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Abstract:  Cyanobacterial blooms are becoming a major water quality problem in Mediterranean lakes. The threat from the 
occurrence and persistence of cyanobacteria is considered high, and there is a risk that this might be increased by 
climate change. Approximately, 75% of water samples containing cyanobacteria also contain toxic cyanobacterial 
metabolites, known as cyanotoxins. The most widespread cyanobacterial toxins are microcystins, which are 
responsible for significant health hazards to livestock, wildlife, birds, fishes, and even humans via various exposure 
routes. The knowledge of occurrence and distribution of microcystins in water bodies used for recreational, 
agricultural and fishing activities is important. Lake Karla—one of the most important wetlands in Greece and a 
Ramsar site— is already characterized by the presence of cyanobacteria and cyanotoxins, even though it is used for 
irrigation and recreational purposes. In the present study, we focused on the development of a reliable method to 
predict microcystin concentrations in Lake Karla, through the Adaptive Neuro-Fuzzy Inference System (ANFIS), 
using as input, water quality parameters. A range of water quality parameters were tested in order to find out which 
ones show stronger correlation with microcystins and thus, phycocyanin, chlorophyll-a, total phosphorus, nitrogen to 
phosphorus ratio and dissolved oxygen were selected as inputs to the model. According to the results, the model 
showed an adequate efficiency on the prediction of microcystin concentrations. ANFIS modeling analysis showed that 
the aforementioned water quality parameters could act as indicators of the presence of microcystins and could produce 
risk levels. ANFIS could also be used as a tool for risk management associated with microcystin concentrations in 
shallow Mediterranean lakes. 
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1. INTRODUCTION 

Blue-green algae, commonly known as cyanobacteria, are frequently found in fresh water 
systems; however, they are not algae but microorganisms that possess characteristics of algae 
(Castenholz and Waterbury, 1989). The cyanobacteria are therefore closely related to the bacteria 
(Division Schizonta) but are differentiated from the Schizonta by their ability to photosynthesize 
and their utilization of chlorophyll-a (Castenholz, 2001). The occurrence of accessory pigments 
such as phycobilins (red) and carotenoids (orange, yellow), in addition to the green chlorophyll-a, 
generally impart a blue-green appearance on the cells (Douglas, 1994). Because they are bacteria, 
they are quite small and usually unicellular, though they often grow in colonies, large enough to see 
(Castenholz, 2001). They have the distinction of being the oldest known fossils, more than 3.5 
billion years old. Cyanobacteria are able to form blooms some of them with the presence of toxins 
and other noxious chemicals. These are known as cyanobacterial harmful algal blooms and are of 
special concern because of their potential impacts on drinking and recreational waters (de 
Figueiredo et al., 2004). Harmful cyanobacterial blooms were first described in 1878 and since then, 
massive blooms of cyanobacteria have been described in eutrophic lakes and drinking water 
reservoirs, in regions all around the world (Chorus, 2012).  

Microcystins, as the most “cosmopolitan” cyanotoxins, are implicated in the degradation of 
water quality and public health, since they can bioaccumulate in common aquatic vertebrates and 
invertebrates, such as fish, mussels and zooplankton (Martins and Vasconcelos, 2009). The 
phytotoxic effects of microcystins on higher plants have also been reported (Corbel et al., 2015). 
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Human exposure to microcystins may occur through a direct route such as drinking water (Zhou et 
al., 2002), recreational water (WHO, 2003) or hemodialysis (Pouria et al., 1998), or through an 
indirect route such as food (Schaeffer et al., 1999; Magalhães et al., 2001). Epidemiological studies 
have already related the presence of microcystins in drinking water to an increase in the incidence 
of colorectal cancer (Zhou et al., 2002) and primary liver cancer (Ueno et al., 1996). There are 
groups more sensitive to microcystin poisoning that require special attention such as B-hepatitis 
patients but also children and old people (Jiang et al., 2008). 

Several reviews have been conducted in the direction of the intensification and global expansion 
of harmful cyanobacterial blooms in terms of abundance, geographic extent, and effects on 
ecosystem health, as well as factors that may be facilitating this expansion. Environmental factors 
such as temperature, light intensity, pH, nutrients, salinity, ultraviolet radiation, wind, trace metals 
and environmental pollutants can influence the growth of the cyanobacterial species and their 
cyanotoxin production (Neilan et al., 2013). Many researchers have used the concentration of 
chlorophyll-a and cyanobacterial cell counts as parameters to assess cyanobacteria blooms 
(Woźniak et al., 2016). As chlorophyll-a concentration indicates the total amount of phytoplankton, 
the distinction of possibly harmful cyanobacteria presence is not possible. Phycocyanin is a 
photosynthetic strongly fluorescent pigment belonging to the group phycobiliproteins. In 
freshwaters cyanobacteria are the only organisms to produce significant quantities of phycocyanin 
(Wetzel, 2001) which can be used as an indicator of cyanobacteria biomass (Gregor et al., 2007). 
However, respective indicators for the presence of microcystins in eutrophic lakes and water 
sources are not used. Existing models for predicting microcystin concentration use chlorophyll or 
cyanobacteria abundance as input variables on a univariate analysis basis (Izydorczyk et al., 2009; 
Ziegmann et al., 2010). Conducting multivariate analysis for the prediction of microcystin 
concentrations using environmental factors associated with the probability of its occurrence can be 
an important contribution to water quality management. Under this context, artificial intelligence 
algorithms can provide a reliable and accurate tool, exhibiting great predictive potential in terms of 
microcystins concentrations. A common feature of these methods is that they are capable to perform 
operations that require intelligent behavior, such as learning, problem solving, and decision making 
under uncertainty. At the same time, these techniques are well-established due to their flexible 
mathematical structure and are able to recognize complex non-linear relationships between input 
and output data compared with conventional modeling methods. Their special features have proven 
to be extremely beneficial in modeling of aquatic ecosystems, where natural relationships and 
interdependencies are not fully understood and the available data are incomplete and often non-
quantifiable. Artificial Neural Networks (ANNs) and hybrid approaches have been proposed for the 
prediction of microcystins to date. In our research, we use the Adaptive Neuro Fuzzy Inference 
System (ANFIS) methodology, a kind of ANN that is based on Takagi-Sugeno fuzzy inference 
system. The advantages of ANFIS over the traditional estimation methods rely on its capability to 
incorporate new input parameters without modifying the existing model structure, to automatically 
search for non-linear connections between the inputs and outputs, and to produce accurate and 
reliable results with low computational effort (Cus et al., 2006).  

From the above, it is clear that understanding the parameters affecting the production of 
microcystins, as well as finding indicators favoring the presence of microcystins, are necessary 
steps in order to predict the various toxic episodes and protect public health. The purpose of this 
study is the estimation of water quality parameters of Lake Karla that contribute to the dynamics of 
microcystins and the prediction of microcystin concentrations through an ANFIS modeling 
analysis. 

2. MATERIALS AND METHODS 

2.1 Study area and sampling 

The study area, Lake Karla, was a natural shallow lake, which was drained in 1964. The 
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reconstitution of the lake was decided in 1982, and only in 2010 it was filled with water (Gialis and 
Laspidou, 2014). Lake Karla is located in the southeastern edge of the plain of Larisa and is a 
shallow lake occupying an area of 38 km2. Its function is multiple with anti-flooding, irrigational, 
eco-environmental and touristic purposes being the most important ecosystem services. The re-
construction of Lake Karla is considered as one of the largest and most expensive environmental 
projects in Europe. However, already from the first year of its re-construction, the lake shows 
eutrophic characteristics and intense presence of toxic cyanobacteria (Oikonomou et al., 2012; 
Papadimitriou et al., 2013).  

Water sampling was held in four littoral and one pelagic stations (Figure 1). Station 1 is located 
near the second moat of the lake and station 2 is located 3 km further east. At both stations, there 
are sheep pens and often herds of cattle graze around the lake (Laspidou and Samantzi, 2015). 
Station 3 is surrounded by areas with greenhouses and almond groves. During the summer season, 
temperatures are high and cyanobacteria blooms appear in these stations. The last shoreline station 
4 is located before the water pumping gates at the pumping station of the lake. It has the largest 
depth and is the only station where water plants such as reeds appear. Pelagic station 5 is located in 
the center of the lake. Samplings took place once a month from April 2014 until March 2015. In 
each sampling effort, water temperature, dissolved oxygen (D.O.), conductivity and pH were 
measured. The measurements were performed in situ with portable measuring instruments. Glass 
vessels were used for the collection of water samples used in nutrient and microcystin analysis. 
Νitrate (NO3

-), ammonium (NH4
+), total phosphorus (TP), chlorophyll-a (Chl-a), phycocyanin and 

microcystins were measured in the laboratory. Total soluble inorganic nitrogen (Dissolved 
Inorganic Nitrogen—DIN) was calculated as the sum of nitrate and ammonium, without taking into 
consideration the concentration of nitrites, as this, according to Papadimitriou et al. (2011), is 
expected to be very low and with minimal contribution to the total soluble inorganic N. Water 
samples for microscopic analysis were collected monthly (June 2014 to March 2015) by plankton 
net (mesh size of 25µm), at ca. 0.5 m depth from water surface, at the four littoral sampling stations. 

 

Figure 1. Sampling stations in Lake Karla 

2.2 Laboratory and statistical analysis 

2.2.1 Analysis of nutrients 

Volume of 200 mL of each water sample passed through Whatman filters GF/C (0.45 µm) under 
vacuum. Then, a sample was taken from the filtrate in which the concentrations of nitrates and 
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ammonium were specified by applying different identification protocols for each compound (APHA 
2005) and by using a spectrophotometer HACH DR/3900. The specification of total phosphorus 
took place in unfiltered water sample. TP was measured photometrically by means of its digestion 
and conversion to orthophosphate ions (APHA 2005). 

2.2.2 Chl-a and phycocyanin analysis 

Concerning Chl-a concentrations, 500 mL of each water sample passed through Whatman filters 
GF/C (0.45 µm) in vacuum. This was followed by the extraction of Chl-a from the filter with 
acetone solution 95% (APHA 2005). Then, the absorbance of the solution was recorded at 630 nm, 
647 nm and 750 nm (APHA 2005). The quantitation of phycocyanin was done fluorometrically 
according to methods of Sarada et al. (1999). Water volume (250 mL) passed through cellulose 
acetate membrane filters (Whatman glass fiber filters) (0.22 µm, 47 mm) in vacuum. The extraction 
of phycocyanin from the filters with a solution of phosphates 10 mM (pH=7) was the next step. The 
determination was performed on a fluorometer (Perkin Elmer, LS45) with excitation wavelength of 
the molecule at 630 nm and emission wavelength of the molecule at 660 nm. The construction of 
the standard curve was made using standard solutions of pure phycocyanin, isolated from the 
cyanobacterium Spirulina sp. (Sigma, P2172). 

2.2.3 Phytoplankton analysis 

Three replicates of 500 mL each were collected in polyethylene bottles. Two of them were fixed 
with Lugol's solution and formaldehyde, while one was retained fresh for direct microscopic 
analysis. For each month, at least three replicates of live and preserved samples were examined in 
sedimentation chambers using an inverted microscope with phase contrast (Nikon SE 2000). 
Phytoplankton species were identified using taxonomic keys (e.g., Zapomělova et al., 2010). 
Phytoplankton counts (cells, colonies, and filaments) were performed using the Utermöhl's 
sedimentation method (Utermöhl, 1958). For biomass (mg/L) estimation, the dimensions of 30 
individuals (cells, filaments, or colonies) of each species were measured using tools of a digital 
microscope camera (Nikon DS-L1), while mean cell or filament volume estimates were calculated 
using appropriate geometric formulae (e.g., Katsiapi et al., 2011). 

2.2.4 Microcystins analysis 

Microcystins were analyzed in two forms: dissolved in water (extra-cellular) and cell-bound in 
seston (intra-cellular). 500 mL from each water sample passed through Whatman filters GF/C (0.45 
µm) in vacuum. The filters were used for the quantitative determination of intracellular 
microcystins. The filtrate was used directly for the quantitative determination of extracellular 
microcystins by enzyme-linked immunosorbent assay (ELISA) (ABRAXIS-Microcystin ELISA kit, 
520011, USA). The determination of microcystins was performed according to the method of 
Papadimitriou et al. (2013). The recoverability of the method was calculated equal to 98%. 

2.2.5 Statistical data analysis 

The statistical data processing was performed using the statistical program SPSS 20.0 for 
Windows (Spearman).  

2.3 Basic principles of adaptive neuro-fuzzy inference system (ANFIS) 

ANFIS (Jang 1993) is considered to be an adaptive network, which is very similar to neural 
networks (NNs) (Jang et al. 1997). It is used to solve problems related to parameter identification 
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through a hybrid learning rule combining the back-propagation gradient descent and a least-squares 
method. It is basically a graphical network representation of Sugeno-type fuzzy systems endowed 
with the neural learning capabilities and is a class of adaptive networks which are functionally 
equivalent to fuzzy inference systems (FISs). The FIS is a popular computing framework based on 
the concepts of fuzzy set theory, fuzzy if-then rules, and fuzzy reasoning. ANFIS has the 
advantages of modeling the uncertainty ability of FISs and learning capability of ANNs. It can 
simulate and analyze the mapping relation between the input and output data through a learning to 
determine optimal parameters of a given FIS. The network is comprised of nodes with specific 
functions collected in layers. ANFIS is able to construct a network realization of IF / THEN rules 
coupling neural networks and the principles of fuzzy logic, combining the advantages of both in a 
common framework.  

 

Figure 2. Adaptive neuro-fuzzy inference system structure (Khoshnevisan et al. 2014) 

ANFIS represents a fuzzy Sugeno type system designed with a special architecture of a 5-layer 
neural network (Figure 2), used to perform the following fuzzy inference steps: 

Layer 1: Input fuzzification. Each node i at this layer is an adaptive node with a node function. 

O!! x =  𝜇!!  (x) (1) 

where: x – is the input to node i, 
Ai – is the linguistic label (small, large, etc.) associated with the function of the node. 

 
In other words, O!! is the degree of involvement of Ai and determines the extent to which the 

input x satisfies Ai. 

Layer 2: Fuzzy set database construction. Each node in this layer is a fixed node Π, whose output is 
the result of multiplication of all incoming signals. 

Layer 3: Fuzzy rule base construction. Each node in this layer is a fixed node N. The ith node 
calculates the ratio of the activation degree (firing strength) of the ith rule in the sum of the 
activation degrees of all the rules: 

w! =  !!
!!! !!

, i=1, 2 (2) 

The outputs of this layer are called normalized firing strengths. 
 

Layer 4: Decision making. Each node i at this level is an adaptable node with a node function. 

O!,! =  w!  ∙  f! =  w!  ∙ (𝑝! ∙ x +  q!  ∙ y +  r!) (3) 
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where, 𝑤! – is the output of the 3rd layer, 
{pi, qi, ri} – is the parameter set. The parameters in this layer are called consequent 
parameters. 

Layer 5: The single node in this layer is a fixed node Σ which calculates the total output as the total 
sum of all incoming signals-functions: 

overall output =  O!,! =  w!  ∙  f! =  !!∙!!!
!!!

 (4) 

In general, it is a network with adjustable parameters which is equivalent to Sugeno fuzzy 
reasoning system. The functions of the various layers are thoroughly explained in Jang and Sun 
(1995). 

3. RESULTS 

3.1 Lake Karlas’ water quality 

During the study period, Lake Karla followed typical Mediterranean temperature variation with 
low temperatures (lower temperature: 5.2 ºC) in winter and high ones (higher temperature: 34.8 ºC) 
during the summer months (Figure 3). The recorded conductivity values ranged from 0.2 mS/cm to 
11.5 mS/cm. The pH values ranged from 7.44 to 10. The lower value of dissolved oxygen (3.15 
mg/L) was measured in the warm months, while the highest in December (15 mg/L). The values of 
nitrates ranged from 0.281 mg/L to 2 mg/L, while the values of ammonium ranged from 0.015 
mg/L to 0.3 mg/L. TP ranged from 0.02 mg/L to 0.46 mg/L with higher values during the hot 
season. Chl-a ranged from 63 µg/L to 365 µg/L with higher values recorded during the summer. 
Finally, phycocyanin ranged from 1000 µg/L to 6600 µg/L with higher values during summer and 
the ratio DIN/TP was almost below the value of 10 almost throughout the whole year. 

3.2 Phytoplankton 

A total of 66 phytoplankton species was identified in the lake water samples during the study 
period. Chlorophytes were the taxonomic group with the highest number of species (40), followed 
by cyanobacteria (36), diatoms (11), euglenophytes (4), cryptophytes (2), dinophytes (2), 
haptophytes (1), and xanthophytes (1). Phytoplankton blooms were observed in Lake Karla with 
cyanobacteria consisting on average ca. 80% of the total phytoplankton biomass. A list of all 
cyanobacteria toxic species found in Lake Karla during the sampling period is presented in Table 1. 
From June to September, phytoplankton blooms were formed exclusively by cyanobacteria. The 
dominant species were Cylindrospermopsis raciborskii, Sphaerospermopsis aphanizomenoides and 
Anabaenopsis elenkinii (Figure 3).  
 

Table 1. Potential toxic species in Lake Karla 

Species Toxins  
Cylindrospermopsis raciborskii Cylindrospermopsins (Sinha et al., 2014),  

Saxitoxins (Lagos et al., 1999) 

Anabaenopsis elenkinii Microcystins (Lanaras and Cook, 1994) 
(Ballot and others, 2010-[genes present]) 

Sphaerospermopsis aphanizomenoides Microcystins (Bittencourt-Oliveira et al., 2011) 
cylindrospermopsins (Bittencourt-Oliveira et al., 2011) 

Planktothrix agardhii Microcystins (Sivonen et al., 1990) 
Raphidiopsis mediterranea Anatoxin-a (Namikoshi et al., 2003) 
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Figure 3. Biomass (mg/L) of dominant cyanobacterial species in Lake Karla (June 2014-September 2014) 

3.3 Microcystin dynamics 

The water samples of Lake Karla showed throughout the year significant concentrations of 
intracellular and extracellular microcystins. The concentration of intracellular microcystins 
accounted for 73% of the total microcystins concentration (Figure 4). The highest values of the total 
concentration of microcystins (34.8 µg MC-LR eq/L) were measured during the hot season. The 
lowest values of the total concentration of microcystins (1.7 µg MC-LR eq/L) were measured 
during winter (Figure 4). The variation of the total concentration of microcystins showed a 
significant positive correlation with the fluctuation of phycocyanin (p < 0.05, rs = 0.701), Chl-a 
(p < 0.05, rs = 0.668) and ΤΡ (p < 0.05, rs = 0.560) and significant negative correlation with the 
variation of the ratio DIN/TP (p < 0.05, rs = -0.548) and the variation of dissolved oxygen (p < 0.05, 
rs = -0.382). Also, chl-a variation showed a significant positive correlation with the fluctuation of 
phycocyanin (p < 0.05, rs = 0.749) (Figure 5). 

 

 

Figure 4. Monthly variation of the extracellular, intracellular, and total microcystins in Lake Karla from April 2014- 
March 2015 
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Figure 5. Correlation charts for water quality parameters and microcystins and for Phycocianin and Chl-a, in Lake 
Karla, from April 2014- March 2015 

3.4 Multivariate analysis using ANFIS model 

In order to model microcystin concentrations, we chose the ANFIS method (Mathworks, 2002) 
as it shows high efficiency in decision making, classification and prediction. The five input 
variables DO, TP, Chl-a, phycocyanin and the ratio DIN/TP were selected to conduct the 
multivariate analysis as derived from the correlation test which showed significant positive or 
negative correlations with microcystins. The dataset consists of 60 value sets, 12 monthly 
measurements for each station and was divided randomly into two independent sets for training (48 
value sets) and testing (12 value sets) the constructed models with a ratio of 4 to 1. The input data 
was transformed to normality so as to reduce the skewness of different data sets. At this point an 
initial fuzzy model had to be derived so as to start the modeling process. This model is required to 
find the number of inputs, number of linguistic variables, and hence, the number of rules in the final 
fuzzy model. The initial model is also required to select the input variables for the final model and 
also the model selection criteria, before the final optimal model can be derived. This initial fuzzy 
model can be selected based on the fuzzy rules framed by either using subtractive clustering 
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technique or the grid partitioning method. In our case, we used subtractive clustering method to 
identify the antecedent membership functions (MFs) and conduct a successful network training and 
estimation of parameters. The different fuzzy systems were trained by the hybrid optimization 
method, while different model structures were applied under the framework of sub. Clustering 
technique for the determination of the MFs and rules depending on several different values of 
influence range and squash factor combinations. Using an exhaustive methodology, testing all 
parameter combinations with criterion the statistical measures that describe the performance of the 
model, the optimum architecture of ANFIS was sought. 

The ANFIS structure that gave the best fit according to training and average testing errors had 
Gaussian type of MFs, three for each input parameter and resulted in 3 rules consisting of 3 MFS 
(Figure 6). This structure arose from the optimum combination of the parameters of the subtractive 
clustering method which are presented in Table 2. 

 

Figure 6. The best fitting ANFIS structure 

Table 2. Parameters of the subtractive clustering method resulting to the best fitting ANFIS 

Parameters Range of Influence Squash Factor Accept Ratio Reject Ratio 
Value 0.7 1.5 0.5 0.15 

In Figure 7a, a comparative diagram of forecasted and actual microcystin concentrations for the 
best ANFIS is illustrated, giving an image of how well the model performs in prediction, while in 
Figure 7b the scatter plot is enhancing the overall adequacy of the model (R2=0.73). 

 

Figure 7. a) Comparative diagram of forecasted and actual microcystin concentrations, for the best ANFIS and b) 
Scatter diagram of simulated and actual values of the microcystins concentration values 

a) Comparative diagram of forecasted and actual microcystin  b) 
concentrations 
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In Table 3, we present a great range of statistical measures which validate the performance of the 
model including the Mean Error (ME), the Root Mean Square Error (RMSE), the Mean Absolute 
Error (MAE), the Mean Percentage Error (MPE), the Mean Absolute Percentage Error (MAPE) and 
R2. 

Table 3. Statistical model errors 

Mean Error (ME) -0.27 
Root Mean Square Error (RMSE) 1.06 
Mean Absolute Error (ΜΑΕ) 0.78 
Mean Percentage Error (ΜPE) -13.3 
Mean Absolute Percentage Error (MAPE) 27.3 
R2 0.73 

Although the dataset is limited since the measurements were conducted for 12 months, ANFIS 
showed satisfactory efficiency in predicting microcystin concentrations. Of course, for an enhanced 
dataset with more sets of measurements ANFIS is expected to perform better, since training on a 
larger amount of data will provide better adaptation of its learning capabilities. For the 
aforementioned reasons, ANFIS is characterized as adequate to predict microcystin concentrations 
and can be an impressive tool towards water quality management areas. 

4. DISCUSSION 

Lake Karla, already from the earliest years of its reconstitution, shows eutrophic characteristics, 
as evidenced by the high values of nutrients, but also by the values of Chl-a. According to the 
results of the present study, high values of nutrients can support the presence of cyanobacteria 
blooms. Oikonomou et al. (2012) demonstrated the presence of toxic cyanobacteria in Lake Karla, 
while Papadimitriou et al. (2013) argued that the bloom of cyanobacteria observed in Lake Karla in 
2010, accounted for 75% of the total phytoplankton biomass. All cyanobacterial species found in 
Lake Karla have been shown to produce a variety of toxins and alkaloids with toxic activity in 
many lakes worldwide (Hisem, 2008). The presence of most of these cyanobacterial species was 
associated with high concentrations of microcystins found in water and bloom (Codd et al., 2005). 
Microcystins as non-ribosomal peptides may be involved in intracellular communication and 
adaptation of cyanobacteria in environmental conditions (Schatz et al., 2007). According to the 
results of this study, the concentrations of total microcystins in Lake Karla were higher than total 
microcystins measured in 2010 (Papadimitriou et al., 2013). The continuous reduction of water 
level in Lake Karla, the inflow of nutrient compounds as well as the high temperatures, probably 
contributed to the increase of microcystins.  

Toxic cyanobacteria in freshwaters present a potential hazard for human health and wild-life 
exposed through the consumption of lake products and water, and through recreational activities 
(Cazenave et al., 2005). The concentration of microcystins in Lake Karla almost throughout the 
whole sampling period exceeded the recommended value of the World Health Organization (1 µg 
MC-LR/L, W.H.O 1998) for drinking water, while the water of the lake falls in the middle level of 
risk in terms of recreational activities. Lake Karla is located in Thessaly, which is the biggest 
agricultural area in Greece. The reconstruction of Lake Karla is aimed to provide the local area with 
irrigation water. Irrigation practices with contaminated water may lead to the accumulation of 
microcystins in the terrestrial food chains implying a health risk and potential economic losses 
(Corbel et al., 2015). Papadimitriou et al. (unpublished data) found that a variety of crops irrigated 
with Karla water, accumulated significant microcystin concentrations in their tissues.  

Worldwide, only in few countries, measures to protect public health as well as agricultural 
products and livestock from cyanotoxins have been implemented following the W.H.O. 
suggestions. In Greece, although cyanobacteria and cyanotoxins have attracted significant scientific 
interest, the instigation of monitoring programs and legislation by the government at the national 
level is disproportionate (Kagalou et al., 2012). Inland water bodies are managed in terms of water 
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usage, but to date cyanotoxin concentrations are not a target of management plans.  
The “gap” in the management of microcystins, may be supported by the fact that precise testing 

for the presence of microcystin itself in water is costly, time-consuming and available only at 
specially equipped labs (Hawkins at al., 2005). Existing models for predicting microcystin 
concentrations in water bodies generally use chlorophyll-a or cyanobacteria concentration as input 
variables, although microcystins only originate from toxigenic strains of a few species. 
Furthermore, these models are either time consuming or demand high processing time and need 
deep knowledge in order to interpret the complex non-linear characteristics of the system under 
investigation. 

New tools are needed to determine the relations between toxin production and water-quality 
variables to help support predictive capabilities for microcystin concentrations. ANFIS is a 
powerful data-driven, self-adaptive, flexible computational tool having the capability of capturing 
nonlinear and complex underlying characteristics of any physical process with a high degree of 
accuracy. It has the potential to converge faster than typical feedforward neural networks, it needs 
smaller size training set and its overall accuracy improves as more training data is added. Moreover, 
ANFIS gives results with the minimum total error compared to other methods. This shows that the 
best learning method is ANFIS among the others. Thus, ANFIS could be a promising tool in the 
prediction of microcystin concentrations, used for the first time as an output in a neuro-fuzzy 
predicting model. Phycocyanin has been used as a proxy for harmful algal blooms for a long time, 
but the predictive ability has not been thoroughly investigated yet (Marion et al., 2012). 

The results of this study showed that environmental factors are promising for use in neuro-fuzzy 
predicting models for microcystin concentrations in freshwaters. The resulting prediction of 
microcystin concentrations through the application of ANFIS model, in combination with the fact 
that the water quality parameters used are non-costly and easy to measure, sets this model as an 
effective, reliable microcystin management tool. Water managers and regulatory entities should 
consider this phycocyanin-based approach as a potential screening tool for the rapid estimation of 
microcystin risk for the protection of human and environmental health. 

5. CONCLUSIONS 

Until now, mathematical models have been used by many researchers to predict the abundance 
of cyanobacteria, but little has been done in order to predict the concentration of microcystins in 
eutrophic lakes. As demonstrated by the mathematical model that was applied in the present study, 
TP, D.O., DIN/TP, Chl-a and phycocyanin can be used as warning tools for the presence of 
microcystins in Lake Karla. We notice that the model is quite adequate to predict the concentration 
of microcystins through the use of these 5 variables and could be used as a risk indicator for the 
presence of these toxins. This is considered to be necessary, since it would result in timely 
measures, so as the functioning of the ecosystem not be disturbed as well as the public health be 
protected. 
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