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Preface

Freshwater algal blooms have become a growing concern worldwide. They are
caused by a high level of cyanobacteria, particularly Microcystis spp. and
Cylindrospermopsis raciborskii, which can produce microcystin and
cylindrospermopsin, respectively. Longtime exposure to these cyanotoxins may
affect public health; thus, reliable detection and quantification of these harmful
algae species has become a priority in water quality management.
In addition, understanding and predicting dynamic changes in algae population
in freshwater reservoirs is also particularly important. However, the high complex
nonlinearity of water variables and their interactions make modelling its growth
difficult. With the development of artificial intelligence and extreme learning
machine methods, the forecast of phytoplankton population becomes feasible.
In this book, we use an advanced monitoring approach to identify and quantify
Cyanobacteria species and various cyanotoxin-producing genotypes and a modelling
approach to forecast phytoplankton that causes algal blooms in freshwater reservoirs,
providing a comprehensive picture of the micro- and macrotechniques for studying
the algal bloom problem. The book has nine chapters and is organized as follows:
Chapter 1 gives a general introduction to the basic theoretical background for
monitoring and forecasting algal bloom in freshwater reservoirs. (Authors: Weiying
Zhang, Inchio Lou)
Chapter 2 first describes the current situation and prospect of water resources,
particularly in Macau where water resource shortage is a historical problem. About
98 % of the water resource in Macau comes from mainland China; thus, reservoirs
become alternative water resources. (Authors: Jianyong Huang and Inchio Lou)
Chapter 3 presents data on dynamic changes in the phytoplankton structure and the
quality of water by seasons in the Macau reservoir. The trophic state indices, phytoplankton structure indices, and multivariate statistical techniques are applied for
assessing trophic state, phytoplankton community, and spatiotemporal variations of
the reservoir, respectively. (Authors: Weiying Zhang, Inchio Lou, Kai Meng Mok et al.)
Chapter 4 presents the application and testing of an online phycocyanin
(PC) fluorescence probe for rapid monitoring of cyanobacteria in the Macau
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Storage Reservoir that is experiencing cyanobacterial blooms. The relationships
among cyanobacterial abundance, biovolume, cylindrospermopsin concentration,
and PC fluorescence are analyzed using both laboratory and in-the-field studies.
The performance of the probe is compared with traditional methods, and its
advantages and limitations are assessed in pure and mixed cyanobacterial cultures
in the laboratory. (Authors: Kong Yijun, Inchio Lou, Kai Meng Mok et al.)
Chapter 5 presents the development and application of multiplex polymerase
chain reaction (PCR) and real-time quantitative PCR (qPCR) techniques for monitoring cyanobacteria Microcystis spp. and C. raciborskii in the Macau reservoir.
Molecular methods can be used for more rapid, reliable, and accurate detection and
quantification. The molecular approaches provide an additional reliable monitoring
option to traditional microscopic enumeration for the ecosystem monitoring
program. (Authors: Weiying Zhang, Inchio Lou, Kai Meng Mok et al.)
Chapter 6 analyzes the cyanotoxin-producing genotypes and relate the
corresponding cyanotoxins to the water quality parameters; a quantitative realtime polymerase chain reaction is developed and applied to the water samples in
three locations of the MSR. The cylindrospermopsin polyketide synthetase (pks)
gene and a series of microcystin synthetase (mcy) genes are used for identifying and
quantifying cylindrospermopsin- and microcystin-producing genes, and the
corresponding water parameters are measured accordingly. (Authors: Weiying
Zhang, Inchio Lou, Kai Meng Mok et al.)
Chapter 7 applies metagenomic high-throughput analysis using an ion torrent
personal genome machine (PGM) to investigate the phytoplankton community in the
Macau Storage Reservoir (MSR) that is recently experiencing cyanobacteria blooms.
The innovative approach provides another reliable monitoring option, in addition to
the traditional microscopic counting and conventional molecular techniques for the
ecosystem monitoring program. (Authors: Weiying Zhang, Inchio Lou et al.)
Chapter 8 proposes prediction and forecast models combining support vector
regression (SVR) and particle swarm optimization (PSO) for phytoplankton
abundances in the Macau reservoir. In the models, the water parameters of alkalinity, bicarbonate, and some other water variables selected from the correlation
analysis are included, with 8-year (2001–2008) data for training and the most recent
3 years (2009–2011) for testing. (Authors: Inchio Lou, Zhengchao Xie et al.)
Chapter 9 provides a final summary of previous chapters and identifies problems that
will require additional research. It concludes with a research outlook for future
researchers. Comparisons are made among the different types models, showing that
these advanced modelling techniques are effective new ways that can be used for
monitoring algal bloom in drinking water storage reservoirs. (Authors: Weiying Zhang)
Macau SAR, China
Guangzhou, China
Macau SAR, China
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Chapter 1

Monitoring and Modeling Algal Blooms
Weiying Zhang and Inchio Lou

Abstract Cyanobacteria are dominant phototrophic components in freshwater
environments where they may form nuisance algal blooms. A number of secondary
metabolites produced by cyanobacteria are potentially toxic, which have harmful
effects on both the local ecology and the health of animals and humans. Thus, the
monitoring and modeling of cyanobacterial growth are important and necessary.
Keywords Monitoring • Modeling • Technique • Method • Cyanobacteria • Algal
blooms

1.1

Monitoring of Cyanobacteria

Monitoring cyanobacterial presence for water supplies is an important aspect to
reduce the risk of algal blooms forming. Qualitative and quantitative analyses of the
microorganism are the key steps, including microscopic analysis, online measurement by phycocyanin probe, molecular techniques, high-throughput sequencing,
etc. In this section, we make a review of the methods mentioned above in the aspect
of the algorithms, theory, applications, advantages, and limitations.

1.1.1

Microscopy

Traditional identification and classification of cyanobacteria is based on cellular
morphology using microscopy. Cell counts for different strains and species are
usually conducted using a microscope with a Sedgwick-Rafter counting chamber. A
complete microscopy analysis usually requires three steps. Firstly, the collected
water samples need to be fixed with Lugol’s solution for sedimentation which takes
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2–3 days. Secondly, the phytoplankton species are identified according to related
morphology criteria such as Hu et al. (1979), Komárek and Anagnostidis (1989,
1998, 2005), Komárek and Fott (1983), Hindák (1988, 1990), and Krammer and
Lange-Bertalot (1986, 1988, 1991a, b). Finally, the cell counting is conducted
under different fields of each chamber (Rott 1981) with different magnifications
(Uterm€
ohl 1958).

1.1.1.1

Advantages and Limitations

As the most traditional method, microscopic analysis has the advantages of low cost
and easy operation. However, cyanobacteria can be morphologically diverse in the
same species, occurring as filamentous, unicellular, planktonic or benthic, and
colonial forms (Whitton and Potts 2000; Burja et al. 2001). In colonial forms,
cells and filaments may be showed in different arrangements, such as branched,
coiled, straight strict planes, or irregularly. Such arrangements and the presence of
differentiated cells are influenced by abiotic and biotic factors. On the other hand,
the morphologically similar problem occurs among different species frequently.
For example, Komárek et al. (2004) pointed out that cyanobacteria such as
Synechococcus and Cyanothece are especially difficult to identify and classify.
Consequently, microscopic analysis method is prone to misidentification. Komárek
and Anagnostidis (1989) estimated that a large number of the cyanobacterial strains
in culture collections have been misidentified. Additionally, this method is timeconsuming, which is not able to monitor the short-term changes of cyanobacterial
biomass and distribution in water rapidly (Zamyadi et al. 2012). Finally, microscopic analysis is not suited for recognition of different genotypes, such as separation of toxic strains from nontoxic ones (Sivonen and Jones 1999).

1.1.2

Online Phycocyanin Probe

Since cyanobacteria alone can produce large amount of phycocyanin and its
derivative allophycocyanin in freshwater, researchers have developed in vivo phycocyanin fluorescence probes for online monitoring of cyanobacteria and
cyanotoxins (Beutler et al. 2002; Izydorczyk et al. 2005; Gregor et al. 2007; Brient
et al. 2008; Richardson et al. 2010; Mcquaid et al. 2011). The method of using
phycocyanin probe approach for cyanobacteria would be online, rapid, sterilizable,
stable, selective and need infrequent calibration.
Cyanobacterial species use the biliproteins phycocyanin and allophycocyanin to
harvest light for photosynthesis. Phycocyanin emits red light with a maximum at
650 nm when examined under blue-light excitation around 590–630 nm. Prior to
the probe method, Walsby and Avery (1996) designed and described a
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semiautomated procedure to count cyanobacterial cells. This method involves the
transfer of epifluorescent microscope images of filter to a computer, followed by
determination of filament length via computer image analysis. This is a fast and
accurate method; cyanobacteria can be enumerated by visualizing the
autofluorescence of phycocyanin using epifluorescence microscopy (Walsby and
Avery 1996; Sieracki and Wah Wong 1999), which even measures the length of
several filaments simultaneously. With its development and extension, this method
has been successfully integrated into field probes for determination of
cyanobacterial cells (Gregor et al. 2007; McQuaid et al. 2011), allowing for in
situ, continuous, near-real-time monitoring of spatiotemporal distribution of the
cyanobacterial population in freshwater. Based upon the fluorescent intensity
detected for the most common photosynthetic accessory pigment present in
cyanobacterial cells, more analyses including cyanobacterial biomass and
biovolume are easily interpreted (Izydorczyk et al. 2005).

1.1.2.1

Advantages and Limitations

Being simple to implement and reasonably accurate, online phycocyanin probe has
become a powerful tool for detecting and quantifying cyanobacteria. This method is
frequently used for the early detection of cyanobacterial blooms in reservoirs.
However, it is usually interfered to the fluorescence process by external factors
such as cell physiology, light condition, and water quality. Cooperating with more
accurate detection methods such as molecular techniques will be one of the
effective solutions.

1.1.3

Conventional Molecular Techniques

Morphological and morphometric features of many cyanobacterial strains are
influenced by the growth conditions, greatly complicating their identification
(Komárek and Anagnostidis 1989). Some criteria such as the shape and structure
of colonies (Rajaniemi-Wacklin et al. 2006) can be altered in culture and water
samples. On the other hand, cyanobacteria having the same genes may appear quite
different under various physiological conditions as a result of different gene
expressions (Castenholz and Norris 2005). Such limitations of phenotypic features
have highlighted the requirement of more reliable methods and promoted the use of
polyphasic approaches by combining morphological and molecular data (e.g.,
Gkelis et al. 2005; Rajaniemi-Wacklin et al. 2006). One of the widely used
molecular technologies based on 16S rRNA gene amplification is polymerase
chain reaction, which is already employed for the analysis of natural samples
worldwide (Eiler and Bertilsson 2004; Zwart et al. 2005; Junier et al. 2007).
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Polymerase Chain Reaction (PCR) and Real-Time Quantitative
PCR (qPCR)

PCR is a popular molecular biology technique for enzymatically replicating DNA.
The technique allows a small amount of DNA molecule to be amplified many times,
in an exponential manner. With more DNA available, analysis becomes much
easier. The PCR technique is widely used by clinicians and researchers to diagnose
diseases, clone and sequence genes, and carry out sophisticated quantitative and
genomic studies in a rapid and sensitive way.
Beyond the mere detection of DNA, qPCR also provides the information about
how much of a specific DNA or gene presented in the samples. It allows for both
detection and quantification of the PCR product in real time (VanGuilder
et al. 2008). Two methods commonly used to detect and quantify the PCR product
are (1) fluorescent dyes that nonspecifically intercalate with double-stranded
DNA and (2) sequence-specific DNA probes consisting of fluorescently labeled
reports.

The PCR Process Consists of Three Steps
Denaturing The double-stranded DNA has to be heated to 94–96  C in order to
separate the strands. Prior to the first cycle, the DNA is often denatured for an
extended time to ensure that both the template DNA and the primers have
completely separated and are now single strand only. It costs 1–5 min.
Annealing After separating the DNA strands, the temperature is lowered so the
primers can attach themselves to the single DNA strands. The temperature of this
stage depends on the primers and is usually 50  C below their melting temperature (45–60  C). A wrong temperature during the annealing step can result in
primers not binding to the template DNA at all or binding at random. It costs
1–2 min.
Extension The DNA polymerase has to fill in the missing strands. It starts at the
annealed primer and works its way along the DNA strand. The extension temperature depends on the DNA polymerase. The time for this step depends both on the
DNA polymerase itself and on the length of the DNA fragment to be amplified. As a
rule of thumb, 1 min per 1 kbp is normally used.
The PCR product can be identified by its size using agarose gel electrophoresis.
Agarose gel electrophoresis is a procedure that consists of injecting DNA into
agarose gel and then applying an electric current to the gel. As a result, the
smaller DNA strands move faster than the larger ones through the gel toward the
positive current. The size of the PCR product can be determined by comparing
with a DNA ladder, which contains DNA fragments of known size within
the gel.
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The PCR Process Can Be Divided into Three Stages
Exponential Amplification At each cycle, the amount of product is doubled
(assuming 100 % reaction efficiency). The reaction is very sensitive: only minute
quantities of DNA need to be present.
Leveling Off Stage The reaction slows as the DNA polymerase loses activity and
as consumption of reagents such as dNTPs and primers causes them to become
limiting.
Plateau No more product accumulates due to exhaustion of reagents and enzyme.

Advantages and Limitations of PCR and qPCR
PCR is a simple technique to understand and use, and it produces results rapidly
(Vogel et al. 2012). It is highly sensitive, with the potential to produce millions to
billions of copies of a specific product for sequencing, cloning, and analysis. This is
true of qPCR as well, but qPCR has the advantage of quantification of the synthesized product. Thus, it can be used to analyze alterations of gene expression levels
in microbes, various biological tissues, and cells.
However, PCR and qPCR also have limitations. DNA extraction and PCR
amplification-related biases, such as the success of DNA extraction among variable species as well as different amplifications and the presence of PCR inhibitors, PCR artifacts, and primer specificity and efficiency, can all skew the results
of the community composition (Wintzingerode et al. 1997). Because they are
highly sensitive, any form of contamination of the sample by even trace amounts
of DNA can produce misleading results (Smith and Osborn 2009; Vogel
et al. 2012). In addition, to design primers for PCR, some prior sequence data
are needed. Therefore, PCR can be used only to identify the presence or absence
of a known pathogen or gene. Another limitation is that the primers used for PCR
and qPCR can anneal nonspecifically to sequences that are similar, but not
completely identical to target DNA. Moreover, incorrect nucleotides can be
incorporated into the PCR or qPCR sequence by the DNA polymerase, albeit at
a very low rate.

1.1.3.2

Fluorescence In Situ Hybridization (FISH)

FISH is a cytogenetic technique that uses fluorescent probes that bind to only
those parts of the chromosome with a high degree of sequence complementarity to
detect and localize the presence or absence of specific DNA sequences, allowing
visualization of nucleic acid sequences in their native context at the single-cell
level. FISH can be performed on a variety of targets, including RNA within cells,
DNA in metaphase chromosome preparations obtained from mitotic cells, or
DNA in interphase nuclei from cells in the non-mitotic phases of the cell cycle.

6

W. Zhang and I. Lou

Fig. 1.1 Flow chart of a
typical FISH procedure
(Moter and Gobel 2000)

Over the last decade, sensitivity and speed have made FISH a powerful tool for
phylogenetic, ecologic, diagnostic, and environmental studies in microbiology
(Amann et al. 1990b).

FISH Procedure Includes the Following Steps Shown in Fig. 1.1
Fixation of the specimen
Preparation of the sample, possibly including specific pretreatment steps
Hybridization with the respective probes for detecting the respective target
sequences
Washing steps to remove unbound probes
Mounting, visualization, and documentation of results

Advantages and Limitations of FISH
The main advantage of FISH is that it allows simultaneous visualization, identification, enumeration, and localization of individual microbial cells. Probes detecting
all cyanobacteria and specifically certain cyanobacterial groups have been designed
(Loy et al. 2003). As a result, it is useful for many applications in all fields of
microbiology, including physical mapping; studies of biological processes such as
DNA replication, RNA processing, and gene expression; and studies of chromosome evolution, including conservation of sequences and chromosome
rearrangements between species. However, the major limitation of the standard
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FISH is its applicability only for ribosomal RNA and DNA and difficulties of
optimizing the permeability protocol for diverse bacterial populations. In addition,
low signal intensity, low ribosomal content of a cell, or autofluorescence of
organisms decrease the sensitivity of FISH.

1.1.4

High-Throughput Sequencing (HTS)

Gene sequencing is a great way to interpret life, and HTS technology is a revolutionary technological innovation in gene sequencing researches, which has been
widely applied in multilevel researches on genomics, transcriptomics, and
epigenomics. It has fundamentally changed the way we approach problems in
basic and translational researches and created many new possibilities. It could
give detailed information on microbial community structure qualitatively and
quantitatively. The amplification of 16S rRNA regions coupled to the HTS generation of multimillion reads has the full potential for obtaining a complete coverage
of microbial communities. Some advancements in HTS help to investigate the
complex interactions between the species present in a given community at deeper
level. Currently, the HTS techniques exhibit overwhelming superiority on profiling
the complex interactions between the species in the microbial community for its
unprecedented sequencing depth (Kwon et al. 2010; Ye and Zhang 2011).

1.1.4.1

Advantages and Limitations

HTS technology is becoming the most commonly applied method in microbial
ecology and important tool for our understanding about microbes when investigating the composition of microbial communities. It is a cost-effective means of
identifying thousands of microbial phylotypes that are present in samples (Sogin
et al. 2006; Lauber et al. 2009). Although the cost of current HTS is higher than
traditional methods, it can provide much more information than other 16S rRNAbased or microscopic assays. Therefore, it is a promising way to monitor microbial
communities of important environmental samples automatically and precisely.
However, while the cost and time have been greatly reduced, the error profiles
and limitations of the new platforms differ significantly from those of previous
sequencing technologies. It also requires a detailed understanding of the technologies available, including sources of error, error rate, as well as the speed and cost of
sequencing.
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Modeling of Algal Blooms

Algal blooms often occur in estuary due to excessive flow of nutrients from
domestic drainage and industrial and agricultural waste. The project’s objectives
were to develop efficient risk assessment and algal bloom prediction mechanism
through a series of statistical modelings.

1.2.1

Artificial Neural Network (ANN)

ANN is a powerful computing techniques, which is designed to simulate human
learning processes by establishing linkages between process input and output data.
It is adopted as an alternative approach for extracting information, without any
assumptions of the nature of the nonlinearity. ANN can be considered to map the
nonlinear relationships that are characteristics of aquatic ecosystems, and a variety
of models (Oh et al. 2007; Singh et al. 2009; Jung et al. 2010) based on ANN for
predicting the algal blooms from the water variables have been developed. However, ANN alone is not able to handle both linear and nonlinear characteristics
equally well, although it is possible to simulate both linear and nonlinear structures,
and there are also some contradictory reports in the literature on ANN performance
in forecasting time series data (Zhang 2003).

1.2.1.1

Advantages and Limitations

ANN has been widely applied with advanced development with its advantages,
such as no underlying assumption about the distribution of data, arbitrary decision
boundary capabilities, universal approximation capabilities, easy adaptation to
different types and structures of data, ability to fuzzy output values to enhance
classification, and good generalization capabilities. However, ANN has some
disadvantages shown below, which need to be considered in practical application.

Black Box
ANN is a black box in nature. It can be a good choice when the problem is to find
the output response to the input such as system identification (Cortes and Vapnik
1995). However, if the problem is to specifically identify causal relationship
between input and output, ANN has only limited ability to do it compared with
conventional statistical methods.

1 Monitoring and Modeling Algal Blooms
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Long Computing Time
ANN training needs to determine network structure and update connection weights
iteratively, which is a time-consuming process. With a typical personal computer or
workstation, the algorithm will take a lot of memory and may take hours, days, and
even longer before the network converge to the optimal point with minimum mean
square error. Conventional statistical regression with the same set of data, by
comparison, may generate results in seconds using the same computer.

Overfitting
With too much training time, too many hidden nodes, or too large training dataset,
the network will overfit the data and have a poor generalization, i.e., high accuracy
for training dataset but poor interpolation of testing data. This is an important issue
being investigated in ANN research and applications (Huang 2009).

1.2.2

Support Vector Machine (SVM)

SVM is a new machine learning technology based on statistical learning theory and
derived from instruction risk minimization, which can enhance the generalization
ability and minimize the upper limit of generalization error (Gao et al. 2009). It
emerges as a method in parallel with ANN, solving problems related to classification, learning, and prediction. The ability of the SVM classification depends mainly
on the kernel type and the setting of the parameters. Selection of an appropriate
kernel for a certain classification problem influences the performance of the SVM
because different kernel functions construct different SVMs and affect the generalization ability and learning ability of SVM (Li et al. 2008). With appropriate
kernel functions, SVM provides higher classification accuracies than multilayer
perceptron neural networks (Burges 1998; Cristianini and Taylor 2000).

1.2.2.1

Advantages and Limitations

Compared to ANN, SVM has advantages of only requiring a small amount of
samples, high degree of prediction accuracy, and long prediction period by using
kernel function to solve the nonlinear problems. Good generalization ability and the
less dependency on the dataset make SVM better in classification as compared to
other classifiers (Kausar et al. 2011). It has been attracting more and more interest in
recent years since it can provide a new approach for predicting the phytoplankton
abundance in the reservoirs (Liu et al. 2009). However, the performance of SVM is
determined directly by feature selection and parameter selection, requiring a large
amount of data that are available. It can be time-consuming by trial and error.
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Relevance Vector Machine (RVM)

RVM is a machine learning technique based on Bayesian sparse kernel model with
an appropriate prior to obtain solutions for regression and classification tasks
(Tipping 2001). The RVM has an identical functional form to the SVM but provides
probabilistic classification. In comparison with the equivalent SVM, the most
compelling feature of the RVM is its superior generalization performance and a
shorter time for prediction because relatively few “relevance vectors” are used in
effecting the prediction (Rasmussen and Williams 2006).

1.2.3.1

Advantages and Limitations

RVM has attracted much interest for various engineering applications recently
(Samui 2011, 2012). The major advantages of RVM include (a) reduced sensitivity
to die hyperparameter settings, (b) the ability to use non-Mercer kernels,
(c) probabilistic output with fewer relevance vectors for a given dataset, and
(d) no need to define the specific parameter (Pal 2009). However, it must be
noted that the principal disadvantage of RVM is in the complexity of the training
phase, as it is necessary to repeatedly compute and invert the Hessian matrix. For
large datasets, this may make training considerably slower than other machine
learning techniques.

1.2.4

Extreme Learning Machine (ELM)

ELM is a new learning algorithm for the single hidden layer feedforward neural
networks used in classification and regression, basing on empirical risk minimization theory. It has extremely fast learning speed since the learning process needs
only a single iteration and avoids local minimization. The training speed compared
with the traditional algorithm based on gradient descent has been significantly
improved (usually 10 times or more) (Deng et al. 2010a, b). ELM has been used
in various fields and applications because of better generalization ability and fast
learning rate. Examples (Huang et al. 2004, 2006; Wong et al. 2013) also showed
that ELM possesses a superior performance than other conventional algorithms on
different benchmark problems from both regression and classification areas.

1.2.4.1

Advantages and Limitations

ELM represents one of the recent successful approaches in machine learning,
particularly for performing pattern classification. The most significant advantage
of ELM is its short training time and fast learning speed. As well as the widely used
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neural network, ELM has a great and rapid development due to its good learning
capability and generalization performance.
However, ELM also has some limitations. Since ELM is based on the empirical
risk minimization without considering the structural risk, it may lead to over-fitting
problems (Rong et al. 2008). In addition, ELM directly calculates the least squares
solution. The users cannot fine-tune according to the characteristics of the datasets
may cause poor controllability. At the same time, the performance of model will be
greatly affected when there are outliers in the data sets, which leads to poor
robustness (Ding et al. 2013).

1.3

Conclusions

Through a general introduction to the basic theoretical background for monitoring
and modeling algal blooms in freshwater reservoirs, different methods have its
advantages and limitations. It is suggested that combination of two or more research
methods can lead to better monitoring, modeling, and forecasting results.
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Komárek J, Fott B (1983) Chlorophyceae (Grünalgen), Ordnung Chloroccales. In: HuberPestalozzi G (ed) Das Phytoplankton des Süsswassers. Systematik und Biologie. Die
Binnengewässer 16. E. Schweizerbart’sche Verlagsbuchhandlung, Stuttgart
Krammer K, Lange-Bertalot H. Bacillariophyceae 1. Teil: Naviculaceae. In: Ettl H, Gerloff J,
Heynig H, Mollenhauer D, editors. Süsswasserflora von Mitteleuropa. Jena: Gustav Fisher
Verlag; 1986.
Krammer K, Lange-Bertalot H. Bacillariophyceae 2. Teil: Bacillariaceae, Epithemiaceae,
Surirellaceae. In: Ettl H, Gerloff J, Heynig H, Mollenhauer D, editors. Süsswasserflora von
Mitteleuropa. Jena: Gustav Fisher Verlag; 1988.
Krammer K, Lange-Bertalot H. Bacillariophyceae 3. Teil: Centrales, Fragilariaceae, Eunotiaceae.
In: Ettl H, Gerloff J, Heynig H, Mollenhauer D, editors. Süsswasserflora von Mitteleuropa.
Jena: Gustav Fisher Verlag; 1991a.

1 Monitoring and Modeling Algal Blooms

13

Krammer K, Lange-Bertalot H (1991b) Bacillariophyceae 4. Teil: Achnanthaceae. Kritische
Ergänzungen zu Navicula (Lineolatae) und Gomphonema In: Ettl H, Gärtner G, Gerloff J,
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Chapter 2

Water Resources and Importance
of Reservoirs
Weiying Zhang, Inchio Lou, and Jianyong Huang

Abstract Sustainability emerges as a green conception from its potential to balance development and environment, especially in urban water system. Macau is a
seaside city but with water scarcity and owns two main storage reservoirs, of which
96 % raw water comes from the West River of Mainland China. However, the water
quality in the upstream is worsening, and salt tide periodically affects the raw water,
which deteriorates the water resource and affects the sustainability of the whole
city. To solve the problems, the government introduces a series of policies including reclaimed water plan, rainwater collection plan, and saving water plan. To
better assess the risk of algal blooms forming, eutrophication analysis has become a
routine monitoring item. The results show that Main Storage Reservoir is categorized as a reservoir between eutrophic and hyper-eutrophic degree.
Keywords Water resources • Reservoirs • Water-saving policies

2.1
2.1.1

Water Resource Situation
Raw Water Imported from China

Macau as an international casino and tourism city locates in the Pearl River Delta
Region near the coastal Southeast China. It has faced intense pressure of water
supply because of the scarcity of raw water and the rapid economic growth in recent
years. Although Macau owns two effective storage reservoirs named Main Storage
Reservoir (MSR) and Seac Pai Van Reservoir (SPVR), it has virtually no conventional water resources, with 96 % of the raw water supply coming from Mainland
China. The four water treatment plants including Ilha Verde Water Plant, MSR
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Fig. 2.1 Raw water supply system of Macau

Plant, MSR II Plant, and Coloane Water Plant almost met the whole Macau water
demand. All of them receive raw water mainly from Zhu Xian Dong Reservoir in
Zhuhai, which is supplied by the Hong Wan Pumping Station from the Modaomen
Channel (Fig. 2.1).

2.1.2

Reservoirs

Macau is a tourism city attracting more and more people, which leads to the
increasing amount of water demand. The water supply capacity must be enhanced
to meet with the water demand. There are two main storage reservoirs in Macau.
MSR located in the east part of Macau peninsula is the biggest reservoir in Macau,
with the effective storage capacity of about 1.9  106 m3 and the water surface area
of 0.35 km2. It is a small pumped storage reservoir that receives raw water from the
West River of the Pearl River network and supplies to all the Macau water
treatment plants. MSR can sustain the water system alone without new imported
raw water for about one week. In addition, MSR is particularly important as the
temporary water source during the salty tide period when high salinity concentration is caused by intrusion of seawater to the water intake location.
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SPVR is in the Coloane region near Cotai, with the effective storage capacity of
0.3  106 m3 and the water surface area of 0.1 km2. Comparing with the similar
size, the depth is the different physical properties between the two reservoirs. At
3 m deep in SPVR, MSR is nearly 4 times than that. However, it receives raw water
from MSR and supplies to Coloane Water Plant, which means the quality of raw
water is different from any other WTP. Some techniques should be applied to meet
the water treatment requirements.
Besides MSR and SPVR, some reservoirs are responsible for other role. Ka Ho
Reservoir (KHR) and Hac Sa Reservoir (HSR) in Coloane, with storage capacity of
0.5  106 and 0.2  106 m3, respectively, are supplying water for the park or
playing.

2.1.3

Water Reuse

The situation that most of raw water in Macau is supplied from Mainland China
indicates the potential hazards of freshwater water supply chain. Especially, it has
very low utilization in the field of unconventional water resources (reuse water,
rainwater, seawater, etc.). In addition, the rapid growing population and economy
increases the water demand and water supply dependence from Mainland China.
The reuse water utilization can alleviate the water scarcity situation and decrease
the wastewater discharge, which also alleviates the sea pollution around Macau.
There were five wastewater treatment plants built up with the designed capacity of
3.63  105 m3/day. Actually, they deal with 5.34  107 m3 wastewater yearly
(1.463  105 m3/day), which was 90 % of the total amount of wastewater. The
standard of treated wastewater in Macau was good. For example, the water quality
from Cross Border Industrial Wastewater Treatment Plant met the National Emission Standards level 1A, while others only met up to the National Emission
Standards level 3. Therefore, when it comes to the developing and utilizing of
wastewater resources, it is necessary to further improve the wastewater treatment
technique and build the infrastructures of reuse water project. Since the stable of
wastewater discharge and the mature technique, wastewater reuse may be one of
mainly methods applied to alleviate the water scarcity situation.

2.1.4

Water-Saving Policies

The government recently put out a series of policies such as wastewater reuse
policy, rainwater collection policy, water-saving policy, etc. to improve the conventional water resources. However, the nonconventional water resources such as
reuse water and rainwater are not widely used currently. Thus, the government
should make a great effort to strengthen the public water-saving consciousness. The
activities not only occur in the occasion of the government, school, and company
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but also that of hotel, gaming industry, and other public places. It is important to
make people aware of that the water resource in Macau is precious, especially
during salt tide in Macau water system.
Saving water plan is the most effective way to alleviate the water shortage
directly. If the customers save 10 % water consumption, more than 8.3  106 m3
would be saved from water resources. However, because of the low water price in
Macau, the customers have poor water-saving consciousness. Particularly for the
commerce and public, the phenomenon of wasting water is severe. For this, the
government has done a series activities. Since 2008, the government organized a
promoting working group on constructing the water-saving society. In 2009, the
working group promoted “SEM water-saving subsidy plan” attracting 20,000 SEM
to participate and “hotel water-saving subsidy plan” attracting the participation of
more than half of hotels that occupied 90 % hotel water consumption. In addition,
there were 100,000 water-saving instruments settled in customers of public and
household, which can save water 0.75  106 m3/year. In the part of reducing
leakage ratio, the Macau water successfully reduced the ratio from 13.14 % in
2008 to 9.5 % in 2013. The amount of water saving of this part was 0.6  106 m3
in 2013. For the large water consumption customer like schools containing a huge
number of people, the working group via “the campus symposium about watersaving measures” promoted the campus water-saving consciousness and specific
measure for the building, rebuilding, or expanding schools. Since 2011, the Macau
water implemented new water price standard and it was adjusted in 2014. It
strengthened the willingness of water saving via the price. In addition, the government would offer water price subsidy in different degrees. For the large water
consumption customers, it reduced the water price subsidy. The above adjustment
reflected the principle of “use more, pay more” and motivates customers to conserve water.
Another water-saving plan named “civil water-saving subsidy plan” is considering the salt tide. The working group promoted this plan since 2008. It was that
when the customer saved 10–30 % water consumption comparing the amount of last
year from October to March next year, 30 MOP to 250 MOP, as water-saving
subsidy would be returned in April to May. The amount of water saving in this
period in 2014 was 0.12  106 m3 (0.13  106 m3 in 2013), and the subsidy was
0.29  106 MOP (0.28  106 MOP in 2013). There were 300 more customer units in
2014 than that in 2013, which indicated the water-saving consciousness among
customers was increasingly strengthened.
Besides, low water price leads to poor awareness of water saving, especially for
the water users of the industry, commerce, and public. Thus, the water price system
should be improved. Based on the practical situation in Macau, it is necessary to
explore the water-saving incentive mechanism for the water price, such as classified, tiered, and seasonal water price.
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Importance of Reservoirs

In the urban water system, water supply and water demand are linked by economy,
sociality, and environment. Since Macau is a tourism city attracting increasing
people, the water supply capacity must be enhanced to meet with the water demand.
With the rapid development of tourism and gambling, the reservoirs in Macau have
played a vital role in water supply and storage aspect. The two effective storage
reservoirs MSR and SPVR with the total water storage capacity of 2.2  106 m3 can
sustain the Macau water system for about 7 to 8 days. Thus, it is necessary to protect
and monitor the reservoirs, especially during salty tide and environmental pollution
periods.

2.2.1

Salty Periods

Salty tide is a phenomenon occurs in the lower course of a river at low altitude with
respect to the sea level. It becomes salty when the discharge of the river is reduced
during dry season and usually worsened by the result of astronomical high tide. In
water system, salty tide affects the saltiness of raw water, which can result in less
raw water supply and higher water treatment cost. The salty periods are usually
from October to March in Macau, which is the relative dry season with low rainfall.
According to the records by Macao Water Supply Co. Ltd., one of the most serious
salty tides occurred in 2005. Macau residents rushed to purchase the bottled water
to neutralize high-salinity water, because the salinity of supply water was 500 mg/L
which was twice the international standard. Facing the problem of salty tide, Macao
Water Supply Co. Ltd. tried to introduce the reverse osmosis membrane treatment
technology to the seawater desalination in the laboratory. However, the cost was too
expensive, so the experiment was stopped.

2.2.2

Environmental Pollution

Another hazard to the water supply system in Macau is environmental pollution.
Once the upstream water source is polluted, such as by harmful substances leaking,
heavy metal excessive emissions, or algal blooms, Macau needs to reduce or even
stop the input of raw water outside. The whole water supply will greatly depend on
the local reservoirs during the pollution periods. It should be pointed out that algal
blooms are the most common problem in Macau reservoirs, which endanger the
safety of drinking water and human health directly by the release of toxins such as
microcystin and cylindrospermopsin.
Since the raw water upstream is affected by the salty tide and pollution in recent
years, Macao Water Supply Co. Ltd. and the government change the raw water
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intake, which gets more and more close to the upstream as Guang Chang Pumping
Station, Ping Gang Pumping Station, and Zhu Zhou Tou Pumping Station even
received raw water from the Zhu Yin Reservoir to Zhu Xian Dong Reservoir
(Fig. 2.1). On the other hand, the government plans to renovate the KHR and
HSR in order to increase the water storage capacity and ensure the water supply
safety of Macau.

2.3

Eutrophication Analysis

Eutrophication in freshwater bodies is a growing concern, which is caused by
discharge of excessive nutrients, particularly nitrogen and phosphorus. In order to
assess the risk of algal blooms, eutrophication analysis has become routine monitoring of water quality, which is calculated by the trophic state index (TSI). Our
recent study (Zhang et al. 2014) showed that MSR has the trophic state index (TSI)
of 65–82 during the study period, which is categorized as a eutrophic to hypereutrophic reservoir.

Reference
Zhang W, Lou I, Ung WK, et al. Spatio-temporal variations of phytoplankton structure and water
quality in the eutrophic freshwater reservoir of Macau. Desalin Water Treat. 2014;55(8):1–16.

Chapter 3

Spatiotemporal Variations of Phytoplankton
Structure and Water Quality
in the Eutrophic Freshwater Reservoir
of Macau
Weiying Zhang, Inchio Lou, Wai Kin Ung, Yijun Kong, and Kai Meng Mok

Abstract In small-scale pumped storage reservoirs, physical disturbances have
been suggested to be one of the main factors influencing phytoplankton structure
and water quality. This study presented data on dynamic changes of the phytoplankton structure and the quality of raw water sampled monthly from January 2011
to June 2012, in three locations (with two different water levels each) of a small
pumped storage reservoir of Macau (MSR). The trophic state index (TSI), phytoplankton structure indices, and multivariate statistical techniques were applied for
assessing trophic state, phytoplankton community, and spatiotemporal variations of
the reservoir, respectively. The results showed that the reservoir was categorized as
a eutrophic-hypereutrophic reservoir, with the dominance of Cyanophyta in 2011
and of Chlorophyta and Bacillariophyta in 2012. Lowest diversity/evenness and
highest dominance happened in June 2011, while highest diversity/evenness and
lowest dominance occurred in May 2012. Principal component analysis (PCA)
identified four factors that can explain 80.8 % of the total variance of the water
quality data, and cluster analysis (CA) generated two clusters of spatial similarity
among the six sampling points and two clusters of temporal similarity among the
eighteen months. Discriminant analysis (DA) results revealed only three parameters
(TP, NO3-N, and Chl-a) that could afford 100 % correct assignation in temporal
analysis, while no spatial variation was found in spatial analysis. This study
highlighted the usefulness of the combination of these methods for the evaluation
and interpretation of complex water quality data sets and assessment of pollution
level of small-scale eutrophic reservoirs. The results from the study can be used in
developing monitoring program of freshwater bodies.
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3.1

Introduction

Phytoplankton structure and water quality in freshwater eutrophic reservoirs are
becoming a serious concern, which may lead to proliferation of harmful phytoplankton (called algal blooms) under favorable conditions. Algal blooms disturb the
ecosystem, deteriorate the water quality, and most importantly produce cyanotoxins
that pose a serious health hazard for humans (Sivonen and Jones 1999; Paerl and
Huisman 2009). To better understand the problem of algal blooms and prevent their
occurrences, it is imperative to analyze the phytoplankton structure and the
corresponding water quality. Understanding the spatial and temporal variations of
phytoplankton community and water quality could help in developing regular
monitoring program that is a helpful tool not only to evaluate the impacts of
pollution sources but also to ensure an efficient management of water resources
and the protection of aquatic ecosystems.
Human activities such as periodic pulses of mixing have influenced reservoir
features including retention times and water-level fluctuations (Tundisi et al. 1999).
Due to physical disturbances in small-scale pumped storage eutrophic reservoirs,
changes of phytoplankton community structure response to water quality tend to be
more pronounced (Naselli-Flores 2000; Naselli-Flores and Barone 2005). These
changes can reveal important aspects of susceptibilities and tolerances of the
species present that form the community, which is fundamental to biological
monitoring of the reservoirs. Previous studies on reservoirs have generally dealt
with the structural compositions of the phytoplankton community, focusing on the
taxonomic surveys and ecological studies (Nogueira et al. 2010; Baykal et al. 2011;
Lira et al. 2011). Diversity and community comparison indices of Shannon-Wiener
diversity, Simpson diversity, Pielou’s evenness, Stander’s SIMI, and Margalef’s
richness have been recognized as useful ways for analyzing phytoplankton structure
in different water bodies all over the world (Pontasch et al. 1989; Lira et al. 2009;
Lymperopoulou et al. 2011; Fernandez et al. 2012).
For analyzing the complex data set obtained from large numbers of samples and
water quality parameters at different times and places, univariate and bivariate
statistical techniques were traditionally used, which could be far from adequate.
Recently, multivariate statistical techniques including PCA, CA, and DA have been
proven to be more helpful in the interpretation of complex data matrices to better
understand the water quality. These methods have been employed to evaluate and
examine the spatial and temporal variations and trends in water bodies (Helena
et al. 2000; Lee et al. 2001; Shrestha and Kazama 2007). PCA is a very powerful
technique applied to reduce the dimensionality of a data set consisting of a large
number of interrelated variables while retaining as much as possible the variability
present in data set. It uses an orthogonal transformation to convert a set of
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observations of possibly correlated variables into a set of values of uncorrelated
variables called PCs, thus reducing the complexity of multidimensional system by
maximization of component loadings variance and elimination of invalid components. PCA technique was previously used alone or in combination with other
methods, to simplify the interpretation of the relationship within complex data set
and model aquatic environmental and ecological processes (Çamdevýren
et al. 2005; Te and Gin 2011). In analyzing the temporal and spatial difference of
the samples, CA and DA analyses were applied. CA can group objects (cases) into
classes (clusters) on the basis of similarities within a class and dissimilarities
between different classes, so that the objects in the same cluster are more similar
to each other than to those in other clusters, helping in mining the data, and indicate
patterns (Vega et al. 1998). DA provides statistical classification of samples, and it
is performed with prior knowledge of membership of objects to a particular group
or cluster (such as temporal or spatial grouping of a sample is known from its
sampling time or site). The DA results are able to group the samples sharing
common properties and help in prediction (Varol et al. 2012).
MSR, a small pumped main storage reservoir of Macau, was reported to have
experienced increasing frequency of algal blooms, with high concentrations of
Cylindrospermopsis and Microcystis which were producing cyanotoxins (Zhang
et al. 2011). However, detailed information about the phytoplankton composition
and the spatiotemporal variations in water quality of MSR is still lacking. There is
also only sparse literature integrating phytoplankton structure indices and multiple
statistical analyses for studying the spatiotemporal variation of phytoplankton
community and water quality in small-size freshwater reservoirs. We hypothesized
that phytoplankton composition and water quality would be affected greatly in such
small-scale ecosystem. The objectives of this study were to analyze the spatiotemporal variations of phytoplankton structure including dominant species, diversity,
evenness, and similarity and to perform multivariate statistical techniques (PCA,
CA, and DA) for dynamic changes of water quality in MSR. These results will be
used in evaluating the pollution level and developing a water monitoring program
in the reservoir.

3.2
3.2.1

Materials and Methods
Site Description and Sampling

Main Storage Reservoir (22 120 1200 N, 113 3300 1200 E), located in the east part of
Macau peninsula, is the biggest reservoir in Macau, with the capacity of about
1.9  106 m3 and the water surface area of 0.35 km2. It is a small pumped storage
reservoir that receives raw water from the West River of the Pearl River network
and can provide water supply to the whole areas of Macau for about one week. MSR
is particularly important as the temporary water source during the salty tide period
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when high salinity concentration is caused by intrusion of sea water to the water
intake location. However, algal bloom problems occur from time to time in the
summers, and the situation appeared to be worsening in recent years, with high
phytoplankton abundance in which Microcystis and Cylindrospermopsis were
detected as the dominant species.
During the study period, water samples were collected monthly in MSR from
January 2011 to June 2012. Six sampling points were selected at three stations
S1–S3 (Fig. 3.1) with two different water depths (0.5 and 3.5 m below the water
surface) each. Stations S1 and S3 are located in the inlet and outlet, respectively,
while station S2 is at the center of MSR. P1 (P2), P3 (P4), and P5 (P6) are
defined as the sampling points at 0.5 m (3.5 m) below the water surface at
stations S1, S2, and S3, respectively. Each sample of 2 L was kept at 80  C for
later analysis.

3.2.2

Water Quality Parameters

3.2.2.1

Abiotic Parameters

Sampling, preservation, and transportation of the water samples to the laboratory were
performed according to standard methods (APHA 1999). The samples were analyzed
for 15 abiotic parameters including water temperature (WT), Secchi depth (SD),
electrical conductivity (EC), pH, dissolved oxygen (DO), total nitrogen (TN), nitrate
nitrogen (NO3-N), nitrite nitrogen (NO2-N), ammonia nitrogen (NH3-N), total phosphorus (TP), orthophosphate phosphorus (PO4-P), chlorophyll-a (Chl-a), microcystin
(MC), cylindrospermopsin (CYN) concentrations, and precipitation. Precipitation was

Fig. 3.1 Layout of MSR
and location of water
sampling
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obtained from Macau Meteorological Center (http://www.smg.gov.mo/www/te_
smgmail.php). WT and SD were measured in situ with a mercury thermometer and
a Secchi disk. pH was determined in the laboratory with a pH meter (DKKTOA,
HM-30R). Conductivity was measured with an EC meter (DKKTOA, CM-30R). DO,
NH3-N, NO3-N, NO2-N, TN, TP, and PO43 were measured according to the standard
methods (APHA 1999). Chl-a was determined by UV-Vis recording spectrophotometer (SHIMADZU, UV-2401PC). MC and CYN concentrations were measured using
high-performance liquid chromatography (HPLC) technique.

3.2.2.2

Biotic Parameters

The phytoplankton samples were immediately fixed using Lugol’s iodine solution
for phytoplankton counting with an inverted microscope following the method of
McAlice (McAlice 1971). After 72 h sedimentation, algal species were identified
based on morphological criteria and quantified at  100 magnification along a
Sedgwick-Rafter chamber, according to the method described by Uterm€ohl (1958).

3.2.3

Data Analysis

3.2.3.1

Trophic State Index (TSI)

Trophic status was assessed using TSI, the most commonly used index, to describe
trophic level of lakes and reservoirs. The overall TSI was calculated based on TP
concentration, chlorophyll-a concentration, and SD, according to the following
equations (Carlson 1977):



lnSD
TSIðSDÞ ¼ 10  6 
ln2
 

ln 4s
TSIðTPÞ ¼ 10  6  TP
ln2


2:04  0:68lnChl
TSIðChlÞ ¼ 10  6 
ln2
TSIðoverallÞ ¼

TSI ðSDÞ þ TSI ðTPÞ þ TSI ðChlÞ
3

ð3:1Þ
ð3:2Þ
ð3:3Þ
ð3:4Þ

Four classes, oligotrophic, mesotrophic, eutrophic, and hypereutrophic states with
the corresponding TSI of <30–40, 40–50, 50–70, and 70–100þ, are defined, from
low to high primary productivity.
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3.2.3.2

Community Comparison Indices

1. The diversity was estimated using the Shannon and Wiener index (Shannon
1948):
H0 ¼ 

s
X

pi log2 pi

ð3:5Þ

i¼1

where pi is the proportion of individuals in species i and s is the number of
species encountered.
2. The Simpson index (D) of diversity was first introduced by Edward H. Simpson
(1949), and it is used to measure the degree of dominance:
D¼

s
X

p2i

ð3:6Þ

i¼1

3. The evenness was assessed using H0 (Pielou 1966) as follows:
J0 ¼

H0
log2 s

ð3:7Þ

where H0 is the Shannon index in a sample and s is the number of species.
4. Margalef’s richness index (1958) is computed using the formula
s1
lnN i

ð3:8Þ

where s is the number of species and Ni is the number of individuals. The
richness referred to the number of algal taxa registered in each sample. Generally, in a healthy environment, Margalef’s richness index is higher in the range
of 2.5–3.5 (Khan et al. 2004).
5. Stander’s similarity index (SIMI) (1970) is calculated to compare two successive
phytoplankton communities:
X
ai bi
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
SIMI ¼ qX
ð3:9Þ
X ﬃ
b2i
a2i
where ai is the ratio of the number of individuals of species i to the total number
of individuals N in sample A, bi is the ratio of the number of individuals of
species i to the total number of individuals N in sample B, and s is the total
number of species in both samples. The range of SIMI value is from
0 (no similarity) to 1 (identical). The criteria (Rohr 1977) can be divided into
five categories to evaluate the meaning of the SIMI: 0.00–0.199 represents
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dissimilarity, 0.20–0.499 is low similarity, 0.50–0.699 is medium similarity,
0.70–0.899 is similarity, and 0.90–0.999 is high similarity. Our study period was
divided into six groups (January–March 2011, April–June 2011, July–September
2011, October–December 2011, January–March 2012, April–June 2012) to
compare the similarity and quantify the differences in the kinds of species
present and their abundance data.
3.2.3.3

Statistical Analysis

Statistical analyses (PCA, CA, and DA) were carried out using PASW 19 software
package (SPSS Inc.). DA was applied to the raw data, whereas PCA and CA were
performed on standardized data through normalized transformation due to the wide
ranges of data dimensionality and different units of measurements (Liu et al. 2003;
Singh et al. 2004; Shrestha and Kazama 2007).

3.2.4

Principal Component Analysis (PCA)

Kaiser-Meyer-Olkin (KMO) and Bartlett’s sphericity tests were performed to
examine the suitability of the data for PCA (Shrestha and Kazama 2007; Varol
et al. 2012). KMO is a measure of sampling adequacy which indicates the proportion of variance that is common, while Bartlett’s test of sphericity indicates whether
a correlation matrix is an identity matrix, which would indicate that variables are
unrelated. The significance level indicated whether there were significant relationships among the variables. In our case, the selected 14 variables with complete data
set were accessed with KMO and Bartlett’s test of sphericity to verify the applicability of PCA. Only parameters with communalities greater than 0.5 were used for
analysis.

3.2.5

Cluster Analysis (CA)

The purpose of CA is to group a set of objects into different clusters based on their
similarity to each other. It is the most common approach to decide which clusters
should be combined or formed. The clusters are formed sequentially by starting
with the most similar pair of objects and grouping higher clusters in a step-by-step
method. Ward’s method with Euclidean distance (Otto 1998) is usually applied to
show similarities between two samples, and a “distance” can be represented by the
“difference” between analytical values from both of the samples. CA determines
the variability of the data set using the linkage distance, which is expressed as
Dlink/Dmax. It is traditional to use the quotient multiplied by 100 as a way to
standardize the linkage distance (Wunderlin et al. 2001). In our case, CA was
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applied to the water quality data set to group the similar spatial (6 points) and
temporal (18 months) among all the water samples, resulting in the spatial and
temporal dendrograms.

3.2.6

Discriminant Analysis (DA)

DA is the analysis used to determine which continuous variables discriminate
between two or more naturally occurring groups. The details have been described
in previous studies (Johnson and Wichern 1992; Singh et al. 2004). It performs
analysis on raw data, and its technique sets up a discriminant function for each
group, as written by the following equation:
f ðG i Þ ¼ k i þ

Xn
j¼1

W ij Pij

ð3:10Þ

where i is the number of groups (G), ki is the constant inherent to each group, n is
the number of parameters used to classify a set of data into a given group, and Wj is
the weight coefficient, assigned by DA to a given selected parameters (Pj). However, there is only one discriminant function (DF) for a two-group discriminant
analysis (DA). Wilk’s lambda is used to test if the discriminant model is significant,
where “Sig.” p value < 0.05 is required. If DA is effective for a set of data, the
classification table of correct and incorrect estimates will yield a high correct
percentage. In this study, DA was performed on grouped periods and sections
based on the CA results.

3.3

Results

3.3.1

Water Quality in MSR

3.3.1.1

Abiotic Parameters

The rainfall in the study period (data not shown here) was 2131.8 mm yearly in
average, with two peaks in the summers (June 2011 and April 2012) and nearly no
precipitation in the dry and cold seasons. Other water quality parameters were
measured and summarized in Fig. 3.2. It was shown that the physical parameters,
temperature, SD, conductivity, and Chl-a fluctuated from time to time, while DO
and pH maintained relatively stable (Fig. 3.2a). Variations in nitrogen and phosphorus concentrations (Fig. 3.2b and c) were observed during the study. The
concentrations of CYN and MC (Fig. 3.2d) showed one peak in February 2011,
after which both concentrations decreased to nearly zero in March and April of
2011. Then, both cyanotoxins showed different behaviors: the CYN dramatically
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Fig. 3.2 Variations of 14 abiotic water parameters, with: (a) temperature, pH, DO, Chl-a, SD, and
conductivity; (b) TN, NO3-N, NO2-N, and NH4+-N; (c) TP and PO43; and (d) CYN and
MC. The error bars represented the standard deviations of the six samples
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Fig. 3.2 (continued)

increased and kept at a high level until the end of 2011, while MC maintained at a
low level until April of 2012 and started to increase in May and June. These results
were consistent with the dynamic changes of the corresponding species,
Cylindrospermopsis and Microcystis (Fig. 3.5); particularly, Microcystis
maintained an extremely low level of cell number during the whole year of 2011
and gradually increased in 2012, while Cylindrospermopsis had high concentrations
in 2011 and dramatically decreased in 2012.
The TSI (SD), TSI (TP), and TSI (Chl) of the reservoir were calculated as 62–75,
66–96, and 49–74, respectively, from which the overall TSI was estimated as 65–82
by taking the average of the three values. The results indicated that MSR was
categorized as a reservoir between eutrophic and hypereutrophic status.

3.3.2

MSR Phytoplankton Community

3.3.2.1

Phytoplankton Species Compositions and Densities

Thirty-five taxa from the six divisions including Cyanophyta, Chlorophyta,
Bacillariophyta, Cryptophyta, Pyrrophyta, and Euglenophyta were identified and
shown in Table 3.1.
Cyanophyta, Chlorophyta, and Bacillariophyta were the most important phytoplankton constituents, occupying more than 95 % of the total phytoplankton, with
small variations of the monthly counting data among different sampling points
observed (Fig. 3.3). It should be noted that Cyanophyta was dominant in 2011,
especially during the summer and autumn, while Chlorophyta and Bacillariophyta
were the dominant constitutes in 2012 (Fig. 3.4). Further species-level microscopic
counting results indicated that Pseudanabaena, Cylindrospermopsis,
Dactylococcopsis, Merismopedia, Scenedesmus, and Chlorella were the dominant
species in the study period (Fig. 3.5). Starting from March 2011, cyanobacteria
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Table 3.1 Phytoplankton species composition in MSR
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Species composition
Pseudanabaena galeata, Cylindrospermopsis, Planktothrix,
Dactylococcopsis, Merismopedia, Chroococcus, Microcystis, Oscillatoria,
Aphanocapsa, Anabaena
Scenedesmus, Chlorella, Tetraedron minimum, Ankistrodesmus falcatus,
Chlamydomonas, Schroederia, Cosmarium, Selenastrum, Oocystia,
Pediastrum, Coelastrum, Staurastrum, Tetraedron caudatum, Micractinium,
Westella
Cyclotella, Achnanthes, Navicula, Fragilaria, Aulacoseira granulata
Cryptomonas
Peridinium, Ceratium hirundinella
Phacus, Trachelomonas

Mar-…

Phyla
Cyanophyta

Fig. 3.3 Densities of phytoplankton and principal phyla during the study period. The error bars
represented the standard deviations of the six sampling points

dominated with relative abundances more than 95 %. It became dominant very
rapidly and remained at high level until the end of the year. Though Pseudanabaena
was the dominant species of cyanobacteria for most of time, it was not considered to
be the notorious species, as it releases no cyanotoxins reported from literature, but
may only clog the filters during the treatment process. Different from Microcystis
spp. that were the dominant species causing algal blooms in previous years,
Cylindrospermopsis raciborskii was the dominant toxic species in the study period.
It was also found that, compared to that of 2011, phytoplankton abundance in the
first half of year 2012 was dramatically decreased, which was due to the partial
change of source water from Mainland China. This change would definitely affect
the water quality, thus resulting in the change of phytoplankton structure, in the
small-scale pumped storage reservoir.
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phytoplankton

Fig. 3.5 Densities of dominant species (belonging to Cyanophyta, Chlorophyta, and
Bacillariophyta) during the study period

The total phytoplankton maintained at a high level during April–November 2011,
which was positively correlated with temperature (rs ¼ 0.58, p < 0.01), pH (rs ¼ 0.73,
p < 0.01), NH4-N (rs ¼ 0.74, p < 0.01), and Chl-a (rs ¼ 0.90, p < 0.01) and
anticorrelated with SD (rs ¼ 0.56, p < 0.01), conductivity (rs ¼ 0.62, p < 0.01),
NO3-N (rs ¼ 0.88, p < 0.01), and NO2-N (rs ¼ 0.76, p < 0.01). These results
suggested that the most important water parameters associated with the development
of the algal blooms were temperature, pH, nitrogen source, and conductivity. Besides,
the high correlation between phytoplankton abundances and Chl-a concentrations
confirmed that the Chl-a is a good indicator of the phytoplankton measurement,
reflecting the abundance of algae in the reservoirs.
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Fig. 3.6 Indices of diversity, dominance, evenness, and richness over time. The error bars
represented the standard deviations of the six sampling points

3.3.2.2

Diversity, Dominance, Evenness, Richness, and Similarity

The seasonal variations in phytoplankton species were estimated using five indices,
Shannon and Wiener index, Simpson index, Evenness index, Margalef’s richness,
and Stander’s similarity index, to reveal the diversity, dominance, evenness, richness, and similarity of MSR, respectively, and the results were summarized in
Fig. 3.6. The index calculation was based on the number of individuals for each
species, thus showing more information and further relationship of all the identified
species than those of the only three dominant phyla shown in Figs. 3.3 and 3.4.
Small spatial variations of the monthly calculated index data were observed,
indicating that there is no much difference of those indices among different
sampling points.
It was shown that diversity and dominance varied irregularly throughout the
study period. The highest diversity (H0 ¼ 3.09) and the lowest dominance
(D ¼ 0.19) occurred in May 2012, while the lowest diversity (H0 ¼ 0.29) and highest
dominance (D ¼ 0.94) happened in June 2011.
Pielou’s index revealed the evenness of distribution of various species in the
samples. Our results showed that the evenness indices had a similar pattern to the
diversity indices, indicating that the phytoplankton community was satisfactorily
even in May 2012 (J0 ¼ 0.73), while it was uneven in June 2011 (J0 ¼ 0.07). These
results could be explained by the number of countable species and their percentage
(Fig. 3.5). Pseudanabaena had the peak in June 2011, occupying 96.89 % of total
phytoplankton, i.e., other species only had a very small portions, resulting in low
diversity and evenness. On the contrary, in May 2012 the total phytoplankton grew
in low density (Fig. 3.3), with the species appeared at balanced percentages
(33.78 % Scenedesmus, 9.44 % Tetraedron minimum, 6.95 % Cyclotella, 4.97 %
Chlorella, and 4.47 % Pseudanabaena of the total population), leading to the
highest levels of diversity and evenness.
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Table 3.2 SIMI comparisons in the study period

2011

2012

January–
March
April–June
July–
September
October–
December
January–
March
April–June

2011
January–
March
1

April–
June

July–
September

0.910
0.873

1
0.955

1

0.686

0.744

0.906

1

0.214

0.134

0.155

0.185

1

0.086

0.046

0.042

0.053

0.105

October–
December

2012
January–
March

April–
June

1

The Margalef’s richness index in MSR was estimated as 0.43–1.24 (Fig. 3.6),
which was far below the range of 2.5–3.5 reported by Khan et al. (2004).
The SIMI results varied irregularly in our study. Comparisons between two pairs
of each 3-month period (Table 3.2) showed that MSR has similarity or high
similarity (>0.7) in 2011. However, there was much dissimilarity or very low
similarity (<0.2) between January–March 2012 and April–June 2012, indicating
that the variations of phytoplankton species were high in 2012. This result was
consistent with the variations of densities and percentages of the phytoplankton
(Figs. 3.3 and 3.4), which was probably due to the partial change of the source water
from Mainland China in January of 2012.
Further statistical analysis indicated that the diversity was positively correlated
with evenness (rs ¼ 0.98, p < 0.01), while it anticorrelated with both the dominance
(rs ¼ 0.88, p < 0.01) and phytoplankton density (rs ¼ 0.73, p < 0.01). However,
the correlation between diversity and Margalef’s richness was not high (rs ¼ 0.47,
p < 0.01).

3.3.3

Principal Component Analysis (PCA)

The PCA was performed on 14 selected variables (13 abiotic parameters and 1 biotic
parameter) and total phytoplankton to compare the compositional pattern between
the water samples and determine the factors influencing each other in MSR. The
value of KMO was 0.602, above the criteria value of 0.6. The value of χ 2, calculated
as 210.06 with p value less than 0.0005 by Bartlett’s sphericity test, indicates that
the analysis was applicable (Pallant et al. 2007). The scree test suggested there were
four components (PC) with the eigenvalues greater than 1, in which all the 14 variables were included. PCA explained 80.84 % of the variance from the total data in
PC1–PC4. The biplot (Fig. 3.7) indicated that PC1 (44.92 %) was mainly composed
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Fig. 3.7 PCA results in the ordination space of the first and second PCA axes (PC1 and PC2)

of nitrogen sources and physical and biological parameters. PC2 (17.77 %) was
most influenced by climate parameters and total nitrogen. PC3 (10.13 %) and PC4
(8.03 %) were defined as the phosphorus source and Secchi depth (not shown here).
The results from PCA suggested that most of the variations can be explained by the
nutrient, physical, and soluble salts. Though PCA did not reduce the number of data
in this study (as all the variables were included), it served as a means to identify
those parameters that had the greatest contribution to variation in the water quality
of reservoirs and indicated possible sets of pollutant sources.

3.3.4

Temporal Variations

3.3.4.1

Cluster Analysis (CA)

Temporal CA generated a dendrogram (Fig. 3.8) that grouped the 18 months into
two clusters at (Dlink/Dmax) *100 ¼ 20, with Cluster 1 in April–December 2011
and Cluster 2 in January–March 2011 and January–June 2012. The two cluster
classifications were in accordance with the cyanobacteria blooming period and
cyanobacteria depression period (Figs. 3.3 and 3.4) and were also consistent with
the corresponding SD, conductivity, NO3-N, NH4-N, and Chl-a (Fig. 3.2) in both
periods, implying that sampling only during these two periods in a year possibly
suffices for assessment of temporal variations in water quality of MSR, assuming
other factors were insignificant.
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Fig. 3.8 Dendrogram showing hierarchical clustering of monitoring periods according to Ward’s
method with Euclidean distance (CA)

3.3.4.2

Discriminant Analysis (DA)

Temporal DA was performed on the two period clusters (April–December 2011/
January–March 2011 and January–June 2012). Discriminant functions (DFs)
obtained from the standard and stepwise modes of DA were listed in Table 3.3, in
which in the standard mode, all water parameters were included, while in the
stepwise mode, only three parameters were considered, thus reducing variables in
the further analysis. However, whatever the standard mode or stepwise mode was
used, it rendered the corresponding classification matrices (CMs) assigning 100 %
cases correctly. These results showed that TP, NO3-N, and Chl-a were the most
significant variables to discriminate between the two periods, i.e., accounting for
most of the expected temporal variations in MSR. Therefore, nitrogen and phosphorus sources may contribute to the concentration of Chl-a, the indicator of
phytoplankton abundance.

3.3.5

Spatial Variations

3.3.5.1

Cluster Analysis (CA)

Spatial CA results were shown in a dendrogram (Fig. 3.9) where all six sampling
points on the reservoirs were grouped into two statistically significant clusters at
(Dlink/Dmax) *100 ¼ 20. Cluster 1 consisted of four sampling points (p1, p2, p3,
and p4, i.e., the center and the inlet of MSR), and Cluster 2 consisted of the other
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Table 3.3 Classification
functions for discriminant
analysis of temporal
variations in MSR

Coefficient
Parameters
Temperature
SD
Conductivity
pH
DO
TN
TP
NO3-N
NO2-N
NH4-N
Orthophosphate
Chl-a
MC
CYN
Rainfall
Phytoplankton
(Constant)
Sig.

Standard mode
Function
0.709
14.159
0.173
0.748
2.430
16.720
3.582
71.442
0.023
43.465
148.374
0.126
817.505
1.544
0.006
0.000
103.023
0.005
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Stepwise mode
Function

5.327
14.276

0.046

1.801
0.000

Fig. 3.9 Dendrogram showing hierarchical clustering of monitoring sites according to Ward’s
method with Euclidean distance (CA)

points (p5 and p6, i.e., the outlet of MSR). These results showed that there was a
certain level of spatial fluctuation on the water quality between the inlet/center and
the outlet, in spite of the small-scale reservoir of MSR.
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3.3.5.2

Discriminant Analysis (DA)

Spatial DA was also performed on the two section clusters (p1–p2–p3–p4/p5–p6)
using standard and stepwise modes. However, the results using both modes showed
the significance level approaching to 1, i.e., failing to complete DA. The reason was
mainly because in such a small pumped reservoir of MSR, water quality characteristics at different points were similar. This result was also consistent with that
performed by CA that the water parameters in MSR are relatively uniform, and
nearly no spatial variations were found between different sampling points.
Based on the results from CA and DA, we can conclude that there is no spatial
difference for water quality variables, while much difference between different
periods exists. It is recommended that in the future water quality monitoring
program and strategy, more efforts should be placed to increase the sampling
frequency at different times, instead of increasing sampling points of MSR. Probably a couple of sampling points are enough to extract enough information for
further analysis.

3.4

Discussion

MSR is a small pumped storage reservoir with a short hydraulic retention time
(HRT) (~ 90 days); thus, its water qualities are greatly influenced by the external
source water and the anthropogenic activities. Due to the change of source water
from Mainland China in January of 2012, the SD and Chl-a concentration varied
dramatically from 0.4 to 0.75 m and 45 to 10 mg/m3, respectively. Our overall
monthly TSI results indicated that MSR was classified as eutrophic reservoir in
rainy and cold seasons (December–March) and as hypereutrophic reservoir in rainy
and hot seasons (April–November). These findings were similar to our previous
study (Zhang et al. 2011), which can be explained by that during the rainy and hot
period, it increases the risk of the pollutants from the land that are washed out and
enter the reservoir, resulting in high level of eutrophic state in the small-scale
ecosystem. In addition, the maximum density of Cyanophyta (April–November)
can influence the TSI and water quality in reservoir. Katsiapi et al. (2011) showed
that high percentage of cyanobacteria deteriorates the water quality from good to
moderate, based on the Alert Level Framework established by the World Health
Organization.
Due to the small capacity of the reservoir, only 35 phytoplankton species are
found, which showed fewer taxa than the large water bodies with the species more
than 100. Besides, the Margalef’s richness index in our study was far below the
range of 2.5–3.5 stated by Khan et al. (2004), indicating that the biodiversity level
of MSR was not high enough. The report on low values for phytoplankton species
and biodiversity indices in small eutrophic reservoir is common, as environmental
conditions in a situation of trophy tend to favor a small number of species that have
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large densities and alternate in the dominance of the community (Figueiredo and
Giani 2001). Other researches (Holzmann 1993; Reynolds 1993) also found that
compared with mesotrophic reservoirs in which coexistence of more species is
possible, a trend to lower diversity indices in small-scale eutrophic reservoir further
confirmed that diversity was more affected by the evenness than by phytoplankton
density and richness (Moustaka-Gouni 1993).
Cyanophyta, Chlorophyta, and Bacillariophyta were the most important phytoplankton constituents in MSR, which was observed in other trophic reservoirs (Lira
et al. 2011; Fernandez et al. 2012). Both the total phytoplankton and Cyanophyta
exhibited larger densities during hypereutrophic period of 2011, and the dominance
of cyanobacteria in eutrophic reservoirs has been mentioned in the previous studies
(Rahman et al. 2005; Havens 2008; Fernandez et al. 2012), involving the factors to
favor cyanobacterial blooms: high nutrient status and high water temperature (Paerl
1988; Havens et al. 1998; Havens 2008). Interestingly, starting from the late summer
to the end of 2011, Cylindrospermopsis increased dramatically and became one of the
dominant species, coexisting with Pseudanabaena. High temperature seems to be
essential for Cylindrospermopsis to develop (Saker et al. 1999), and perennial
populations have been observed in tropical areas (Fabbro and Duivenvoorden
1996; Bouvy et al. 1999; Komarkova et al. 1999). Cylindrospermopsis species allows
it to grow in relatively low levels of phosphate (Branco and Senna 1994; Presing
et al. 1996), and their preferred nitrogen source is ammonium (Branco and Senna
1994; Saker et al. 1999), which also happened in MSR. It was also noted that
Microcystis sppcuc were not counted out in most of the time during 2011, while it
was the common species in 2012. This is probably because Cylindrospermopsis
raciborskii, the dominant toxic species in 2011, releases high concentration of
CYN that reduced the growth of Microcystis spp., as CYN is able to inhibit the
protein synthesis of phytoplankton (Metcalf et al. 2004). Furthermore, the two
important cyanotoxin-producing species, Cylindrospermopsis raciborskii and
Microcystis spp., alternatively became the dominant toxic species in such a relatively
simple ecosystem as MSR. Though the mechanisms of such changes are still unclear,
it should be taken into consideration when developing the monitoring program of the
raw water and treated water, particularly for Cylindrospermopsis raciborskii whose
releasing toxin (CYN) is not a regulatory parameter.
Phytoplankton experienced low growth rates in January–March 2011 and
January–June 2012, and the dominant organisms changed from Cyanophyta to
Chlorophyta and Bacillariophyta, which were also observed in Fernandez
et al. (2012). However, the explanations for such a change were complicated, and
the physical disturbances due to temperature and partial change of the raw water
from Mainland China would be probably the major two reasons. Generally,
Chlorophyta and Bacillariophyta usually favor the shallow and enriched systems
(Reynolds et al. 2002), and their dominant species, Scenedesmus, Chlorella,
Achnanthes, and Fragilaria, varied greatly, which was consistent with the SIMI
results indicating that the large variations in phytoplankton compositions happened
in 2012.
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The Shannon index is not only the indicator of diversity but also the indicator of
pollution level of water bodies, with the H’ of 3.0–4.5 as slight, 2.0–3.0 as light,
1.0–2.0 as moderate, and 0.1–1 as heavy pollution (Datta et al. 2010). Our results
showed that 12 out of 18 months in the study were classified as moderate pollution
state, which was similar to that in Mumbai coast (Datta et al. 2010). This can be
explained by that Macau urban area is densely populated and susceptible to heavy
anthropogenic stresses.
To further study on the spatial and temporal variations in water quality, PCA was
served as a means to identify those parameters that had the greatest contribution to
variation in the water quality of reservoirs and indicated possible sets of pollutant
sources (Singh et al. 2005) In our study, phytoplankton was found to be correlated
with water temperature, pH, DO, NH4-N, and Chl-a and anticorrelated with conductivity, NO3-N, NO2-N, and SD, suggesting that high temperature, sufficient DO,
appropriate alkalinity condition, and soluble nitrogen sources favor the phytoplankton abundance. High density of phytoplankton resulted in high concentrations of
Chl-a, NH4-N, and low SD.
Compared to PCA used to identify the principle parameters for explaining the
variations of water qualities, CA is a method to classify the similar and dissimilar
groups. It has been successfully applied in water quality assessment programs and
designed the sampling strategy (Wunderlin et al. 2001; Singh et al. 2004; Varol
et al. 2012). Different from SIMI calculated based on the phytoplankton structure,
CA was based on water quality including abiotic and biotic parameters. In the present
temporal analysis of CA, two periods identified were consistent with the classification
of cyanobacteria blooming period and cyanobacteria depression period. In the spatial
analysis of CA, if the criterion of (Dlink/Dmax)*100 < 60 in previous studies (Singh
et al. 2004; Wang et al. 2012) was applied, our sampling points did not show any
difference, implying that only one sampling point may be enough for the rapid
assessment of water quality in MSR. This is because in such a small reservoirs
with a short HRT, the hydrography is homogenous and the hydraulic exchange is
high (Reynolds 1999). The stratification in MSR is thus absent or very weak, which is
likely to have an impact on phytoplankton compositions and water quality from
different depths that are sharing the same characteristics.
Besides, our DA results suggested that TP, NO3-N, and Chl-a were the most
significant variables among all the water parameters in temporal analysis, which
were consistent with the PCA results that NO3-N and Chl-a were the principal
components for explaining the variations and the temporal CA study that two
periods, algal blooms and non-algal blooms periods, can be divided. Actually the
TP and Chl-a were parameters used in calculating the TSI of the reservoir, while
NO3-N is the most important nutrient factor for phytoplankton growth. In spite of
TP being a relatively independent factor in MSR, it was often selected as one of
the most important parameters to monitor and reported as the environmental
factor affecting the blue-green algae biomass (Calijuri et al. 2002; Fernandez
et al. 2012).
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Conclusions

In small-scale eutrophic lakes or reservoirs, physical disturbances caused by natural
and anthropogenic activities have great impacts on the variations of phytoplankton
structure and water quality. This study presented data on dynamic changes of the
phytoplankton structure and water quality of a short HRT reservoir that is
experiencing algal blooms in recent years. The reservoir showed a high TSI level
of 65–82 and was determined to be in eutrophic-hypereutrophic status. Lowest
diversity/evenness and highest dominance happened in June 2011, while highest
diversity/evenness and lowest dominance occurred in May 2012, which was consistent with the number of countable species and their relative proportions. The
SIMI revealed that the variations of phytoplankton species were significant in 2012,
while it maintained relatively stable in 2011. Margalef’s richness index revealed
that the overall phytoplankton species richness level of MSR was not too high,
within the range of 0.43–1.24.
PCA identified 4 factors, which were responsible for the data structure
explaining 80.84 % of the total variance of the complete data set. CA generated
two groups of spatial similarity from six sampling points and two groups of
temporal similarity among 18 months, and DA provided an important data reduction, with only three parameters (TP, NO3-N, and Chl-a) that could afford 100 %
right assignations in temporal analysis. However, there is no spatial variation found,
mainly due to the small capacity of the reservoir. This study highlighted the
usefulness of the combination of various methods for the evaluation and interpretation of complex water quality data sets and assessment of pollution level of smallscale eutrophic reservoirs. The results from this study confirmed the variations of
phytoplankton structures and water quality in temporal distribution, with relative
homogeneity in spatial distribution, from which it can help in developing a future
plan to be used to determine the optimal sampling locations and sampling frequency in the monitoring program of MSR.
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Chapter 4

Using an Online Phycocyanin Fluorescence
Probe for Rapid Monitoring
of Cyanobacteria in Macau Freshwater
Reservoir
Yijun Kong, Inchio Lou, Yiyong Zhang, Chong U. Lou, and Kai Meng Mok

Abstract Monitoring of cyanobacteria and their toxins is traditionally conducted
by cell counting, chlorophyll-a (chl-a) determination and cyanotoxin measurements, respectively. These methods are tedious, costly, time-consuming, and insensitive to rapid changes in water quality and cyanobacterial abundance. We have
applied and tested an online phycocyanin (PC) fluorescence probe for rapid monitoring of cyanobacteria in the Macau Storage Reservoir (MSR) that is experiencing
cyanobacterial blooms. The relationships among cyanobacterial abundance,
biovolume, cylindrospermopsin concentration, and PC fluorescence were analyzed
using both laboratory and in-the-field studies. The performance of the probe was
compared with traditional methods, and its advantages and limitations were
assessed in pure and mixed cyanobacterial cultures in the laboratory. The proposed
techniques successfully estimated the species including Microcystis and
Cylindrospermopsis, which were two toxic species recently observed in the MSR.
During February–November, 2010, the PC probe results revealed high correlations
between PC and cell numbers (R2 ¼ 0.71). Unlike the chl-a content, which indicated only the total algal biomass, the PC pigment specifically indicated
cyanobacteria. These results supported that PC was a reliable parameter to estimate
cyanobacterial cell number, especially in freshwater bodies where the phytoplankton community and structure were stable. Thus, the PC probe was potentially
applicable to online monitoring of cyanobacteria.
Keywords Phycocyanin fluorescence
Cyanobacteria • Freshwater reservoir

probe

•

Online

measurement

•

Y. Kong (*) • Y. Zhang • C.U. Lou
Laboratory & Research Center, Macao Water Co. Ltd., 718, Avenida do Conselheiro Borja,
Macau SAR, China
e-mail: edwards.kong@macaowater.com
I. Lou • K.M. Mok
Department of Civil and Environmental Engineering, Faculty of Science and Technology,
University of Macau, Av. Padre Tomás Pereira Taipa, Macau SAR, China
© Springer Science+Business Media Dordrecht 2017
I. Lou et al. (eds.), Advances in Monitoring and Modelling Algal Blooms in
Freshwater Reservoirs, DOI 10.1007/978-94-024-0933-8_4

45

46

4.1

Y. Kong et al.

Introduction

As nutrients, particularly nitrogen and phosphorus, are increasingly discharged into
freshwater systems, cyanobacterial blooms are becoming a problem in reservoirs
around the world, including those used for drinking water. Cyanobacterial blooms
are caused by the proliferation of cyanobacterial cells under favorable conditions in
eutrophic water bodies, accompanied by potential increased release of cyanotoxins
such as microcystins and cylindrospermopsins that may affect the health of human
and animals (Paerl and Huisman 2009). Cyanotoxins are carcinogens and have been
associated with primary liver cancer (Kurmayer and Kutzenberger 2003). The
World Health Organization (WHO 1998) recommended that microcystin-LR levels
in drinking water should not exceed 1 μg/l (Falconer et al. 1999). This limit has
been adopted by Macao Water Co. Ltd. in their routine measurement. However,
these toxins cannot be effectively removed by conventional water treatments. For
these reasons, an efficient, reliable early warning system for rapid monitoring of
cyanobacteria in freshwater reservoirs is essential.
Traditionally, cyanobacteria are monitored using standard methods of chlorophyll-a determination, cell counting, and cyanotoxin measurements. Chlorophyll-a
quantitation is used to estimate total phytoplankton content, while cell counts
identify the taxonomic composition and absolute numbers under the microscope.
These methods are unsuitable for routine online monitoring, while cyanotoxin
measurement assays are only suitable for specific cyanotoxins by immunochemical
and biochemical methods (Carmichael and An 1999) or by high-performance liquid
chromatography (Lawton et al. 1994). All of these methods are tedious, costly,
and time-consuming. Furthermore, the broad range of cyanotoxins (such as
cylindrospermopsin, anatoxins, and saxitoxins) cannot be covered by routine monitoring at a limited cost (Codd et al. 2005).
Thus, it is important to look for a monitoring method that reliably and rapidly
identifies and quantifies cyanobacteria and differentiates them from eukaryotic
phytoplankton. Since cyanobacteria alone produce significant quantities of phycocyanin (PC) and its derivative allophycocyanin in freshwater, researchers have
developed in vivo PC fluorescence probes for online monitoring of cyanobacteria
and cyanotoxins in freshwater bodies (Beutler et al. 2002; Leboulanger et al. 2002;
Izydorczyk et al. 2005, 2009; Parésys et al. 2005; Gregor et al. 2007; Seppala
et al. 2007; Brient et al. 2008; Richardson et al. 2010; Mcquaid et al. 2011; Zamyadi
et al. 2012). Cyanobacterial PC is a typical pigment, which emits red light with a
maximum at 650 nm when excited by light around 590–630 nm (Gregor
et al. 2007). This fluorescence has become a powerful tool for detecting and
quantifying cyanobacteria, despite interference to the fluorescence process by
external factors such as cell physiology, light conditions, and water quality.
Being simple to implement and reasonably accurate, this method is frequently
used for early detection of cyanobacterial blooms in drinking water reservoirs.
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In this study, we examine the performance of the online PC fluorescence probe
in monitoring cyanobacterial cell numbers both in the laboratory and in freshwater
reservoirs. We have applied a simple online fluorescence probe to pure cultures,
mixed cultures, and water samples collected from the reservoir during February–
November, 2011. Unlike previous studies, this one compares the performance of
the probe in the presence of both low and high algae concentrations in the reservoir.
The results will be used to develop a rapid cyanobacteria monitoring program in
freshwater water bodies, in order to minimize potential health risks to human
population.

4.2
4.2.1

Materials and Methods
PC Probe

The PC probe used in this study was TriOS microFlu-blue miniature fluorometers
(TriOS Optical Sensor, Germany). The instrument measures PC only without chl-a
monitoring function. The PC detected by this probe is produced only by freshwater
cyanobacteria, thus allowing online monitoring of cyanobacterial concentration.
For compatibility with digital voltmeters and data logging devices, the submersible
sensor was provided with a RS232 interface and an analog data output. A built-in
microcontroller was installed and all settings were internally stored and automatically reloaded. A filter with excitation wavelength of 620 nm, emission wavelengths of 655 nm, and a bandwidth of 10 nm was installed for specific PC
detection. The operations of the probe are detailed in the microFlu manual (www.
trios.de).

4.2.2

Unicellular Culture Cultivation

Axenic strains of Microcystis aeruginosa (FACHB-905), Cylindrospermopsis
raciborskii (FACHB-1041), Pseudanabaena spp. (FACHB-1277), Anabaena
flosaquae (FACHB-245), and Chlorella pyrenoidosa (FACHB-5) were obtained
from the Freshwater Algae Culture Collection of the Institute of Hydrobiology,
Wuhan, China. Batch cultures of the strains were cultivated in BG11 media (SigmaAldrich) at 25  C under light at 1,000 lx.
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MSR and Sampling

The Macau Storage Reservoir (MSR) (22 12΄12΄´N, 113 33΄12΄´E) is located in
Macau, China, on the western side of the Pearl River Delta across from Hong Kong
to the east (Fig. 4.1). The surface area and mean depth of the reservoir are 0.35 km2
and 4.5 m, respectively. MSR is the main source of Macau’s drinking water,
particularly during the salty tide period. The probe was applied as a case study in
the MSR, which has experienced cyanobacterial blooms in recent summers.
Cyanobacterial levels have reached (40–200)  106 cells/l, accompanied by detectable cyanotoxin levels.
The effectiveness of the probe was evaluated on 50 water samples collected from
the MSR from February to November, 2011. Online monitoring was also performed
during October 13–23, 2011, by hourly readings of the PC concentration.

4.2.4

Enumeration of Cyanobacteria

Pure cultures (10–100 μl) or well-mixed water samples (1 ml) were preserved by
adding one drop of Lugol’s iodine before sedimentation for 72 h. The sediment

Fig. 4.1 Layout of MSR and its location
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samples were stored at room temperature. The cyanobacterial strains in the sedimentation chambers, including Microcystis and Cylindrospermopsis, were counted
manually by inverted microscope using a Sedgwick–Rafter chamber, as described
in McAlice (1971). Based on morphological criteria, each strain was enumerated at
100 magnification, screening at least three transects per chamber. The total
cyanobacteria were estimated as the sum of the number of different species. Species
were counted in the laboratory within 48 h of sedimentation. Biovolumes were
obtained from cell counts by determining the average cell volume for each species
or unit counted and then multiplying this value by the cell number present in the
sample. The result was the total volume of each species. Average volumes are
determined by assuming idealized geometric bodies for each species, measuring the
relevant geometric dimensions of 10–30 cells (depending on variability) of each
species and calculating the corresponding mean volume of the respective geometric
body (Hillebrand et al. 1999).

4.2.5

Measurement of Phycocyanin, Cylindrospermopsin,
and Chl-a

PC fluorescence was measured in situ in the water samples using the TriOS
microFlu-blue miniature fluorometers, according to the manual for the probe
measurement. Cylindrospermopsin and microcystins were measured using HPLC
(Izydorczyk et al. 2009), while chl-a concentration was measured by standard
method, 10200 H (APHA 2005), instead by using TriOS probe.

4.3
4.3.1

Results
Biovolume

Table 4.1 lists the estimated cellular volumes of the cyanobacterial species presented
in the MSR. At most time, the cyanobacterial population is dominated by
Pseudanabaena, Cylindrospermopsis, Microcystis, and Anabaena. The biovolume
of Cylindrospermopsis is around eight times larger than that of Microcystis. Among
these species, Cylindrospermopsis and Microcystis release cylindrospermopsin and
microcystin, respectively (Table 4.1), and their populations in the MSR should be
carefully monitored.
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Table 4.1 Cellular volume of different cyanobacterial species and the potential producers of
microcystin and cylindrospermopsin
Cyanobacterial
genus
Pseudanabaena
Cylindrospermopsis
Dactylococcopsis
Merismopedia
Chroococcus
Microcystis
Oscillatoria
Aphanocapsa
Anabaena

4.3.2

Cellular
volume (μm3)
31.45917
71.427
9.813
15.625
20
9.004
49.0625
4.187
47.683

Potential microcystin
producer (Y/N)
N
N
N
N
N
Y
Y
N
Y

Potential
cylindrospermopsin
producer (Y/N)
N
Y
N
N
N
N
N
N
N

Unicellular Pure Cultures

The experiments in this stage were all lab-scale studies carried out on cultured
cyanobacteria under well-controlled conditions. The probe had been pre-calibrated
by the manufacturer. Further calibration of the probe was performed in laboratory
using a commercial dissolved PC solution using C-PC derived from Spirulina
(Sigma-Aldrich) non-pure grade 60 %, as previously described (Brient
et al. 2008). Considering that dominant toxic species coexist in the MSR,
Microcystis aeruginosa, Cylindrospermopsis raciborskii, Pseudanabaena spp.,
and Anabaena spp. were grown in pure culture to assess their individual cell
number contributions to PC. The PC signals were tested in the range 0–160 μg/l.
In all three species, a strong linear correlation was observed between PC and cell
number (R2 > 0.99; see Fig. 4.2). The slopes of the best-fit lines varied greatly
between the species, from 0.2  106 mg PC/cell for Microcystis aeruginosa to
1.6  106 μg PC/cell for Cylindrospermopsis raciborskii. It was because the large
differences in cell size between species can be confirmed by comparing the PC
signal with cell counts. However, when the cell number was converted to
biovolume, the best-fit slopes for the different species were very similar
(Fig. 4.3). These results suggest that PC content is a useful indicator of cell number
and biovolume of cyanobacterial species.
Measurement accuracy could be affected by clogging of the probe sensor by
accumulation of biological films in the reservoir. To prevent this situation, the PC
probe must be regularly maintained. One possible solution is to place the probe
above the water surface while taking a PC measurement. Tests were conducted in
the laboratory on pure cultures of Microcystis, sampling 1 cm above and below the
water surface for comparison. Above the water surface, the probe yielded slightly
lower values (around 80 % of the submerged values; see Fig. 4.4b). Both approaches
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Fig. 4.2 Relationship between PC and cell number for different cyanobacterial species
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Fig. 4.3 Relationship between PC and biovolume for different cyanobacterial species

showed a strong linear correlation between PC and cell number, suggesting that
placing the probe above the water surface is suitable for continuous monitoring of
the cyanobacterial species while extending the maintenance time to avoid clogging.
Surface boundary effects (i.e., the distance from the probe to the target surface)
can also affect the detected fluorescence signal. Slight agitation induced a strong
decrease in the fluorescence signal 7 cm away from the boundary (Fig. 4.5). Thus,
we recommended that the probe need to be placed at least 7 cm to each side of the
boundary during detection period.
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Fig. 4.4 Microcystis PC measurements with probe placed 1 cm above and below the water
surface. (a) PC versus cell number and (b) comparison of PC concentrations above and below
the water surface

The PC concentration in pure cultures of different phytoplanktonic species
strongly correlates with cell number and chl-a (R2 > 95 %; see Figs. 4.6, 4.7,
respectively). To verify the advantage of the PC measurement over the traditional
approach of estimating cyanobacteria from chl-a, the probe was tested on pure
cultures of Microcystis (representing Cyanophyta) and Chlorella (representing
Chlorophyta). When Chlorella cell number increased from 4000 to 40,000, the
chl-a concentration increased, while the PC concentration remained close to zero
(Fig. 4.8). However, when the Microcystis cell number increased from 40,000 to
400,000, the PC concentration increased along with the chl-a concentration. These
results suggest that PC is a better indicator of cyanobacterial cell number than chl-a.
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Fig. 4.5 Change of PC measurement with distance of the probe from the boundary
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Fig. 4.6 Relationship between chl-a and cell number for different phytoplanktonic species

4.3.2.1

Detection Limit of the Probe

The detection limit of the probe was determined by decreasing the cyanobacterial
cell number until the initial PC concentration (~100 μg/l) had declined to the
smallest quantifiable level within acceptable errors. The corresponding cell number
at this quantification limit was defined as the detection limit. From several experiments, the detection limits were determined as 1,335 cells/ml for Microcystis spp.,
and 45 cells/ml for Cylindrospermopsis spp.
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Fig. 4.7 Relationship between chl-a and PC concentration for different phytoplanktonic species
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Fig. 4.8 Relationship between PC and chl-a as cell numbers increase in pure cultures of
Microcystis and Chlorella

4.3.2.2

Mixed Cultures

To further test the effect of coexisting species on the PC readings, two pure cultures
of Microcystis and Cylindrospermopsis, or Microcystis and Anabaena, were mixed
at different ratios based on biovolume (Figs. 4.9a and 4.10a) and cell number
(Figs. 4.9b and 4.10b). In Figs. 4.9a and 4.10a, the ratios of Microcystis/
Cylindrospermopsis and Microcystis/Anabaena were set as 1:3, 1:2, 1:1, 1:2, and
1:3 (in biovolume) with an approximate total biovolume of 6E + 9 μm3. On the
other hand, in Figs. 4.9b and 4.10b, the ratios of Microcystis/Cylindrospermopsis
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Fig. 4.9 Mixed cultures of Microcystis and Cylindrospermopsis present in different ratios of cell
number. (a) PC versus cell number; (b) PC versus biovolume; (c) comparison of measured and
calculated PC
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Fig. 4.10 Mixed cultures of Microcystis and Anabaena present in different ratios of cell number.
(a) PC versus cell number; (b) PC versus biovolume; (c) comparison of measured and calculated
PC
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and Microcystis/Anabaena were set as 1:1, 1:2, 1:3, 1:4, and 1:6 (in cell number)
with an approximate total cell number of 200,000 cell/ml. It showed that, regardless
of mixed culture composition, the PC and calculated biovolume were strongly
correlated (R2 ~ 0.99). By contrast, the correlation between PC and total cell
number varied widely among pairs of mixed cultures (R2 ranging from 0.93 to
0.73). These results indicate that PC content is proportional to biovolume, but not to
cell number. However, if the percentage of cells of different species remains
relatively constant with only a varying total cell number, so that the total biovolume
is proportional to the total cell number, the cellular volumes of the species are
constant. This would result in high correlation between PC and total cell number;
thus, the PC could also reliably estimate the number of cells in mixed cultures.
However, if the percentage of cells of different species is very distrinct, the
correlation between the PC and total cell number is varying and the PC could not
be used to estimate the cells in the mixed cultures. When comparing the measured
PC concentration with the calculated PC concentration that was obtained by
summarizing each PC value from the corresponding species cell number in the
mixed cultures, according to the standard curved established from pure culture
(Fig. 4.2), it also reveals that the calculated PC value almost matches the measured
value (Figs. 4.9c and 4.10c), further confirming that the PC probe is applicable to
cultures of coexisting cyanobacterial strains.

4.3.3

Water Samples

Because the physical, chemical, and biological conditions in the laboratory are very
different from those in the natural environment, the online PC probe was applied to
water samples collected from the MSR.
Phytoplankton were presented in the MSR at low levels (<40 million cells/l)
from January to June, 2010, and dramatically increased to 120 million cells/l in July
(Fig. 4.11), remaining at high levels until the end of the year. The observed seasonal
variation suggested that temperature was an important triggering factor of blooming. Water samples containing low phytoplankton levels were separated for further
study.
Fifty MSR water samples were analyzed between February and November,
2011, 12 collected from the low phytoplankton period (January–June, 2011) and
38 from the high phytoplankton period (July–December, 2011). Under this classification, the effect of cyanobacterial blooms on the PC probe monitoring can be
discerned, since the phytoplanktonic structure and compositions alter from
non-bloom period to bloom period. Similar to that in the mixed cultures study,
this change of species ratios would affect the correlations between PC and cell
number or biovolume, which in turn determine if the PC probe monitoring can be
used for estimating the cell number from the PC value and the PC–cell number
curve. During the low phytoplankton period, a strong correlation was observed
between PC and cyanobacterial cell number and biovolume (both shown on a log
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Fig. 4.11 Monthly phytoplankton abundances in 2010

scale in Fig. 4.12a, b). However, when all 50 samples were included in the analysis,
the correlations between the cell number and biovolume decreased to 0.71 and 0.77,
respectively (Fig. 4.13a, b). This result is attributable to the relatively constant
phytoplanktonic structure and compositions under stable conditions in January–
June, which improve the correlation. During the low phytoplankton period,
86–99 % (all in cell counts) of phytoplankton was cyanobacteria, of which
Pseudanabaena was dominant with 82–99 % of cyanobacteria. The second and
third dominant species were Cylindrospermopsis and Dactylococcopsis, both with
<10 % of cyanobacteria. Other cyanobacterial species including Chroococcus,
Merismopedia, Aphanocapsa, Oscillatoria, and Anabaena and the species of
Chlorophyta and Bacillariophyta were insignificant. These results were consistent
with the results in the mixed cultures study that similar ratios of number among
species would have better correlations. However, cyanobacterial blooming is characterized by dramatic increases of dominant species, with corresponding changes in
phytoplanktonic structure and composition. Under these circumstances, the correlation coefficient is lowered by changes in relative populations of cyanobacterial
species, assuming other environmental factors, such as changes in cell physiology
and cell age, do not change. During the high phytoplankton period (July–
December), 99 % of phytoplankton was still Cyanobacteria, of which the dominant
species were Pseudanabaena and Cylindrospermopsis, both with more than 97 % of
cyanobacteria. Pseudanabaena was consistently decreasing from 94 % to 24 % of
cyanobacteria; simultaneously the Cylindrospermopsis was increasing 4–72 %.
Despite slight reduction of R2, the online PC is nonetheless suitable for estimating
cyanobacterial cell number in the MSR.
The relationship between chl-a and cyanobacterial cell number is plotted in
Fig. 4.14. This relationship is less correlated (R2 ¼ 0.675) than that between PC and
cell number, reflecting changes in phytoplankton composition. The chl-a contents
of phytoplankton species vary considerably; for instance, chl-a content is higher in
chlorophytes and diatoms than in cyanobacteria. Chl-a is presented in
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Fig. 4.12 Log–log relationship between PC and cyanobacterial cell number (a) and biovolume
(b), in water samples of low phytoplankton abundance (collected February–June, 2011)

cyanobacteria and eukaryotic algae and has been used for many years as an
indicator of phytoplanktonic biomass. Previous studies (Gregor et al. 2007;
Izydorczyk et al. 2009; Zamyadi 2011) found that inaccuracies of PC measurement
occurred in the presence of high chl-a concentrations due to high numbers of
eukaryotic algae (such as diatoms), and chl-a is the major source of interferences
involved with the PC probe measurements. It has been suggested by Gregor
et al. (2007) to monitor eukaryotic algae fluorescence and thus to avoid the falsepositive PC readings. In addition, the PC probe measures only the PC concentration
of cyanobacteria, while chl-a monitoring assesses the chl-a concentration in all
phytoplankton groups. Thus, provided that the percentage of cyanobacteria by cell
count in the phytoplankton remains stable while that of other groups changes, the
correlation between cyanobacterial cell number and PC obtained by the PC probe is
stronger than that between the cyanobacterial cell number and chl-a concentration
obtained by chl-a monitoring. Thus, PC probe measurement would be a better
method for estimation of cyanobacterial cell number.
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Fig. 4.13 Relationship between PC and cyanobacterial cell number (a) and biovolume (b) in all
water samples collected during the study period (February–November, 2011)

Because of the predominance of Pseudanabaena and Cylindrospermopsis spp.
during the study period, cylindrospermopsin was detected rather than
microcystin. The relationship between PC and cylindrospermopsin concentration
in the monthly water samples is plotted in Fig. 4.15. The correlation is weak
because the PC probe measures the PCs of all cyanobacterial species, whereas
cylindrospermopsin is released as a single species (Cylindrospermopsis). However, our previous study (Zhang et al. 2014) revealed that Cylindrospermopsis
spp. lacking the cylindrospermopsin synthetase gene (pks) cannot produce
cylindrospermopsin under favorable conditions when these were presented in
the reservoir. Thus, cyanotoxins are not necessarily directly determinable from
PC measurements.
Our PC probe can also be used for monitoring the MSR. Cyanobacterial density
can be estimated from the probe signal. This test was undertaken during the stable
period (October 13–24, 2011), during which phytoplanktonic compositions were
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Fig. 4.14 Relationship between chl-a and cyanobacterial cell number in monthly water samples
collected during the study period (February–November, 2011)

Fig. 4.15 Relationship between PC and cylindrospermopsin concentration in monthly water
samples collected during the study period (February–November, 2011)

relatively fixed with around 50 % (all in cell counts) of Pseudanabaena, 38 % of
Cylindrospermopsis, 7 % of Dactylococcopsis, and 5 % of Merismopedia. The PC
exhibited a regular daily oscillation (Fig. 4.16), recording the highest values at
midnight and the lowest values at noon. These oscillations reflect a vertical
migration of cyanobacteria in the water column: upward by night and downward
by day, mediated by light density. Thus, light saturation at midday may also reduce
the fluorescence signal of the cyanobacteria.

62

Y. Kong et al.

Fig. 4.16 Diurnal change of PC during a stable period (October 13–24, 2011)

4.4

Discussion

In the unicellular pure culture study, the repeatability of the probe measurements
was excellent, with the high correlation coefficients >99.5 %. Using the same
in vivo probe, Brient et al. (2008) also demonstrated a linear probe signal response
with high correlation coefficients (R2  0.994) for the species of P. agardhii and
Lemmermanniella sp., as did Bastien et al. (2011) with M. aeruginosa. Taking the
upper PC limit of 200 μg/l, the cell number limit can be estimated as approximately
180,000 Cylindrospermopsis cells/ml, which was similar to the allowable threshold
values of 150,000 cyanobacterial cells/ml in Ribou Lake, France (Cagnard
et al. 2006). As raw fluorescence can be directly correlated to the total
cyanobacterial biovolume and the PC content in this study and the published
literatures (Brient et al. 2008; Bastien et al. 2011; McQuaid et al. 2011), it would
be better to use the raw probe readings, rather than the calculated results into cells
equivalent/ml using the default manufacturers’ conversion factor. Besides, the
detection limit of 1,335 cell/ml for M. aeruginosa estimated in this study is at the
same level of that of 1,700 cells/ml for P. agardhii, presented by Brient
et al. (2008). However, the cellular biovolume PC concentrations of 2  108 PC
μg/biovolume μm3 for the studied species (Fig. 4.3) are only around a half (4  108
PC μg/biovolume μm3) of those obtained by Brient et al. (2008), which is probably
due to the different cellular physiology. The effect of physiology of cells on the
cellular biovolume PC concentration is still not well understood and should be
confirmed in the future study.
The relative fluorescence corresponding to a number of cells is affected by the
cyanobacterial species present, due to their different interspecies biovolume and PC
cellular contents (Seppala et al. 2007; Richardson et al. 2010). Therefore, in the
mixed cultures study, fluorescence can be used to adequately predict the total
biovolume for two or more species, but not cell numbers, which is consistent

4 Using an Online Phycocyanin Fluorescence Probe for Rapid Monitoring of. . .

63

with the study from Brient et al. (2008). However, the PC fluorescence could still
allow us to use the in vivo probe measurement for direct estimation of cell numbers,
if it is under the condition that the cellular biovolumes of the existing species are
similar.
In the water sample study, the results of environmental samples in this study were
compared at similar levels to previous reports, with R2 of 0.7075 (PC versus
cyanobacteria) and 0.7667 (PC versus biovolume). Brient et al. (2008) observed a
strong linear correlation between the PC concentration (in log scale) and the number
of cyanobacterial cells (in log scale) based on nearly 800 samples, with a R2
value of 0.7296. Bastien et al. (2011) correlated the same type of probe readings
(transformation of RFU to log cells/ml) against biovolumes (in log mm3/l) over a
very wide range of biovolumes 1–6,000 mm3/l using 91 environmental samples
from 20 sites (R2 ¼ 0.73). Furthermore, the similar diurnal variation trend of the
PC measured in the top layer of a water column (0.5 m depth) during a stable period
was observed by Brient et al. (2008). Our results also revealed that PC concentration
is an indicator of the presence of cyanobacteria, in contrast to the chl-a content,
which is an indicator of the total algal biomass but not appropriate for the detection
of cyanobacteria. These results were consistent with the previous studies (Gregor
and Maršálek 2005; Izydorczyk et al. 2005; Brient et al. 2008). It has been emphasized in this study that the correlation of PC contents with the cell number would be
weaken in the water in which cyanobacteria assemblages vary in time and is
composed of multiple species, so as to influence the application of the in vivo
probe, which is also suggested by McQuaid et al. (2011). Different from the previous
studies, the correlation between PC concentrations and biovolume or cyanobacterial
cell number in two periods, before and during cyanobacterial blooms, was investigated in this study, showing that the change of the cyanobacteria composition and
structure would significantly decrease the correlation coefficients.
To identify the potential limitations of the probe application, Zamyadi (2011)
quantified the sources of interference and bias including:
1. The conversion factor used to estimate the cyanobacterial biovolume as a
function of the probe’s raw reading unit applicable to environmental field
situations
2. The significance of turbidity interference
3. The importance of the phytoplankton interference
4. The ability of in vivo PC measurement to provide reliable estimates at
management-driven threshold values.
It was found that the sources of interferences in probe reading include fluctuation
in the PC concentrations per cell, specificity of the light source used in the probe,
and abiotic factors, particularly water turbidity that can affect the transmission of
excitation of the light source used in the probe (Zamyadi 2011). To further assess
the measurement uncertainties in interpreting PC measurement in raw probe readings in relation to actual pigment concentration, Zamyadi et al. (2012) clarify for
the first time the utility of a PC probe for the detection of cyanobacterial blooms
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using PC simultaneously from laboratory and natural environmental samples.
Although the abovementioned sources of interference and bias were not directly
investigated in this study, a much lower correlation between cyanobacterial cell
number in environmental sample than in the pure cultures and their different
conversion factors (i.e., the differences of PC concentration per unit cell number
of one specific species in pure culture and that of the same specific species dominant
in environmental sample) confirms the interferences of the environmental factors,
such as cyanobacterial species composition and turbidity. In addition, the situation
that PC concentration changes with distance of the probe from the boundary is
similar to that PC concentration changes with water turbidity. It was also observed
in our study that the fluctuation in the PC concentration per chl-a concentration of
Microcystis occurs (referred to different slopes of the curve of Microcystis, 3.114
PC/chl-a in Fig. 4.7 versus 2.536 PC/ chl-a in Fig. 4.8), suggesting that the cells
may have different cellular physiology from time to time. Furthermore, the detection limits of the probe, 1,335 cells/ml for Microcystis spp. and 45 cells/ml for
Cylindrospermopsis spp., enable the ability of in vivo PC measurement to provide
reliable estimates at management-driven threshold values.
In drinking water utilities, an early warning system can provide timely information on raw water quality, enabling decisions concerning plant operations. The
selective detection of cyanobacteria among mixed populations is particularly
important. Since PC production is specific to cyanobacteria, PC fluorescence is a
highly selective indicator of cyanobacterial concentration. Theoretically, PC concentration is proportional to the total biovolume of cyanobacteria, rather than their
cell number. However, if the conditions in the reservoir are stable and the phytoplanktonic compositions relatively constant, PC concentrations are well correlated
with cell number, assuming the environmental factors in the field do not change
though those factors cannot be avoidable in the natural water systems. Under these
conditions, the PC probe can estimate the cyanobacterial cell numbers in the
freshwater reservoir with reasonable accuracy. However, in the situation of algal
bloom period when the nondominant cyanobacterial species were present in enough
high cell numbers, leading to relatively high percentages of biovolumes compared
to those of the dominant species, it would influence the probe reading, i.e., only the
“noise” species have much low biovolume contribution, and the probe reading
would have high correlation with the cell number of one dominant species or
several dominant species that have similar cellular biovolume.
To the authors’ understanding, PC is only contained in cyanobacteria,
Rhodophyta, Glaucophyta, and Cryptophyta, based on literature reviews. However,
the latter two (non-cyanobacteria) hardly exist in the drinking water lakes or
reservoirs. In MSR cyanobacteria was dominant (>95 %) during the study period;
the effect of PC in non-cyanobacteria was insignificant.
Traditional methods of measuring chl-a content or counting cell numbers are
tedious and time-consuming. The PC probe is easily operated by persons monitoring the water body and enables a higher sampling frequency than traditional
methods, which involve a time delay between sampling and obtain the results of
chl-a concentration and cell numbers. Though this sensor cannot supply further
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information on the toxins produced by cyanobacteria, it can assess the toxic
potential of the water bodies, particularly when toxins other than microcystins,
such as neurotoxins and cylindrospermopsins, are absent. This is because, based on
our results with acceptable correlation between PC concentration and cell count in
the water samples study, it is feasible to use the PC probe to estimate the
cyanobacterial cell number. During the cyanobacterial blooms dominated by the
toxin-producing cyanobacterial species, their cell number can be quantified using
the PC probe. Although the cyanotoxin-producing genotypes in the species may not
be expressed to produce cyanotoxin and release into the water bodies, the
cyanotoxin-producing cell number can be used to assess the toxin potential of
water bodies. In addition, the probe is easily maintained, requiring only a calibration every 2 years, and monitoring can be maintained at significantly lower cost
than is possible by taxonomic analysis and toxin measurements.
However, the probe has some limitations. Since it detects only PC emitting at
650 nm, other chlorophyll pigments remain essentially invisible; thus the distribution of the main algal groups containing chlorophyll that fluoresce at different
wavelengths cannot be determined. Furthermore, when high algal populations
elevated the PC concentration beyond 200 μg/l, the linear relationship between
the PC concentration and cell number was weakened. Specifically, the PC concentration stalled at 200 μg/l, while the cell numbers continued to increase. This
represents an approximate upper limit of detection for the probe.
In this study, we attempted to relate the PC fluorescence to the
cylindrospermopsin concentration; however, we found a low correlation between
these quantities. Previous researches (Orr and Jones 1998; Codd 2000; Long
et al. 2001) have reported that another cyanotoxin, microcystin, varies within
cyanobacterial cells in response to water parameters such as temperature, pH, and
nutrient, which may account for the poor correlation. The presence of nontoxic
strains of cyanobacteria would also weaken the correlation. However, no previous
studies have investigated the relationship between PC and cylindrospermopsin, by
which the results of our study could be compared.

4.5

Conclusions

This study investigated a PC probe for routinely monitoring the dynamic
cyanobacterial changes in the MSR. Fluorescence measurements were conducted
in vivo both in the lab and in the field. In contrast to chl-a content, which indicated
total algal biomass without distinguishing cyanobacteria, PC specifically identified
cyanobacteria. The online PC fluorescence probe was demonstrated as a successful
tool for rapid monitoring of cyanobacteria in pure cultures, mixed cultures, and
MSR water samples, provided that PC concentration remained below 200 μg/l.
Cyanobacterial biovolume is a more appropriate indicator than cell number, since it
more strongly correlates with PC. However, in freshwater systems containing
relatively stable cyanobacterial structures dominated by only one or two species
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of cyanobacteria, satisfactory correlations exist between the cell number and PC
(e.g., R2 ¼ 0.71 in the MSR). We conclude that the PC parameter is suitable for
estimating cyanobacterial cell number and is potentially applicable to online
monitoring of cyanobacteria. It may also be used for potential risk prediction
from cyanobacterial blooming in freshwater reservoirs.
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Chapter 5

Application of PCR and Real-Time PCR
for Monitoring Cyanobacteria, Microcystis
spp. and Cylindrospermopsis raciborskii,
in Macau Freshwater Reservoir
Weiying Zhang, Inchio Lou, Wai Kin Ung, Yijun Kong, and Kai Meng Mok

Abstract Freshwater algal blooms have become a growing concern all around the
world, which are caused by a high level of cyanobacteria, particularly Microcystis
spp. and C. raciborskii that can produce microcystin and cylindrospermopsin,
respectively. Long-time exposure to these cyanotoxins may affect public health;
thus, reliable detection and quantification of the algae species are challenging in
water quality management. The traditional manual counting mainly involves
microscopic identification and counting of cells, which are limited by inaccuracy
and time-consuming. With the development of molecular techniques and an
increasing number of microbial sequences available in the GenBank database, the
use of molecular methods can be used for more rapid, reliable, and accurate
detection and quantification. In this study, polymerase chain reaction (PCR),
multiplex PCR, and real-time quantitative PCR (qPCR) techniques were developed
and applied for monitoring cyanobacteria Microcystis spp. and C. raciborskii in
Macau Storage Reservoir. The results showed that the techniques were successful
for identifying and quantifying the species in pure cultures and mixed cultures and
were proved to be potential application to water samples in MSR. When the target
species were above 1 million cells/L, similar cell numbers estimated by microscopic counting and qPCR were obtained. Further quantification in water samples
indicated that the ratio of cell number estimated by microscopy and by qPCR was
0.4:12.9 for cyanobacteria and 0.2:3.9 for C. raciborskii. However, Microcystis spp.
was not observed by manual counting, while it can be detected at low levels by
qPCR, suggesting that qPCR is proved to be more sensitive and accurate than
microscopic counting. Thus the molecular approaches provide another reliable
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monitoring option, in addition to the traditional microscopic counting, for ecosystem monitoring program.
Keywords Cyanobacteria • Microcystis spp • C. raciborskii • Microscopy • PCR
and real-time PCR

5.1

Introduction

Eutrophication in freshwater bodies is a growing concern, which is caused by the
discharge of excessive nutrients, particularly nitrogen and phosphorus, leading to
proliferation of harmful cyanobacteria, such as Microcystis spp. and C. raciborskii
under favorable conditions. Cyanobacterial blooms can deteriorate the water quality by reducing transparency, decreasing biodiversity, releasing taste and odorcausing compounds, and the most importantly producing cyanotoxins that pose a
serious health hazard for humans (Paerl and Huisman 2009). The cyanotoxins are
known to be potent inhibitors of eukaryotic protein phosphatase 1 and phosphatase
2A, causing changes in cytoskeletal proteins (Kurmayer and Kutzenberger 2003).
World Health Organization (WHO 1998) set the drinking water quality guideline of
1.0 μg /L as microcystin-LR equivalent (Falconer et al. 1999). Furthermore, oxygen
depletion and ammonium release due to the decay of cyanobacteria can disturb
ecosystems such as killing fish.
Microcystis spp. and Cylindrospermopsis spp. (mainly C. raciborskii) are the
representative species of microcystin- and cylindrospermopsin-producing
cyanobacteria that commonly appear in aquatic ecosystems around the world
(Ohtani et al. 1992; Falconer et al. 1999). Detection and quantification of such
potentially toxic species in environmental samples are the key steps in studies for
monitoring the harmful algal blooms as well as developing remediation strategies
afterward. Besides, the percentage of Microcystis spp. or C. raciborskii to
cyanobacteria is an important indicator to forecast the potentials of corresponding
cyanotoxins. Hence monitoring the cyanobacteria is of extreme importance in
freshwater reservoirs.
Cyanobacteria species have been traditionally identified on the basis of their
microscopic morphology, physiology, and staining characteristics, which are limited primarily by inadequacy and inaccuracy, leading to misidentification due to
their similarities. Besides, quantification of the species that have similar morphology in environmental samples was for a long time impedes. Even skilled and
experienced technicians are occasionally unable to identify and enumerate the
species in such complex samples. For example, Microcystis strains usually form
scum (Oh et al. 2012) and misidentification of Microcystis spp. to Aphanocapsa
spp. is often (Wilson et al. 2000), and C. raciborskii has similar morphology to
other cyanobacteria such as Anabaenopsis and Raphidiopsis, making their quantification more difficult (Hawkins et al. 1997). In addition, manual procedure for
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counting the cell number is tedious and time-consuming, leading to the delay in
taking measures for cyanobacterial control.
For a couple of past decades, advances in molecular methods for evaluating
microbial diversity in natural environments enable us to develop new techniques for
identification and quantification of microorganisms. Early studies (Scholin
et al. 1994) used the fluorescence in situ hybridization (FISH) approach coupled
with microscopy or with flow cytometry to count the cell number of strain-specific
harmful algal species. Recently, PCR based on housekeeping genes, 16S/23S
ribosomal RNA sequence, and rpoC1 database are now available for researchers
to use rDNA-targeted hybridization for studying cyanobacteria. The phylogenetic
methods have the following advantages compared to the traditional identification
and quantification methods. (i) Molecular methods are more accurate: unlike
morphology, physiology, and staining characteristics, conserved phylogenetic identity does not change over time or under different conditions. (ii) The method can
yield target-specific quantitative data. By targeting multiple cyanobacteria, multiplex PCR consisting of multiple primer sets in a single PCR mixture can be
developed (Al-Tebrineh et al. 2012). To quantify the cyanobacteria, real-time
PCR that is a further advancement of the basic PCR technique is used. SYBR
green intercalating assay (Wittwer et al. 1997) and TaqMan hybridization probe
system (Giglio et al. 2003) are two of the most frequently used qPCR, in which
quantification of gene copy numbers is determined during the exponential phase of
the amplification, when the amount of amplified target is proportional to the starting
template. The quantification arises by measuring the fluorescence intensity; thus,
the amount of amplified DNA product at each stage during the qPCR cycle can be
determined. PCR and qPCR have been increasingly applied to monitor potential
cyanobacteria population changes in diverse aquatic ecosystems worldwide
(Kurmayer and Kutzenberger 2003; Pearson and Neilan 2008). These techniques
have been subsequently applied for the detection and quantification of toxic genotypes, mcy genes and cyr gene of Microcystis spp. and C. raciborskii, respectively
(Rasmussen et al. 2008; Ha et al. 2009), as they have been found to correlate with
microcystin and cylindrospermopsin concentrations in pure cultures and environmental samples.
Macau Storage Reservoir (MSR), the main drinking water storage reservoir in
Macau, is experiencing algal bloom in recent years, with a high level of
cyanobacteria, particularly Microcystis spp. and C. raciborskii, by microscopy.
Considering the drawbacks of the traditional methods that are currently used, and
the increasing use of molecular methods for water quality monitoring program
worldwide, PCR and qPCR were developed and applied in this study for identifying
and quantifying Microcystis and C. raciborskii and potentially applied to the water
samples in MSR. Previous studies (Nubel et al. 1997; Otsuka et al. 1998; Rasmussen et al. 2008) have used qPCR method in the freshwater water reservoirs for
quantifying toxic cyanobacteria that cause algal blooms, most of which only one
cyanobacteria genus or species was quantified. The purpose of this study was to
develop and apply PCR (including multiplex PCR) and real-time PCR to monitor
simultaneously the spatial and temporal distribution of cyanobacteria, Microcystis
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spp. and C. raciborskii, that are the dominant blooming causative species in MSR.
To our knowledge, this is the innovative study that is integrating the multiplex PCR
and real-time PCR for identifying and quantifying Microcystis spp. and
C. raciborskii simultaneously in freshwater water reservoir. The results were then
compared to those estimated by microscopic counting and will be used for the
construction of MSR water quality monitoring program afterward.

5.2

Materials and Methods

5.2.1

Cyanobacterial Strains and Culturing

The axenic strains of Microcystis aeruginosa (FACHB-905) and C. raciborskii
(FACHB-1096) were obtained from the Freshwater Algae Culture Collection of the
Institute of Hydrobiology, Wuhan, P.R. China. Strains were cultivated and grown
as batch cultures in BG11 media (Sigma-Aldrich) at temperature of 25  C and under
irradiance of 1000 lx. Both strains were harvested during the stationary phase for
performing PCR and qPCR experiments in pure cultures and mixed cultures.

5.2.2

MSR and Field Sample Collection

5.2.2.1

MSR

MSR (113 33´12΄´E in longitude and 22 12΄12΄´N in latitude), located in the east
part of Macau Peninsula, is the largest reservoir in Macau, with the capacity of
about 1.9  106 m3. It receives raw water from the Pearl River of China and can
provide water supply to the whole areas of Macau for about one week. It is
particularly important as the temporary water source during the salty tide period
when high salinity concentration is caused by intrusion of seawater to the water
intake location. Our recent study (Zhang et al. 2013, 2014) showed that MSR has
the trophic state index (TSI) of 58–72 in 2010 and 65–82 in 2011, which is
categorized as a eutrophic or hyper-eutrophic reservoir, and a high level of
cyanobacteria of 40–200 millions cells/L was detected in summers. Recently the
reservoir experienced the problems of cyanobacterial blooms and the situation
appeared to be worsening. The last 5 years of surveys of the cyanobacteria by the
Macao Water Co. Ltd. based on microscopy indicated that the dominant species
were Microcystis and Cylindrospermopsis (most of which are C. raciborskii), with
the detectable levels of microcystin and cylindrospermopsin found. The surveys
were mainly based on the microorganisms’ morphologies, which include identification and quantification of different species of cyanobacteria.
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Fig. 5.1 Layout of MSR and location of water sampling points

5.2.2.2

Field Sample Collection

Water samples were collected monthly in MSR from September 2011 to January
2012. Six sampling points were selected at three stations (Fig. 5.1) at two different
water depths (0.5 m and 3.5 m below the water surface) each. Stations S1 and S3 are
located in the inlet and outlet, respectively, while Station S2 is at the center of MSR.
P1 (P2), P3 (P4), and P5 (P6) are defined as the sampling points at 0.5 m (3.5 m)
below the water surface at Stations S1, S2, and S3, respectively. Two liters of each
water samples were collected and stored at 80  C for later analysis.

5.2.3

Enumeration of Cyanobacteria Using Microscopy

Pure cultures (10–100 μL) or well-mixed water samples (1 mL) were preserved by
adding one drop of Lugol’s iodine before sedimentation for 72 h. The sludge
samples were stored at room temperature. The strains of cyanobacteria present in
sedimentation chambers, including Microcystis and Cylindrospermopsis, were
counted manually by inverted microscope using a Sedgwick–Rafter chamber
from the method of McAlice (1971). At least three transects per chamber were
screened to enumerate cyanobacterial strain at  100 magnification, according to
morphological criteria. The total cyanobacteria were estimated as the sum of all the
different species of cyanobacteria.
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DNA Extraction

Densely grown pure culture (1 mL) or 175 mL of well-mixed water samples were
taken and centrifuged in 3000 rpm for 10 min to obtain the cyanobacteria pellets.
Considering the buoyant cells such as Microcystis do not settle easily at even a high
speed of centrifugation, filtration followed by scrapping the cells from the filter
paper was used. DNA extraction from the remaining pellets was carried out using
QIAGen DNeasy Plant Mini Kit (Cat. No. 69104, QIAGen, MD), according to the
manufacturer’s instructions. Extracted DNA was stored at 80  C.

5.2.5

PCR

Genomic DNA templates of pure cultures, mixed cultures, and water samples were
amplified by GeneAmp® PCR system 9700 (Applied Biosystems, CA) to demonstrate the presence of cyanobacteria, Microcystis spp. and C. raciborskii, using
specific primer sets (Table 5.1). Primer specificities with reference to the selected
sequences in this study were verified using the BLAST program of the NCBI
website (http://www.ncbi.nlm.nih.gov/tools/primer-blast/). Each PCR mixture
contained 0.5 μL of DNA template solution (0.5–5 ng DNA/ 50 μL PCR), 5 μL
of 10  PCR buffer (MgCl2 plus), 4 μL of the dNTP mixture, 0.5μL (10 pmol) of
each primer, and 0.25 μL of TaKaRa TaqTM [20 mM Tris–HCl (pH 8.0), 100 mM
KCl, 0.1 mM EDTA, 1 mM DTT, 0.5 % Tween20, 0.5 % Nonidet P40, 50 %
glycerol solution] (TaKaRa Biotechnology, China), and was adjusted to a final
volume of 50 μL with sterile water (Sigma, USA). The PCR was performed as
follows: 95  C for 5 min, 30 cycles at 95  C for 30 s, 50–60  C for 30 s, and 72  C
for 1 min and a final extension step at 72  C for 7 min. Gel electrophoresis was run
to confirm the presence of cyanobacteria, Microcystis spp. and C. raciborskii, in the
samples. All PCR products were separated on 2 % agarose gels and observed on

Table 5.1 Primers used for PCR and real-time PCR assays
Target

Primer

Sequence (5’-3’)

Cyanobacteria
16S rDNA

CYA359F
CYA781R
(a)
CYA781R
(b)
MSR-S1f
MSR-S2r
cyl2
cyl4

GGGGAATYTTCCGCAATGGG
GACTACTGGGGTATCTAATCCCATT

Microcystis
16S rDNA
C. raciborskii
rpoC1

DNA
length

Ref

470 bps

(Nubel
et al. 1997)

TCAGGTTGCTTAACGACCTA
409 bps
CTTTCACCAGGGTTCGCGAC
GGCATTCCTAGTTATATTGCCATACTA 308 bps
GCCCGTTTTTGTCCCTTTCGTGC

(Otsuka
et al. 1998)

GACTACAGGGGTATCTAATCCCTTT

(Rasmussen
et al. 2008)
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Molecular Imager ChemiDoc XRS System (Bio-Rad, USA) after staining with
ethidium bromide for 20 min.

5.2.6

Multiplex PCR

Multiplex PCR was performed for simultaneous detection of Microcystis and
C. raciborskii, in mixed cultures and water samples, using the corresponding
primers (Table 5.1). Each multiplex PCR mixture contained 1 μL of DNA template
solution (0.5–5 ng DNA/ 50 μL PCR), 25 μL of multiplex PCR mix 2, 0.5 μL
(10 pmol) of each primer, and 0.25 μL of multiplex PCR mix 1, according to the
manufacture (TaKaRa Biotechnology, China), and was adjusted to a final volume
of 50 μL with sterile water (Sigma, USA). The multiplex PCR was performed as
follows: 94  C for 1 min, 30–40 cycles at 94  C for 30 s, 50  C for 90 s, and 72  C
for 90 s and a final extension step at 72  C for 10 min. All PCR products were
separated on 4 % agarose gels and observed on Molecular Imager ChemiDoc XRS
System (Bio-Rad, USA) after staining with 6 loading dye for 20 min.

5.2.7

Real-Time PCR

Real-time PCR was performed in ABI 7500 real-time PCR system (Applied
Biosystems, CA). All reactions were carried out in a total volume of 50 μL,
containing 26 μL SYBR® Premix Ex TaqTM (Tli RNaseH Plus), including TaKaRa
Ex Taq HS, dNTP mixture, Mg2+, Tli RNaseH, SYBR® Green I, plus ROX
Reference Dye II (DRR420, TaKaRa Biotechnology, China), 1 μL forward primers
and 1 μL reverse primers (Table 5.1), 18 μL deionized water, and 4 μL DNA
templates. The thermal protocol for Microcystis spp. was first warming 2 min at
50  C and then preheating 10 min at 94  C; followed by 40 cycles of 30 s at 94  C,
34 s at 50  C, and then 1 min at 72  C; and finally dissociated 15 s at 95  C, 1 min at
64  C, and 15 s at 99  C. Fluorescence was measured at the end of each cycle at
72  C through channel F1 (530 nm) and a heating rate of 20  C s1. For
cyanobacteria and C. raciborskii qPCR, thermal cycling steps were nearly the
same as that for Microcystis, except for the annealing temperature that changed
from 50 to 60  C. All samples were amplified in triplicate. After qPCR amplification, fluorescent melting curve analysis was performed by gradually increasing the
temperature from 72 to 95  C at a rate of 0.1 os1. A correlation between the gene
copy numbers and the threshold cycle number (Ct) (the cycle number at which the
fluorescence exceeds the threshold) can be obtained.
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5.2.8

Real-Time PCR Standard Curves and Detection Limits

Standard curves and the detection limits for real-time PCR were established using
tenfold dilutions of the extracted pure culture DNA, with the concentrations ranging
from 1013 to 104 cells/L. Corresponding primers (Table 5.1) were applied to the
pure cultures of Microcystis spp., and C. raciborskii. Specific primers were used for
targeting the pure culture of C. raciborskii, and the cell numbers were estimated as
the C. raciborskii equivalent cells/L. The standard curves can be developed to relate
Ct values to the cell numbers estimated by microscopy counting.
It noted that, as the cyanobacteria cell number directly reflects the level of algal
bloom situation, we tried to relate the cell number to the Ct values, instead of the
gene copy number to the Ct values, assuming the gene copy number in each cell is
constant. The cell number estimated by real-time qPCR in present study can be
compared to that counted by microscopy that is currently used in the Macau Water
Utility. Thus the standard curves developed here were based on the cell number in
the pure cultures, not on the gene copy number, even though the gene copy number
was directly measured in the qPCR. From this point of view, the cyanobacteria cell
amount, rather than their gene copy number, was estimated directly from the Ct
values in the qPCR without quantification of cyanobacteria gene copy number.

5.3

Results and Discussion

5.3.1

Pure Cultures

5.3.1.1

PCR

The PCR amplification results (P1–P3, Fig. 5.2) confirmed the feasibility of using
cyanobacteria 16S rDNA, C. raciborskii rpoC1 genes, and Microcystis 16S rDNA
for detection of the pure cultures of cyanobacteria, C. raciborskii, and Microcystis
spp., with corresponding bands of 470 base pairs (bp), 310 bp, and 400 bp showed
by gel electrophoresis, respectively. These results were consistent with the primers’
DNA design lengths (Table 5.1). Before performing each qPCR, the gel electrophoresis results of real-time PCR products were used to confirm the presence of
cyanobacteria, C. raciborskii and Microcystis spp. (T1–T6, Fig. 5.2).

5.3.1.2

qPCR

After applying the appropriate amount of amplified DNA with the corresponding
primers for targeting specific class, species, and strains, the copy number of the
corresponding genes can be qualified with the Ct value. The standard curves were
developed to relate the Ct values to the cell numbers estimated by microscopy.
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Fig. 5.2 PCR amplification results of pure cultures. Tests for cyanobacteria 16S rDNA (P1),
C. raciborskii rpoC1 genes (P2), and Microcystis 16S rDNA (P3); verification of real-time PCR
products of standard curve development for cyanobacteria 16S rDNA (T1 and T2), C. raciborskii
rpoC1 genes (T3 and T4), and Microcystis 16S rDNA (T5 and T6); M represented marker

Table 5.2 Standard curve parameters from real-time PCR for the cyanobacteria, C. raciborskii
and Microcystis spp
Target
Cyanobacteria 16S rDNA
C. raciborskii rpoC1
Microcystis 16S rDNA

Slope
1.656
2.994
3.510

y-intercept
33.951
49.255
44.262

r2
99.2 %
99.3 %
99.6 %

Table 5.2 showed the standard curves developed for cyanobacteria, C. raciborskii
and Microcystis strains versus the Ct numbers, which have high correlation coefficients (>99 %). For example, the regression equation was y ¼ 49.2552.994x (R2
¼ 0.993, p < 0.0001) for rDNA of C. raciborskii, where y is the Ct and x is the
amount of initial DNA concentration as represented as the log10 (cell numbers). The
cyanobacteria cell number estimated using the standard curves was expressed as
C. raciborskii equivalent cells/L. The estimates of the slopes, 3.00 and 3.51, were
similar to the theoretical value of 3.32 (1/log102), which is an exact double value for
each polymerization cycle (Larionov et al. 2005). To further test the reliability of
these standard curves, two independent tests for each pure culture strain were
conducted by comparing the cell numbers estimated using qPCR with those
counted manually. Similar cell numbers with the population ratio of around
0.52–1.95 were obtained (Table 5.3), suggesting that the standard curves
established in our study were able to estimate the cell number of cyanobacteria,
C. raciborskii and Microcystis spp., in pure cultures. Furthermore, using
C. raciborskii targeted by cyanobacteria primers is successful in quantifying the
cyanobacteria abundance. However, it has to be careful when applying this quantification method to cyanobacteria, as different growth phases of cyanobacteria may
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Table 5.3 Comparison of cell numbers of specific gene targets as estimated by counting and realtime PCR in pure culture and mixed cultures

Pure
cultures

Mixed
cultures

Primer target
Cyanobacteria
16S rDNA

Pure culture strains
used
C. raciborskii

C. raciborskii
rpoC1

C. raciborskii

Microcystis 16S
rDNA

M. aeruginosa

C. raciborskii
rpoC1

C. raciborskii/
M. aeruginosa (9:1)
C. raciborskii/
M. aeruginosa (1:1)
C. raciborskii/
M. aeruginosa (1:9)
M. aeruginosa/
C. raciborskii (9:1)
M. aeruginosa/
C. raciborskii (1:1)
M. aeruginosa/
C. raciborskii (1:9)

Microcystis 16S
rDNA

Counting
number (cells/L)
3.7  1011
1.8  1011
2.8  107
1.2  108
3.7  105
1.8  105
1.1  108

Real-time PCR
results (cells/L)
2.9  1011
1.5  1011
5.4  107
1.9  108
1.9  105
1.8  105
1.1  108

6.0  107

6.4  107

1.2  107

1.2  107

3.3  105

3.0  105

1.9  105

1.8  105

3.7  104

3.2  104

affect the DNA copies of the cell number (ranging from 3 to 100) (Vaitomaa
et al. 2003).
The sensitivity analysis in this study confirmed the high sensitivity of the qPCR
using SYBR green, in which it can be used to detect as low as several cells per
milliliter of total cyanobacteria. By diluting the initial DNA amount to the appropriate folds, the sensitivity of qPCR is approximately 50 cells/mL of C. raciborskii
and around 140 cells/mL of Microcystis spp. Our reliable detection limits were
similar to those obtained by Moreira et al. (2011), in which the detection for
cyanobacteria achieved up to 11 cells/mL and for C. raciborskii can reach a limit
of 258 cells/mL.

5.3.2

Mixed Cultures

5.3.2.1

PCR and qPCR

Mixed cultures of M. aeruginosa and C. raciborskii were used for verifying
specificity of the primer sets targeted for C. raciborskii rpoC1 and Microcystis
16S rDNA. Pure cultures were mixed in three ratios, 9:1, 1:1, and 1:9, for both
species. PCR results (Fig. 5.3) confirmed the presence of C. raciborskii rpoC1
(M1 ~ M3) and Microcystis 16S rDNA (M4 ~ M6) in mixture of both species,
indicating the specificity of the primers used for mixed cultures. Comparison of
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Fig. 5.3 PCR amplification results of primer specificities. Targeted for C. raciborskii rpoC1
genes with C. raciborskii/M. aeruginosa ¼ 9:1 (M1), C. raciborskii/M. aeruginosa ¼ 1:1 (M2),
and C. raciborskii/M. aeruginosa ¼ 1:9 (M3); for Microcystis 16S rDNA with M. aeruginosa/C.
raciborskii ¼ 9:1 (M4), M. aeruginosa/C. raciborskii ¼ 1:1 (M5), and M. aeruginosa/C.
raciborskii ¼ 1:9 (M6); M represented marker. C. raciborskii primers were used for lanes M1–
M3, and Microcystis primers were used for lane M4–M6

the cell number estimated using microscopy and qPCR (Table 5.3) showed that the
difference was very small, with the ratio of around 0.94–1.16, further proving the
selected primer sets were highly specific in mixed cultures conditions.

5.3.2.2

Multiplex PCR

Using specific primers targeted for Microcystis spp. and C. raciborskii together, the
multiplex PCR can be used for simultaneous detection of both cyanobacteria
species in mixed cultures, as well as in the water samples (Fig. 5.4). Compared
with single PCR, multiplex PCR can be used to detect multiple genes rapidly and
simultaneously from a number of cyanobacteria species in a single reaction.

5.3.3

Water Samples

5.3.3.1

PCR

The PCR products in Fig. 5.5 confirmed the presence of cyanobacteria,
C. raciborskii and Microcystis spp., at the sampling point of 0.5 m from the water
surface in Station S1 (P1). Similar results were also observed to those in other
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Fig. 5.4 Multiplex PCR results of mixed cultures and water samples in November (a) and water
samples in January (b) targeted for C. raciborskii rpoC1 genes and Microcystis 16S rDNA

sampling points (not shown here). Moreover, multiplex technique was also showed
to be feasible in applying to water samples (Fig. 5.4). Multiplex PCR provides such
advantages as reduction in assay time, labor, and chemical cost. However, careful
primer design (especially considering DNA oligomer melting temperature Tm) and
extensive optimization of reagents and condition were required to avoid nonspecific
primer–dimer interactions and to obtain a well-balanced set of amplicons (Schoske
et al. 2003; Al-Tebrineh et al. 2012).

5.3.3.2

qPCR

Using qPCR, the cell numbers of cyanobacteria, Microcystis spp. and
C. raciborskii, were estimated and showed that higher levels of cyanobacteria
species were detected by qPCR than by manual counting, with the concentrations
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Fig. 5.5 PCR amplification results of P1 water samples for cyanobacteria 16S rDNA (a),
C. raciborskii rpoC1 genes (b), and Microcystis 16S rDNA (c) from September to January

of
approximately
1,290,000–210,150,000
cells/L
(counting)
versus
1,410,000–395,000,000
cells/L
(qPCR)
for
cyanobacteria
and
820,000–84,000,000 cells/L (counting) versus 665,000–152,000,000 cells/L
(qPCR) for C. raciborskii (Fig. 5.6). It was noted that the cell numbers of
cyanobacteria and C. raciborskii estimated by qPCR results were close to those
estimated by manual counting, with the ratios of 0.4:12.9 and 0.2:3.9, respectively.
All these data suggested that qPCR can be applied to water samples, for quantifying
the abundances of cyanobacteria and C. raciborskii. However, it was interesting to
note that there is no Microcystis spp. observed in all of 30 water samples using
microscopy due to the low number of Microcystis cells in the microscopic count,
while a low level of 214,000–2,480,000 Microcystis cells/L were detected using
qPCR. These qPCR results were consistent with the PCR results shown above,
implying that the method of qPCR is more sensitive and accurate than manual
counting, in which one cell counted in the microscopic image after dilution was
converted to 195,000 cells/L in the original water samples.
All these results revealed that the qPCR developed here can be used to quantify
the Microcystis and Cylindrospermopsis when their concentrations were low or
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Fig. 5.6 Comparison of qPCR results and cell counts of water samples for cyanobacteria (CYA),
Cylindrospermopsis (CYL), and Microcystis (MIC) in each sampling point (P1 ~ P6)

even cannot be detected by traditional counting. Similar cell counts were obtained
by both methods when the C. raciborskii abundance in MSR exceeded around
1 million cells/L. However, substantial difference occurs when the organism
concentration is low, for example, lower than 1 million cells/L of Microcystis in
this study. The cell counting using microscopy seems to underestimate the abundance of Microcystis, which was consistent with the findings by Tomioka
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et al. (2008), but contradicted the results by Artz et al. (2006) who found that dead
cells in water samples can produce positive results by microscopy, leading to
potential overestimation of the cell numbers. Thus the differences by both quantification methods should be carefully examined in the future. Furthermore, the
relationship between cyanobacteria species abundance is not clearly understood
by microscopy, due to the difficulty of inaccuracy measurement of cells abundance.
Though the qPCR used in the present study also cannot distinguish the dead cells
from the viable cells due to the persistence of DNA in the environment after cells
have lost viability, it is believed that this difficulty can be overcome by qPCR,
combined with photoinduced cross-linking technique that could inhibit PCR amplification of DNA from dead cells, assuming that viable cells are important for us to
understand the problem of algal blooms Thus, compared to traditional microscopic
counting, qPCR should be more appropriate in monitoring the cyanobacteria
abundance in MSR.
Considering the C. raciborskii was the dominant strains in MSR, the
cyanobacteria quantified here were expressed as C. raciborskii equivalent cells/L
that are based on the standard curve developed from the pure culture C. raciborskii,
which needs to be carefully interpreted. Cyanobacteria frequently contain more
than a single species in reservoirs, and the gene copy numbers of cyanobacteria 16S
rDNA amplified as the expression of different species are different, leading to the
variations of cyanobacteria cell number estimated by qPCR.
Further statistical analysis using cluster analysis at (Dlink/Dmax) < 20 (not
shown here) indicated that there is no significant difference of cell number between
each of the two sampling points. Since Cylindrospermopsis is a thermophilic
species, it can grow fast and be the dominant species during summer and autumn,
but decrease in a large amount in low-temperature seasons (Alster et al. 2010),
which agreed with the qPCR percentage results shown in Fig. 5.7. The ratios of
C. raciborskii over the total cyanobacteria estimated by both quantification
methods (Fig. 5.7) were shown to be similar from September to November, while
shown to have much difference in December and January, which is due to the
underestimation of cell number by microscopy MSR as described above. The
ability to sensitively and accurately quantify the toxic strains present in the water
sample is the first step toward understanding the cyanobacteria dynamics and risks
of algal bloom, though quantifying the abundance of potential toxin producers does
not imply toxicity unless toxins, such as microcystin and cylindrospermopsin, are
actually measured.
Due to the short hydraulic retention time of MSR, it was believed that the
communities and compositions of cyanobacteria are affected by the hydrodynamic
parameters (such as water depth and rainfall) and physicochemical parameters
(such as temperature, pH, nitrogen and phosphorus concentration, light intensity,
and iron concentration) (Rinta-Kanto et al. 2005; Ha et al. 2009). In addition to
cyanobacteria species, the cyanotoxins, microcystins, and cylindrospermopsins are
necessary to be monitored routinely to meet the water quality regulations. Hence,
further studies will be focused on quantifying the different compositions of the
cyanobacteria species, measuring the cyanotoxins and environmental parameters in
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Fig. 5.7 Comparison of the percentages of C. raciborskii over cyanobacteria from September
2011 to January 2012 by cell count and qPCR. The percentages were taken as the average over the
samples and the error bars present the standard deviation of the six sampling points

the reservoir, thus relating the environmental parameters to the abundance of
different cyanobacteria species populations and cyanotoxin levels.
The number of water bodies affected by cyanobacterial blooms has been
increasing worldwide. In MSR Microcystis spp. was previously the dominant
bloom-forming cyanobacteria, while starting from 2011, C. raciborskii turns to
be the main species. The reasons causing the shift of dominant species are not
understood completely, probably because MSR is the pumped reservoir, in which
the water quality including the physical, chemical water parameters and
cyanobacterial community, as well as their interaction, is directly affected by the
influents. For example, C. raciborskii is generally thought of as a tropical species
due to its affinity for warm water temperatures (25–30  C) (Pidasak 1997), which
are common in Macau. Unfortunately, to our knowledge, there is no further
available reference for deeply explaining the relationship of the species compositions and water quality parameters. It is thus of critical importance for water
monitoring utilities to rapidly detect and quantify such potentially toxic
cyanobacteria for the early detection and management of blooms in the reservoir
using innovative techniques, as using the traditional microscopy only has some
limitations, for example, Microcystis strains usually form scum, which is difficult
for enumeration, and C. raciborskii has many similarities of morphotypes such as
Anabaenopsis, Raphidiopsis, and Cylindrospermum (Scholin et al. 1994), and it has
been reported that until now, keys (morphological attributes) have not been developed for C. raciborskii, as a distinct species.
The current study has demonstrated the validity of PCR use for the detection of
cyanobacterial strains in eutrophic water, with more accurate and sensitive detection results shown above. Compared with PCR technique, traditional microscopy
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has the advantages of being cheap, simple, and able to identify the presence of
cyanobacteria. However, it is time-consuming and is unable to distinguish the
morphologically similar species. PCR, on the other hand, is specific, sensitive,
and reproducible with the ability for adaption to many data measurement at the
same time. The disadvantage of PCR is that it requires the knowledge of designing
primers using gene sequences of the database, for targeting specific species. Sterile
environment should be maintained during the PCR operation, to avoid any contamination leading to amplification of nonspecific products, which may affect the
PCR results (Felske and Osborn 2005). Besides, water samples often contain
complicated mixtures of organic matter that may inhibit PCR. In spite of these
disadvantages, the molecular methods are still undoubtedly useful for early effective detection of cyanobacteria (Humbert et al. 2010). As PCR is only qualitative,
the application of qPCR can provide a quantitative option for the assessment of
cyanobacterial community, which correlates the gene copy number measured to the
cell number. Philip et al. (2010) pointed out several possible reasons could result
in poor correlation between qPCR results and cell counting, such as failure to
sediment negatively buoyant cells during centrifugation prior to DNA extraction,
natural variability in gene cell quotas between different species and strains
including polyploidy, genetic variation within the target regions of the primers
at both the strain and species level, sub-quantitative recovery of cells and DNA
from samples, and over- or underestimation of cell concentrations using traditional microscopy methods. Based on the qPCR results with the manual count,
the integration of traditional microscopy with the PCR for routine monitoring
programs for cyanobacteria will be probably developed in the future, with an
early signal of dominant species identified and specific primers to the dominant
species applied to quantify their concentrations in the reservoir for monitoring
afterward.
The qPCR method developed in the present study must be standard for all
cyanobacteria, not only a few species. We picked up Microcystis and
C. raciborskii here because they are the representative toxic species of microcystinand cylindrospermopsin-producing cyanobacteria that commonly appear in aquatic
ecosystems in drinking water resource. Detection and quantification of such potentially toxic species in environmental samples are the key steps in studies for
monitoring the harmful algal blooms as well as for developing remediation strategies afterward. Besides, the percentage of Microcystis spp. or C. raciborskii to
cyanobacteria is an important indicator to forecast the potentials of corresponding
cyanotoxins.
In addition, the cyanobacteria species are relatively fewer in the GenBank data at
present. Sequencing technologies, such as pyrosequencing or Ion Torrent PGM
sequencing, can be used to determine the DNA sequences of the cyanobacteria
species that are not included in the database. Based on the alignment of the
sequences from the GenBank data, those cyanobacteria species primers can be
designed and thus used for targeting those species using real-time PCR.
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Conclusions

MSR is experiencing the algal bloom problem these years, with the dominant
species of Microcystis spp. and C. raciborskii. Traditional microscopic counting
is currently being used in monitoring the cyanobacteria species, which is limited to
inaccuracy and time-consuming. To overcome these limitations, PCR and qPCR
were developed in this study. Our results showed that the techniques were proved to
be successful for the identification and quantification of cyanobacteria, Microcystis
spp. and C. raciborskii in pure cultures, mixed cultures, and water samples,
suggesting that they are the promising technologies that can be used to replace
the microscopic counting method, particularly for early detection of algal bloom
formation. Besides, one finding of our study is developing a multiplex PCR that has
the potential to address if the two or more dominant species are present in a certain
water sample in a single PCR assay, which benefit the targeted users of the reservoir
for further research and public health in a rapid and accurate approach. The
quantification in water samples indicated that similar cyanobacteria and
C. raciborskii cell numbers estimated by microscopy and by qPCR were obtained,
with the ratios of 0.4:12.9 and 0.2:3.9, respectively. However, Microcystis spp. was
not observed by manual counting, while it can be detected at low levels by qPCR,
indicating qPCR is proved to be more sensitive and accurate than microscopic
counting. Therefore, the molecular approaches offer new tools to address many
remaining questions in fundamental and applied cyanobacterial ecology. Considering the advantages of PCR and qPCR over microscopy, the techniques, in
addition to microscopic counting, can be potentially used for routine water quality
monitoring in at-risk water bodies such as MSR.
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Chapter 6

Analysis of Cylindrospermopsinand Microcystin-Producing Genotypes
and Cyanotoxin Concentrations in the Macau
Storage Reservoir
Weiying Zhang, Inchio Lou, Wai Kin Ung, Yijun Kong, and Kai Meng Mok

Abstract The Macau Storage Reservoir (MSR) has experienced algal blooms in
recent years, with high levels of Cylindrospermopsis and Microcystis and detectable
concentrations of cyanotoxins. To analyze the cyanotoxin-producing genotypes and
relate the corresponding cyanotoxins to the water quality parameters, a quantitative
real-time polymerase chain reaction (qPCR) was developed and applied to the water
samples in three locations of MSR. Cylindrospermopsin synthetase gene (pks) and a
series of microcystin synthetase genes (mcys) were used for identifying and quantifying cylindrospermopsin- and microcystin-producing genes, and the corresponding
water parameters were measured accordingly.
Our results showed that high concentrations of cylindrospermopsin and low
concentrations of microcystin were measured during the study period. There is a
strong correlation between the pks gene numbers and cylindrospermopsin concentrations (R2 ¼ 0.95), while weak correlations were obtained between the mcy gene
numbers and microcystin concentrations. Furthermore, the pks gene numbers
were strongly related to Cylindrospermopsis (R2 ¼ 0.88), cyanobacterial cell numbers (R2 ¼ 0.96), total algae numbers (R2 ¼ 0.95), and chlorophyll-a concentrations
(R2 ¼ 0.83), consistent with the dominant species of Cylindrospermopsis among
the cyanobacteria existing in MSR. NH4-N (R2 ¼ 0.68) and pH (R2 ¼ 0.89) were the
water quality parameters most highly correlated with the pks gene numbers.
These results contribute to monitoring for potential cyanotoxins in raw water.
Keywords pks • mcy • Cylindrospermopsin • Microcystin • Toxic cyanobacteria •
PCR and qPCR
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Introduction

Cyanobacteria are responsible for freshwater algal blooms in eutrophic lakes or
reservoirs, in which Microcystis spp. and Cylindrospermopsis spp. are two representative bloom-forming toxic genera (Chorus and Bartram 1999; Sivonen and
Jones 1999; Duy et al. 2000). They are of great concern due to the potential release
of toxic microcystin or cylindrospermopsin, which can disrupt liver cytoskeleton
production by inhibiting protein phosphatases 1 and 2A (MacKintosh and Klumpp
1990) and thus are recognized as potential tumor promoters and carcinogens.
Previous studies (Rapala et al. 1993; Orr and Jones 1998; Song et al. 1998; Wiedner
et al. 2003; Rasmussen et al. 2008; Orr et al. 2010) have attempted to determine the
relationship among the cyanobacteria, the corresponding cyanotoxin concentrations, and the water parameters. However, no consistent conclusion can be drawn
from the currently available data, because toxic and nontoxic strains often coexist in
a bloom and cannot be distinguished by conventional morphology-based identification methods (Kurmayer et al. 2002; Welker et al. 2004; Ouahid et al. 2005).
Manual counting of cyanobacteria is also not accurate due to morphological
similarity (Zhang et al. 2014a). Quantification of those species was for a long
time impedes, and even skilled and experienced technicians are occasionally unable
to identify and enumerate the species in such environmental samples. In addition,
water parameters that lead to a dominance or repression of toxin-producing genotypes versus nontoxic genotypes are not well understood. Therefore, identifying the
conditions that lead to growth of potential toxin-producing strains and actual toxin
synthesis in a specific water body are the first steps to improving water quality
control (Humpage 2008).
Microcystins are produced by mcy genes encoded in the mcy gene cluster, which
codes for both non-ribosomal peptide synthetases (NRPSs) and polyketide
synthases (PKSs) (Dittmann et al. 1997; Nishizawa et al. 1999; Tillett
et al. 2000). The genes mcyA, mcyB, and mcyC code for NRPSs, mcyD codes for
PKS, and mcyE and mcyG code for mixed NRPS-PKSs. The other genes, mcyF,
mcyI, and mcyJ, encode proteins for epimerization, dehydration, and
O-methylation, respectively. The gene cluster responsible for synthesis of
cylindrospermopsin, the cyr gene cluster, has been elucidated by Mihali
et al. (2008). The polyketide synthase (pks) domain of the cyrC gene, which is
putatively involved in cylindrospermopsin biosynthesis, was amplified using the
primers M4 and K18 (Fergusson and Saint 2003). It was found that
cylindrospermopsin-producing cells strongly correlated with the pks gene copy
numbers, indicating that the pks gene could be used to indicate the presence of
cylindrospermopsins. Although identification of mcy or pks genes is not always an
indicator of toxicity occurring in a bloom, it helps in identifying the potential for a
toxic bloom and determining the potential risks associated (Pearson and Neilan
2008).
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Genetic-based methods enhance the understanding of the natural distribution of
genes that are involved in cyanotoxin production (Sivonen 2008). Polymerase chain
reaction (PCR) has been used for targeting cyanotoxin biosynthesis genes (Pearson
and Neilan 2008) by designing primers that are highly sensitive and specific.
Starting from the first detection of toxic Microcystis strains by Tillett
et al. (2001), subsequent studies have developed multiplex PCRs targeting various
mcy genes simultaneously (Ouahid and del Campo 2009; Valério et al. 2010),
which have been proven reliable in predicting toxin production in water samples.
PCR is inherently a qualitative procedure, so to quantify the number of genes of
interest present in a sample, and thus gain an estimate of the number of organisms
potentially able to synthesize toxin in a bloom, quantitative real-time PCR (qPCR)
can be applied. qPCR has been used to quantify toxin-producing cyanobacteria by
targeting mcyA (Furukawa et al. 2006), mcyB (Kurmayer et al. 2002), mcyC (Herry
et al. 2008), mcyD (Rinta-Kanto et al. 2005), mcyE (Vaitomaa et al. 2003), mcyG
(Ngwa et al. 2014), mcyJ (Kim et al. 2010; Joung et al. 2011), and pks (Rasmussen
et al. 2008; Moreira et al. 2011). Although qPCR does not provide information
about actual cyanotoxin concentrations, but indicates only the potential risk of toxin
synthesis, it is specific for detection of toxic strains of cyanobacteria and is
increasingly applied to monitoring the toxin-producing genotypes of cyanobacteria
in water bodies (Pearson and Neilan 2008; Sivonen 2008; Kurmayer and
Christiansen 2009). These methods can be employed as an early warning system
for predicting the potential toxicity of a bloom.
Macau Storage Reservoir (MSR), the main drinking water storage reservoir in
Macau, has experienced algal blooms in recent years. During these blooms, high
levels of cyanobacteria have been detected by microscopy, particularly Microcystis
spp. and C. raciborskii. Our recent study (Zhang et al. 2013, 2014b) showed that
MSR had a trophic state index (TSI) of 58–72 in 2010 and 65–82 in 2011. The TSI
values, along with the detection of high levels of cyanobacteria in the summer
season (of 40–200  106 cells/L), indicated that MSR is considered a eutrophic or
hyper-eutrophic reservoir. Microscopy-based surveys of the cyanobacteria indicated that the dominant species were Microcystis and Cylindrospermopsis (most
of which are C. raciborskii). Detectable levels of microcystin and
cylindrospermopsin were also measured.
While cyanotoxin concentrations are strongly related to the proportion or cell
number of toxic genotypes, most previous studies have only investigated the
relationship between cyanotoxin (microcystin or cylindrospermopsin) concentrations and water parameters, without considering the toxic genotypes (Rinta-Kanto
et al. 2009). A few studies have examined how water quality parameters can affect
the growth of toxic and nontoxic strains (Hotto et al. 2008; Davis et al. 2009; RintaKanto et al. 2009; Te and Gin 2011). There are very few studies that have quantified
both microcystin- and cylindrospermopsin-producing genotypes simultaneously in
freshwater reservoirs. This study aimed to characterize the spatial and temporal
variation of both cylindrospermopsin- and microcystin-producing genotypes and
the corresponding cyanotoxin concentrations in MSR. Water samples and water
parameters at three different locations with two sampling depths each were
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investigated monthly from September 2011 to August 2012. qPCR was applied to
quantify the nontoxic and potentially toxic Microcystis and Cylindrospermopsis
genotypes, along with changes in their population dynamics. We also attempted to
test if the water parameters affect the proportion or cell number of potentially toxic
Microcystis or Cylindrospermopsis genotypes and to relate the populations to water
parameters.

6.2

Materials and Methods

6.2.1

Sampling Sites

The study was carried out in MSR (22 12΄12΄´N, 113 33΄´12΄´E), Macau, China.
This region is characterized by a humid subtropical climate, with seasonal climate
greatly influenced by the monsoons. MSR is the largest reservoir in this region, with
a surface area of 0.35 km2 and an average depth of 4.5 m. Algal bloom problems
occur from time to time in the summers, and the situation appears to be getting
worse in recent years, with high phytoplankton abundance of Microcystis and
Cylindrospermopsis identified and detectable levels of microcystin and
cylindrospermopsin.
During the study period, water samples were collected monthly in MSR from
September 2011 to August 2012. Six sampling points were selected at three stations
S1–S3 (Fig. 6.1) with two different water depths (0.5 m and 3.5 m below the water
surface) each. Stations S1, S2, and S3 are located in the inlet, center, and outlet of
MSR, respectively. P1 (P2), P3 (P4), and P5 (P6) are defined as the sampling points
at 0.5 m (3.5 m) below the water surface at stations S1, S2, and S3, respectively.
Each sample of 2 L was kept at 80  C prior to analysis.

6.2.2

PCR and Real-Time qPCR

6.2.2.1

DNA and Plasmid Preparation

One mL of densely grown pure culture of Microcystis aeruginosa (FACHB-905,
Freshwater Algae Culture Collection of the Institute of Hydrobiology, Wuhan,
China) or 175 mL of well-mixed water samples were taken and centrifuged to
obtain the Microcystis or cyanobacterial pellets. DNA extraction from the
remaining pellets was carried out using QIAGen DNeasy Plant Mini Kit (Cat.
No.69104, QIAGen, MD), according to the manufacturer’s instructions. Extracted
DNA was stored at 80  C. Since the pure culture of C. raciborskii purchased is a
nontoxic strain with no pks gene detectable by PCR and no cylindrospermopsin
measured by HPLC, a plasmid containing the synthesized pks gene was obtained
from Invitrogen Trading (Shanghai) Co., Ltd.
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Fig. 6.1 Layout of MSR and location of water sampling points

6.2.2.2

Multiplex PCR

In comparison to the single PCR, multiplex PCR has the advantage of targeting
multiple genes rapidly and simultaneously from a number of cyanobacterial species
and various cyanotoxin-producing genotypes in a single reaction. A multiplex PCR
assay was developed that simultaneously targets the cylindrospermopsin-producing
(pks) gene and C. raciborskii-specific (rpoC1) gene sequence, or mixed
microcystin- producing (mcy) genes in water samples, using the corresponding
primers (Table 6.1). Each multiplex PCR mixture contained 1 μL of DNA template
solution (0.5–5 ng DNA/ 50 μL PCR), 25 μL of Multiplex PCR Mix 2, 0.5 μL
(10 pmol) of each primer, and 0.25 μL of Multiplex PCR Mix 1 (TaKaRa Biotechnology, China) and was adjusted to a final volume of 50 μL with sterile water
(Sigma, USA). The multiplex PCR was performed as follows: 94  C for 1 min,
30 cycles at 94  C for 30 s, 50  C for 90 s and 72  C for 90 s, and a final extension
step at 72  C for 10 min. All PCR products were separated on 4 % agarose gels and
observed on Molecular Imager ChemiDoc XRS System (Bio-Rad, USA) after
staining with 6x loading dye for 20 min.

6.2.2.3

Quantitative Real-Time PCR (qPCR)

Real-time PCRs were performed using the ABI 7500 real-time PCR system
(Applied Biosystems, CA). All reactions were carried out in a total volume of

C. raciborskii rpoC1

Microcystis 16S rDNA

pks

mcyJ

mcyG

mcyE

mcyD

mcyC

mcyB

Target
mcyA

Primer
mcyA-MSF
mcyA-MSR
mcyB2156-F
mcyB3111-R
mcyC-PSCF3
mcyC-PSCR3
mcyD-PKDF2
mcyD-PKDR2
mcyE-PKEF1
mcyE-PKER1
mcyG-PKGF1
mcyG-PKGR1
mcyJ-MF
mcyJ-MR
K18
M4
MSR-S1f
MSR-S2r
cyl2
cyl4

Sequence(5’-3’)
ATCCAGCAGTTGAGCAAGC
TGCAGATAACTCCGCAGTTG
ATCACTTCAATCTAACGACT
AGTTGCTGCTGTAAGAAA
GGTGTTTAATAAGGAGCAAG
ATTGATAATCAGAGCGTTTT
AGTTATTCTCCTCAAGCC
CATTCGTTCCACTAAATCC
CGCAAACCCGATTTACAG
CCCCTACCATCTTCATCTTC
ACTCTCAAGTTATCCTCCCTC
AATCGCTAAAACGCCACC
TAGCTAAAGCAGGGTTATCG
TCTTACTATTAACCCGCAGC
CCTCGCACATAGCCATTTGC
GAAGCTCTGGAATCCGGTAA
TCAGGTTGCTTAACGACCTA
CTTTCACCAGGGTTCGCGAC
GGCATTCCTAGTTATATTGCCATACTA
GCCCGTTTTTGTCCCTTTCGTGC

Table 6.1 Primers used for PCR and real-time PCR assays

308

409

422

243

425

755

859

649

973

DNA length (bps)
1300

Rasmussen et al. 2008

Otsuka et al. 1999

Fergusson and Saint 2003

Ouahid and del Campo 2009

Ouahid et al. 2005

Ouahid et al. 2005

Ouahid et al. 2005

Ouahid and del Campo 2009

Mikalsen et al. 2003

Ref.
Tillett et al. 2001
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50 μL, containing 26 μL SYBR® Premix Ex TaqTM (Tli RNaseH Plus), including
TaKaRa Ex Taq HS, dNTP Mixture, Mg2+, Tli RNaseH, SYBR® Green I, plus ROX
Reference Dye II (DRR420, TaKaRa Biotechnology, China), 1 μL forward primer
and 1 μL reverse primer (Table 6.1), 18 μL deionized water, and 4 μL DNA
template. The thermal protocol for pks included a preincubation step of 2 min at
50  C and then heating of 10 min at 94  C, followed by 40 cycles of 30 s at 94  C,
34 s at 45  C and then 1 min at 72  C, and finally dissociated for 15 s at 95  C, 1 min
at 64  C, and 15 s at 99  C. Fluorescence was measured at the end of each cycle at
72  C through channel F1 (530 nm) with a heating rate of 20  C s1. For the mcy
genes, Microcystis 16S rDNA and C. raciborskii rpoC1 qPCR, the thermal cycling
steps were the same, except for the annealing temperature that changed from 45  C
to 50  C (Microcystis 16S rDNA, mcyB/C/D/E/G) or 60  C (C. raciborskii rpoC1,
mcyA/J). All samples were amplified in triplicate. After qPCR amplification,
fluorescent melting curve analysis was performed by gradually increasing the
temperature from 72  C to 95  C at a rate of 0.1  s1. Using the standard curve
as described below, a correlation between the gene copy numbers and the threshold
cycle number (Ct) (the cycle number at which the fluorescence exceeds the threshold) can be obtained.

6.2.2.4

Real-Time PCR Standard Curves

Standard curves and the detection limits for real-time PCR were established using
tenfold dilutions of the designed plasmid and the extracted DNA from pure
cultures, with the concentrations ranging from 1010 to 102 gene copies/μL.
Corresponding primers (Table 6.1) were applied to the plasmid carrying the pks
gene and DNA of pure cultures of Microcystis aeruginosa. The standard curves
were developed to relate Ct values to the gene copy numbers.

6.2.3

Water Parameters

The samples were analyzed for 14 abiotic parameters including water temperature
(WT), Secchi depth (SD), electrical conductivity (EC), pH, dissolved oxygen (DO),
total nitrogen (TN), nitrate nitrogen (NO3-N), nitrite nitrogen (NO2-N), ammonia
nitrogen (NH4-N), total phosphorus (TP), orthophosphate phosphorus (PO4-P),
chlorophyll-a (Chl-a), microcystin, and cylindrospermopsin concentrations. WT
and SD were measured in situ with a mercury thermometer and a Secchi disk. The
value of pH was determined in the laboratory with a pH meter (DKKTOA,
HM-30R). Conductivity was measured with an EC meter (DKKTOA, CM-30R).
DO, NH4-N, NO3-N, NO2-N, TN, TP, and PO43 were measured according to the
standard methods (APHA, 1995). Chl-a was determined using an UV–VIS recording spectrophotometer (SHIMADZU, UV-2401PC). Concentrations of microcystin
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and cylindrospermopsin were quantified by HPLC-MS/MS (Eaglesham
et al. 1999).
In addition to abiotic parameters, the number of total algae and cyanobacterial
cells was counted in the water samples. Well-mixed subsamples (1 mL) were
preserved by adding one drop of Lugol’s iodine before sedimentation for 72 h
and storage at room temperature. The strains of total phytoplankton present in
sedimentation chambers, including Microcystis and Cylindrospermopsis, were
counted manually by inverted microscope using a Sedgwick-Rafter chamber from
the method of McAlice (1971). At least three transects per chamber were screened
to enumerate total algae and cyanobacterial strains at 100x magnification,
according to morphological criteria.

6.2.4

Generalized Linear Mixed Models (GLMMs)

Generalized linear mixed models were carried out using PASW 19 software package (SPSS Inc.) to determine whether there are any significant differences among
the sampling points and months, allowing incorporating both fixed effects and
random effects in the regression analysis (Pinheiro and Bates 2000). A generalized
linear mixed model may be described in terms of the following mathematical
formulation:
yji ¼ β1 þ bj þ β2 xji þ εji
where yji is the ith observation in the jth group of data and xji is the corresponding
value of the covariate, an analysis of covariance with a random effect for the
intercept; β1 is the mean variable value across the population being sampled, bj is
a random variable representing the deviation from the population mean of the mean
variable value for the jth intersite study area, and εji is a random variable
representing the deviation in the mean variable value for observation i on j from
the mean variable value for j on i.
Totally 720 qPCR measured data of C. raciborskii rpoC1, pks, Microcystis 16S
rDNA, and mcyA-J genes (subject group) were divided into 6 spatial groups (P1–
P6) and 12 temporal groups (September 2011 to August 2012) and performed
GLMMs to analyze the significance of spatial and temporal difference, respectively. Similarly comparison analysis for testing spatial and temporal differences
was also conducted for cylindrospermopsin and microcystin concentrations which
contained 144 measured data. All the statistical significance p-value was set at the
level of 0.05. In our analysis, the gene copy numbers of ten primer sets and
concentration results of two cyanotoxins were considered as target variable. To
assess the significance of spatial difference, subject group and point were considered as fixed effects, while month was chosen as random effect. On the contrary,
subject group and month were taken into account as fixed effects and point was
considered as random effect when analyzed temporal difference.
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Results

6.3.1

Identification of Cylindrospermopsin- and MicrocystinProducing Genotypes

6.3.1.1

Multiplex PCR

The pks genes and mcyA-J genes were detected. Multiplex PCR was also performed
for simultaneous detection of multiple target genes, and the results are shown in
Fig. 6.2. These results confirmed the successful application of PCR for the simultaneous detection of pks and C. raciborskii rpoC1 genes and mcy and Microcystis
16S rDNA genes in water samples.

6.3.2

Quantification of C. raciborskii rpoC1, Microcystis
16S rDNA, pks, and mcy Genes in Water Samples

Standard curves were developed to relate the Ct values to gene copy number, which
had strong correlations with an r2 greater than 99 %.
Based on the standard curves, the C. raciborskii rpoC1, Microcystis 16S rDNA,
pks, and mcy genes in the water samples were quantified (Figs. 6.3 and 6.4). The
comparison statistical analysis using GLMMs indicated that there were no

Fig. 6.2 Multiplex PCR results of pks/C. raciborskii rpoC1 and mcyA-J/Microcystis 16S rDNA in
water samples
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significant spatial difference among the six sampling points for all the genotypes
(p ¼ 0.652) (Table 6.2), while displayed significant temporal differences among the
12 sampling months for all the genotypes (p ¼ 0.000) (Table 6.3). We found that
high concentrations of pks genes were measured in October 2011 (maximum

Fig. 6.3 pks and C. raciborskii rpoC1 gene abundances at different stations

Fig. 6.4 mcyA/B/C/D/E/G/J and Microcystis 16S rDNA gene abundances at different stations
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Fig. 6.4 (continued)

Table 6.2 Fixed effect of significance analysis for spatial difference
All genotypes

Cylindrospermopsin and microcystin

Effect
Group
Point
Group*point
Group
Point
Group*point

df1
8
5
40
1
5
5

df2
594
594
594
132
132
132

F
12.050
0.663
0.491
4.781
0.907
1.124

P
0.000
0.652
0.997
0.031
0.479
0.351

24.236
48.388
32.221
1643.105
344.220
353.676

P
0.000
0.000
0.000
0.000
0.000
0.000

Table 6.3 Fixed effect of significance analysis for temporal difference
All genotypes

Cylindrospermopsin and microcystin

Effect
Group
Month
Group*month
Group
Month
Group*month

df1
8
11
88
1
11
11

df2
540
540
540
120
120
120

F
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Fig. 6.5 Concentrations of cylindrospermopsin and microcystin at six points

75,261 copies/μL at sampling point P2), which then dramatically decreased by
December 2011 (to only four copies/μL at sampling point P1) (Fig. 6.3a). The low
concentration of pks genes was then maintained until the end of the study. A similar
trend also occurred for C. raciborskii rpoC1 genes.
The variations in abundance of mcy and Microcystis 16S rDNA genes showed a
more complicated pattern (Fig. 6.4). mcyA/B/C/D/E/G and Microcystis 16S rDNA
genes had two peaks in January and June–July, while the mcyJ gene was present at
its highest concentration in September but rapidly decreased to a very low concentration in December 2011 and then remained at low concentrations until the end of
the study. Except for the mcyJ gene, the temporal variations of the mcy genes were
essentially consistent with the dynamic change in abundance of the Microcystis 16S
rDNA gene. Further analyses were conducted in the following sections.

6.3.3

Analyses for Cylindrospermopsin- and MicrocystinProducing Genotypes and Water Parameters

6.3.3.1

Concentrations of Cylindrospermopsin and Microcystin

Cylindrospermopsin and microcystin concentrations are shown in Fig. 6.5. Similar
to the genotypes, both of the cyanotoxins’ data showed significant temporal differences among the 12 months (p ¼ 0.000 in Table 6.3), while existed no geographical
differences among all the sampling points (p ¼ 0.479 in Table 6.2) in GLMMs. The
cylindrospermopsin concentrations (Fig. 6.5a) followed a similar pattern to the
C. raciborskii rpoC1 and pks genes, with the maximum values occurring in
September, followed by a rapid decline to nearly zero in the 2012 samples. The
microcystin concentration stayed at extremely low levels from September 2011 to
April 2012 and then increased to the maximum concentrations of around
0.03–0.05 μg/L in May 2012 (Fig. 6.5b).
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Fig. 6.6 Variations in total algae and cyanobacterial cell counts at six points

6.3.3.2

Cell Counts of Total Algae and Cyanobacteria

Total algae (also called phytoplankton) and cyanobacteria were counted and the
results are shown in Fig. 6.6. Cyanobacteria were the dominant genus, accounting
for more than 90 % of total algae at most sampling timepoints. Algal and
cyanobacterial abundances showed similar patterns to the C. raciborskii rpoC1
gene abundance, pks gene abundance, and cylindrospermopsin concentrations, in
that high abundances occurred in the fall 2011 samples, followed by a rapid
decrease and low abundances until the end of the study.

6.3.3.3

Water Quality Parameters

pH, NH4-N, and Chl-a are shown in Fig. 6.7a, b, c and show similar patterns to
those observed for the pks genes as described above. As the concentrations of TN,
TP, and the N/P ratio are the common factors affecting the growth of cyanobacteria,
their values were measured or calculated and are displayed in Fig. 6.7d. TN
concentrations ranged from 0.53 to 1.43 mg/L, with three peaks in September,
November–January, and March, while TP had only two peaks in November–
December and July–August with the maximum value around 0.60 mg/L. The N/P
ratio fluctuated in the range of approximately 1–4.

6.3.3.4

Correlation of Water Parameters and Cylindrospermopsinand Microcystin-Producing Genotypes

The correlations among the water parameters, pks gene copy number, and mcy
genes copy number were shown in Table 6.4. These results showed that the
abundance of pks genes was strongly correlated to the total algae, total
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Fig. 6.7 Variations in pH, NH4-N, Chl-a, TN, TP, and N/P ratio

cyanobacteria, Cylindrospermopsis cell numbers, C. raciborskii rpoC1 gene copy
numbers, and cylindrospermopsin concentrations, with correlation coefficients of
0.95, 0.96, 0.89, 0.88, and 0.95, respectively.
Except for mcyJ, all the other mcy gene abundances were strongly positively
correlated with each other. The correlations between the mcy gene abundances and
Microcystis cell counts, Microcystis 16S rDNA gene abundances, and microcystin
concentrations were weak, implying that Microcystis may not contribute to the mcy
genes quantified in the water samples. Water parameters were also not strongly
correlated with the mcy gene abundance, except for mcyJ which was highly
correlated with total algae (R2 ¼ 0.83) and cyanobacteria (R2 ¼ 0.82), pH (R2
¼ 0.82), NH4-N (R2 ¼ 0.52), and Chl-a (R2 ¼ 0.68). Furthermore, it is surprising
to observe that high positive correlation between mcyJ and cylindrospermopsin (R2
¼ 0.87), Cylindrospermopsis (R2 ¼ 0.70), C. raciborskii (R2 ¼ 0.70), and pks gene
(R2 ¼ 0.92) is still unclear from the authors’ understanding and also has not been
mentioned in the literatures.
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Table 6.4 Correlations of water parameters and pks/mcy genes ( p < 0.01)
Temperature ( C)
SD (m)
Conductivity (μs/cm)
pH
DO (mg/L)
TN (mg/L)
TP (mg/L)
NO3-N (mg/L)
NO2-N (mg/L)
NH4-N (mg/L)
PO43 (mg/L)
Chl-a (mg/m3)
Microcystin (μg/L)
Cylindrospermopsin
(μg/L)
Total algae (cells/L)
Cyanobacteria (cells/L)
Cylindrospermopsis
(cells/L)
Microcystis (cells/L)
C. raciborskii rpoC1
(copies/μL)
pks (copies/μL)
Microcystis 16S rDNA
(copies/μL)
mcyA (copies/μL)
mcyB (copies/μL)
mcyC (copies/μL)
mcyD (copies/μL)
mcyE (copies/μL)
mcyG (copies/μL)
mcyJ (copies/μL)

6.4
6.4.1

pks
0.22
0.49
0.43
0.89
0.23
0.35
0.06
0.56
0.54
0.68
0.02
0.83
0.29
0.95

mcyA
0.41
0.16
0.10
0.60
0.51
0.02
0.14
0.27
0.20
0.05
0.11
0.30
0.30
0.39

mcyB
0.12
0.43
0.07
0.51
0.17
0.26
0.06
0.03
0.24
0.29
0.21
0.47
0.11
0.46

mcyC
0.07
0.31
0.28
0.22
0.19
0.34
0.25
0.13
0.11
0.32
0.20
0.29
0.12
0.33

mcyD
0.38
0.38
0.16
0.48
0.42
0.05
0.19
0.15
0.24
0.02
0.10
0.29
0.09
0.26

mcyE
0.14
0.15
0.34
0.13
0.11
0.21
0.45
0.26
0.00
0.18
0.22
0.00
0.03
0.23

mcyG
0.54
0.52
0.40
0.58
0.42
0.11
0.34
0.39
0.29
0.09
0.08
0.37
0.13
0.37

mcyJ
0.22
0.28
0.37
0.82
0.21
0.34
0.05
0.45
0.51
0.52
0.20
0.68
0.31
0.87

0.95
0.96
0.89

0.42
0.41
0.36

0.48
0.47
0.46

0.34
0.33
0.31

0.31
0.30
0.30

0.22
0.21
0.15

0.40
0.41
0.39

0.83
0.82
0.70

0.38
0.88

0.34
0.27

0.35
0.46

0.37
0.27

0.01
0.27

0.19
0.06

0.06
0.37

0.33
0.79

1.00

0.39
0.62

0.45
0.35

0.30
0.18

0.27
0.57

0.15
0.35

0.39
0.52

0.92
0.18

1.00

0.73
1.00

0.49
0.86
1.00

0.80
0.87
0.59
1.00

0.37
0.66
0.85
0.47
1.00

0.80
0.78
0.46
0.95
0.32
1.00

0.37
0.37
0.17
0.23
0.06
0.34
1.00

Discussion
Identification of Cylindrospermopsinand Microcystin-Producing Genotypes

Our successful application of multiplex PCR for the simultaneous detection of
genotypes in water samples was similar to those obtained in previous studies for
the simultaneous identification of pks and C. raciborskii rpoC1 genes (Fergusson
and Saint 2003) and various mcy genes (Kumar et al. 2011).

104

6.4.2

W. Zhang et al.

Effect of Water Parameters (Chl-a, NH4-N, and pH)
on pks Gene Abundance

Chl-a concentration was significantly correlated with pks gene abundance. Chl-a is
conventionally used as an indicator to assess the abundance of phytoplankton in
water utilities. Chl-a therefore increases with an increase in the abundance of
phytoplankton, including cyanobacteria. In this study, cyanobacteria accounted
for more than 90 % of the phytoplankton abundance, and among the cyanobacteria
present, Cylindrospermopsis, the cylindrospermopsin-producing species, was dominant. Thus the pks gene abundance would be strongly correlated with the Chl-a
concentration.
In other reservoirs it has been found that TP concentration is the most important
factor affecting the potential for cyanobacterial blooms; however, in MSR the
nitrogen source is the critical factor. In general, the growth rate of cyanobacteria
was low in the absence of a fixed-nitrogen source and high in the presence of NH4N as the nitrogen source (Saker and Neilan 2001). NH4-N can also play an
indispensable role in phytoplankton metabolic activity, such as widening of cells
and increasing biomass (Kohl et al. 1985). Therefore, higher NH4-N concentrations
increased the growth of Cylindrospermopsis leading to higher abundance of pks
genes. This resulted in a strong correlation between NH4-N concentrations and pks
gene abundance. The recent research outcomes (Dolman et al. 2012) showed that
C. raciborskii often reach their highest biovolumes with high N relative to P
concentration, which matched our results that the highest C. raciborskii rpoC1
gene copy number (Fig. 6.3b) detected, with the high value of N/P ratio of 1.6
(Fig. 6.7d) in November of 2011. It was also observed that in the summer of 2012,
the population of C. raciborskii and Microcystis spp. changed in spite of high N/P
ratio, which is probably due to the much low TN and TP concentrations. This
finding agreed on the conclusion from Dolman et al. (2012) that cyanobacteria
should not be treated as a single group when considering the potential effects of
changes in nutrient loading on the phytoplankton community structure. However,
different from the Dolman et al. (2012) study, the cylindrospermopsin is strongly
related to the C. raciborskii.
Furthermore, the two periods of low N/P ratio observed in October–December
and July supported the previous findings (Schindler 1977) that high phosphorus
concentrations and a low N/P ratio tended to favor the growth of cyanobacteria that
are capable of fixing atmospheric nitrogen (the former condition favors
Cylindrospermopsis and the latter favors Microcystis).
In this study, high cylindrospermopsin concentrations and pks gene abundances
were accompanied by high pH ( 8.5), which was consistent with previous findings
(Westrick 2008) that cylindrospermopsin can be degraded effectively at pH values
between 6.0 and 8.0. In contrast, Senogles et al. (2001) found that high pH (¼ 9)
resulted in the best degradation rate of cylindrospermopsin. The contradictory
results probably occur due to the different charge on ion components present in
the water environment affecting toxin degradation, as low (or high) pH particles
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would have a positive (or negative) charge, and the overall charge on the components surface would affect the attraction and repulsion between cyanotoxins and
catalytic materials, thus influencing the degradation rate of cylindrospermopsin
directly (Lindner et al. 1995).

6.4.3

Correlation Between mcy Gene Abundances,
Microcystis Cell Counts, and Microcystin
Concentrations

The high correlation of pks gene abundance to C. raciborskii rpoC1 gene copy
numbers and cylindrospermopsin concentration in the present study was consistent
with previous findings of a strong correlation between pks gene abundance and
C. raciborskii rpoC1 gene copy numbers in Portugal Vela Lake (Moreira
et al. 2011) and between pks gene abundance and cylindrospermopsin concentration in water samples (Orr et al. 2010). In addition, the highly linear correlation
between the pks gene abundance and Cylindrospermopsis cell number or
C. raciborskii rpoC1 gene abundance suggested that the pks gene was mostly
released by Cylindrospermopsis cells that could also be estimated by quantification
of the C. raciborskii rpoC1 gene.
The weak correlation between mcy gene abundances and Microcystis cell counts
(R2 < 0.4) can be explained by two main factors. The mcy genes can be produced by
Microcystis spp., but also by other cyanobacterial species, so the quantification of
this gene may not be specific to Microcystis spp. The presence of the mcy gene in
natural populations of Planktothrix (Christiansen et al. 2003; Kurmayer et al. 2004)
and Anabaena (Rouhiainen et al. 2004) has been reported. Some Microcystis cells
may also carry multiple copies of the Microcystis 16S rDNA gene and mcyD gene
from cell division and DNA replication (Rinta-Kanto et al. 2005). Such metabolic
activities affect the ratio of cell number to gene copy number directly, resulting in
unstable and weak correlations between Microcystis cell counts and mcy gene copy
numbers.
Similarly, weak correlations between mcy gene abundances and microcystin
concentrations were also observed in our study. This result may be more complicated to explain, as it involves the mechanisms of gene expression, cooperation, and
competition among different mcy genes during the course of microcystin synthesis.
Each mcy gene plays an important role in synthesizing microcystin, and destroy of
mcy A, B, D, E (Tilett et al. 2000), or F (Nishizawa et al. 1999) would inhibit the
microcystin synthesis. Thus it is probably that only existence of the complete mcy
genes, instead of part of them, could have microcystin synthesis. The complicated
environmental conditions also affect the mcy gene expression, cooperation, and
competition, leading to more one type of gene over another in specific genus. The
correlation between mcy gene and the genus is weak because only the toxic genus
carries mcy genes while nontoxic genus does not. However, their percentages are
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unknown, though both can be classified as the same genus. Furthermore, the mcy
gene cluster contains peptide synthetases, polyketide synthases, and tailoring
enzymes that are encoded by ten genes for Microcystis and Anabaena or nine
genes for Planktothrix and Nodularia (Tillett et al. 2000). Since the mcy genes
and microcystin could come from various species with uncertain quantitative
relations, the correlations between mcy genes and microcystin may vary.

6.4.4

Comparison of mcy Gene Abundances with Microcystis
16S rDNA Abundance

In our study, the abundances of mcyA–J genes were different for each gene (Fig. 6.4
and Table 6.4). Among all the mcy genes, mcyA abundances were the most highly
correlated with Microcystis 16S rDNA abundance and microcystin concentrations,
which was consistent with previous results (Furukawa et al. 2006). The mcy gene
cluster comprises ten genes arranged in two divergently transcribed operons, mcyA–
C and mcyD–J (Kaebernick et al. 2002; Pearson and Neilan 2008). It is recognized
that microcystin is synthesized non-ribosomally by the microcystin synthetase
enzyme complex through a thiotemplate mechanism (Tillett et al. 2000; Pearson
and Neilan 2008) and that all the mcy genes have been successfully used to quantify
microcystin-producing Microcystis in different studies (Davis et al. 2009; Conradie
and Barnard 2012; Li et al. 2012; Srivastava et al. 2012). The proportional values of
potentially toxic Microcystis in total Microcystis measured in these studies were
quite different from each other, lacking a suitable reference standard. In our study,
mcyA seems to be the best gene to quantify potentially toxic Microcystis in MSR;
however, this requires further study for confirmation.
Interestingly, only mcyJ gene abundances showed a negative correlation with
Microcystis 16S rDNA gene abundances (Fig. 6.4). This is different from results
obtained in previous studies (Kim et al. 2010; Joung et al. 2011), where a positive
correlation was obtained between the cells of potentially toxic Microcystis
containing mcyJ and total Microcystis cells containing the genus-specific cpcBAIGS. Both the 16S rDNA gene and cpcBA-IGS have been proven suitable for
detection of total Microcystis concentrations; however, some researchers (Otsuka
et al. 1999; Joung et al. 2011) have pointed out that the classification of Microcystis
by 16S rDNA gene is less effective, because of its low sequence divergence in
Microcystis. To our knowledge, there is no literature comparing the measurement
of the mcyJ gene and Microcystis 16S rDNA gene for further comparison and
discussion. In addition, as there is no literature so far saying that the
Cylindrospermopsis can release microcystin, the high positive correlation between
the microcystin-producing genotype of mcyJ and cylindrospermopsin,
Cylindrospermopsis, C. raciborskii, and pks gene is still unclear.
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Analysis of Significant Difference Among the Sampling
Points (Spatial) and Months (Temporal)

In our case, the results from the GLMMs showed no significant difference of spatial
variations for all genotypes and both cyanotoxins. These results were consistent
with our previous findings that there is no significant difference of phytoplankton
compositions or their corresponding abundances of different species including
C. raciborskii and Microcystis spp. in MSR (Zhang et al. 2014a, b), leading to the
similar genotype copy numbers existing in the different sampling points. The
spatial similarity in the genotypes may be due to the small size of the reservoir,
which easily makes the water in the reservoir homogeneous.
Additionally, the significant temporal difference in MSR was confirmed by
GLMMs, similar to our previous finding of temporal variation of the phytoplankton
compositions (Zhang et al. 2014a, b), mostly due to the partial change of source
water from the mainland China.
In this study, GLMMs showed greater advantages to conduct the statistical
analysis than the conventional methods. Traditional statistical analysis in water
parameter studies usually comprised of ANOVA or linear regression, which usually
ignored the fact that repeated measurements on the same experimental units were
obtained, resulting in correlated responses. As a result, standard errors of statistics
of interest, and their p-values, may be wrong. Generalized linear mixed models,
sometimes described as linear models for correlated data, can be fruitfully applied
in this situation (Littell et al. 2006; Zuur et al. 2009). An appropriate variancecovariance structure, allowing for the repeated measurements, but also for other
experimental factors like blocking in time or space, and even variance heterogeneity, may be specified, resulting in more realistic standard errors and p-values (Qiu
et al. 2013). Since water quality sampling shared many similarities as the samples
were non-probabilistic and there was autocorrelation between samples, GLMMs
were beneficial in spatial and temporal sciences as it accounted for the autocorrelation between samples and further justified the use of modeling by well defining
fixed and random effects to help build the model of the spatial/temporal autocorrelation structure (Lessels and Bishop 2013). It allowed us to include different
sampling points and months targeting for various subjects (genotypes and
cyanotoxins), while discriminating between the variance explained by the fixed
factors and the random variance depending on the local characteristics of the sites
(sampling point, spatial autocorrelation) and periods (sampling month, temporal
autocorrelation). Consequently, GLMMs fitted to this large dataset provided a
powerful statistical approach to evaluate the significance of spatial and temporal
difference on observed variations in MSR.
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Conclusions

The cylindrospermopsin synthetase gene (pks) and microcystin synthetase genes
(mcyA, mcyB, mcyC, mcyD, mcyE, mcyG, and mcyJ) were used to identify and
quantify cylindrospermopsin- and microcystin-producing genotypes and gene copy
numbers in MSR. Our results showed that high concentrations of
cylindrospermopsin and low concentrations of microcystin were measured during
the study period. There is a strong correlation between pks gene abundance and
cylindrospermopsin concentrations, while there was only a weak correlation
between mcy gene abundance and microcystin concentrations. It was also found
that pks gene abundance was strongly related to Cylindrospermopsis,
cyanobacterial cell numbers, total algae numbers, and chlorophyll-a concentration.
In addition, NH4-N and pH were the water quality parameters most highly correlated with the pks gene abundance. Generalized linear mixed models revealed that
there is significant temporal difference, but no spatial difference for all genotypes
and cyanotoxins including microcystin and cylindrospermopsin in the present
study. These results contribute to monitoring for potential cyanotoxins and can be
used to develop the raw water monitoring program.
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Chapter 7

Profiling Phytoplankton Community
in Drinking Water Reservoirs Using Deep
Sequencing
Weiying Zhang, Congyuan Cao, Inchio Lou, Wai Kin Ung, Yijun Kong,
and Kai Meng Mok

Abstract Freshwater algal blooms have become a growing concern all around the
world, which are caused by a high level of phytoplankton, particularly
cyanobacteria that can produce cyanotoxins. The traditional manual counting of
phytoplankton is mainly involving microscopic identification and counting of cells,
which are limited by inaccuracy and time-consuming. As the development of
molecular techniques and increasing number of microbial sequences are available
in the GenBank database, the use of molecular methods can be used for more rapid,
reliable, and accurate detection and quantification. However, the conventional
molecular techniques, such as fluorescence in situ hybridization (FISH) and realtime qPCR, have difficulty in obtaining the complete profile of phytoplankton. In
this study, metagenomic high-throughput analysis using an Ion Torrent Personal
Genome Machine (PGM) was first adopted to investigate the phytoplankton community in Macau Storage Reservoir (MSR) that is recently experiencing
cyanobacteria blooms. The present study showed that the total phytoplankton
could be determined well through PGM. Totally 99,489 reads were recorded for
phytoplankton, with 60.011 % Cyanobacteria, 39.442 % Chlorophyta, 0.001 %
Euglenida, and 0.546 % Bacillariophyta. The innovative approach provides another
reliable monitoring option, in addition to the traditional microscopic counting and
conventional molecular techniques for ecosystem monitoring program.
Keywords Phytoplankton • Algal blooms • Microscopy • Deep sequencing • Ion
Torrent
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Introduction

Freshwater algal bloom is one of the water pollution problems that occurs in
eutrophic lakes or reservoirs due to the presence of high concentrations of nutrients,
resulting in proliferation of phytoplankton under favorable conditions. To better
understand the problem of algal blooms and prevent their occurrences, it is imperative to identify the dominant phytoplankton and analyze the phytoplankton structure. Understanding the variations of phytoplankton community could help in
developing regular monitoring program that is a useful tool not only to evaluate
the impacts of pollution sources but also to ensure an efficient management of water
resources and protection of aquatic ecosystems.
Phytoplankton has been traditionally identified on the basis of their microscopic
morphology, physiology, and staining characteristics, which are limited primarily
by the inadequacy, inaccuracy, and time-consuming, leading to the delay in taking
measures for cyanobacterial control. For a couple of past decades, advances in
molecular methods for evaluating microbial diversity in natural environments
enable us to develop new techniques for identification and quantification of microorganisms. Early studies (Scholin et al. 1994) used the fluorescence in situ hybridization (FISH) approach coupled with microscopy or with flow cytometry to count
cell number of strain-specific harmful algal species. PCR based on housekeeping
genes, 16S/23S ribosomal RNA sequence, and rpoC1 database are now available
for researchers to use rDNA-targeted hybridization for studying cyanobacteria.
Compared to microscopy, phylogenetic methods have the advantages of more
accuracy and yielding target-specific quantitative data. However, these conventional molecular methods are primers or probe specific, which cannot cover all the
phytoplankton community.
Currently, metagenomic high-throughput analysis using an Ion Torrent Personal
Genome Machine (PGM) shows more advantage on profiling complex microorganism community. The PGM is a new sequencing platform released in 2011 and
can perform 2-hour sequencing run for up to 200 bps read. It is ideally suited as an
affordable option for sequencing of small genomes or targeted regions of larger
genomes. Ion Torrent platform could give detailed information on microorganism
community structure qualitatively and quantitatively. It is very helpful in analyzing
the subdominant groups, like phytoplankton in freshwater reservoirs. In addition, it
is simple, more cost-effective, and more scalable than any other sequencing platforms, such as Roche 454 FLX Titanium. Therefore, it is believed to be a promising
method for monitoring phytoplankton in freshwater bodies.
Considering the abovementioned drawbacks of the microscopy and limitations
of conventional molecular techniques, compared with advantages of metagenomic
high-throughput analysis, Ion Torrent PGM was used in this study to investigate the
community of phytoplankton in Macau Storage Reservoir (MSR), the main drinking water storage reservoir in Macau, which is experiencing cyanobacterial bloom
in recent years with a high level of Microcystis spp. and C. raciborskii. It suggested
that the Ion Torrent PGM could provide much more information in phytoplankton
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identification and quantification to monitor and control cyanobacterial blooms in
freshwater reservoirs.

7.2
7.2.1

Materials and Methods
MSR and Water Parameter Measurement

MSR Macau Storage Reservoir (MSR) (113 33´12΄´E in longitude and 22 12΄12΄´
N in latitude), located in the east part of Macau Peninsula, is the largest reservoir in
Macau, with the effective volume of about 1.9  106 m3. It receives raw water from
the Pearl River of China and can provide water supply to the whole areas of Macau
for about one week. It is particularly important as the temporary water source
during the salty tide period when high salinity concentration is caused by intrusion
of seawater to the water intake location. Recently the reservoir experienced the
problems of cyanobacterial blooms and the situation appeared to be worsening.
Surveys of the cyanobacteria based on microscopy indicated that the dominant
species were Microcystis and Cylindrospermopsis (most of which are
C. raciborskii), with the detectable levels of microcystin and cylindrospermopsin
found.
Water samples were collected monthly in MSR from January 2011 to June 2012 for
water parameter measurement. Six sampling points were selected at three stations
S1–S3 (Fig. 7.1) with two different water depths (0.5 m and 3.5 m below the water
surface) each. Stations S1 and S3 are located in the inlet and outlet, respectively,
while Station S2 is at the center of MSR. P1 (P2), P3 (P4), and P5 (P6) are defined
as the sampling points at 0.5 m (3.5 m) below the water surface at Station S1, S2,
and S3, respectively. Each sample of 2 L was kept at 80  C for later analysis.
Water Parameter Measurement and Analysis Sampling, preservation, transportation, and measurement of the water samples to the laboratory were performed
according to standard methods (APHA 1999). The samples were analyzed for
15 abiotic parameters including water temperature (WT), Secchi depth (SD),
electrical conductivity (EC), pH, dissolved oxygen (DO), total nitrogen (TN),
nitrate nitrogen (NO3-N), nitrite nitrogen (NO2-N), ammonia nitrogen (NH3-N),
total phosphorus (TP), orthophosphate phosphorus (PO4-P), chlorophyll-a (Chl-a),
microcystin (MC), and cylindrospermopsin (CYN) concentrations. MC and CYN
concentrations were measured using HPLC technique.
Principle component analysis (PCA) was carried out using PASW 19 software
package (SPSS Inc.). Due to the wide ranges of data dimensionality and different
units of measurements, standardized data through normalized transformation was
required (Singh et al. 2004).
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Fig. 7.1 Layout of MSR and location of water sampling

TSI Assessment Trophic status was assessed using TSI to describe trophic level of
lakes and reservoirs, which is based on the TP concentration, chlorophyll-a concentration, and SD (Carlson 1977). Four classes, oligotrophic, mesotrophic, eutrophic, and hypereutrophic class with the corresponding TSI of <30–40, 40–50,
50–70, and 70–100+, respectively, from low to high primary productivity, are
defined in our study.

7.2.2

Deep Sequencing

Water samples were collected on April 15, 2013, for deep sequencing. They were
kept at 80  C for next day’s DNA extraction and further analysis.
DNA Extraction Library Preparation, and Sequencing 2.1 L of water sample was
collected and centrifuged at 3000 rpm for 10 min to obtain the pellet. The DNA
from the pellet was extracted using DNeasy Plant Mini kit (Qiagen Ltd, Crawley,
UK) and then quantified by Qubit 2.0 instrument using the Quant-iT™ dsDNA BR
kits (Invitrogen, Carlsbad, CA), prior to storage at 20  C. Barcoded libraries were
generated individually with the input of 100 ng DNA using the Ion Xpress™ Plus
Fragment Library Kit and Ion Xpress Barcode Adaptors 1–16 Kit (Life Technologies, Grand Island, NY, USA), followed by DNA fragmentation, adaptor ligation,
fragment size selection, and library amplification for a total of six cycles, according
to the manufacturer’s instruction (Part Number 4471989 Rev. C, 1/2012). The
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target fragment size around 330 bps was performed with 2 % agarose gel cassettes
for the Pippin Prep instrument (Sage Science, Beverly, USA). Prior to emulsion
PCR, size distribution and concentration of barcoded libraries were assessed on
Bioanalyzer 2100 using the DNA High Sensitivity Kit (Agilent, Santa Clara, CA)
and then pooled in equimolar amounts. The template-positive Ion Sphere Particles™ (ISPs) of the library pool was performed using Ion OneTouch™ System with
Ion OneTouch™ 200 Template Kit v2 DL (Life Technologies, Grand Island, NY),
according to the manufacturer’s protocol (Part Number MAN0006957 Rev. 5.0,
10/2012). The enriched ISPs resulted in over 50 % and then sequenced on Ion 318™
chip using the Ion Torrent Personal Genome Machine (PGM™) (Life Technologies, San Francisco, CA, USA) for 500 flows (125 cycles) with Ion PGM™
200 Sequencing Kit (Part Number 4474246 Rev. G, 10/2012).
Data Cleaning and Processing The sequence data was obtained using the Ion
Torrent platform. Before analyzing, the sequence reads were filtered by: (1) removing the reads containing the adapter, (2) removing the sequences shorter than 50 bp,
and (3) removing the low-quality sequences. A total of millions of reads averaging
185 base pairs were analyzed in this study.
First of all, the reads were taxonomically classified by BLASTX search against
the nonredundant protein sequence (nr) database in the National Center for Biotechnology Information (NCBI) of the National Institute of Health, USA. The
e-value of blast search was set to 1e-5. The blast was carried out as follows: firstly,
the blast results were filtered according to two standards: (1) all the reads found the
best “hit” according to the hit score and identity value, and (2) the mapped length
must be at least half of the shorter one between query read and subject sequence
(this step ensures that the mapped accuracy). Secondly, each read of taxonomic
information (Kingdom, Phylum, Class, Order, Family, Genus, and Species) was
extracted from NCBI taxonomy database according to the hit query gi ID, which
has the corresponding taxonomy ID in taxonomy database; this procedure was
achieved by some perl scripts.

7.3
7.3.1

Results and Discussion
Water Quality in MSR

The monitored water quality parameters were summarized in Fig. 7.2. It showed
that during the study period, temperature, SD, conductivity, and Chl-a fluctuated
with high variations, while DO and pH kept relatively stable (Fig. 7.2a). TN was
mostly contributed by NO3-N and NH4-N, with much low concentration of NO2-N
(Fig. 7.2b). On the other hand, TP maintained at a high level mainly during the
second half of the year 2011, while PO43 kept stable at a low concentration during
our study (Fig. 7.2c). The concentrations of cylindrospermopsin (CYN) and
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0

Fig. 7.2 Variations of 14 abiotic water parameters, with (a) temperature, pH, DO, Chl-a, SD, and
conductivity; (b) TN, NO3-N, NO2-N, and NH4+-N; (c) TP and PO43 ; and (d) CYN and MC. The
error bars represented the standard deviations of the six samples
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Fig. 7.2 (continued)

microcystin (MC) (Fig. 7.2d) appeared the first peak in February 2011. After a short
decrease, CYN kept at a high level till 2012, while MC maintained at a low level
until the summer of 2012.
The PCA was performed to compare the compositional pattern between the
water samples and to determine the factors influencing each other in MSR. The
value of KMO was 0.602, above the criteria value of 0.6 required for performing
PCA (Pallant et al. 2007). The scree test suggested there were four components
(PC) with the eigenvalues greater than 1, in which all the 14 variables were
included. PCA explained 80.84 % of the variance from the total data in PC1–
PC4. PC1 (44.92 %) was mainly composed of nitrogen sources and physical and
biological parameters. PC2 (17.77 %) was most influenced by climate parameters
and total nitrogen. PC3 (10.13 %) and PC4 (8.03 %) were defined as the phosphorus
source and Secchi depth. TSI (SD), TSI (TP), and TSI (Chl) of the reservoir were
calculated, respectively, resulting in TSI (overall) 65–82 during the study period.
The TSI result indicated that MSR was categorized as a reservoir between eutrophic
and hypereutrophic status, which was consistent with our previous research findings
(Zhang et al. 2011).

7.3.2

Deep Sequencing

To further study the microbial diversity, particularly the phytoplankton abundance
and their distributions, in MSR, metagenomic high-throughput analysis using PGM
was first applied. Table 7.1 showed the percentages of taxonomic groups of
phytoplankton in a typical water sample on April 15, 2013. Totally 99,489 reads
were recorded for phytoplankton, among which Cyanobacteria, Chlorophyta,
Euglenida, and Bacillariophyta were found, with the corresponding percentage of
around 60.011 %, 39.442 %, 0.001 %, and 0.546 %, respectively. It was noted that
Microcystis spp. and Oscillatoria spp. reported as two of potential microcystin-
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Table 7.1 The numbers and percentages of taxonomic groups of phytoplankton in MSR
Phytoplankton distributions at different levels
Cyanobacteria
Chroococcales
Chroococcus
Dactylococcopsis
Dactylococcopsis salina
Halothece
Microcystis
Microcystis aeruginosa
Microcystis viridis
Nostocales
Nostocaceae
Cylindrospermopsis
Cylindrospermopsis
raciborskii
Oscillatoriales
Jaaginema
Jaaginema neglectum
Limnothrix
Limnothrix rosea
Oscillatoria
Oscillatoria acuminata
Oscillatoria limnetica
Oscillatoria nigro-viridis
Oscillatoria sancta
Oscillatoria spongeliae
Oscillatoria tenuis
Planktothrix
Planktothrix agardhii
Planktothrix rubescens
Trichodesmium
Trichodesmium erythraeum
Chlorophyta
Chlorophyceae
Chlamydomonadales
Chlamydomonadaceae
Chlamydomonas
Sphaeropleales
Scenedesmaceae
Scenedesmus
Mamiellophyceae
Mamiellales
Ostreococcus
Trebouxiophyceae

Number
44,865
12,709
4
3819
3816
1
7128
6993
1
41
41
41
38

%
60.011

16,547
3
3
1
1
16,375
6437
4
6513
4
1
1
53
11
19
1
1
29,487
39.442
11,729
11,704
11,703
11,703
10
9
9
2
2
2
9588
(continued)
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Table 7.1 (continued)
Phytoplankton distributions at different levels
Chlorellales
Chlorellaceae
Auxenochlorella
Chlorella
Pseudochlorella
Parachlorella
Coccomyxaceae
Coccomyxa
Coccomyxa subellipsoidea
Heterochlorella
Euglenida
Euglenales
Phacaceae
Phacus
Bacillariophyta
Bacillariophyceae
Achnanthales
Achnanthaceae
Achnanthes
Naviculales
Naviculaceae
Navicula
Coscinodiscophyceae
Thalassiosiraceae
Cyclotella
Fragilariophyceae
Fragilariales
Fragilariaceae
Fragilaria
Grammonema
Mediophyceae
Eupodiscales
Eupodiscaceae
Odontella

Number
9572
9489
169
9256
5
25
6
6
6
1
1
1
1
1
408
343
20
20
20
15
15
15
49
49
49
5
5
5
3
2
3
3
3
3

%

0.001

0.546

producing cyanobacteria (Mcquaid et al. 2011) occupied high percentages of
cyanobacteria, with the read numbers of 7128 and 16,375, respectively, which
was consistent with our previous results by microscopy that Microcystis was the
algal bloom-associated cyanobacteria, leading to a detectable concentration of
microcystin (Zhang et al. 2011). However, only a low level of Cylindrospermopsis
raciborskii, a cylindrospermopsin-releasing cyanobacteria, was identified, which
suggested that the environmental conditions did not favor the growth of the species
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Tenericutes 0.01%
Elusimicrobia 0.01%
Fusobacteria 0.01%
Fibrobacteres 0.01%
ThermodesulfoDictyoglomi
bacteria 0.02%
0.01%
Chrysiogenetes

Bacteria
Synergistetes
0.01%

Proteobacteria
48.11%

0.02%
Thermotogae 0.05%
Deferribacteres
0.05%Aquificae 0.05%
Chlamydiae 0.08%
DeinococcusThermus0.21%
Chlorobi 0.23%
Spirochaetes 0.24%
Ignavibacteria 0.26%
Chloroflexi 0.71%
Nitrospirae 0.80%
Firmicutes
Acidobacteria 0.93%
1.00%
Gemmatimonadetes
Verrucomicrobia
0.98%
2.03%

Bacteroidetes
21.29%

Planctomycetes
5.33%
Actinobacteria 7.33%

Cyanobacteria
10.20%

Fig. 7.3 Bacteria distribution on phylum level in MSR (all percentages in reads)

Archaea
Thaumarchaeota
29.47 %

Crenarchaeota 6.32
%
Korarchaeota 1.05
%
Euryarchaeota
63.16 %

Fig. 7.4 Archaea distribution on phylum level in MSR (all percentages in reads)

during the study period. Among Chlorophyta, Chlamydomonas and Chlorella were
the dominant species with the read number of 11,703 and 9256, respectively, i.e.,
around 71.1 % of Chlorophyta.
Except for the taxonomic information of the phytoplankton, the three domains
including Bacteria (Fig. 7.3), Archaea (Fig. 7.4), Eukaryota (Fig. 7.5), and Virus
(not shown here due to the confidential agreement with Macao Water Co. Ltd.) can
also be revealed by the Ion Torrent PGM sequencing.
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Eukaryota
Blastocladiomycota Microsporidia 0.04%
0.04%
0.04%
Placozoa 0.22%
Rotifera 0.29%
Hemichordata 0.40%
Echinodermata
0.43%
Eustigmatophyceae
0.54%
Platyhelminthes
0.58% Porifera 0.65%
Nematoda 0.76%
Annelida 0.76%
Apicomplexa 0.79%
Cnidaria 1.91%
Basidiomycota 2.09%
Entomophthoromycota

Bacillariophyta
51.12%

Mollusca 2.23%
Phaeophyceae 2.38%
Chytridiomycota
7.70%

Ascomycota 3.46%
Chordata
5.44%
Chlorophyta 5.15%
Arthropoda 6.26%

Streptophyta 6.77%

Fig. 7.5 Eukaryota distribution on phylum level in MSR (all percentages in reads)

Compared to the previous studies in which the microbial meta-genome was
analyzed based on 16S RNA gene sequence, the present study focused on deep
sequencing of microbial genomic DNA by whole-genome shotgun approach. This
approach is now allowing us to investigate microbial diversity pattern in much more
detail than with microscopy and other conventional molecular technique such as
real-time PCR that has difficulty in obtaining the complete profile of phytoplankton.
Furthermore, it not only provides more accurate information of the diversity of
microbial community but also simultaneously identifies and quantifies other
domains at different organisms’ levels. Although the focus of the present study
was on phytoplankton population, the detection of different species of Bacteria,
Archaea, Eukaryota, and even Virus in the freshwater reservoirs is also available,
suggesting that this work can bring new vision and perspectives to future research.

7.4

Conclusions

In this study, MSR showed a high TSI level of 65–82 and was determined to be in
eutrophic-hypereutrophic status. PCA identified four factors, which were responsible for the data structure explaining 80.84 % of the total variance of the complete
data set.
The results from the deep sequencing showed that Cyanobacteria, Chlorophyta,
Euglenida, and Bacillariophyta were found with the corresponding percentage of
around 60.011 %, 39.442 %, 0.001 %, and 0.546 %, respectively, among of which
Microcystis spp. and Oscillatoria spp. were the dominant species, which was
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consistent with our previous results by microscopy that Microcystis was the algal
bloom-associated cyanobacteria, leading to a detectable concentration of
microcystin. Furthermore, except for the phytoplankton population, the read number and distribution of the different phyla levels in the Bacteria, Archaea, and
Eukaryota kingdoms were revealed in the present study. Our study illustrates the
potential of DNA deep sequencing-based analyses as a powerful tool in water
sample monitoring by providing rapid, accurate, and reliable identification and
quantification of phytoplankton taxa. The high reproductively and standardization
makes the deep sequencing approach an excellent option for simultaneous monitoring of bacterial and eukaryotic phytoplankton in the freshwater reservoirs.
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Chapter 8

Integrating Support Vector Regression
with Particle Swarm Optimization
for Numerical Modeling for Algal Blooms
of Freshwater
Inchio Lou, Zhengchao Xie, Wai Kin Ung, and Kai Meng Mok

Abstract Algae-releasing cyanotoxins are cancer causing and very harmful to the
human being. Therefore, it is of great significance to model how the algae population dynamically changes in freshwater reservoirs. But the practical modeling is
very difficult because water variables and their internal mechanism are very
complicated and nonlinear. So, in order to alleviate the algal bloom problems in
the Macau Main Storage Reservoir (MSR), this work proposes and develops a
hybrid intelligent model combining support vector regression (SVR) and particle
swarm optimization (PSO) to yield optimal control of parameters that predict and
forecast the phytoplankton dynamics. In this process, collected data for current
months’ variables and previous months’ variables are used for the model to predict
and forecast, respectively. In the correlation analysis of 23 water variables that were
monitored monthly, 15 variables such as alkalinity, bicarbonate (HCO3),
dissolved oxygen (DO), total nitrogen (TN), turbidity, conductivity, nitrate,
suspended solid (SS), and total organic carbon (TOC) are selected, and data from
2001 to 2008 for each of these selected variables are used for training, while data
from 2009 to 2011 which are the most recent 3 years are used for testing. It can be
seen from the numerical results that the prediction and forecast powers are, respectively, estimated at approximately 0.767 and 0.876, and naturally it can be concluded that the newly proposed PSO–SVR is working well and can be adopted for
further studies.
Keywords Algal bloom • Phytoplankton abundance • Support vector regression •
Particle swarm optimization • Prediction and forecast models
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Introduction

As a water pollution issue, freshwater algal bloom usually exists in eutrophic lakes
or reservoirs due to excessive nutrients. Most species of algae (also called phytoplankton) can generate different cyanotoxins including microcystins,
cylindrospermopsins, and nodularins, which in turn will affect the water treatment
processes and lead to negative impacts on the health of the public (Selman
et al. 2008). So, it is very important to understand the population dynamics of
algae in the raw water storage units.
For existing research, usually the major models of phytoplankton abundance
simulation and prediction are based on a mechanistic approach in which the
mechanism has to be relatively clear. But in practical modeling, it is very difficult
to model them in such a complicated system, because the system includes physical,
chemical, and biological processes, and these processes have an impact to each
other as well. Because less background information and incomplete monitoring
data are present, the highly nonlinear relationship between phytoplankton abundance and various water parameters is still unknown. So, it might be another option
to do quantitative simulation models without considering mechanisms or simple
time series models with simple structure. In existing works, these possible quantitative models have been applied for water quality simulation and prediction (Fei
et al. 2009; Amiryousefi et al. 2011; Hatvania et al. 2011; Li and Hu 2012).
To overcome the difficulties in modeling complicated and nonlinear water
systems, it can be an alternative solution to adopt computational artificial intelligence as the efficient tool. In this approach, it needs to consider the time series
effect for predicting and lack thereof for forecasting. For some existing works
(Pallant et al. 2007), in order to predict chlorophyll-a levels, the fundamental
index of phytoplankton, principal component analysis (PCA) combined with multiple linear regressions (MLRs) is applied for principal component regression
(PCR). But it is not good enough to only apply PCR to solve the problem because
of complex nonlinearity. Then, artificial neural network (ANN) such as back
propagation (BP) was applied to predict the algal bloom by assessing the eutrophication and simulating the chlorophyll-a concentration. Because ANN is selfadaptable and tolerant to errors and self-organization, it is better than PCR for
nonlinear simulation. ANN has been used for predicting the chlorophyll concentrations (Huang et al. 2004, 2006a, b) and sludge bulking in wastewater treatment
processes (Belanche et al. 2000; Han and Qiao 2012). However, ANN still has some
limitations such as needing a great amount of training data, mainly depending on
experience to set structure parameters, and its internal working mechanism wherein
it is difficult to understand and interpret the data (Hecht-Nielsen 1987; Pallant
et al. 2007).
Compared to the performance of the ANN and MLR, recently support vector
machine (SVM) has more advantage and developed as an efficient learning algorithm. The aim of SVR is to devise a computationally efficient way of learning well
separating hyperplanes in a high-dimensional feature space where good
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hyperplanes are ones optimizing the generalization bounds and computationally
efficient mean algorithms able to deal with sample sizes of the order of 100,000
instances (Cristianini and Shawe-Taylor 2000). Support vector machines (SVMs)
are learning machines implementing the structural risk minimization (SRM) inductive principle to obtain good generalization on a limited number of learning
patterns. SRM involves simultaneous attempt to minimize the empirical risk and
the VC (Vapnik–Chervonenkis) dimension. A version of an SVM for regression has
been proposed in 1997 by Vapnik, Steven Golowich, and Alex Smola (Vapnik
2000). This method is called support vector regression (SVR). SVR is an artificial
intelligence forecasting tool using a high-dimensional feature space, which can
model nonlinear relationships; the SVR embedded solution meaning is unique,
optimal, and unlikely to generate local minima, and it chooses only the necessary
data points to solve the regression function, resulting in the sparseness of solution.
However the model produced by SVR depends only on a subset of the training data,
because the cost function for building the model ignores any training data close to
the model prediction (within a threshold ε). PSO is an emerging population-based
optimization tool that simulates social behavior of biological organisms that move
in groups, such as birds and fishes, and developed by Dr. Kennedy and Dr. Eberhart
(1995), inspired by the artificial life research results. PSO shares many similarities
with evolutionary computation techniques. Each individual in PSO is assigned with
a randomized velocity according to its own and its companions’ flying experience.
The individuals, called particles, are then flown through hyperspace. Successful
applications of PSO in some optimization problems, such as function minimization
and NNs design, demonstrate its ability of global search (Kennedy and Eberhart
2001; Lin et al. 2008). The system is initialized with a population of random
solutions and searches for optima by updating generations. However, PSO has no
evolution operators such as crossover and mutation. In PSO, the potential solutions,
called particles, fly through the problem space by following the current optimum
particles.
The key contributions of this paper not only focus on the mathematical modeling
itself but also take the complete main factors that affect the algal blooms into
consideration, by integrating all of those potential mechanistic blooming causative
variables into both models, though only the data-driven models were applied. SVR
has achieved great success in both academic and industrial platforms due to its
many attractive features and promising generalization performance. When using
SVR, the main problem is confronted: how to set the best kernel parameters. In
application SVR, proper parameter setting can improve the SVR regression accuracy. However, inappropriate parameters in SVR lead to over-fitting or underfitting.
Different parameter settings can cause significant differences in performance.
Therefore, selecting optimal hyperparameter is an important step in SVR design
(Keerthi 2000; Lin 2001; Duan et al. 2003). In order to improve the performance of
SVR, PSO is applied to select the most appropriate training parameters of SVR.
PSO is one of the optimization techniques, which search for an optimal value of a
complex objective function such as bird flocking and fish schooling. PSO needs
only the fitness values to determine their search. However, considering the
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difficulty in obtaining the fitness value, due to impossibility to run a real system for
each parameter combination, SVR would be an option as a fitness estimator. The
aim of PSO is to shorten the time to compute and optimize the fitness value. The
SVR would be used as an objective function for the PSO optimization process, to
generate the outputs from the inputs. Some studies integrating PSO and SVM have
been presented in the literatures (Fei et al. 2009; Hong 2009; Tang et al. 2009; Zhao
and Yin 2009; Wu and Law 2010; Wu et al. 2010; Wu and Law 2011). However,
there is still no research showing whether the hybrid model based on PSO and SVR
can be applied in the algal bloom problem that occurs in drinking water resources,
which affects the health of the public. Furthermore, the up-to-date modeling
literature only considers a limited couple of routine measured parameters, losing
the key factors that are indeed important and affect the algal blooms. We deliberately monitored all of the relatively complete parameters over 11 years to develop a
more accurate model using PSO and SVR for explaining the algal bloom mechanisms, which fills those research gaps in this study.
In this paper, a novel method of phytoplankton abundance prediction and
forecast is presented by SVR based on PSO algorithms. This approach is the use
of PSO to determine free parameters of SVR, i.e., PSO–SVR, which optimizes all
SVR parameters simultaneously from the training data. Then the monthly phytoplankton abundance data in MSR was used as a case study for the development of
the prediction and forecast model to simulate the dynamic change of phytoplankton
abundance in the Macau Reservoir given a variety of water variables. The measured
data from 2001 to 2011 were used to train and test the model. Present study will lead
to better understanding of the algal problems in Macau, which will help to develop
later guidelines for forecasting the onset of algae blooms in raw water resources.
The rest of this paper was organized as follows: The study area and data source
of MSR were first introduced concisely, followed by modeling approaches (SVR
and PSO) formulation, and the performance indicators were used for evaluation in
Sect. 2. Section 3 presented and discussed the modeling results performed by PSO
and SVR, respectively, and made comparisons between both methods. The conclusion was drawn finally in Sect. 4.

8.2
8.2.1

Materials and Methods
MSR and Water Parameters Measurement

Macau is located south of China with a subtropical seasonal climate that is greatly
influenced by the monsoons. As the biggest reservoir in Macau, the Macau Main
Storage Reservoir (MSR) (113  33´12΄´E longitude and 22  12΄1200 N latitude)
(as shown in Fig. 8.1) is located in the east of the Macau Peninsula with the
capacity of about 1.9  106 m3 and the water surface area of 0.35 km2. In recent
years, the reported algal bloom situation appeared to be worsening (Macao Water
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Fig. 8.1 Location of the MSR

Co. Ltd, unpublished data). Macau Water Supply Co. Ltd. is responsible for water
quality monitoring and management. Locations in the inlet, outlet, and middle of
the reservoir were selected for sampling. Samples were collected in duplicate
monthly from May 2001 to February 2011 at 0.5 m from the water surface. There
are 23 water quality parameters, including hydrological, physical, chemical, and
biological parameters, which were monitored monthly, and these 23 parameters
were measured according to the standard methods (APHA 2002; Huang and Chen
2007). Imported volume, exported volume, and water level were recorded by the
inlet and outlet flow meters, based on which the hydraulic retention time (HRT) can
be calculated. The phytoplankton samples were fixed using 5 % formaldehyde and
transported to the laboratory for microscopic counting.
In order to identify the water parameters that were significantly correlated with
phytoplankton abundance, correlation analysis was conducted firstly. The criterion
for selecting parameters as the inputs to the PSO–SVR models is that correlation
coefficients for selected parameters need to be greater than 0.3. It should be pointed
out that in forecast models, the parameters are different from those in the prediction
models, because the water parameters in previous data were also used in the
correlation analysis. In this study, the forecast model was based on data for the
last 3 months. Including the data from the last 3 months in this forecast model is to
adopt the historical effect of the last year that has similar environmental conditions
such as temperature which influences the growth of phytoplankton.
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Support Vector Regression (SVR)

The SVR is to map the feature vector x into a higher-dimensional space by using a
nonlinear mapping ɸ(x). Assume that the f(x) takes the linear form:
f ðx; αÞ ¼ ðω  xÞ þ b

α ! ðω; bÞ

ð8:1Þ

where x is the independent variable and y is the dependent one. ω refers to a vector
for regression coefficients, while b is the model error value. The coefficients w and
b are estimated by minimizing the following regularized risk function:
n
1X
Cε ðyk , f ðxk ; αÞÞ þ c:Sðf Þ, α 2 λ
n k¼1
n 

1X
 y  f ðxk ; αÞ þ c:Sðf Þ, α 2 λ
¼
k
ε
n k¼1

Rsvm ðαÞ ¼

ð8:2Þ

where is a function of parameters α in domain λ (0,C), S( f ) is the smoothness of
functions f, and c is the trade-off coefficient between the empirical risk and
smoothness of functions f. SVM is designed to find the α that minimizes the risk
function Rsvm(α).

Cε ¼ jyk  f ðxk ; αÞjε ¼

0
jyk  f ðxk ; αÞj  ε

jyk  f ðxk ; αÞj  ε
otherwise

ð8:3Þ

Cɛ is called ɛ-insensitive cost function, C(y, f(x,α)), and is defined to evaluate the
discrepancy between an observation yk and the response of learning machine f(xk,
α). Determining the trade-off between the training error and the model flatness, n is
the number of training samples, while ε is a prescribed parameter controlling the
tolerance to error. Both C and 1 are user-determined parameters. Two positive slack
variables ζ and ζ*, which represent the distance from actual values to the
corresponding boundary values of 1-tube, are introduced. Then, (8.4) is
transformed into the following convex optimization problem:
n 
X

1
ζ i þ ζ *i
k ωk 2 þ C
2
i¼1
8
< y i  ðω  x i Þ  b  ε þ ζ i
ðω  xi Þ þ b  yi  ε þ ζ *i
subject to
:
ζ i , ζ *i  0

minimize

ð8:4Þ

By introducing Lagrange multipliers and exploiting the optimality constraints, the
decision function given by (8.1) has the following explicit form:
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f ðx Þ ¼ ðω  Φ ðx ÞÞ þ b ¼

n 
X
i¼1

¼

n 
X
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λi  λ*i ðΦðxi Þ  ΦðxÞÞ þ b

λi  λ*i kðxi  xÞ þ b

ð8:5Þ

i¼1

where K (xi, xj) is called the kernel function and λi and λi* are the so-called Lagrange
multipliers. Kernel function is an inner product of two transformed feature vectors,
and it is written by k (xi.xj) ¼ ɸ(xi). ɸ(xj).In the literature, there are several kernel
functions, namely linear, polynomial, and Gaussian kernels. Generally, using
Gaussian function will yield better prediction
performance.

 Thus, in this work,
2


2
the Gaussian function, K xi ; xj ¼ exp xi  xj  =ð2σ Þ , is used in the SVR
where σ 2 represents the bandwidth of Gaussian kernel.
To build an SVR model efficiently, we need to select three positive parameters,
σ, s, and C, of an SVR model. These parameters must be selected accurately, since
they determine the structure of high-dimensional feature space and govern the
complexity of the final solution. However, structural methods of selecting parameters efficiently are lacking. Thus, despite its superior features, SVR is limited in
some research and applications, because the user has to define various parameters
appropriately. An excessively large value for parameters in SVR leads to overfitting, while a disproportionately small value leads to underfitting (Keerthi 2000;
Lin 2001). Different parameter settings can cause significant differences in performance. Therefore, selecting the optimal hyper-parameter is an important step in
SVR design (Lin 2001; Cristianini and Shawe-Taylor 2002).

8.2.3

Particle Swarm Optimization (PSO)

In PSO, a particle’s neighborhood is the subset of particles with which it is able to
communicate. Depending on how the neighborhood is determined, the PSO algorithm may embody the gbest and lbest models. In the former, each particle is
connected to every other in the swarm, thus obtaining information from the
whole group. In the latter, a particle is not able to communicate with the entire
swarm but only with some selected particles.
The particle swarm optimization concept consists of, at each time step, changing
the velocity of (accelerating) each particle toward its pbest and lbest locations (local
version of PSO). Acceleration is weighted by a random term, with separate random
numbers being generated for acceleration toward pbest and lbest locations.
In the standard PSO model, with M particles in D-dimensional problem space,
each particle is denoted as Xi ¼ (xi1, xi2,. . ., xiD), i ¼ 1,2,. . .,M which is represented
as a potential solution. The velocity of each particle along with each dimension is
denoted as vi ¼ (vi1, vi2,. . ., viD). The velocity and position of particle i at (t þ 1)
iteration are updated by the following equations:
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h
i
vij ðt þ 1Þ ¼ wvij ðtÞ þ c1 r 1j ðtÞ p_cij ðtÞ  xij ðtÞ þ c2 r 2j ðtÞ p_gj ðtÞ  xij ðtÞ ð8:6Þ
xij ðt þ 1Þ ¼ xij ðtÞ þ vij ðt þ 1Þ

ð8:7Þ

where vij is velocity measures for particles, w is inertial weight controlling velocity
direction (a measure of how much the particle “trusts” its own exploration), c1 and c2
are acceleration coefficients, and r 1 and r 2 are random numbers uniformly
distributed between 0 and 1. Thus c1r1 represents a uniformly distributed random
number from 0 to c1. It is a measure of how much a particle “trusts” its neighborhood best velocity, and c2r2 represents a uniformly distributed random number from
0 to c2. Independent from c1r1, it is a measure of how much a particle “trusts” the
global velocity; p_cij is the neighborhood best position. “-” which represents the
difference of two positions is the velocity that will transform the second position
into the first position. p_gj is the global best position. “þ” represents the transformation of a position using the velocity (yields a position). x is position measure for
particles.
Thus, the change of position of each particle from one iteration to another can be
computed according to the distance between the current position and its previous
best position and the distance between the current position and the best position of
swarm. The particle flies through potential solutions toward p_ci(t) and p_g(t) in a
navigated way while still exploring new areas by the stochastic mechanism to
escape from local optima. Since there was no actual mechanism for controlling
the velocity of a particle, it is necessary to impose a maximum value vmax on it. If
the velocity exceeds the threshold, it is set equal to vmax, which controls the
maximum travel distance at each iteration to avoid this particle flying past good
solutions. The PSO algorithm is terminated with a maximal number of generations,
or the best particle position of the entire swarm cannot be improved further after a
sufficiently large number of generations. The PSO algorithm has shown its robustness and efficacy in solving function value optimization problems in real number
spaces.

8.2.4

The Proposed Hybrid Model Integrating SVM and PSO

The research scheme of the proposed methodology is shown in Fig. 8.2.
First, the population of particles is initialized, and each particle is represented as
τ1, τ2, and τ3, where τ1, τ2, and τ3 denote the regularization parameters C, σ2, and
ε, respectively. The initial group is randomly generated, with each group having a
random position and a random velocity for each dimension. Second, each particle
m  ^
X

fitness function of PSO (fitness ¼ ηMAPE ¼ m1
Y i Y i =Y i where ηMAPE is the
i¼1
^
Y i are

mean absolute percentage error and Yi and
the observation data and the
modeling results, respectively) for the SVM is evaluated. Each particle fitness in
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Fig. 8.2 A flow diagram of the proposed nonlinear ensemble forecasting model

this study is the regression accuracy. If the fitness is better than the particle’s best
fitness, then the position vector is saved for the particle. If the particle’s fitness is
better than the global best fitness, then the position vector is saved for the global
best. Finally the particle’s velocity and position are updated until the termination
condition is satisfied.
PSO–SVR is applied in the proposed SVR software reliability prediction model
to optimize parameter selection.

8.2.5

Performance Indicators

The performance of models was evaluated using the following indicators: coefficient of determination (R2) that provides the variability measure for the data
reproduced in the model. Prediction R2 is a good measure for both comparison
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and seeing the model’s prediction capability. The calculation method is also known
as the cross validation, in which we exclude the first observation and build the
model with the remaining ones, use this model to predict the excluded observation,
and repeat for all observations. It is a good measure for out-of-sample accuracy. As
this test cannot give the accuracy of the model, other statistical parameters should
be reported. Mean absolute error (MAE) and root mean square error (RMSE)
measure residual errors, providing a global idea of the difference between the
observation and modeling. The indicators were defined as below by Eqs. 8.8, 8.9,
8.10, 8.11, and 8.12.
R2 ¼ 1 
F¼

X

F
Fo
^

ð8:8Þ
2

Yi  Yi

X

2
Yi  Yi

n  ^

1X

Y i Y i 
MAE ¼

n i¼1
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n  ^

1X
RMSE ¼
Y i Y i 2
n i¼1
Fo ¼

ð8:9Þ
ð8:10Þ
ð8:11Þ
ð8:12Þ

where n is the number of data; Yi and Y i are observation data and the mean of
^

observation data, respectively; and Y i is the modeling results (see Table 8.1).

8.3

Results and Discussion

To illustrate this hybrid prediction and forecast methods, the estimation of phytoplankton abundances based on the water parameters and environmental variables
was studied in this work. The correlation of log10 phytoplankton abundances and all
variables for prediction model and forecast model was shown in Table 8.1. It can be
seen that parameters with correlation coefficients greater than 0.3 are highlighted in
bold, and these highlighted parameters will be kept in the models. Because the
water parameters in previous data were also used in the correlation analysis, the
parameters selected in forecast models are different from those in the prediction
models. In the forecast models of SVR, phytoplankton abundance (t) is a function in
terms of water parameters t-1, t-2, and t-3. At here t-1, t-2, and t-3 represent the
1 month, 2 months, and 3 months before the time t. So, in this way, only 9 parameters were used in the prediction models, while 23 time-lagged parameters were
selected for the forecast models.
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Table 8.1 Correlation analysis of prediction and forecast model
Parameters

Prediction model

Turbidity
Temperature
pH
Conductivity
Cl
SO42
SiO2
Alkalinity
HCO3
DO
NO3
NO2
NH4+
TN
UV254
Fe
PO43
TP
Suspended solid
TOC
HRT
Water level
Precipitation
Phytoplankton abundance

0.03
0.19
0.49
0.08
0.01
0.03
0.33
0.34
0.46
0.39
0.29
0.10
0.11
0.68
0.56
0.14
0.02
0.08
0.31
0.38
0.12
0.13
0.09
–

Forecast model
Time lagged (month)
t1
0.00
0.21
0.42
0.01
0.10
0.03
0.31
0.30
0.40
0.35
0.22
0.08
0.10
0.60
0.55
0.06
0.06
0.05
0.35
0.33
0.11
0.05
0.05
0.82

t2
0.01
0.19
0.38
0.14
0.22
0.14
0.16
0.21
0.32
0.34
0.22
0.02
0.08
0.53
0.48
0.04
0.06
0.02
0.31
0.29
0.13
0.01
0.11
0.71

t3
0.06
0.14
0.33
0.21
0.28
0.22
0.04
0.12
0.24
0.31
0.15
0.03
0.25
0.46
0.47
0.08
0.03
0.00
0.23
0.35
0.16
0.02
0.06
0.62

When the correlation analysis is done, it needs to test the models which cover
two parts, the accuracy performance and the generalization performance. Accuracy
performance is to check how capable the model is to predict the output for the given
input set that was originally used to train the model. Generalization performance is
to test if the model is capable of predicting the output for the given input sets that
were not used to train the model. It is not good if a model is memorizing the inputs
instead of generalized learning; so in order to avoid this problem, both performance
checks should be covered. In this work, 50 runs were conducted to average the
performance indexes for SVR-based models.
So for the prediction models in the application of SVR in this work, after the
correlation analysis, as the independent variables, there are nine parameters including pH, SiO2, and phytoplankton abundance which are selected as the induced
variables to set a target. And then, the data process for both the prediction and
forecast model follows the same steps as illustrated in Xie et al. (2012). After the
data were processed, the performance of prediction and forecast models was shown

136

I. Lou et al.

Table 8.2 Performance indexes of the prediction and forecast models
Prediction model
Accuracy
performance
(Training set)
SVM SVM
[31]
þ PSO
0.760 0.764
0.307 0.291
0.243 0.236

Performance
index

Phytoplankton abundance (log10)

R2
RMSE
MAE

Forecast model
Accuracy
performance
(Training set)
SVM
SVM
[31]
þ PSO
0.863
0.875
0.229
0.219
0.127
0.120

Generalization
performance
(Testing set)
SVM SVM
[31]
þ PSO
0.758 0.767
0.351 0.343
0.274 0.267

Generalization
performance
(Testing set)
SVM
SVM
[31]
þ PSO
0.863
0.876
0.264
0.258
0.226
0.224

8.5
Observed
PSO-SVM

8
7.5
7
6.5
6
2001

2002

2003

2004

2005

2006

2007

2008

2009

Year

Fig. 8.3 Observed and predicted phytoplankton level for the training and validation data set of the
prediction models

in Table 8.2. The results indicated that the SVR was successful in the prediction and
forecast of phytoplankton abundance in MSR, with the R2 greater than 0.87 for both
training and testing data sets. Compared to the prediction model with the R2 of
0.764 (0.767), RMSE of 0.291 (0.343), and MAE of 0.236 (0.267) for training
(testing), the forecast model had better performance with the R2 of 0.875 (0.876),
RMSE of 0.219 (0.258), and MAE of 0.120 (0.224) for training (testing), suggesting
that the historical water parameters including the phytoplankton abundance have an
effect on the prediction, which can improve the prediction powers. These results
further confirmed the historical effects on the model accuracy and generalization
performance and also implied that it takes the latest 3 months of data as memorizing
learning can improve the prediction power in the forecast model. Further, compared
to our previous study (Xie et al. 2012) for the prediction and forecast of phytoplankton abundance using SVR only with R2 of 0.863, the present study integrating
SVR and PSO as the optimization algorithm has better prediction power with R2,
RMSE, and MAE.
The observed data versus the modeling data was shown in Fig. 8.5 (prediction
model) and Fig. 8.8 (forecast model 1), and the observed and modeling phytoplankton abundance changes over time were listed in Figs. 8.3 and 8.4 (prediction model)

Phytoplankton abundance (log10)
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Fig. 8.4 Observed and predicted phytoplankton level for the testing data set of the prediction
models
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Fig. 8.5 PSO–SVM results for the training and validation (a) and testing (b) data set of the
prediction model

and Figs. 8.6 and 8.7 (forecast model 1). These results confirmed that integrating
SVM and PSO can handle well the nonlinear relationship between water parameters
and phytoplankton abundance. From the modeling point of view, a disadvantage of
learning machine method is that the mechanisms of the inner signal processing are
not unknown. However, it has provided enough information for MSR to prevent the
algal bloom problems; for controlling the algal bloom problem occurrence, the
engineers can only control the prediction or forecast of phytoplankton abundance
by adjusting the operational variables, such as reducing the nitrogen and phosphorus concentrations, without understanding the complete mechanisms and the relationships among the variables.
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Fig. 8.6 Observed and predicted phytoplankton levels for the training and validation data set of
the forecast model 1 that are based on the previous 1st, 2nd, and 3rd month data
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Fig. 8.7 Observed and predicted phytoplankton levels for the testing data set of the forecast
model 1 that are based on the previous 1st, 2nd, and 3rd month data

The forecast model integrating PSO and SVR showed high values of RMSE and
R2 and a simple algorithm, which is highly probably due to the more complete algal
bloom causative variables involved, thus providing more information in explaining
the algal bloom phenomena, despite the complete mechanisms causing algal bloom
and the relationships among variables being still unclear.
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Fig. 8.8 PSO–SVM results for the training and validation (a) and testing (b) data set of the
forecast model 1 that are based on the previous 1st, 2nd, and 3rd month data

8.4

Conclusions

To avoid algal blooms in drinking water lakes or reservoirs, it is very crucial to have
an accurate phytoplankton abundance prediction and forecast. This study proposes
the PSO–SVM-based prediction and forecast models for monthly phytoplankton
abundance time series in MSR. PSO was applied to obtain the optimal parameters
of SVR. It can be seen that the forecast model has better performance with the R2 of
up to 0.876 than prediction model with the R2 of 0.767. This means that the algal
bloom problem is a complicated nonlinear dynamic system that is affected not only
by the water variables in current month but also by those in a couple of previous
months. Furthermore, SVR in the study showed superior forecast power and root
mean square errors with the latest 3 months of data in the forecast model, and this
indicates that the historical water parameters and phytoplankton abundance have an
impact on the phytoplankton dynamics of the reservoir. From numerical results, it
can be concluded that this work proposes an effective approach for water system
modeling and management, and it can also be noted that this approach can be
further improved by combining other numerical approaches and optimization
algorithms such as genetic algorithms (Cattani et al. 2012; Chen et al. 2012; Lu
et al. 2013).
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Chapter 9

Conclusions and Outlook
Weiying Zhang

Abstract This chapter provides a final summary of previous chapters, and gives
an outlook on the problems that will require further research. Comparisons of
the applications are made among different types of monitoring techniques and
prediction models, showing that these advanced techniques are effective new
ways that can be used for monitoring algal blooms in drinking water storage
reservoirs.

9.1
9.1.1

Conclusions
Monitoring and Modeling Algal Blooms

Monitoring of cyanobacteria and modeling of algal blooms forming have played an
important role in water resource management and protection. Since there are many
kinds of monitoring techniques, it is necessary to introduce and compare the most
commonly used ones, including microscopy, online phycocyanin probe, conventional molecular techniques (PCR and qPCR, FISH), and high-throughput sequencing. As part of the modeling types, it reports several powerful computing techniques
and learning machines, including ANN, SVM, RVM and ELM.
Based on many research reports and application cases, this chapter concludes
that different monitoring techniques and modeling types have their own advantages and limitations. Their characteristics indicate that different combinations of
them can show more powerful features and more advantages than their
individual use.
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Water Resources and Importance of Reservoirs

With Macau as our research base, it is necessary to seek insight into the situation of
its water resources. MSR and SPVR are the most important reservoirs in Macau,
with 96 % of the raw water supply coming from Mainland China. With the rapidly
growing population and economy, the water demand and supply from the external
source of water keep growing. In order to improve the water supply and strengthen
its own sustainable development, the government makes great efforts to promote
water reuse and launches a series of water-saving policies.
Salty tide and environmental pollution are two major problems for the Macau
freshwater system. Therefore, the protection and monitoring of the freshwater
reservoirs is the key. And more and more researches about these topics have been
carried out in recent years. Through eutrophication analysis based on the collected
data from month to month, it shows that MSR has the trophic state index (TSI) of
65–82, which is categorized as a eutrophic to hypereutrophic reservoir. Under this
background, different experiments and researches on monitoring cyanobacteria and
modeling algal blooms are conducted and showed in the following chapters.

9.1.3

Spatiotemporal Variations of Phytoplankton Structure
and Water Quality in the Eutrophic Freshwater
Reservoir of Macau

MSR is a small eutrophic reservoir, which is easily affected by external disturbance.
In order to study the dynamic characteristics of MSR, this chapter analyzed its
spatiotemporal variations of phytoplankton structure and water quality from
January 2011 to June 2012. The water samples were needed to be measured for
15 abiotic parameters and counted by microscope. The collected data were firstly
used to calculate TSI and phytoplankton community indices, including diversity,
dominance, evenness, richness, and similarity. The second part was followed by
statistical analyses which are PCA, CA, and DA.
The TSI and microscope results showed that MSR was categorized as a
eutrophic–hypereutrophic reservoir, with the dominance of Cyanophyta in 2011
and of Chlorophyta and Bacillariophyta in 2012. Lowest diversity/evenness and
highest dominance happened in June 2011, while highest diversity/evenness and
lowest dominance occurred in May 2012. SIMI index revealed that the variations of
phytoplankton species were significant in 2012, while they maintained relatively
stable in 2011. Margalef’s richness index revealed that the overall phytoplankton
species richness level of MSR was not high.
In statistical analysis, PCA identified four PCs that can explain 80.8 % of the
total variance of the water quality data. The main compositions of each PC are
different: nitrogen sources, physical and biological parameters for PC1 (44.92 %),
climate parameters and total nitrogen for PC2 (17.77 %), phosphorus source for
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PC3 (10.13 %), and Secchi depth for PC4 (8.03 %). As for temporal variation
analysis, CA results generated two clusters (Cluster 1, Apr–Dec 2011; Cluster
2, Jan–Mar 2011 and Jan–Jun 2012) among the 18 months, and DA results revealed
only three parameters (TP, NO3-N, and chl-a) that could afford 100 % correct
assignation in temporal analysis. Finally, analysis for spatial variations only gave
out CA results generating two clusters (Cluster 1, p1–p4; Cluster 2, p5–p6) among
the six sampling points, while it failed to complete DA. It was because MSR was
too small to have significant spatial difference between the sampling points. These
results were helpful to develop a monitoring program of MSR in a more
efficient way.

9.1.4

Using an Online Phycocyanin Fluorescence Probe
for Rapid Monitoring of Cyanobacteria in Macau
Freshwater Reservoir

The traditional methods of monitoring cyanobacteria and their toxins depending on
cell counting, chl-a determination, and cyanotoxin measurements were tedious,
costly, time consuming, and insensitive. Thus we tryed to apply and test PC
fluorescence probe for rapid monitoring of cyanobacteria in MSR. The PC fluorescence was analyzed in both laboratory and field research and compared with
traditional methods in pure and mixed cyanobacterial cultures in the lab.
The results demonstrated that online PC fluorescence probe was a successful tool
for rapid monitoring cyanobacteria in pure cultures, mixed cultures, and MSR water
samples, provided that PC concentration remained below 200 μg/l. Cyanobacterial
biovolume was a more appropriate indicator than cell number, since it was more
strongly correlated with PC. However, in freshwater systems containing stable
cyanobacterial structures dominated by only one or two species of cyanobacteria,
satisfactory correlations existed between cell number and PC (e.g., R2 ¼ 0.71 in
MSR). Furthermore, the PC pigment indicated cyanobacteria specifically, unlike
chl-a which represented all the algal biomass. Therefore we concluded that the PC
probe could be used for online monitoring of cyanobacteria and predicting potential
risk of cyanobacterial blooming in freshwater reservoirs.

9.1.5

Application of PCR and Real-Time PCR
for Monitoring Cyanobacteria, Microcystis spp.
and Cylindrospermopsis raciborskii in Macau
Freshwater Reservoir

Monitoring cyanobacteria was one of our crucial research topics since cyanobacteria
were the largest and most widely distributed species of phytoplankton worldwide.
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According to the last several years of surveys of cyanobacteria by the Macao Water
Co. Ltd. based on microscopy, Microcystis and Cylindrospermopsis (most of which
are C. raciborskii) were the dominant species in MSR. Since the traditional
microscope counting had some limitations that could lead to inaccurate results,
this research tried to develop a new and more precise method to monitor
cyanobacteria Microcystis and C. raciborskii in Macau. PCR and qPCR were the
most commonly recommended molecular methods in microbial identification and
quantification because of their accuracy and sensitivity. The research was divided
into three stages: pure culture, mixed cultures, and water samples. The identification and quantification results from PCR/qPCR and microscope counting were
compared in each stage.
All the PCR results proved that our selected primer sets for cyanobacteria
Microcystis and C. raciborskii were highly specific, while the comparison results
of the cell number estimated using microscopy and qPCR showed small difference,
with a population ratio of 0.52–1.95 (pure culture) and 0.94–1.16 (mixed cultures).
In water sampling stage, the cell numbers of cyanobacteria and C. raciborskii
estimated by qPCR were close to those estimated by manual counting, with the
ratios of 0.4–12.9 and 0.2–3.9, respectively. However, significant differences were
found in quantifying Microcystis cells between two methods in MSR water samples. No Microcystis cell was observed in all of the 30 water samples using
microscopy, but it can be detected by qPCR with a low level of
214,000–2,480,000 cells/L, strongly proving that qPCR was more sensitive and
accurate than manual counting. The successful establishment of PCR and qPCR
techniques in detecting cyanobacteria Microcystis spp. and C. raciborskii suggested
that they could be powerful tools used to replace the microscopic counting, particularly for low concentration of phytoplankton cells in MSR.

9.1.6

Analysis of Cylindrospermopsin- and MicrocystinProducing Genotypes and Cyanotoxin Concentrations
in the Macau Storage Reservoir

Measurements of cylindrospermopsin and microcystin were two important items
for daily water quality monitoring, since the concentrations of them could affect the
safety of drinking water and the health of aquatic lives, animals, and humans
directly. To better predict the variation trend of cylindrospermopsin and
microcystin in MSR, we developed PCR and qPCR methods targeting for
cylindrospermopsin- and microcystin-producing genotypes (pks and mcys). Then
the results of pks and mcys gene numbers were analyzed for correlation with other
water parameters. In addition, GLMMs were carried out to find whether there were
any significant differences among the sampling points and months on measured
data of C. raciborskii rpoC1, pks, Microcystis 16S rDNA, mcyA-J genes,
cylindrospermopsin, and microcystin.
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The multiplex PCR was successful in simultaneous detection of pks and
C. raciborskii rpoC1 genes, as well as mcys and Microcystis 16S rDNA genes in
water samples, proving that our selected primer sets were highly specific for each
target.
The quantified results of pks and mcys by qPCR found no significant spatial
difference but significant temporal difference through GLMMs. During study
period, the dynamic changes of pks were similar with C. raciborskii rpoC1 and
cylindrospermopsin, which were confirmed by correlation analysis with coefficients of 0.88 and 0.95. Besides, pks gene numbers were strongly related to
cyanobacterial cell numbers (R2 ¼ 0.96), total algae numbers (R2 ¼ 0.95), and
chlorophyll-a concentrations (R2 ¼ 0.83), consistent with the dominant species of
Cylindrospermopsis among the cyanobacteria existing in MSR. Furthermore, NH4N (R2 ¼ 0.68) and pH (R2 ¼ 0.89) were the water quality parameters most highly
correlated with the pks gene numbers, which could contribute to monitoring
potential cylindrospermopsin in MSR.
As for mcys, they showed a more complicated relationship with Microcystis 16S
rDNA genes. Among all the mcys, mcyJ had a quite different behavior, while the
other six mcys could show different degrees of similarity with Microcystis 16S
rDNA genes in temporal variations. However, most of the correlations between
mcys and Microcystis 16S rDNA were poorer than the ones between pks and
C. raciborskii rpoC1. Weak correlations were also obtained between the mcys
and microcystin concentrations and water parameters, except for mcyJ which was
highly correlated with total algae (R2 ¼ 0.83) and cyanobacteria (R2 ¼ 0.82), pH (R2
¼ 0.82), NH4-N (R2 ¼ 0.52), and chl-a (R2 ¼ 0.68). Furthermore, it was surprising
to observe the high positive correlations between mcyJ and cylindrospermopsin (R2
¼ 0.87), Cylindrospermopsis (R2 ¼ 0.70), C. raciborskii (R2 ¼ 0.70), and pks gene
(R2 ¼ 0.92), which was unclear from the authors’ understanding and also had not
been mentioned in the literatures.

9.1.7

Profiling Phytoplankton Community in Drinking Water
Reservoirs Using Deep Sequencing

Harmful algal blooms were one of the most concerning environmental problems in
Macau. Different techniques of identifying and quantifying cyanobacteria were
tested and compared. The conventional molecular techniques such as PCR/qPCR
and FISH were great tools showing a more rapid and accurate detection than
traditional microscope manual counting. However, along with the deepening of
research, it was necessary to obtain the complete profile of phytoplankton, which
was quite difficult to finish by PCR/qPCR and FISH. Therefore, metagenomic highthroughput analysis using PGM was first adopted to investigate the phytoplankton
community in MSR.
The result showed that the total phytoplankton could be determined well through
deep sequencing. A total of 99,489 reads were recorded for phytoplankton, with

148

W. Zhang

60.011 % Cyanobacteria, 39.442 % Chlorophyta, 0.001 % Euglenida, and 0.546 %
Bacillariophyta. Microcystis spp. and Oscillatoria spp. were the dominant species,
which was consistent with our previous results by microscopy. The read number
and distribution of the different phyla levels in the Bacteria, Archaea, and
Eukaryota kingdoms were revealed in the present study, illustrating that DNA
deep sequencing-based analysis was a new powerful tool for simultaneous monitoring of bacterial and eukaryotic phytoplankton in freshwater reservoirs.

9.1.8

Integrating Support Vector Regression with Particle
Swarm Optimization for Numerical Modeling for Algal
Blooms of Freshwater

To avoid algal blooms in freshwater reservoirs, it was very crucial to have accurate
prediction and forecast of phytoplankton growth. This study proposed and developed the PSO–SVM-based models to yield optimal control of parameters that
predict and forecast the phytoplankton dynamics in MSR. In this process, collected
data for current months’ variables and previous months’ variables were used for the
model to predict and forecast, respectively. A total of 15 water variables such as
alkalinity, bicarbonate (HCO3), dissolved oxygen (DO), total nitrogen (TN),
turbidity, conductivity, nitrate, suspended solid (SS), and total organic carbon
(TOC) were selected for PSO–SVM-based model. Data from 2001 to 2008 for
each selected variables were used for training, while data from 2009 to 2011 were
used for testing.
From numerical results, it can be seen that the forecast model had better
performance with the R2 of up to 0.876 than prediction model with the R2 of
0.767. This meant that the algal bloom problem was a complicated nonlinear
dynamic system not only affected by the water variables in current months but
also by those in a couple of previous months. Furthermore, SVR showed superior
forecast power and root mean square errors with the latest 3 months of data in the
forecast model, indicating that the historical water parameters and phytoplankton
abundance had an impact on the phytoplankton dynamics of the reservoir. The
PSO–SVM-based model was proved to be a new and effective approach for the
modeling and prediction of phytoplankton abundance in MSR.

9.2

Outlook

Although the techniques and methods of monitoring cyanobacterial and modeling
algal blooms have advanced remarkably in recent decades, as illustrated by our
discussion in this book, some important questions have not yet been answered, and
there is much room for improvements in future research.
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Establishing a Comprehensive Monitoring System
for All the Reservoirs in Macau

Since Macau is located at the downstream of the Pearl River, the safe and adequate
water supply is of critical significance for the whole city. We not only have to monitor
MSR but also need to take the other local reservoirs into consideration. It is necessary
to learn more about the characteristics including dominant species, eutrophication
level, and temporal/spatial difference of each reservoir, which can help us to select
monitoring indicators and detection modes, and optimize the sampling location and
frequency in a scientific and efficient way. Thus, studies on other freshwater reservoirs such as SPVR will be our next step in the future. At the same time, it also
becomes a long-term research topic of sustainable development in Macau.

9.2.2

Keeping Updating and Optimizing of Monitoring
Techniques and Modeling Methods

Although some new monitoring techniques and modeling methods have developed
in our research, they still need to be updated and optimized from time to time. For
PCR and qPCR, the database of GenBank is always updated and supplemented by
research institutions worldwide, resulting in more and more primer sets available.
The better fit primers can contribute to higher specificity and sensitivity, which
affect the detection quality directly. Similarly, the modeling part is not changeless.
The significant parameters and operation methods can be changed in pace with
training data. Only by using the updated or optimized parameters and patterns can
we get ideal and practical modeling. Otherwise, it will come out wrong modeling
information that will mislead our judgment and prediction.

9.2.3

Paying More Attention to Eutrophication

We have focused on developing the monitoring of cyanobacteria and modeling of
algal blooms in previous studies, with eutrophication analyzed by TSI equations. All
the results indicate that MSR is at eutrophic and hypereutrophic degree. As what we
have known, eutrophication is a serious problem of aquatic ecosystems, especially
leading to harmful algal blooms. However, it is often late to recognize that the
reservoir is having a eutrophication problem. Instead of a simple calculation of TSI
which proceeds following sample collection and lots of water parameter measurements, we need to conduct a modeling of eutrophication dynamics in freshwater
reservoirs. In this way, the eutrophication level of each reservoir can be forecasted
and informed at the first time.

