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ARTICLE INFO ABSTRACT

Toxic cyanobacterial blooms often lead to contamination with cyanotoxins,
particularly microcystins. This study aims to examine microcystins persistence in a
selected public water supply system and predict their concentration at various points
based on climate factors and cyanobacterial abundance. Using the Enzyme-Linked
Immunosorbent Assay (ELISA) method, microcystins concentrations were quantified
at various points of the water supply system, including the raw water intake, reservoir,
water treatment plant outlet, and distribution system. The highest microcystins
concentration was detected at the reservoir with a mean concentration of 2.63 pg/L.
An artificial neural network (ANN) model was developed to predict microcystins
concentration. Rainfall, temperature, chlorophyll-a, phycocyanin (BGA-PC), and
mcyE gene copy numbers were used as inputs, while microcystins concentrations at
various water sampling points served as outputs of the multilayer perceptron ANN.
Using the Statistical Package for the Social Sciences (SPSS, ver. 29), three networks
with scaled conjugate gradient, sigmoid functions, and one hidden layer with 4 to 13
neurons were trained and validated to determine the best configuration that fits the
observed data. The result shows a satisfactory prediction at the reservoir (Point 2) with
low values of error (root mean square error = 0.065) and high coefficient values (R?
= 0.894) between experimental and predicted values, which are below the maximum
value of the actual concentrations. Phycocyanin (BGA-PC) and chlorophyll-a had the
most positive effects in predicting microcystins concentrations. These results indicate
that ANN modelling can be a reliable tool for predicting microcystins contamination
in drinking water reservoir.
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1. Introduction

The rapid proliferation of cyanobacteria is a sign
of eutrophication in stagnant or slow-moving water
bodies, such as lakes and reservoirs. This phenomenon
is primarily caused by an increase in the availability of
one or more growth factors required for photosynthesis
(Schindler 2006). Among anthropogenic causes, agro-
based industries are considered the primary contributors
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to eutrophication by discharging nutrients, such as
nitrogen and phosphorus, into water bodies, which are
the most crucial factors (Khan et a/l. 2018; Ebrahimzadeh
et al. 2021). Other factors, such as light intensity, water
chemistry, and climate-related variables like temperature
and rainfall, as well as hydrological conditions, also
contribute to the formation of cyanobacterial blooms
(Muhetaer et al. 2020; Huang et al. 2021; Pham et
al. 2021). This phenomenon leads to microcystin
contamination in lakes and reservoirs, which serve as
sources of drinking water, ultimately deteriorating water
quality and safety.
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Microcystins are the most concerning cyanobacterial
toxin due of their hepatotoxic effects and persistence in
freshwater ecosystems (Sivonen and Jones 1999; Massey
and Yang 2020). By far, microcystin-LR (MC-LR) is the
most potent in terms of acute toxicity (Baliu-Rodriguez
et al. 2022). Hepatotoxic microcystins are commonly
associated with liver-related conditions. Microcystins
are also known as liver tumor promoters, which result
in liver failure in humans due to the inhibitory activity
of protein phosphatases 1 and 2A (He et al. 2018; Jia et
al. 2019; Shi et al. 2021).

The escalating events of harmful cyanobacterial
blooms, along with the associated production of
microcystins in freshwater systems, pose a critical
challenge to public health. It is necessary to develop a
reliable model for predicting cyanobacterial blooms and
microcystin, particularly for informing early intervention
plans and effective management of water resources.
Artificial Neural Networks (ANN) provide an appealing
alternative to standard statistical models, which have
long been used to forecast cyanobacterial blooms and
microcystin concentrations. ANN is capable of resolving
complex, nonlinear relationships within environmental
data (Millie et al. 2014; Lu et al. 2016; Marrone et al.
2023).

The ANN model is a data-driven modeling approach
for modeling ecosystems, and it has been used over the
past few decades. This model is a powerful tool that can
be used for machine learning and prediction based on
observational data. ANN is able to learn from previous
data and has been used to predict future values. In the
field of environmental modelling, ANN has been used
primarily for "prediction and forecasting" in areas such
as environmental science and ecology (Bui et al. 2017;
Harris and Graham 2017; Srisuksomwong and Pekkoh
2020; Maier et al. 2023). As described by Kumar et al.
(2020), the ANN model builds a network analogous to
the human brain's neuron system. This data-driven model
will relate the input to the desired output mathematically.
The ANN model can predict upcoming data by using
the training parameters and previous data of the desired
output. However, several internal parameters, such as
the number of hidden layers, the number of nodes in
each hidden layer, spread values, maximum epochs, and
others, should be considered to achieve a highly accurate
result (Kumar et al. 2020).

In a recent report by Ahmad and Sinang (2024),
cyanobacterial blooms have been recorded in Malaysia's
water supply source, with the presence of toxic
cyanobacterial species. Various environmental factors

might contribute to this phenomenon, including climate
factors. However, the role of environmental factors tends
to be site-specific (Sinang et al. 2013). The variability
of local temperature and rainfall might influence the
formation of cyanobacterial blooms in water supply
sources. Currently, there is limited information available
on cyanobacterial blooms and microcystin contamination
in tropical water supply systems, specifically in Malaysia.

A lack of information on microcystin detection in
drinking water sourced from freshwater ecosystems
was identified in the reviewed studies, most of which
focused on raw water sources (Ahmad et al. 2024).
Despite cyanobacterial blooms occurring in raw water
sources, only a few reviewed studies have discussed
microcystin contamination in treated drinking water,
particularly at the last stage of the water treatment
process (Domingos et al. 1999; Kabzinski et al. 2000;
Vieira et al. 2005; Lehman 2007; Kaloudis ef al. 2013;
Mohamed 2016; Mchau et al. 2021; Hurtado et al. 2022).
This knowledge gap poses a challenge in elucidating
microcystin exposure in drinking water.

Based on current studies, hazardous exposure
to microcystin contamination through the human
consumption of contaminated drinking water is a
possible common situation (Jochimsen er al. 1998;
Qin et al. 2010). Therefore, this study is the first to
report on the detection of microcystin contamination in
Malaysia's drinking water supply system. This study also
aims to develop an ANN model to predict microcystin
concentrations at various water supply systems based
on local climate and cyanobacteria abundance. This
study will provide researchers and water authorities
with a better understanding of microcystin persistence
resulting from toxic cyanobacterial blooms, as well
as the implementation of a compulsory microcystin
parameter to be regularly monitored.

2. Materials and Methods

2.1. Study Area

Water sampling was conducted at Malaysia’s water
supply system as described in Ahmad and Sinang (2024).
The reservoir is used for both domestic water supply and
flood mitigation. The study reservoir has a 52-hectare
catchment area with a total storage of 10.6 million cubic
meters and a height of 37 meters. The study reservoir
also recorded daily rainfall, with the minimum volume
recorded being below 0.1 mm, while the maximum
value recorded was 87.2 mm. Meanwhile, the minimum
value of air temperature recorded was 24.4°C, while
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the maximum was 29.7°C. The daily air temperature
and rainfall data of the study reservoir from June 2022
to June 2023 were obtained from the National Climate
Centre, Malaysian Meteorological Department in
Petaling Jaya, Selangor.

The water sampling to determine chlorophyll-a
concentrations, phycocyanin biomass (BGA-PC), mcyE
gene copy number, and microcystins was conducted at
Point 1 (raw water intake), Point 2 (reservoir), Point 3
(water treatment plant outlet), and Point 4 (distribution
system) as shown in Figure 1. At Point 2, three sampling
sites were designated for water sampling, which were
identified as Point 2 (A), Point 2 (B), and Point 2 (C). All
the parameters were recorded bimonthly from June 2022
to June 2023. Water samples were analysed to determine
cyanobacteria biomass parameters using methodologies
published in Ahmad and Sinang (2024).

2.2. Microcystins Quantification

Water samples were collected at each sampling point
and stored in cleaned amber glass bottles. Only treated
water samples were treated with sodium thiosulfate
pentahydrate (Emsure®, Merck) at a final concentration
of 100 mg/L (< 1 mg/mL) immediately upon collection
to remove residual chlorine, as chlorine will degrade
microcystins, which potentially leads to test inaccuracy.
Three cycles of the freeze/thaw method were used
to lyse the cell-bound and free microcystins (total
microcystins) in the water samples. Then, the water
samples were filtered through a glass fibre filter into a
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clean glass vial. The ELISA procedure was performed
using the Microcystins/Nodularins (ADDA) ELISA
(EPA Method 546) (Abraxis 520011) according to the kit
manufacturer's instructions. In brief, the ELISA method
involves recognition of microcystins and their congeners
by specific antibodies. The microplate wells were pre-
coated with antibodies. The presence of a toxin in water
samples will lead to the formation of a microcystin-
protein analogue immobilized on the plate, competing
for the binding sites of the anti-microcystin antibodies in
the solution. Then, the addition of the second antibody-
HRP was applied, which targets the ADDA moiety —a
specific amino acid sequence present in all microcystin
variants (Fischer et al. 2001).

2.3. Artificial Neural Network

The multilayer perceptron ANN model was
designed to investigate the roles of climatic factors and
cyanobacterial abundance in determining microcystin
concentrations and their persistence at various points of
the water sampling locations. The inputs consist of data
from five parameters, including air temperature, rainfall,
chlorophyll-a concentrations, phycocyanin biomass
(BGA-PC), and mcyE gene copy number. Microcystin
concentrations were introduced as the output using IBM
SPSS software version 29 for Windows. Data normality
was performed before all data was passed into the input,
hidden, and output layers.

The development of the ANN model involved the
use of the sigmoid activation function at both the hidden
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Figure 1. The outline of the process involved at each water sampling point of the water supply system
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and output layers. Several indicators were considered
in selecting the optimal ANN model, including the
variability of network configurations, such as the
number of hidden layers and the number of neurons
per layer. Besides, the statistical indicators, including
the coefficient of determination (R*) and root mean
square error (RMSE), were assessed, with smaller error
values (closer to 0) and higher R? values (closer to 1)
being selected for the model's performance. The final
model was chosen based on its configuration, which
offered excellent predictive accuracy and computational
efficiency.

Two stages were involved in the modeling process:
determining the ANN configuration and verifying the
trained ANN model with the chosen configuration. At the
configuration-determining stage, this ANN model was
trained using a dataset of 24 experimental observations,
which were randomly divided into 70% of the training
data and 30% testing data. Then, at the verification
stage, another dataset of experimental data was used to
evaluate the resulting ANN model.

To improve network convergence and prediction
accuracy, the number of neurons in the hidden layer
should be optimized (Machon et al. 2007). A number
of hidden nodes that is too large or too small will lead
to overfitting (for instance, the model cannot predict
untrained data) and underfitting (for instance, the model
has high error tolerance), respectively. According to
Wang et al. (2011), an appropriate number of neurons
in one hidden layer should be determined as follows:

:n-i-m
b 2

+c

Where:

h : the number of neurons in the hidden layer
n :the number of input neurons

m : the number of output neurons

c :aconstant between 1 and 10

In this study, n =5 and m = 1; therefore, the number
of neurons in the hidden layer should be varied between
4 and 13.

To avoid random correlation due to the random
initialisation of the weights and bias, each configuration
was repeated 10 times, and each run was trained for
100 epochs. An optimal ANN model was selected from
the configurations based on the minimum error (root
mean square error (RMSE)) and a maximum correlation
coefficient (R?) in both the total and testing set. These
values will determine the performance of the formulated

ANN model. Higher values of R? (close to 1) and smaller
errors (close to 0) indicated better-trained models.

3. Results

In this study, microcystins were quantified
throughout the water supply system, including the raw
water intake point (Point 1), reservoirs (Points 2A, 2B,
and 2C), water treatment plant outlet (Point 3), and
distribution point (Point 4) (Figure 1). As shown in
Figure 2, microcystins were detected at all sampling
points. Microcystins were consistently detected at
Point 2 (average of concentrations in 2A, 2B, and 2C),
with the highest concentration of 2.629 ug/L recorded
in August 2022, and the lowest concentration of 0.073
pg/Lin February 2023. Meanwhile, at Points 1, 3, and 4,
microcystins were either present at low concentrations
or undetectable. At Point 1, the highest microcystin
concentration was recorded at 0.221 pg/L in August
2022. In contrast, microcystins were not detected in
early June 2022, late July 2022, mid-October 2022,
late November 2022, early December 2022, mid-
February 2023, and mid-May 2023. Additionally, Point
3 recorded the highest microcystins concentration
at 0.697 pg/L in mid-October 2022. At this sampling
point, microcystin concentration was also not detected
at certain sampling events, including late July 2022,
late September 2022, November 2022, February 2023,
and mid-May 2023. At sampling Point 4, the highest
microcystins reported were 0.188 pg/L in early March
2023. Microcystins were not detected in late July
2022, late September 2022, mid-October 2022, early
December 2022, and mid-February 2023.

The concentration of microcystins was predicted
at each sampling point based on cyanobacterial
abundance, air temperature, and rainfall. Prediction
of microcystins in the water supply system is very
important to ensure the quality and safety of the treated
water before being distributed to the end users. Using
the ANN model as shown in Figure 3 (a-c), the best-
fitted ANN managed to provide a composition with N
(5-5-1), N (5-4-1), and N (5-10-1). This consists of one
input layer with four to ten neurons inside, including
bias, one hidden layer, and one final output of an
artificial neural network.

The grey and blue arrows in Figure 3A-C represent
the connection between the input layer and the hidden
layer, and between the hidden layer and the output layer,
with synaptic weights more than zero and less than
zero, respectively. Six input neurons were abbreviated
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Figure 2. Mean values of microcystin concentrations at various points of the water supply systems. Point 1 (raw water intake), Point 2
(reservoir), Point 3 (water treatment plant outlet), Point 4 (distribution system)



HAYATI J Biosci

Vol. 33 No. 1, January 2026

A Synaptic weight >0
== Synaptic weight <0

Hidden layer activation function: sigmoid
Output layer activation function: sigmoid

C

Synaptic weight > 0 B
Synaptic weight < Q==

MC3

.—7-7.' 7

o

Hidden layer activation function: sigmoid
Output layer activation function: sigmoid

Synaptic weight >0
~ Synaptic weight <0

Hidden layer activation function: sigmoid
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Figure 3. (A) N®>D of artificial neural network for sampling point 2 (reservoir), (B) N¢#D of an artificial neural network for sampling point
3 (water treatment plant outlet), (C) N1V of artificial neural network for sampling point 4 (distribution system)

as "Bias" for bias, "mcyE" for mcyE gene copy
number, “Chla” for chlorophyll-a, and "BGAPC" for
BGA-PC. They included the rainfall and temperature
sample data. Meanwhile, the categorical output
neuron abbreviations were "MC2" for microcystin
concentration at Point 2 of the studied reservoir, "MC3"
for microcystin concentration at Point 3 of the water
treatment plant outlet, and "MC4" for microcystin

concentration at Point 4 of the distribution system. The
model was evaluated using three performance metrics:
root mean squared error (RMSE), relative error (RE),
and coefficient of determination (R?), with a sigmoid as
the activation function.

In determining the microcystin concentration at
three different sampling points, the 24 sample data
included in this study were divided into 70% of the
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training data and 30% testing data for ANN analysis.
This technique allows regression analysis mapping
to significant sampling points. The efficiency of the
regression ANN was assessed for every sampling point,
resulting in finding the smaller root mean squared error
(RMSE) and relative error (RE) for both train and test
sample data as described in Table 1. ANN models of
three sampling points had <1.0 RMSE values for both
train and test sample data for microcystins prediction.
Besides, the difference of relative error values between
training and testing, which ranges from 0.01 to 0.10
(1% to 10%), suggests that these models generalize
well to unseen data, exhibiting slight overfitting without
overfitting.

Additionally, Figure 4A-C illustrates the R? values
between the predicted and observed microcystin
concentrations of these three models. All the R? values
recorded were greater than 0.700, with the highest R?
value recorded at 0.894 for sampling Point 2 of the
ANN model. These values indicate the proportion of
variance in the target variable explained by the model.

Figure SA-C shows the residual analysis of the ANN
model for each sampling point. This analysis indicates
the specificity of a developed model. The residual
analysis between residuals and predicted values of
these three ANN models shows that the residual plots
are randomly scattered around zero with no discernible
pattern or clear systematic trend, indicating that the
models are a good fit. These results suggest that these
models capture the overall relationship between the
independent and the dependent variable fairly well.

The most important variables for predicting
microcystins at sampling points 2, 3, and 4 were
described in Figure 6A-C. At sampling points 2 and
4, BGA-PC concentration is the most important
variable in predicting microcystin concentration,
with 100.0% normalized importance, while rainfall
is the least important, with 53.6% and 22.4%
normalized importance, respectively. Meanwhile,
the most important variable at Sampling Point 3 was
chlorophyll-a concentration, which accounted for
100.0% of normalized importance, while BGA-PC was
the least important, accounting for 8.0%.

Table 1. Comparison estimation of error for every sampling point

Furthermore, the actual and predicted microcystin
concentrations of sampling Points 2, 3, and 4 were
plotted, as shown in Figure 7A-C, using the regression
fit line formula shown in Figure 4A-C. The data was
predicted using the actual data collected throughout
the sampling events. The predicted microcystin values
were plotted in an orange solid line while the actual
microcystins were plotted in a blue solid line. Overall,
the microcystin prediction model at Sampling Point
2 outperformed the models of Sampling Points 3 and
4, with the prediction closely replicating the actual
concentration values. However, none of the models
predicted microcystin concentration more than the
maximum value of the actual concentrations.

4. Discussion

Microcystin contamination was persistently detected
from raw water sources to treated water samples
in selected drinking water reservoirs in Malaysia.
Microcystin concentrations quantified at Point 2
(reservoir) surpassed the safe levels of guideline value,
which is 1.0 pg/L during five sampling events in which
recordedat2.036 pg/L (late July 2022),2.629 pug/L (early
August 2022), 1.659 ug/L (early October 2022), 1.532
pg/L (early March 2023), and 1.195 pg/L (early April
2023). At sampling Points 3 and 4, microcystins were
persistently detected at concentrations below 1.0 pg/L
to undetectable levels; however, these concentrations
were acceptable based on the recommended guideline
value for safe microcystin levels in drinking water
(WHO 2022). A few studies have reported similar
findings, in which the microcystin levels surpassed
the safe level at the reservoir (raw water), but in the
treated water, the microcystin concentration remained
below 1.0 ug/L (Robert et al. 2005; Haddix et al.
2007). Even so, consuming water with microcystin
contamination for a long time may cause chronic liver
damage and inflammation, liver cancer, intestinal
cancer, colorectal cancer, tumour promotion, and may
produce genotoxicity (Falconer 1991; SvirCev et al.
2010; Rastogi et al. 2015; Massey et al. 2018; Ge et al.
2021).

Estimation value Point 2 (reservoir)

Point 3 (water treatment plant outlet)

Point 4 (distribution system)

RMSE RE RMSE
Training 0.065 0.113 0.079
Testing 0.026 0.073 0.053
R? 0.894 0.758

RE RMSE RE
0.293 0.070 0.181
0.197 0.039 0.101

0.844
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Figure 4. (A) Observed compared to predicted microcystins concentration at sampling point 2 (reservoir), (B) point 3 (water treatment plant
outlet), and (C) point 4 (distribution system). The solid line represents the linear regression line
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Figure 6. (A) The most important variables for predicting microcystins concentration are sampling point 2 (reservoir), (B) point 3 (water
treatment plant outlet), and (C) point 4 (distribution system)
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In this study, an ANN model was developed to
predict the concentration of microcystins at various
water sampling points based on climate factors and
cyanobacterial abundance. Several metrics, including
R?, RMSE, RE, and residual analysis, were evaluated to
assess the fitness of ANN models. Overall, these ANN
models are categorized as fit, and the residual analysis,
combined with the evaluation of error metrics, indicates
the model's validation (Kutner et al. 2005; Montgomery
et al. 2021; Shanmugam et al. 2022). Meanwhile, the
training and testing datasets were partitioned from the
same dataset, which could lead to overfitting. However,
using a multilayer perceptron ANN model in SPSS, this
issue was resolved by implementing batch training with
an early stopping rule, which can reduce the overfitting
issues (Srivastava et al. 2014; Ying 2019). This
suggests that the multilayer perceptron of the ANN can
be utilized to develop a good mathematical model for
predicting the microcystin concentration of the study
reservoir. Even so, it is best to validate the model on
an independent dataset to confirm the robustness. Due
to the unavailability of the independent dataset of the
study reservoir, further validation cannot be performed.

In developing an ANN prediction model,
several factors were assessed to predict microcystin
concentrations using meteorological, hydrological, and
environmental parameters (Oliver e al. 2012; Rigosi
et al. 2015; Nunes Carvalho et al. 2022). While these
models offer a promising approach for forecasting
microcystin levels, their predictive accuracy remains
constrained by the complex and often nonlinear
relationship between cyanobacterial cell abundance
and toxin production. Existing studies suggest that
an increase in cyanobacterial cell density does not
necessarily correspond to elevated microcystin
concentrations, thereby limiting the efficacy of ANN-
based models for microcystin risk management (Turner
et al. 2018; Hartnell et al. 2020). Future research
should focus on integrating additional biochemical and
genetic markers, beyond the mcyE gene, to enhance
model reliability and improve predictive capabilities
for effective water quality management.

Microcystis spp. was known to be the dominant
species and microcystin producer in this study reservoir,
and the variations of microcystin concentration are likely
linked to the overall abundance of this species. However,
the actual cyanobacterial biomass does not always
accurately describe the microcystin concentration
in the water sources. During cyanobacterial blooms,
gene expression, the percentage of cells that can
produce microcystins, and the amount of microcystins

produced per cell, such as cell quota, may influence
the variability of microcystins in the study reservoir
(Chorus and Bartram 1999; Harris and Graham 2017,
Bui et al. 2017). Thus, not all cyanobacterial blooms
produce microcystins, which may limit the predictive
model's ability to estimate maximum concentrations
accurately.

The predictive ANN models outperformed in
predicting microcystin concentration at various
points of the water supply system. However, none
of the models predicted the highest concentration
of microcystins in the actual dataset. Several studies
have shown similar outcomes in which the developed
models were unable to predict the highest actual data
of microcystins concentration (Recknagel et al. 2017,
Harris and Graham 2017; Bui et al. 2017). Several
probabilities may influence the underestimation of
maximum concentration by the developed models, such
as temporal variabilities of BGA-PC and chlorophyll-a
concentrations at the study reservoir. The potential
underprediction observed in this study highlights
the importance of improving model performance by
increasing temporal resolution (from daily to high-
frequency intervals), as high temporal resolution can
influence model performance and indicate variable
sensitivities across water quality parameters (Shi ef al.
2025).

The ANN predictive model can be enhanced by
utilizing a long-term dataset to increase the temporal
robustness of the predictive model (Harris and Graham
2017; Marrone et al. 2023; Park et al. 2024). The long-
term dataset will capture the complete range of intra-
and inter-annual variability within the reservoir, which
indicates the multi-year variability in both interpretive
and response variables when creating predictive models
(Harris and Graham 2017; Li ef al. 2021). However,
this predictive model is site-specific, which can only be
implemented at the study reservoir. Additionally, other
factors, such as climate change, will gradually increase
environmental variability in the tropical reservoir,
potentially impacting model outcomes (Wiegand et al.
2021; Cottingham et al. 2021). These factors may be
contributing to the temporal inconsistency of predictive
model outcomes in the study reservoir. Hence, these
two factors should be taken into consideration when
constructing a predictive model.

Among the generated ANN models, the predictive
ANN model at sampling Point 2 is more reliable
compared to others. This is due to the predicted values
being plotted in a manner similar to the actual values.
However, the inefficiency of predictive models in
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accurately predicting microcystin concentrations at
maximum actual values poses a risk to public health.
Microcystins exposure through the ingestion of drinking
water poses a great threat to humans due to their
potential toxicity. In 2021, Chorus and Welker identified
cyanotoxins as an emerging health risk. Cyanotoxins,
specifically microcystins, have been linked to various
health issues, including gastrointestinal disorders
(Drobac et al. 2017; Kubickova et al. 2019), skin
irritation (Nielsen and Jiang 2020), and neurological
impairments (Metcalf ef al. 2021; Méresse et al. 2022).
In addition, microcystin poisoning can cause symptoms
like vomiting, diarrhoea, abdominal pain, and liver
failure, which can be fatal in severe cases (Falconer et
al. 1983; SvirCev et al. 2010; Chen et al. 2016; Spoof
and Catherine 2017).

The WHO (2022) has established a guideline
value for the cyanobacterial biomass indicator and
microcystin concentration in drinking water. Alert level
1 is triggered when the cyanobacteria biovolume is
observed at 0.3 mm?/L, chlorophyll-a concentration is
observed at 1 pg/L, and microcystins concentration is
recorded at 1 ug/L. Meanwhile, Alert level 2 is triggered
when the cyanobacteria biovolume is observed >4
mm?/L, >12 pg/L of chlorophyll-a concentration, and
microcystins concentration is recorded at 12 pg/L.
Hence, a developed model must predict cyanobacterial
biomass and microcystin concentrations more precisely
and effectively to ensure that the concentrations of
cyanobacterial biomass and microcystins do not
surpass the guideline values, which in turn will impact
human health.

In conclusion, microcystin concentration was
persistently detected at one of Malaysia's water supply
systems. Microcystin concentration was recorded at the
reservoir, with the highest concentration detected above
1.0 pg/L. This value has surpassed the recommended
guideline value for a safe microcystin level in drinking
water, as established by the WHO. However, at the
water treatment plant and distribution system, the
concentrations detected were below 1.0 pg/L. This
indicates the effectiveness of water treatment in the
study reservoir before water is distributed to the users.
Although the microcystin concentration was at a safe
level, prolonged consumption of contaminated water
can have an impact on human health, including liver
damage and inflammation.

Additionally, three unique and specific ANN
models were successfully developed in this study
based on local climate conditions and cyanobacterial
abundance. ANN models developed in this study can

be used to predict the occurrence of microcystins at the
study reservoir; however, the models are site-specific
and cannot predict the maximum actual concentration,
potentially due to a lack of temporal robustness.
These significant findings suggest that BGA-PC and
chlorophyll-a concentrations directly influence the
persistence of microcystins in the water supply system.
Even so, more data on environmental factors are
required to thoroughly study the key environmental
factors that influence cyanobacterial abundance and
microcystin persistence in the study reservoir. This
is crucial in developing a robust ANN model that
can accurately predict cyanobacterial blooms and
microcystin occurrence.
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