 where a cyanobacteria
occurrence is noted. Here, a triggering condition did not occur as T;

is lower than 0{ even though P; and V; meet the specified criteria.
Accordingly, this prediction is regarded as a correct rejection. Next,
there was a 2-week long cyanobacteria occurrence in July 2014 and
the triggering conditions were correctly predicted (i.e. hit). Lastly,
the cyanobacteria occurrence disappeared in August 2014 mainly
resulting from increased V; at that time and was also correctly
predicted by the model (i.e. correct rejection).

2.2.2. Model calibration using maximum likelihood
As shown earlier, the proposed model first adjusts the threshold

0 values at the current time step as 6, 6 and 6 on the basis of
cyanobacteria cell count at the preceding time step and thereafter
compares them with the observed environmental variables T;, P;
and V. A ‘Yes’ or ‘No’ alert is predicted depending upon whether
these values are below/above the thresholds.

A maximum likelihood estimate of the model parameters

T -P -V . .
0= (0,0 ,0 ) and function parameters (a,,v) given n observa-
tions can be obtained as;

-T =P -V 1
L(0°.6°.0",a,6,v;Data) = > _{Oilog(p) + (1 - Op)log(1 - p)}
i=1

(6)

where p represents the probability of joint exceedance of the
adopted thresholds, or:

p = Prob[T>6",P> 6" V< ¢'], and L () the log-likelihood.

As the modelled outcomes are binary, the above maximum
likelihood estimate can be expressed using the form of a 2 x 2
contingency table by considering the four scalar attributes, hits,
false alarms, misses and correct rejections (Wilks, 2011) as pre-
sented in Fig. 2(a). The maximum likelihood estimation of the
model parameters would be analogous to that obtained through
maximization of the probability of correct hits and rejections,
referred to as “proportion correct” or PC:
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2x2 contingency analysis

Observation

Yes (C. >C™) No (C; <C*)
Yes _
@ T,>0", &P, >0F, & V<0V, Hits (a) False alarms (b)
Prediction No
(else) Misses (c) Correct rejections (d)
Correct Hit Correct
Rejection Rejection

0.0

1-Jan-14 01-Mar-14 01-May-14

01-Jul-14

01-Sep-14 01-Nov-14

Fig. 2. Example showing observed and modelled occurrences of cyanobacteria at Gongju station in Geum river. (a) Components of contingency table applied, and time series of (b)
C = number of cyanobacterial cells/mL except for O ( A increase, ¥ decrease), (c) T = water temperature (°C), (d) P = total phosphorus (mg/L) and (e) V = water velocity (m/s).

a+d

PC=TTbrcrd

(7)

where a = hits, b = false alarms, ¢ = misses and d = correct re-
jections. The difficulty in using the maximum likelihood formula-
tion above lies in the fact that the proportion of non-occurrences is
markedly higher than the proportion of occurrences. As a result, the
above maximization ends up maximizing ‘d’ as it dominates the PC
score. This can result in parameters that will correctly predict the
non-occurrences but not the occurrences that are of greater
importance.

2.2.3. Modified parameter estimation approach

In order to overcome the limitation of parameter estimation
approach outlined above and to enforce a greater importance to
actual occurrences, various modifications to the Maximum

Likelihood estimator in Equation (7) were investigated. After
assessing alternate performance measures, the Peirce Skill Score
(PSS, Equation (8)) was selected as the objective function for cali-
brating the parameters. PSS can be calculated as the difference
between the hit rate (H = a/(a+c)) and the false alarm rate (F = b/
(b + d)); that is, PSS = H — F:

ad — bc

PSS_(a+c)(b+d) ®)

Using PSS as the basis for parameter estimation, perfect fore-
casts provide a score of one (as b = ¢ = 0 or alternatively, H = 1 and
F = 0), while random forecasts give negative scores. The advantage
PSS offers over the Maximum Likelihood estimator in Equation (7)
is that the model is not discouraged from forecasting rare occur-
rences (Wilks, 2011; Kim et al., 2018), which is highly relevant to
the cyanobacteria prediction problem at hand.
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There are two parameters and three critical thresholds of
environmental variables to be ascertained depending on the weight
functions used in Equations (3)—(5). For v in the sigmoid model
presented in Equation (3), the median value of cyanobacteria cell
numbers in the training datasets was used for simplification. In
order to identify these parameters and critical thresholds, the
Shuffled Complex Evolution (SCE) optimization approach from R
package Soilhyp was applied. SCE has been widely used for a broad
class of hydrologic and environmental optimization problems
(Duan et al., 1993; Vrugt et al., 2003).

2.24. Assessment of model sensitivity and cross-validation

Besides PSS, the threat score (TS) (Equation (9)) was also
ascertained on the basis of PSS optimized parameters for an inde-
pendent assessment of the applicability of the three weight func-
tions as well as the sensitivity of each variable. Wilks (2011)
suggested that TS is particularly useful when the event to be fore-
casted occurs less frequently than its nonoccurrence and is
computed as;

a

TS=—— - —
a+b+c

9

In addition to the original TS, four conditional TS scores were also
evaluated. The first (TS;) calculates TS for events which do not have a
preceding cyanobacterial event. In other words, it judges the model’s
forecasting accuracy at the time of abrupt cyanobacterial occurrence.
The other three scores (TS, to TS4) measure TS for the cases where
temperature and phosphorus are less than their median values
(T < Tsoy and Py < Psgy), and velocity is greater than the median
velocity (V¢ > V50z). These conditional TS scores can be interpreted as
sensitivity estimates of the model performance to exceedances of
each environmental variable above (or below) its median.

Entire dataset was first used to get a stable estimate of model
parameters. Following this, further checks on these calibrated
variables and their applicability were conducted using a 4-fold
cross validation wherein 12 out of 16 stations were randomly
selected as training datasets and the remaining four stations were
used as test datasets. This validation process was repeated 50 times.
The calibrated parameters and calculated skill scores are presented
in the next section.

3. Results and discussion
3.1. Calibration results

Using the entire dataset, the PSS, parameters and critical
thresholds for each environmental variable were ascertained. The
PSS for the three weight functions range from 0.79 to 0.80 (Table 1).
The critical thresholds of environmental variables are also within

physically acceptable ranges. For instance, 9T is in line with the
favorable temperature range of 25—35 °C for cyanobacteria occur-
rences suggested by Reynolds and Walsby (1975). Accordingly, this
threshold can explain non-occurrence of cyanobacteria in Han river
in Fig. 1(c). These results also support the finding of Huang et al.
(2008) that the change of the flow velocity in a range of less than
0.4 m/s would accelerate the growth of algae and the occurrence of

Table 1

Model calibration results for three weight functions.
Function Type PSS 7' 0 7" (mg/L) 7 (m/s)
Sigmoid 0.79 26.97 0.04 0.63
Linear 0.79 26.40 0.04 0.55
Exponential 0.80 27.75 0.03 0.61

bloom in river-type reservoir. Similarly, the critical velocity about
0.05 m/s which suppress the development of stratification sug-
gested by Mitrovic et al. (2003) can be included in this range of
velocity.

3.2. Cross-validation results

In order to verify the calibration result and assess the future
applicability of the model, the 4-fold cross-validation was imple-
mented and results are presented in Fig. 3.

Fig. 3(a) presents box plots of the distribution of PSS for the
three weight functions. It is clear from the figure that the all PSS
and threshold values are similar to those obtained from the cali-
bration results (Table 1). The linear weight function provides the
most robust range of the environmental variables (Fig. 3(b)—(d))
with relatively narrower interquartile ranges.

With the conditional TS results which were implemented for
assessing the model reliability in infrequent situations, all three
weight functions predicted over 40% accuracy even under unusual
events described in Fig. 3(e). The exponential model generally
shows higher TSs than others except for TSy which is slightly lower
than those of the sigmoid model. Therefore, it is recommended to
use the linear or exponential weight function for the cyanobacteria
prediction while dealing with the similar environmental
conditions.

Furthermore, it was apparent from the averaged values of con-
ditional TS; to TS4 (Fig. 3(e)) that the most dominant factor for
cyanobacteria occurrence in the study area was temperature (TS;)
followed by velocity (TS4) and phosphorus (TSs3). This is because the
variable showing high dependence on cyanobacteria even in rela-
tively low apparent conditions can be interpreted as having a lower
correlation with cyanobacteria. In detail, TS, dataset includes the
cases where temperature is less than the median value of the
temperature (temperature being the most dominant variable,
resulting TS; is much smaller than normal TS). Contrasting to TS,
TS3 includes the cases where total phosphorus is less than the
median value of total phosphorus (phosphorus being the least
dominant variable, resulting in TSs3 is slightly smaller than the
normal TS). TS4 results fall in between these two categories.
Following these results, the gap between the normal TS and con-
ditional TSs can be interpreted as the relative contribution of each
environmental variable towards cyanobacteria predictive model
formulation.

3.3. Maximum likelihood results

The usefulness of adopting a new basis for parameter estimation
in PSS, and not using the maximum likelihood-based estimate
which would have amounted to maximizing PC (Equation (8)) was
also assessed through the cross-validation described in Section 3.2.

Based on this, the maximized PC was found to be as high as
0.91 + 0.02 and the normal TS (Equation (9)) was almost identical to
the PSS-derived value reported in the previous sub-section. How-
ever, the TS; to TS4 conditioned by relatively implausible T, P and V
conditions for cyanobacteria occurrences (Section 2.2.4) were
found to be slightly lower than those from the PSS based cross-
validation results. Furthermore, TS; was unquestionably lower
than the PSS-derived result, which were 0.13 + 0.08 for the PC case
and 0.69 + 0.02 for the PSS case (Fig. 3(e)). Namely, the model
performance when calibrated by maximizing PC tends to sharply
drop for cases that do not have a preceding cyanobacteria event.
Accordingly, the use of a metric such as the PSS is recommended for
the specification of rare occurrence variables such as cyanobacteria.
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Fig. 3. Cross validation results by three weight functions. Box plots of (a) PSS and (b)—(d) thresholds of three environmental variables (i.e. water temperature, total phosphorus and

water velocity), and (e) radar chart for average values of conditional TSs.

3.4. Caveats and follow-up studies

This study focused on the three dominant environmental vari-
ables of cyanobacterial growth; water temperature (T), total phos-
phorus (P) and flow velocity (V). Although the stable range of each
predictor threshold in Fig. 3 suggest that climatological conditions
over study area are not significantly different to each other, there
could be additional environmental and climatological conditions,
that are important in cyanobacterial growth depending on the
location being modelled. Similarly, notwithstanding an obvious
strong relationship of cyanobacteria with the three variables used
in the study, other factors are also known to affect the appearance
of cyanobacteria, such as pH, nitrogen, salinity, turbidity, irradiance,
electric conductivity, etc. Furthermore, results of conditional TSs
indicate that exceptional changes in one of the variables can in-
fluence algal bloom occurrence. In this study, we assumed

phosphorus as an indicator of the nutrients in the water. In order to
verify if nitrogen is a better choice than phosphorus, PSS and TS
were estimated first using total nitrogen (N) instead of total
phosphorus (P) and both variables together, thereafter. The model
forecasting accuracy was found to be slightly reduced (statistically
insignificant) in comparison to the base case. It can thus be inter-
preted that total phosphorus is marginally a better choice than total
nitrogen or the combination together. Otherwise also, its relative
impact on cyanobacterial growth is much smaller than water
temperature and flow velocity (V). Likewise, if all relevant factors
are available, it would be meaningful to rank their relative contri-
butions, which is a limitation of most data collection systems as
measurements are often not complete.

Based on the data type published in South Korea and the cya-
nobacteria toxic classification from World Health Organization, the
sum of toxic cyanobacteria species including Microcystis, Anabaena,
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Aphanizomenon and Oscillatoria was classified as cyanobacteria in
this study. However, it should be recognized that every cyanobac-
teria species acts somewhat differently and favors different envi-
ronmental conditions.

A follow-up to this study would be to develop a probabilistic
forecasting model that provides cyanobacteria predictions in a
probabilistic manner thereby allowing water managers to make
decisions based on the tolerable risks allowed in the river system of
interest. Furthermore, expansion of the model to suppress or delay
the dominance of cyanobacteria, that is, to reduce the probability of
occurrence of the events, could be another way forward. In situa-
tions where there is no or insufficient data, it would be valuable to
utilize remote sensing data of the three environmental factors as a
surrogate (O'Reilly et al., 2015). The United States’ National Oceanic
and Atmospheric Administration (NOAA) has developed the Na-
tional Phytoplankton Monitoring Program, which was first devel-
oped in coastal areas for monitoring marine harmful algal blooms
(HABs). More recently, this program which used satellite imagery to
identify surface cyanobacteria events has begun to concentrate on
freshwater HABs (Brooks et al., 2016). As another example to detect
early algal bloom by satellite image, Teta et al. (2017) showed that
remote sensing data combined with aerial and in-situ data was an
efficient method to detect early blooms of cyanobacteria. Investi-
gation of these added data resources to establish a globally appli-
cable predictive model would be of interest.

4. Conclusion

We proposed a simple binary model for predicting cyanobac-
teria blooms in rivers, conditioned on the three environmental
variables. These variables were identified through literature review
and are easily measurable at all locations.

The novel elements of this research were to propose a prediction
model of cyanobacteria occurrence conditional on the preceding
state of cyanobacteria concentration, and, a procedure for param-
eter estimation that provides equal consideration to the cases of a
very few samples of cyanobacteria occurrence as compared to the
non-occurrence cases. Based on the preceding time step cyano-
bacteria concentration, thresholds of the variables at the current
time step were transformed by using three types of weight function
(i.e. sigmoid, linear and exponential) in which the linear and
exponential function were found to be performing better.

More than 0.75 PSS and 0.4 conditional TS scores capturing rare
combinations of occurrence of the three environmental variables,
gave us confidence in the accuracy of the proposed model.
Furthermore, results based on conditional TS showed that the most
dominant factor for cyanobacteria in this study area was temper-
ature followed by velocity and phosphorus, providing avenues for
an extension to other regions and even catchments with limited
ground observations.
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