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Abstract

Long-term time-series data sets of the eutrophic Dutch lakes Veluwemeer and V/olderwijd

were modelled by means of non-supervised and supervised artificial neural networks (ANN)

and hybrid evolutionary algoritms (HEA). The lakes appear as hyper-eutrophic and have been

managed both with bottom-up and top-down management approaches for the past three

decades. Non-supervised or Kohonen ANN (KANN) was applied to both lake data sets for

comparative clustering and ordination. Dividing the lake data into three distinctive

management periods has facilitated an analysis of both the seasonal and long-term dynamics

with regards to eutrophication control. Results of the study have demonstrated that KANN

allow to elucidate complex ecological processes (1) within the phytoplankton functional

groups and (2) between the specific genus, Oscillatoria and Scenedesmus and (3) as a result

of the combination of external nutrient control and in-lake food web manipulation of the two

lakes achieved to control eutrophication. It has been shown that external nutrient control

combined with food web manipulation has turned both lakes from nitrogen to phosphorus

limitation, from blue-green algae to diatom and green algae dominance and speciflrcally from

Oscillatoria agardhii Io Scenedesmus dominance. The second part of this study focussed on

the application of recurrent supervised ANN (RAIIN) and HEA to forecasting and knowledge

discovery.

Eleven years of water quality time-series of the two Dutch lakes Veluwemeer and Wolderwijd

were subject to predictive modelling by RANN and HEA. The modelling aimed at forecasting

changes of the ph¡oplankton community in response to the control of external nutrient

loadings and f,rsh abundances as consecutively implemented to both lakes since 1979. The

water quality time-series of both lakes were structured for the RANN and HEA modelling

using single-lake and merged lake data sets in order to reflect following three different

management periods by both training and validation datasets: no management (1976-1978),

lake flushing and waste water treatment (1979 onwards) and lake flushing, waste water

treatment and food web manipulation (1991-1993). This approach facilitated a comparative

analysis for the two lakes and the three management periods. Firstly, RANN achieved

reasonably accurate results for 5-days-ahead forecasting of abundances of blue-green algae

Oscillatoria and green algae Scenedesmus in both lakes. Secondly HEA achieved similar

good forecasting results but also provided model representations for both algae species in the

form of rule sets. HEA has been designed to evolve both the structure of rule sets as well as

the parameter values imbedded in the rule sets by means of a genetic algorithm.
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The use of merged lake models for prediction using RANN and HEA is a novel approach.

The rules sets for chlorophyll-a, Oscillatoria, Scenedesmus and ph¡oplankton functional

group dynamics discovered are generic for both shallow lakes in relation to eutrophication.

With regards to the different approaches for eutrophication management the modelling

results have shown that only the combination of external nutrient control with food web

manipulation has changed the lakes from hypereutrophic to mesotrophic conditions reflected

by the change from the dominance of blue-green algae Oscillatoria to the dominance of green

algae Scenedesmus. Even though both modelling techniques have forecasted the succession of
two functional algal groups represented by Oscillatoria and Scenedesmus only HEA provides

rule sets for the explanation of these ecological changes. Modelling of the ph¡oplankton

dynamics at the chorophyll-a level and phytoplankton function group levels revealed similar

forecasting results, showing successional changes from hyper-eutrophic conditions (1973)

dominated by blue-green algae followed by increasing diatoms and green algae abundance

(1985 and 1993) that can be explained by sensitivity analyses and the HEA rule-sets

discovered. The results revealed that phosphorus limitation by means of seasonal lake

flushing and wastewater treatment in combination with increased zooplankton grazing by

food-web manipulation diminished the abundance of the harmful blue-green algae groups,

and Oscillatoria but enhanced the abundance of harmless green algae group s, Scenedesmus

and diatoms. These findings are consistent with literature findings e.g. by Benndorf (1995)

that the eutrophic lakes requires primarily efflrcient nutrient control that secondarily can be

finetuned by food-web manipulation.

This led to the final part of the thesis, which involved modelling of phyto- and zooplankton

dynamics as a result of biomanipulation in Lake Wolderwijd by applying the integrated

modelling approach of KANN, RANN and HEA. The results have shown that the changes

that occur at the phfo- and zooplankton functional groups or individual genera reflect the

dynamics of the lakes on a short-term and long-term basis. The clear-water, grazing-induced

hypothesis proved that the dynamics of the food web, although complex; are predictable and

also explanatory, within the limits of the variables tested and the assumptions made.
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Chapter 1 lntroduction

1.1 An Overview

Lentic ecosystems contribute to the human population both as a significant reservoir of

freshwater resources and invaluable sanctuaries for native aquatic biodiversity. Being non-

isolated from their surroundings, these systems face great influences from climate changes,

catchments, groundwater inflows and anthropogenic disturbances. Managing and maintaining

the freshwater resource is a challenging task for managers and researchers alike.

Effective management of freshwater ecosystems, according to Smol (Smol, 2002), needs an

ecosystem approach. This approach and an understanding of changes at the population and

community level are in fact crucial for management purposes. Undoubtedly, this involves

tracking the long- and short-term environmental changes.

Long-term environmental changes can be studied by different approaches including modelling

(Smol and Cumming, 2000; Smol, 2002). Modelling is an important tool when we want to

reveal system properties of ecosystems (Jorgensen, 1994). By modelling, one can relate

ecological theories to ecosystem management. Much knowledge could be gained from

modelling long term datasets of specific lake types especially those that have undergone

eutrophication. Eutrophication or undesirable enrichment of nutrients (for example

phosphorus and nitrogen) causes a vast proliferation of algal growth (especially blue green

algae) and reduces water quality.

Although the role of modelling in managing blue-green algal blooms has been clearly

established, the gaps in modelling are currently reported to be related to catchment

management and to biological processes beyond the direct influence of nutrients (Ferguson,

1997) for example short-term community dynamics and long-term climate effects. Shallow

lakes in particular are most difficult to study (Scheffer, 1998) hence more difficult to manage.

Clearly, research on predicting the dynamics of biotic communities and water quality in

shallow lakes need modelling techniques that can discover complex non-linear relationships.

Computational modelling or machine learning techniques are recognised for their ability to

discover patterns in complex databases.

In this study long term databases (1976-2000) of two shallow, eutrophic and managed lakes in

the Netherlands will be analysed: Lakes Veluwemeer and Wolderwijd. Tracking of plankton

community changes in these lakes will be on a short- and long-term basis with the aim of

1



predicting the occurrence of certain plankton assemblages sensu Reynolds (1984) and

whether they coexist or change their structure over space and time. A related aim is to seek

ordination and clustering patterns that might indicate how management strategies have

affected both the communities and water quality.

The use of various computational techniques for predicting, ordinating and clustering will be

compared in an integrated manner. Methods that will be explored in this study include time

series analysis by recurrent supervised artificial neural networks (RANN), patternising and

classification by Kohonen (Non-Supervised) artificial neural networks (KANN) and

knowledge discovery by hybrid evolutionary algorithms (HEA).

The results from this study are expected to improve understanding of ecosystem processes

and modelling. The outcomes of this research can benefit decision makers and environmental

managers in better understanding of eutrophic shallow lakes and eutrophication control. The

prediction and explanation of changes in plankton communities and water quality with respect

to various environmental variables is one of many challenging aspects of ecology.

1.2 Computational Approaches úo Support This Study

Acquisition, processing, analysis and synthesis of complex ecological data is considered as an

important approach in ecological research. Utilising long-term ecological datasets, modern

computational techniques have the capabilities to ordinate and cluster extremely complex data

patterns, as well as to learrr complex relationships between the data in order to forecast and

explain prospective data patterns in future. Cornputational techniques currently tested and

applied in the framework of ecological modelling and informatics include: Evolutionary

Algorithms EA (e.g. Morrall, 2003, Bobbin and Recknagel, 2001; Bobbin and Recknagel,

2003; Whigham and Fogel, 2003), expert systems (Recknagel et a|.,7994), KANN (e.g. Chon

et al., 1996; Recknagel et a1.,2006), RANN (e.g. French and Recknagel, 1994; Recknagel,

1997; Recknagel et a1.,1997; Maier et a1.,1998).

These techniques are very appealing in ecological domains where there is little understanding

of the problem to be solved, but where large data sets are readily available. Each

computational approach has its own strengths and weaknesses. The aim of this study is

therefore to test specific computational approaches such as supervised and non-supervised

ANN and EA, and better explore their potential for ecosystem modelling. ANN are viable

computational methods for a broad variety of problems including forecasting, clustering and

prediction. The most appropriate approach to forecast the short- and long- term changes of
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ecosystems is by time-series modelling by recurrent supervised ANN (RANN) as successfully

applied to modelling of algal blooms in lakes and rivers (e.g. Jeong et a1.,2001; Jeong et al.,

2006; Walter et a1.,2001; Recknagel et a1.,2006). Ordination and clustering of ecological

time-series data will be attempted using Self-Organising Map (SOM) or Non-supervised

Kohonen ANN (KANN) (Kohonen, 7989; Kohonen, 1995). This method differs from the

supervised ANN, because the network makes its own associations about the relationships

between the variables.

Another computational approach that will be studied in the context of this research is

Evolutionary Algorithms (EA). This technique allows to represent models discovered in

complex data as rule sets (iflhen statements) (e.g. Bobbin and Recknagel,200l; Whigham

and Recknagel, 2001) whilst RANN do not provide a model reprsentation. Models discovered

and represented as rules by EA provide both a tool for forecasting and improved explanation

of ecosystem behaviour (Bobbin and Recknagel, 2001). In the context of this research a

hybrid evolutionary algorithm (HEA) developed by Cao et al. (2006) is used that combines

both optimisation of rule set structures and parameter values.

1.3 The Contribution of This Study

One of the central issues of ecology now is forecasting or predicting changes in ecosystems.

To predict, one needs predictive as well as explanatory models. This study attempts to model

and predict ecological processes of eutrophic shallow temperate lakes. Not much work has

been done on modelling shallow lake ecological processes as they are difficult to study

(Scheffer, 1998) and also more sensitive to perturbations than deep stratified lakes.

This is the first attempt at predicting short- and long-term dynamics of the éhallow temperate

lakes Veluwemeer and Wolderwijd using an integrated approach of RANN, KANN and HEA.

An integrated approach is deemed necessary as coÍìmunity dynamics data are difficult to

analyse; the dynamics include many species varying in different locations and times in a non-

linear manner (Chon et a1.,2000). The dynamics become more complex by considering short-

and long-term effects of climate and restorative measures on plankton communities and water

quality, The main challenge in working with the two long-term time series data sets from

Lake Veluwemeer and Wolderwijd is to collate and organise the data sets to allow a

comparative study from various taxonomic hierarchy levels ranging from studying the

dynamics of chlorophyll-a, phfio- and zooplankton functional groups and finally the

dynamics of selected individual phyto- and zooplankton genera. Addressing this issues of

spatial and taxonomic heterogeneity has to be brought into the context of the temporal
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dynamics. Could the dynamics of eutrophication of the two lakes over the past three decades

(retained in the data sets from 1976-2000) be management-related?

The contribution of this study is to test and analyse whether the following computational

methods are suitable tools for modelling shallow lakes by investigating the following basic

hypotheses:

. Time series analysis by RANN can successfully reveal how eutrophication and

eutrophication management practices affect water quality, and plankton abundance,

composition and successsion.

. Non-supervised Kohonen ANN can elucidate seasonality and succession within the

planlöon community, and reveal interactions between phfo- and zooplankton populations by

ordination and clustering of temporal patterns.

. Time series analysis by HEA can discover rules for the prediction of abundances of phyto-

and zooplankton populations, and water quality in shallow lakes.

Based on the various models these main hypotheses will be useful for the knowledge-

discovery of the plankton dynamics of lakes Veluwemeer and Wolderwijd. Complex short-

term seasonal and long-term management-related successional pattems will be modelled from

water quality and biological variables with KANN. Recurrent ANN and HEA will be used for

forecasting chlorophyll-a, phytoplankton functional groups, Oscillatoria and Scendesmus

dynamics for both lakes as the lakes undergo long-term changes from hyper-eutrophic to

meso conditions. Zooplankton dynamics will be modelled with KANN, RAÀI\I and HEA to

reveal more of the effects of biomanipulation as a top-down management measure in Lake

Wolderwijd.

Explanatory rules from HEA models will enable us to better understand the eutrophication

dynamics of both lakes under various management measures.
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Ghapter 2 Literature Review

2,1 Approacfies fo Lake Ecosysfem Modelling

The global nature of environmental problems requires the use of tools able to capture changes

in the structure and function of ecosystems at large scales. Eutrophication is a complicated

environrnental problem as it is interrelated to almost all aspects of food web interactions and

nutrient cycles of lake ecosystems such as nutrient and oxygen budgets, phyto- and

zooplankton biomass, composition of phyto- and zooplankton communities, water

transparency and thermal stratification. To deal with this problem, water quality managers

need to have knowledge of the system to choose alternative management scenarios (Van der

Molen, 1994). Mathematical and computational modelling can provide promising tools for

this purpose. Modelling is essentially a process of informed selective condensation which

involves correlating a mass of data to synthesize patterns (V/estlake et al., 1980). Many

modelling methods, ranging from numerical, mathematical and statistical are able to

reproduce the structure and functioning of ecosystems according to environmental features

based on linear principles. Different modelling approaches that have been applied to

modelling lake ecosystems are differential equation, statistical and computational methods

(Recknagel, 2003).

The first part of this literature review analyses the statistical and differential ecluation-based

approaches to modelling. Applications of these techniques to freshwater ecosystem modelling

will then be compared to the computational modelling approach. Subsequently the review

discusses the different computational modelling techniques that will be applied in this study

such as RANN, KANN and HEA. This section also includes a discussion of how useful the

techniques can be for the prediction and elucidation of short-and long-term dynamics of the

plankton community and water quality in eutrophic shallow lakes in general and in lakes

Veluwemeer and Woldenvud, in particular.

2.1.1 Statistical Approach

Ecological research traditionally requires statistical analyses and complex numerical analyses

to detect, generalize and visualise patterns or trends in complex data sets consisting of

numerous variables. Statistical-based approaches makes use of historical data to correlate

biological and environmental variables (Smith et a|.,1987; Varis, 1991).
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By definition, a statistical-based model fits linear or non-linear functions to a reasonable data

set of measured inputs and outputs by various methods. The most commonly used statistical

methods have been based on regression analysis (Smith, 1985) and stepwise multiple

regression analysis (Smith et al., 1987). Regression analyses was used to relate biomass or

concentration of algae to limiting environmental variables (Smith, 1985; Smith et a1.,1987).

and chlorophyll a to concentration of total phosphorus (Dillon and Rigler, 1974;

Vollenweider,l9T6). These researchers demonstrated well the possibilities and limitations of
statistical techniques for ecosystem modelling by providing simple tools for classification of

lake eutrophication (e.g. Vollenweider, 1976) that however are only based on cross-sectional

means and don't allow forecasting of transitional behaviours.

Traditional regression analyses or step-wise multiple linear regression analyses are data-

driven and unable to model ecological processes that are not only non linear and complex but

also temporally changing. Therefore resulting models are often referred to 'black-box

models'.

Another important statistical approach is the multivariate statistics method. This method

allows correlation between multiple sets of variables. Conventional multivariate statistical

analysis have been used to model relationships between phloplankton cornmunities and

environmental variables in lakes (Van Tongeren et al., 1992). Results from ordination and

clustering of comprehensive lake data sets have demonstrated that multivariate statistical

analysis can contribute to better understanding of complex ecological relationships. Varis

(1991) applied canonical correlation analysis (CCA) to assess the growth of cyanobacteria

and analyse ecological communities such as ph¡oplankton, using canonical correlation

analysis but only in dynamic statistical terms.

These conventional statistical methods cannot cope with multiple non-linearities of processes

in ecological systems. Ball et al., (2000) experienced poor performance of conventional

statistical methods for data modelling and predictions of unseen data, when comparing the

following statistical methods: simple linear regression analysis, linear regression analysis

using exponential, logarithmic and power transformations, multiple regression, stepwise

multiple regression, principal component analysis (PCA) and combination of PCA with Least

Squares Regression (LSR). Basically, all statistical procedures rely upon certain assumptions

which cannot be verified by just examining the cross-sectional data. These are the main

limitation of statistical analyses. Whenever assumptions fail, analyses may not be possible.
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2.1.2 Differential Equation Approach

Process-based or differential equation-based models focus on the representation ofecological

processes by equations. By definition, an ecosystem model based on the differential equation

approach determines state variables by mass-balance differential equations that consider

ecological processes responsible for gains and losses ofbiomass or substrates (Straskraba and

Gnauck, 1985). As mass-balanced differential equations require an understanding of

ecological processes, these models are often referred to be 'knowledge-driven' or 'grey-box'.

By developing differential equation-based models, researchers were able to describe physical

and chemical processes that affect the size of populations and provide insights into the effects

of nutrient enrichment on the functioning of lake ecosystem. The increasing need to use

models for managing lake ecosystems has led researchers to develop several models such as

CLEAN (Park et al., 1975), MS.CLEANER (Park et al., 1979), SALMO (Recknagel and

Benndorf, 1982) and AQUAMOD (Straskraba and Gnauck, 1985). These differential

equation-based models involve maximum use of scientific knowledge (Jorgensen, 1986;

Varis, 1993), and are useful once implemented.

Basically the differential equation-based models differ from each other by ecological and

hydrodynamic complexity in terms of the number of processes simulated by them. (Recknagel

and Benndorf, 1982) developed the model SALMO consisting of the state variables

phosphate, nitrale, algal biomass, zooplankton biomass, detritus and dissolved oxygen. They

have shown that sensitivity analysis, scenario analysis and parameter optimization are useful

tools for validating and applying ecological models. Straskraba and Gnauck (1985) compared

the simulation results of MS.CLEANER with 31 state variables and the 3 state variables

model AQUAMOD. Through indirect comparison, they concluded that higher number of state

variables and parameter optimisation did not necessarily improve model quality. Basically,

the diff,rculty with these models is that every mechanism in the ecological processes has to be

understood and described appropriately. Another limitation is the inability to predict seasonal

patterns with sufficient accuracy.

Although both statistical and differential equation approaches have their own advantages and

disadvantages they do not always possess enough predictive power (Paruelo and Tomasel,

1997) and therefore are often unable to capture and represent complex ecological processes.
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2.1.3 Gomputational Approach

Although useful for specific, well-defined cases, the above differential equation and statistical

approaches are limited in representing complex ecological processes. Various computational

approaches are nov/ being used to model ecosystem structure and function.

One of the more popular and widely applied computational approaches is the artificial neural

network approach. This includes the use of time series modelling by supervised neural

networks.

Artificial Neural Networks (ANNs) are a branch of Artificial Intelligence (AI) employing a

'connectionist' approach. In comparison to traditional statistical and differential equation

approaches, ANN is a powerful data-modelling tool as it is able to capture and implicitly

represent complex input/output relationships.

Moatar et al. (1999) summarised some of the most important and interesting characteristics of

artificial neural network models as follows: non linear modelling capacity, generic modelling

capacity, and robustness to noisy data and the ability to deal with high dimensional data.

Basically, the advantages of neural networks are that they are able to represent both linear and

non linear relationships and are able to learn these relationship directly from data. Many

researchers compared statistical methods to ANNs (Lek et a1.,7996; Maier and Dandy, 1996;

Paruelo and Tomasel, 1997; F,all et al., 2000). They concluded that ANNs perform better

compared to traditional Multiple Regression and other classes of statistical modelling. ANNs

are more flexible, hence more suitable for prediction, more accurate and the results could be

replicated.

Earlier on, Whitehead (1997) when comparing models of algal growth and transport in rivers,

suggested that neural network techniques were extremely limited in representing processes.

Subsequent research disproved those arguments as time series ANNs were shown to be useful

for identifying primary driving mechanisms in various fresh water ecosystems. ANNs have

successfully been applied in temporal studies of salinity in rivers (Maier and Dandy, 1996)

macroinvertebrates (Schleiter et al., 1999) and benthic communities (Chon et a1.,2000) in

stteams, lakes eutrophication (Karul et a1.,1999) and algal blooms (Recknagel et a1.,1997).

A distinct advantage of ANNs compared to statistical and differential equation approaches is

that they can predict the timing and magnitude of species succession (Recknagel and Wilson,

2000). This was concluded earlier by French and Recknagel (1994), with time series

supervised neural network approach as they successfully predicted the timing and magnitude
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of algal bloom in a German drinking water reservoir. Subsequent study on various water

bodies has shown that ANNs could predict algal blooms with abundance and succession

patterns of blue-green algae species (Recknagel et a1.,I997). Although Steel (1997) argued

that prediction as the main objective of modelling cannot be achieved simultaneously with

explanation, reasonably good predictions of timing, composition and magnitude have been

achieved with ANNs (Recknagel, 1997; Jeong et a1.,2003b).

The use of sensitivity and scenario analyses has also extended the performance of ANN. It

was demonstrated that sensitivity analyses by time series artificial neural networks allow the

testing of hypotheses to reveal causal relationships between the environmental variables and

the changes in the predicted variables (Recknagel and Wilson,2000; Jeong et a1.,2001;

Walter et a1.,2001). Nevertheless, the results have to be carefully interpreted as only first

order interactions can easily be considered (Scardi, 2000).

Scenario analyses, on the other hand, showed that ANNs were able to reproduce a range of

different area-specific non linear relationships (Scardi and Harding Jr., 1999) and also

revealed the possible factors that triggered the succession between Microcystis and

Oscillatoria (Recknagel, 1997).

Another ANN approach to unravel patterns in datasets is by ordination and clustering using

Non-Supervised Neural Networks. Based on a non supervised leaming algorithm (Kohonen,

1989) designed an ANN for clustering using self organising mapping. This approach has been

successfully applied to patterning of macroinvertebrates communities (Chon et al.,1996) and

succession and seasonality ofblue-green algae species (Jeong and Joo).

Although ANN techniques have been proven to predict the outcomes and classify spatial and

temporal patterns, that is, able to 'fit' ecological data, the bottle neck is still the complexity of

the ecological interactions. In trying to overcome this problem, several approaches were

attempted. 'Werner and Obach (2001) used two segmented network architecture Towell and

Shavlik (1993) tried to understand how trained ANNs process different input combinations

and ranges by rule extraction. This method of knowledge discovery and representation is

known as Evolutionary Computation. Several researchers (Bobbin and Recknagel, 2001;

Whigham and Recknagel, 2001; Jeong et a1.,2003a) have used evolved equations and rules to

extract knowledge as an alternative approach to ANNs.

Another alternative computational approach to ecological modelling are the adaptive agents.

They provide the framework to create ecosystem models that evolve in structure and

behaviour and are known as the adaptive agent models (Holland and Miller, 1991). The
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concept of using adaptive agents for simulation of freshwater ecosystems has been introduced

recently by Recknagel (2001a) and Recknagel (2003).

Research into computational approaches for ecological applications is as varied as the

ecosystem domains and the problems investigated.

2,2 Time Seres Modelling Of Lakes By Supervised Neural
Networks

A time series is a sequence of values measured over time in discrete or continuous units. A

multivariate time series consists of sequences of values of several variables changing with

time. Many time series analysis techniques assume linear relationship among variables,

although in reality this is not true as temporal variations in data do not exhibit simple

regularities, and therefore are difficult to analyse and predict accurately. One drawback of

linear time series modelling is its inability to predict or explain sudden bursts of very large

amplitudes at irregular intervals, inherent in ecological data (Chakraborty et a|.,1992).

ANN can be applied to multivariate time series method by assuming non linear relationship

among variables. ANN can be classified by their method of learning or training. In supervised

learning, the network is taught to recognise 'output'or target data whereas unsupervised

learrring performs clustering of data into similar groups based on the attributes or features of

the inputs.

The specif,rc mapping performed by the network depends on the architecture of the network

and training techniques (Vemuri and Rogers, 1994) or even modelling parameters and pre-

processing techniques (Lee et a|.,2003).

2.2.1 Artificial Neural Networks: Background

The groundwork for ANNs was laid out in the 1940's with Mc Culloch and Pitts and Hebbian

learning. From 1980 onwards, the use of neural network models has spread to various

scientific areas due to its versatility.

ANN has its origins in the biological structure and function of a neuron in the brain. Using

the term ANN means simulating on a computer what is understood of the functioning neural

networks in the brain. In the real neuron as shown in Figure 2-1, detdrites receive signals

from other neurons via synapses and send them to the cell body, which will respond. From the

cell body, the response is propagated through the axon to the dendrites of neighbouring

neurons.
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tr'igure 2-1 Diagram of the biological neuron (Rojas, 1996)

In a similar manner, ANNs computational or processing element is called a neuron (also

referred as node orunit). The general appearance ofa neuron and its connections is as shown

in Figure 2-2, wherc the neurons have many inputs but only one output. The abstract neuron

with n inputs, and each input channel i can transmit a real value x. The function/computed in

the body of the abstract neuron can be selected arbitrarily. The input channels usually have an

associated weight. The incoming information x¡ is multiplied by the corresponding weight w¡.

The transmitted information is integrated at the neuron (usually by adding the different

signals) and the function is then evaluated.

There are three basic attributes that characTerize the ANN models: the processing elements

(neurons), synaptic interconnections and the training or learning rules for updating the

connecting weights.

"ry1
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Figure 2-2 Arüficial neuron (Rojas 1996)

Processíng Elements (PE)
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The information processing of a PE is made up of two parts: input and output. An integration

function/is associated with the input PE. This function combines information, activation or

evidence from an external source or other PEs into a net input to the PE. The simplest is the

linear function of the input "rg to the PE.

More complex integration functions such as the following quadratic, spherical and polynomial

functions are relevant as well.

A second action of each PE is to output an activation value as a function of its net input

through an activation function or transfer function (fl. Some commonly used activation

functions are the Step function and Hard Limiter.

Connectìons

The architecture defines the network structure. This includes not only the number of
processing elements but also their intercorurectivity. Each PE is connected to other PEs or to

itself and both delay and lag-free connections are allowed (Lin and Lee,1996).

There are five basic types of connection geometries: single layer feed forward, multilayer feed

forward, single node with feedback to itself, single-layer recurrent and multilayer recurrent

networks.

The feed forward networks are charactenzed,by having no PE output as an input to a node in

the same layer or in a preceding layer.

The outputs can be directed back as inputs to the same or preceding layer nodes, in this case,

it is called a feedback network. If the PE output is directed back as an input to PEs in the

same layer, the network is lateral feedback. Feedback networks with closed loops are called

recurrent network. And the simplest recurrent network is the single node with feedback to

itself.

Learníng Rales

The third important element in specifying an ANN is the learning rules. Lin and Lee (1996)

classified three different leaming rules, although it is normally broadly classif,red as only

supervised and unsupervised learning (Bishop, 1995). In the supervised learning, at each

instant an input is applied to the network, the corresponding desired response /is given.

The ANN is supplied with the sequence of examples þt o, do ), (Á4, d Ø). . ..,(Á9, d&)). . ., of the

desired input-output pairs. With each input x{4 , Ihe desired output r/r*) is supplied to the ANN.

The difference between the actual output y &) andthe desired output /¿) is measured as the error
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signal. The ANN then corrects its weights so that the actual output is closer to the desired output

and thus the eror is minimised.

In unsupervised leaming, there is no teacher to provide any feedback information. The

network discovers the patterns, features, regularities or categories in the input data and.codes

it in the output. In the process, the network changes its parameters: this process is called self-

organising. Forming of clusters or ordination by the network is the result of discovering the

similarities and dissimilarities among the objects (Lin and Lee, 1996).

For time series analysis, ANNs can be thought of as a general non-linear mapping between

input and output time series values. The specific mapping performed by the network deperids

on the architecture of the network for example: the number of neurons, number of hidden

layers, manner in which neurons are connected and values of connection weights between

neurons (Vemuri and Rogers, 1994).

Training in time series ANN can be thought of as process of adjusting the weight parameters

to achieve a mapping that approximate the underlying relationship between input and output

time series. The output error is defined as the r.m.s sum of difference between the network

outputs and the actual time series values they are supposed to predict. Training in time series

ANN is therefore essentially an optimisation problem that involves the minimisation of output

error with respects to the weights (Vemuri and Rogers, 1994).

2.2.2 Artificial Neural Network Architecture And Algorithms

The artificial neuron behaves like the real neuron where the single output can stimulate other

neurons in the network. Similar to leaming in biological systems, ANN learns by making

adjustments to the synaptic connections that exist between neurons.

Depending on how data is processed through the network some ANNs are classified as feed

forward while others are recurrent which implement feedback.
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2.2.2.1 Feed Forward Backpropagation

There are many different types of ANNs. Some of the more popular ones include the

multilayer perceptron (MLP). It is also called the back propagation neuronal (BPN) networks

or multilayer feed forward neuronal networks. The BPN is based on the supervised procedure,

whereby it builds a model based on examples presented. It extracts the input-output relation

solely from the data presented (Lek et a|.,2000).

This means, in supervised learning, the correct results (target or desired output) are known by

the neural network and the neural network is trained by adjusting its weights to match its

output to the desired output. Once trained, the neural network will be tested with previously

unseen set of input values and the mean squared error (MSE) results will show how close or

far it is to outputting the correct target values. But MSE alone is not the sole indicator of how

good a neural network prediction is because it is also dependent on the curve that is produced

(Bishop, 1995).

The structure of the BPN is as shown in Figure 2-3, where the neurons (non-linear elements)

are arranged in successive layers that include input, hidden and output layer(s). Nodes from

one layer are connected to all nodes in the adjacent layer(s). The number of inputs and outputs

depend on the representations of the input and output objects respectively (Lek et at.,2000). .

In feed forward back propagation networks there are no feed back loops. The connections

between the units are not cyclical. Feed forward response usually requires less time to
produce a response to the inputs (Bishop, 1995). The network usually has one input layer or

one or more hidden layers and one output layer. Processing elements are usually connected

only between layers and the number differs between applications. The number of hidden

layers differs too although one is the usual choice as it is sufficient to allow the network to

make the right associations in the training inputs to produce the set of desired output patterns

for all the training vector pairs.
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Figure 2-3 Multitayered perceptron model for prediction of stream macroinvertebrates from
environmental variables (Hoang et ø1.,2001)

When the feed forward back propagation network learns it is able to generate a mapping.

Learning by back propagation algorithm is carried out through training to a set of input/output

data. During this step, the training algorithm iteratively adjusts the corurection weights

(synapses). The concept is simple. If the network gives the wrong answer the weights are then

corrected so the error lessens, so future responses are more likely to improve (Lek et al.

2000). This means that corurection weights store knowledge of solving specific problems.

After training is stopped, the performance of the network is tested.

A popular conceptual basis of back propagation algorithm has been published by Rumelhart

et al. (1986). The BPN learning algorithm involves a forward-propagating step and a

backward propagating step.

2.2.2.2 Recurrent Backpropagat¡on

The feedback or recurrent bacþropagation neural network involves cycles throughout the

connections, whereby each time an input is presented the network must iterate for a much

longer time to produce a response and are usually more difficult to train. Also simply termed

recurrent neural network (RANN), it is gaining acceptance in ecological modelling (Jeong et

F'UNCTION

LEARNING ALGORITHM

r
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al., 2001; Walter et al., 2001); and widely used for prediction of time series (Husken and

Stagge, 2003). The advantage is that it has a dynamic behaviour and is able to categonze

input sequences into different specified classes. Husken and Stagge (2003) used RANN for

time series classification.

Recurrent bacþropagation is an extension to fully recurrent networks, where the units are

assumed to have continuously evolving states. The algorithm encodes "spatial" inpuVouþut

association as stable equilibria of the recurrent netwok. This means after training a set {-/, *¡ ot

pattern pairs, the presentation of I is supposed to achieve the network's output y(t) toward a

fixed attractor state *. tttts algorithm was proposed by Pineda (1987) and according to

Recknagel (2001) is comparable to the deterministic modelling paradigm where system state at

time / is calculated by means of system state at time (r-1). Assuming the weights of the neuron

in the hidden layer represent the "hidden" state of the system, copied weights at time (t-l) are

considered as the feedback inputs for determining weights of neuron at time / as shown in

Figtre2-4.

Supêrvised Recurrsnt
Artificial Nsural Networks

zl)=r(x(),2(-t),P)
Y()*B (z() )

Â"" 

d

tr'igure 2-4 Recurrent AlfN, showing feedback inputs (Recknagel, 2001)

A brief outline of the recurrent bacþropagation leaming procedure involves presenting an

input pattern xo to the recurrent network and is computed iteratively. The steady-state outputs

of the net are compared to target dk to find the output effors ,Ei- . The z¡*k values are then

computed iteratively and the weights finally adjusted using equation

¡1,y = py(netr)rîo y,o

t

U
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where netik =2,*, - l, + x!

Next, the new input pattern is presented to the network and the procedure repeated and so on.

This recurrent bacþropagation method can be extended to recurrent networks that produce time

dependent trajectories (Hassoun, 1995). As an example, Pearlmutter (1989) proposed a learning

that is performed as a gradient descent in the weights of a continuous recurrent network to

minimise an effor functionZ'of the temporal trajectory of the states.

A typical structure of RANN includes the input layer which has measured daia from extemal

inputs such as nutrient concentration, light and temperature, density and composition of

zooplankton. The output layer is represented by biomass of algae represented as nodes

(Recknagel, 1997; Recknagel et al., 1997). The neural network determines the weights between

the inputs and outputs by neurons in the hidden layers. There is also a feedback mechanism for

determining the neuron weight at time I where the system at time / is çalculated by considering

the system state (t-1).

2.2.3 Artificial Neural Network Training

The validation and testing of the results are very important to get a well-generalised network

without overtraining. When working with environmental data, it is important to ensure that

the neural network has the ability to generalize. The ability to generalise is shown by how

well the network makes predictions for cases that are not in the training set. A small

prediction error in the non-training data indicates successful generalization. IJnsuccessful

generalisation can be due to several causes for example unpredictability, poor data, over- or

under-adaptation and unsuitable network structure .

Data should be divided into two parts: training and validation sets. Training will create weight

matrices, bias vectors and an error term representing the difference between the calculated

values and the target output in the training sets (Karul et a1.,1999).

Practically useful ecosystem models however, must at least be validated for a variety of

circumstances showing a wide range of environmental characteristics (Hakanson, 2000).



2.2.3.1 Leave One-out Cross-Validation

Validation whether by leave-one-out or bootstrapping are both methods of estimating the

generalisation error of a network based on "resampling" (Wilson, 2004). Multiple partitioning

of the data sets allow averaging the performance of the model across partitions. K-fold cross

validation performs K data partitions, where eventually all examples are used for training and

validation. With each K splits, N/K samples are trained, where l/ is the total number of
samples and the remaining N(K-L)/K are used for training. When the number of folds equals

the number of sample (K:lÐ, the method is known as the leave-one-out cross-validation

(Wilson, 2004; Wilson, pers.comm).

Normally, neural networks are trained and validated by cross-validation where a single

splitting of data as training and validation is carried out. With respect to network structure

reliability, this means that the predictive performance of the network is independent of the

choice of training data. For testing this it has to be assumed that training is optimal and that

the network is not over- or under-adapted. With under-adaptation, one has to train for longer

time while for over-adaptation, the error fluctuation has to be monitored and training stopped

before it happens. But this is seldom the case, as in general, ANN performance is very

dependent on the choice (Wilson, pers.comm) and composition (Bishop, 1995) of training

data.

Thus, sufficient training data set size is important for valid generalization. The three factors

that influence generalizatiot summarised by Haykin (1999) include: (1) the size of the

training set and how representative it is of the problem of interest (2) the architecture of the

network, and (3) the physical complexity of the problem. Since the third issue of problem

complexity is beyond control, good generalizalion can still be achieved either by fixing the

architecture of the network or the size of the training set.

2.2.3.2 Gross-Val idation

For simple "cross-validation" or "split-set validation" which is also known as the holdout

method, it is customary to split the available data into training and validation sets (Wilson,

pers.comm). The training set is used to learn learn several models with different parameters.

The trained model that performs best is chosen as the final model. It has two disadvantages as

it needs a large data set. Secondly, a single train- and validate may be misleading (Ripley,

1996). For a good generalisation with respect to network structure, the prediction erïors
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should be independent of the particular data splitting. Usually this data set is divided

randomly into training and validation sets with a recommended proportion of 3:1. Also, with

another variation of cross-validation, an independent test set is used to assess the performance

of the model at various stages. As the validation set cannot be used as part of the training data,

the available data for cross-validation can also be divided into three subsets: a training set, a

testing set and a validation set (Maier and Dandy, 2000).

Good adaptations and good generalisations are conflicting aims, therefore, apart from the

choice of validation techniques, one has to balance network structure in terms of number of
neurons and topology cornections. The type of activations and output functions can also have

an effect on the predictive performance. Training procedures therefore can include changing

both network parameters and topology and in general, the architecture (Haykin,1999).

2.3 Ordination and Clustering of Lakes by KANN

ANNs are able to learn from either cross sectional or time series data by self-organisation.

This process of unsupervised learning discovers signiflrcant patterns or features in the input

data comparable to the conventional approaches of Principal Component Analysis (PCA) or

hierachical clustering analysis (Jongman et al.,1995).

One example, KANN (Kohonen, 1989) is able to capture the topology and probability

distribution of input data, that is, the multivariate algorithm seeks clusters in the data (Everitt,

1993).In this network, the measured input variables are represented in the input layer. The

internal connection weights between certain inputs and patterns or clusters are represented in

the hidden layer(s). The clusters are represented in the output layer where KANN has

neurons, arranged in a square or usually hexagonal form grid in lattice. Each neuron is

connected to its nearest neighbour in the grid. The neurons store a set of weights (weight

vector), an n dimensional input data (Lek et a1.,2000) as shown in Figure 2-5.

A brief algorithm of KANN as outlined by Lek and Guegan (1999).

Initialise the time parameter t : t: 0

i. Initialise weights Wu of eachneuronT in the KANN to random values.

ii. Present a training sample lx(t),....x,(r)]randornly selected from the observations
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iii. Compute the distances d¡ between x and all mapping anay neurons 7 according to

d¡(t)=\i-rlx,Ø-Wu!)l'.xr(l)is the i't' component of the ly' dimensional input

vector and Wu (r) is the connection strength between input neuron i and map arfay neuronT at

time t expressed as Euclidean distance.

iv. Choose the mapping affay neuronT* with minimal distance d¡. : d.¡. (t) -- min [a¡çt¡.]

v. Update all weights restricted to the actual topological neighbourhood

NEi. (t) :W¡(t +l) =Wii(t) + q(t)(xi(t) -Wu(t)) . ¡ e NEi. (t) and I 1 i < n. Here

NE¡. (t) .is a decreasing function of time as is the gain parameter r1(t) .

vi. Increase the time parameler t

vii. If t 1 t max retum to step 2
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Figure 2-5 Self organising maps showing clusters of outputs and different input

variables and hidden layers (Chon et a1.,1996)

The data is therefore clustered into a predefined number of classes and orders in this two

dimensional output space such that near-neighbours in data space are near-neighbours in

output space. Clustering and ordering are integrated as one process; based on the Euclidean

distance and a neighbouring function ensuring near neighbours in the output space represent

similar patterns (Walley and O'Connor, 2001).
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Unlike supervised ANNs, KANNs leam to classify data examples by recognizing different

pattems without focusing on the desired outputs. As tools, they are powerful and useful for

ordination and clustering of multivariate ecological data because they can overcome the

problem of missing data and outliers often present in ecological data (Lek et al.,1996).

2.3.1 Neural Network Algorithms And Training

During the training process the network is presented with each input pattern, and all the nodes

calculate their activation levels as described below.

For each input x, each neuronT ( weight wr ), calculates it's activation level, defined as:

wJ_ L(¡,-,Y
i=0

This is the Euclidean distance between the points represented by the weight vector and the

input data in the n dimensional space. Nodes that closely match the input vectors will have

small activation levels, and vice versa. The winner for the current input vector is the node

with the smallest activation level. The winning nodes and its neighbours then adjust their

weight vectors to match the current input. The size of this neighbourhood decreases linearly

after each presentation of the complete training set until only the winner is included. The

amount by which the nodes adjust their weights is also reduced linearly in the training (Lek et

a|.,2000).

The factor that governs the size of weight variation is known as the learning rate and is in

accordance to:

6w,=-a(w,-x,)

algorithm is to distribute the neurons evenly throughout the ¡z-dimensional space populated by

the training set (Hecht Nielsen, 1990; Kohonen, 1995).

2.4 Time Series Modelling of Lakes by Evolutionary
Algorithms

Evolutionary algorithms (EA) use concepts based on biological evolution. By definition, EA

are a kind of computational technique that can evolve resembling natural selection process to

solve complex problems. They consist of a population of individuals where each individual

)c
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represents a possible solution to the problem. These solutions are evolved generation by

generation for optimization, simulation and models of individual, group and community

interaction problems. In each generation, E.d use some genetic operators like crossover and

mutation to modifu the individuals and the best individuals are selected to form a ne\ry

population and each new population is known as a generation (Bobbin and Recknagel, 2001).

These approaches allow the generation of useful solutions to non- linear problems in real time

and allow complex systems to be developed (Whigham and Fogel, 2003). By the usual

statístical and mathematical approaches, this is simply not possible.

The basic EA comprises of various main components; initialisation of population of

individuals, a fitness function, selection strategy based on fitness, the genetic operators

method of determining and maintaining population size and a termination criterion.

Generating an initial population is done at random and the individual is correlated to the

problem studied. The fitness function gives a measure of fitness to score the individual's

evaluation (worth) in terms of their task performance.

The selection pressure drives the population towards better solutions. A common selection is

proportional that is the probability of selection is directly proportional to the fitness of the

individual. A tournament selection means the selection is based on fitness ranking between a

random subset of the population.

The genetic operators usually include mutation and cross-over which produce new and varied

individuals. Random changes and sharing of genetic information are allowed even variation

operators can be applied directly to phenotypes. Basically, EA uses a single population with a

constant number of individuals for each generation although other strategies are possible.

Termination is based on performance measure, number of generations or time factors,

including computation4l processing time (V/higham and Fogel, 2003). Table 2-1 shows the

generic evolutionary algorithm and Figure 2-6 shows a framework of evolutionary algorithms

for predicting chlorophyll-a.
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Table 2-1 A generic evolutionary algorithm (Bobbin, 2002)

Pte: A fitness function ,f e R must be dehned which allows solution vectors to be evaluated.

i. Gener^te a population of imtial random patetfi solutions

ü. Modi$' the solutions to fotm a child population

üi. Select the next genetation from the extant soluúons by using the htness funct-ion;f to

form the new parent population

iv. Repeat from step 2 untsl stopping criteria ls met
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Figure 2-6 Evolutionary computation evolving functions, rules and equations with various inputs
and chlorophyll-a as the output variable (Cao et al.,2006)

2.4.1 Discovery Of Predictive Equation by Evolutionary
Gomputation

Discovering equations to describe the functional relationship between variables in a system

maybe the key to understanding ecological systems. Whigham and Recknagel (1999) evolved

several time series mathematical equations based on limnological and climate variables to

better understand algal blooms in Lake Kasumigaura, Japan. Recently, Whigham and
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Kueklelaar (2001) developed a time-series optimization genetic programming TSOGP

system, a grammar-based extension of Genetic Programming GP (Koza, 1992).It evolves

candidate solutions to a problem by using Holland's (1992) population-based search method.

Mixing and mutating selected individuals create a new population and selection is driven by

fitness of each individual. TSOGP based on context free grammar allows both the constants

and the independent variables within an evolving equation to be tuned to yield the best

prediction for a dependent state variable. This evolutionary approach can efficiently explore a

large search space that is defined by the granìmar. The advantage is that near optimal

solutions to a user defined modelling problem can be discovered. Jeong et al. (2003a) outlined

the basic steps of TSOGP (Figure 2-7) and demonstrated this advantage whereby they

evolved equations for the prediction of time-series Microcystis aeruginosa showing well

presented timing and magnitude of the algae bloom.

Figure 2-7 Basic steps of TSOGP (Jeong, et ø1.,2003a)

2.4.2 Evolutionary Computation In Predictive Differential Equation

Apart from using predictive rules and equations, another recently introduced technique in

evolutionary computation is the use of genetic algorithm to calibrate constants in process-

based equations. Whigham and Recknagel (2001) used genetic algorithm to calibrate the

differential equation-based model SALMO. They reported an improved performance of the

calibrated model, from using extended genetic programming system to evolve new

components of the process equations. The possibility of exploring new formulations for

photosynthesis, respiration and grazing terms for process-based or differential equations

model was also suggested from this initial work.
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2.5 Computational Approach for Prediction of Shallow Lakes

The extent and nature ofprocesses that govern ecological lake processes such as composition,

dynamics and succession of the phytoplankton community is complex and it involves many

interacting factors. In addition, data for community dynamics are difficult to analyse as they

describe many species varying temporally and spatially and in a non-linear manner.

According to Chon et al. (2000) research describing patterns in community dynamics is

currently of considerable interest in ecosystem management. These includes statistical method

such as canonical correlation analysis (Varis, 1991) and sensitivity analyses . Recently, the

use of computational approach by KANN has achieved considerable success (Chon et al.,

2000).

2.5.1 Ecological Dynamics of Shallow Lakes

Shallow lakes can be defined as lakes that do not stratify and where the entire column is

frequently mixed. These lakes are more productive and more diverse than deep stratif,red lakes

and also more prone to changes in climatic and management measures. Usually less than 3m

in depth with surface area ranging from less than a hectare to over 100km2, shallow lakes

have largely shifted from clear to turbid (Scheffer, 1998) due to eutrophication.

The recovery and restoration of freshwater lakes is often the main target for managers. Until

recently, the management strategies include reducing point source and non-point source

emissions or by in-lake measures to reduce nutrient availability (Sas, 1989). These 'bottom-

up' approach was supplemented by 'top-down' approach, to accelerate restoration by food

web manipulations (Gulati et a1.,1990). They produced varying successes yet still failed to

pinpoint the underlying mechanisms that control water quality.

The sequence of changes during eutrophication is rarely documented well although some

elements are coÍìmon (Moss, 19BB). In order to understand the changes in the biotic

community and water cluality, it is important to identify the factors that affect both.

The factors affecting algal growth are multidimensional and closely linked to physical factors

(water temperature, light radiation, turbidity, turbulence and other conditions such as

precipitation and flow), chemical factors (pH, nutrient loading, humic substances, dissolved

oxygen content) as well as biotic interactions (species specific competition, predation,

grazing).
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As a consequence of high phosphorus and nitrogen loading together with suitable physical

factors such as retention time and other environmental factors algal biomass increases with a

succession of algal groups. According to Harris (1986) it is not the concentration of the

nutrients in the water that is the important parameter but the flux rates between the

compartments in the system.

Úr turbid shallow lakes the concentration of suspended particles depends strongly on the

continuous process of sedimentation and resuspension as they have no thermocline to trap

sinking particles. Apart from this, there are many factor interactions that occur in shallow

lakes that are continually wind mixed or experiencing high external loadings of nutrient

(Scheffer, 1 998).

Turbulence is significant especially in turbid waters because algal cells are circulated to the

surface water where they can absorb light for photosynthesis. With a decrease in turbulence,

certain non motile algae for example large diatoms are disadvantaged. Other algae such as

non motile flagellate or blue-green algae which contain gas vacuoles are favoured (Croome,

1980). Adding to this complexity, it is the sensitivity of algal suspension to the extent of

turbulent mixing and the frequency of its variability that are important factors (Reynolds,

1994). They contribute to the spatial and temporal distribution of phloplankton generally and

diatoms in particular.

On a different scale, lake morphometry (size and depth) and wind are also important and

interrelated factors (Scheffer, 1 99 B).

2.5.1.1 Short- and Long-term Dynamics of Plankton ¡n Shallow Lakes

Knowledge on eutrophication and community dynamics in shallow lakes is scattered and

fragmented in comparison to other lake ecosystems. Populations and communities vary in

relation to space and over time (McKnight et al., 1996). Previous studies have shown that

planktou communities are determined by a combination of physical, chemical and biological

factors (Sorrano, 1991).

Dominant genera in phytoplankton assemblages change spatially, seasonally as physical,

chemical and biological conditions in water body change (Wetzel, 1983). Although an

increase in eutrophication leads to a decrease in diversity of phytoplankton assemblages

(Dokulil and Teubner, 2000), phytoplankton cornnunities are more often dominated by a

small number of species that exhibit short growth periods during a fairly precise season.

Generally there is a continuous change in both abundance and composition of communities
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over the year occurring in a similar sequence each year in a given lake. This repeated seasonal

periodicity is termed as "seasonal succession" and can be considered either as a chain

replacements of species (true succession) or as a time series of species replacements caused

by recurrent seasonal environmental changes (Capblancq and Catalan,1994).

Such diverse assemblages of plankton communities have been clustered into various

functional groups by Reynolds (1984). The assemblages are made up of green, blue-green and

golden-brown algae, diatoms, dinoflagellates and euglenoids that differ in taxonomy and

physiological requirements, but coexist in the water body whether at the same time, or with

short growth periods related to seasons.

The importance of biotic interactions has been stressed by theories centred around nutritional

requirements of organisms for growth and survival. The implication is that the carrying

capacity of resource availability is saturated such that organisms have to compete for limited

resources. This results in a density dependent control of both population growth and loss rates

through changes in rates of reproduction, mortality, competition and predation (Capblancq

and Catalan,1994).

In a seasonal succession study by Sommer et al. (1986) using the PEG model they considered

various combinations of biological and physical interactions in determining the temporal

patterrr of plankton communities development. The statement of this model assumes

phloplankton dynamics to be essentially controlled by nutrient limitation (bottom-up control)

and by zooplankton grazing (top-down control). The short-term fluctuations of shallow lakes

however, are not clear from the PEG model, where the autumn decrease in day length and

surface irradiance led to a disruption of ph¡oplankton development in two shallow lakes but

not in another two lakes.

Furthermore, the sequence of small algae grazitg by herbivorous zooplankton followed by a

clear water phase is obscured as other factors such as water temperature seem more important

than food availability. As temperature increases, a succession of algal groups occurred. The

dominance changes from diatoms to green to blue-green algae (Robarts and Zohary, 1987).

Elevated sunìmer temperature favours blue-green algae, although temperature may have a

synergistic effect with other favourable factors. Zhang and Prepas (1996) found that the

dominance of diatoms in ph¡oplankton communities are related to low temperatures and

mixing whereas blue-green algae is related to higher temperature(>15"C) and under a wide

range of column stability.
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The most important nuisance algae in eutrophic shallow lakes are the filamentous blue-green

algae; Limnothrix, Planktothrix (formerly Oscillatoria), Anabaena, Aphanizomenon.

Planktothrix agardhii can dominate algal community completely during summer and in some

lakes all year round, when winters temperatures are favourable (Sas, 1989).

Apart from increased nutrient it is the system as a whole that determines the cyanobacterial

dominance that includes the morphology of the lakes itself. Dokulil and Teubner (2000) cited

Schreurs (1992) whereby long-term dominance by filamentous species is related to shallow

lake depth and colony forming species are more common in deeper lakes. In shallow lakes,

sedimentation and resuspension processes are also related to algal cell division and grazingby

filter feeding invertebrates.

The outcome of these ph¡oplankton dynamics and interactions is determined by the

physiological properties of coexisting algae, availability of potentially limiting nutrients and

zooplankton grazing pressure. Zooplankton grazing may signifìcantly affect phloplankton

community structure and to a lesser extent nutrient recycling from excretion and mortality.

The potential impact of zooplankton grazing is illustrated in many shallow lakes by clear

water phase in spring and when Daphnia peaks (Scheffer, 1998). These interactions and

seasonality within plankton communities will be examined further by investigating the

zooplankton major groups; copepods, rotifers and cladocera.

Selective grazing by zooplankton can remove species or reduce population size in the algal

community, which can alter competiton for certain resources. The two major groups of the

planktonic copepods, calanoids and the cyclopoids are bisexual and temperature determines

the rate of egg production and food availability directly influences clutch size. Seasonal

polymorphism among adult copepods is minor in comparison to rotifers and parthenogenetic

Cladocera although a slight inverse relationship between body size and temperature has been

observed. Summer populations therefore tend to be smaller than winter populations (Wetzel,

l eB3).

Changes in seasonal distribution of rotifers are complex and generalizations difficult to make.

This is related to the differences in their life histories, in timing of development of the

different populations, feeding behaviour, food size and types. Their tolerances ofvertical and

seasonal variations in temperature, oxygen and vertical migratory behaviour all contribute to

minimize their niche overlap and permit coexistence within the annual zooplankton

community. Clearly, some of the dominant factors in regulating reproduction rates and

population succession are related to temperature, food quality and quantity (Wetzel, 1983).
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Seasonal patterns in the rates of grazing by cladocera are dependent on body size, food and

temperature. Rates of growth and instar developments are proportional to temperature and

often related to food availability. With increased food supply usually there is an increase in

fecundity. Generally filamentous algae and other algae that released toxic organic compounds

are not selected by the grazers (Scheffer, 1998). Some species are perennial, overwinter as

parthenogenetic females, exhibit one or two irregular population maxima whereas the aestival

species have a distinct diapause and develop maxima in spring and summer when water is

relatively vyann. Their seasonal succession is however quite variable, both among and within

species living in different lake conditions (Wetzel, 1983).

Whether size and community structures are primarily controlled by trophic interactions

between plankton populations or physical external forces depending on climate is still

controversial. This is so because there are different expectations on equilibrium or non-

equilibrium states, temporal time scales of reference and the relative importance of growth

and loss processes (Capblancq and Catalan, 1994).

Considering a longer time scale, changes in plankton communities can also be linked to

changes in the catchment, weather or even global processes (Weyhenmeyer et al., 1999).

Weyhenmeyer and co-workers demonstrated that the timing, intensity and composition of

ph¡oplankton spring bloom occur due to climatic warming associated with North Atlantic

Oscillation (NAO), a global process that influence the timing of lake ice break up. Scheffer

(2001) similarly demonstrated using long-term datasets that with seasonal temperature

increase due to NAO leading to an earlier ice-break, there occurred a climate-related shift in

timing of clear water phase, which was also shifted to an earlier period. This indicates the

possibility that long-term climate changes could also affect water quality changes and

ecosystem dynamics as a whole.

2.5.1.2 Short- and Long-term Dynamics of Water Quality in Shallow
Lakes

Quality of water, in general, is a set of concentrations, speciations and physical parlitions of

inorganic and organic substances. It is the composition and state of aquatic biota in the water

bodies and a description oftemporal and spatial variations due to factors internal and external

to the water body (Meybeck et al., 1992). Water quality can be assessed through the

environmental variables. Physical variables are often the forcing variables that determine

spatial and temporal variation of the water system whereas chemical variables have been the

most common attributes associated with water quality. Nevertheless, watet chemical analyses
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alone are limited, as many processes occurring in water ecosystem continuously modiff the

chemical variables. It is well known that the community structure of an aquatic system is very

sensitive to changes within the habitat and the resources available (Loeb and Spacie, 1994).

The temporal variation of chemical quality of water can be studied by concentrations or by

determining rates whereas the spatial variation can be studied by means of profiles. Meybeck

et al. (1992) defined temporal variability as:

o minute to minute and day to day changes ihat are linked mostly to metereological

conditions.

¡ diel variability that are limited to biological cycles, light/dark cycles (oxygen,

nutrients, pH) and pollution inputs.

. days to months variations connected with climatic factors and pollution sources.

. seasonal (hydrological and biological) cycles associated with climatic factors.

. year to year trends , mostly anthropogenic influences.

Some environmental factors that interact to regulate spatial and seasonal growth and

succession of plankton populations include light, pH, availability of phosphorus, nitrogen,

silica, dissolved organic carbons. These factors can influence metabolism by interacting with

macro and micro-nutrients and influencing their availability (Wetzel, 1983).

Nutrient dynamics in shallow lakes are related to seasons as high surnmer temperature is

associated with increased mineralization and increased release of nutrients from sediments

(Jeppesen et al., 1997). The increase in loading could be due to the impact of shear stress on

sediments or efficient intemal fluxes of recycled nutrients or high turbidities due to fine

particulates.

Temperature is an important factor determining algal dominance. Even growth, light

dependent photosynthesis and respiration are temperature dependent processes operating on

different time scales (Robarts and Zohary, 1987). As different species respond differently to

light and nutrient fluctuations according to their size and requirements, this environmental

variability is probably the main cause of both species diversity and shifts (Capblancq and

Catalan, 1994). According to Scheffer (1998), it is the low light levels rather than nutrient

availability that leads to dominance of Oscillatoriaceae in eutrophic lakes. A related

association with the light levels is their bouyancy ability.
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Sudden shifts in pH can also alter plankton assemblages as blue-green algae have a distinct

preference for neutral to alkaline waters and in acidic conditions are replaced by chyrsophytes

and chlorophles (Paerl, 1988).

According to Reynolds (1994), some shallow lakes are turbid, whether due to primarily algal

mass or suspended clay, silt and organic debris or even in relation to their shallow depth.

There may be interactions in shallow lakes between turbulent extent and light penetration.

Characteristically, in shallow lakes the light they scatter and absorb depends not only on the

vertical light attenuation but also the depth of the mixed layer which is the entire water

column (Scheffer, 1998). This could also be related to the higher temperature observed in

several shallow lakes by Straskraba (1980). No doubt, there are many variables including

environmental, biochemical and physiological factors involved in this seemingly simple

relationship.

A study carried out by Hanelt et al (2007) demonstrates that the transmittance characteristic

of water column could affect UV radiation transfer in water, which is also related to depth and

season (and tides). On a different time scale, temperature increase could be also linked to

global climatic conditions as demonstrated by Scheffer (2001).

The rapidity, endurance and seasonal stability with which temporal environmental changes

occur are critical to plankton communities.

2.5.1.3 Short- and Long-term Dynamics of Plankton and Water Quality in
Lakes Veluwemeer and Wolderwijd

The sequence of seasonal succession is related to many factors such as lake morphometry,

climate and restoration measures. Both Lakes Veluwemeer and Wolderwijd share the same

mild temperate climate conditions and similar mean lake depth (1-3m) also defined as

shallow.

Late summer blooms of Microcystis aeruginosa occurred in Lake Veluwemeer, but in general

the algal densities were low (Scheffer, 1998). The dominant phytoplankton during algal

blooms in both lakes is Planktothrix agardhii (Oscillatoria agardhii) (Hosper and Jagtman,

1990) which is sensitive to cold winter temperature (Reynolds, 198B).

The dynamics of plankton conìmunities in both lakes are affected by management techniques

as well as the short and long term environmental and climate changes. In an attempt to control

eutrophication the lakes have been subjected to several restoration measures including

flushing. Phosphate reduction was also carried out in Lake Veluwemeer whereas in Lake
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Wolderwijd, T5o/o of bream Ìyere removed in an effort to control eutrophication by the top-

down approach (food web manipulation).

The idea of biomanipulation or food web manipulation of shallow lakes in The Netherlands is

based on an " alternative stable state" concept where turbid and clear water states can shift

depending on nutrient loadings and other factors. With drastic reduction of planktivorous fish,

the eutrophic shallow lake shifted from turbid to clear water state even, despite high nutrient

loadings. A clear water state is characterised by abundant submerged vegetation and abundant

pike and Daphnia population (Hosper and Jagtman, 1990). A case study of Lake Wolderwijd

has shown that drastic fish stock reduction led to a clear water phase that was limited in time

and space (Meijer and Hosper, 1997). The event is dependent on Daphnia spring peak in the

open water. and is limited to Chara vegetated locations.

2.5.2 Prediction of Short- and Long-term Dynamics of Shallow
Lakes by RANN

For time series prediction, time scales play a most important role. Short-term time scales

involve different ecological processes in comparison to long-term time scales. As a whole,

there are interrelationships between short-term and long-term dynamics.

Better prediction capabilities of time series analysis are only possible by taking into account

variations in several variables. Robust forecasting therefore must rely on all available

correlations and empirical interdependencies among different temporal sequences

(Chakraborty et al., 1992).

Recurent Neural Networks are valuable in modelling the short- and long-term temporal

interrelationships as they can incorporate time lags which are typical of ecological processes.

According to Olden (2000) it is important that researchers account for time lags prior to

testing fo¡ associations between variables especially when studying phytoplankton

community dynamics.

Short{erm predictions regarding the timing and magnitude of algal succession and

seasonality can be carried out by time series supervised ANNs. The timing and magnitude of

Microcystis and the diatom Stephanodiscus hantzscåii succession was successfully modelled

by time series RANN (Jeong et al., 2001) using six years time series data sets of the Nakdong

River-Reservoir system.

Time series RANN, need longer training compared to the feed forward propagation method

but allow the testing of several hypotheses. Succession and seasonality of shallow lakes can



be predicted and interrelated to water quality and algal growth by sensitivity analyses. By

carrying out sensitivity analysis of the input and output relationships, Jeong et al. (2001)

discovered different key driving variables for Microcyslis, and Stephanodiscus hantzschii

whereas Walter et al.(2001\ discovered that algal abundance was driven not only by

hydrological characteristics but by water depth as well.

According to Sommer et al. (1986) shallowness of lakes seems to lead to unpredictability. He

refers especially to windy unstratified water bodies where resuspension of bottom sediments

results in reduced water transparency. Furthermore, on a small scale the successional trend of

plankton community is dependent on stochasticity of the weather and the sequence of

seasonal events is even less predictable if the plankton communities are subjected to food web

manipulations (Sommer et al., 1986). The use of time series RANN in this study will be a

significant contribution towards modelling highly dynamic shallow lakes.

Since this study is a based on long-term data sets of two shallow lakes (comparable depth,

size and climate conditions) the discovery of similarities and differences between modelling

results for the two lakes will be another interesting expected outcome.

2.5.3 Ordination and Glustering of Gausal Relationships in Shallow
Lakes by KANN

Conventional multivariate statistics studies of phytoplankton communities and environmental

variables have been attempted by Varis et al. (1989) and van Tongeren et al. (1992).

Although these ordination and cluster analysis of comprehensive lake data sets have

contributed to better understanding of complex ecological relationships they are unable to

cope with multiple non-linearities of complex ecological processes.

These limitations of multivariate statistics can be overcome by non-supervised artificial

neural networks applications (Chon et al., 1996; Jeong and Joo). The researchers

demonstrated that RANN or KANN are superior tools for multiple ordination and clustering.

The advantage of using KANN is that it can carÐ¡ out clustering that is the process of

grouping input samples that are spatially neighbours. They do not focus on the measured

output data but classify the data by recognising different input patterns. The output variables

that can be clustered include algae and zooplankton functional groups based on different

environmental input variables.

JJ



Data sets of the shallow lakes Veluwemeer and Wolderwijd are suitable for comparison

purposes. Apart from having similar lake morphometry both lakes have similar mild

temperate climate conditions. Many questions could be raised in these two data sets for

example, short-term seasonality and succession, competitive or predatory relationships

between plankton populations which could be modelled by KANN.

2.5.4 Rule and Equation Discovery and Prediction of Short- and
Long-term Dynamics of Shallow Lakes by Evolutionary
Gomputation

Patterns depicted by KANN and prediction models produced by RANN for the lakes

Veluwemeer and Wolderwijd could be represented as rules and equations by means of HEA.

By using Evolutionary computation, the knowledge from these ANN studies can be

discovered and extracted and thus presented in a more transparent manner.

The possibility that new solutions to the problem of forecasting and elucidating of short- and

long-term dynamics can be evolved is enhanced with long-term datasets from these two

shallow lakes that share similarities but differ in management techniques.

By evolving rules and equations the prediction with regards to timing and magnitudes of

plankton succession and seasonality can be resolved. The long term patterns of climate

changes (such as global warming) that has been elucidated by KANNs and predicted by

RANN could be translated into knowledge represented by these evolved rules or equations.

Hence, the relationships between the short- and long-term dynamics of plankton communities

and water quality hopefully can be discovered.

2.6 Summary

Ecological modelling studies can discover patterns from data sets and serve as valuable tools

for researchers and assets for management and decision support. When a naîge of control

options is available for managers, clearly, models of lake ecosystem dynamics with good

predictive and explanatory capabilities are needed for decision-making.

This study is to test whether time series ANN can successfully reveal how management

practices and climate or global patterns (global warming, acidification) affect water quality,

algal growth, seasonality and succession. These are complex ecological processes, therefore, I

propose to use RANN, using the split-set validation techniclue for predictions of complex

algal dynamics as RANN is better able to cope with ecological time series data sets compared
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to the feed-forward ANN (Jeong et a1.,2001; Walter et a1.,2001). Secondly, to test whether

KANN can reveal patterns of seasonality and succession or other interactions between

ph¡oplankton and zooplankton. A third related aim is to test whether HEA can discover rules

for the predictions of the dynamics of phytoplankton, zooplankton and water quality.

Highly dynamic shallow lakes in particular require predictive computational modelling

techniques for improved understanding and decision-making. As demonstrated, different

computational modelling approaches have been successfully tested in various ecosystem

studies and this project aims to apply in an integrated manner; KANN, RANN and HEA to

achieve a comprehensive understanding of two highly dynamic shallow lakes.

Long-term data sets from Lakes Veluwemeer and Wolderwijd when developed as predictive

and explanatory models could also be used to quantify the development of algal blooms in

other shallow lakes of similar: geographical locations, climate and trophic conditions or

management scenarios,
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Chapter 3 Study Sites, Data and Modelling Design

3,1 Description of Study Sifes

Two adjacent Dutch lakes are the focus of this study. Situated at the edge of the Veluwemeer

region in between polderland and the mainland they are connected to each other and to other

streams. Their main point source inputs are from several nearby se\Mage treatment plants

(Figure 3-1). Both lakes share similar hydrological, geographical and climate conditions

(Table 3-l). The lakes have also been subjected to similar management measures since the

late 1970's. Availability of nearly 25 years data make them both ideal for a comparative

approach of modelling shallow lakes.
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Figure 3-1 Study site: Lake Veluwemeer and Lake'Wolderwijd, The Netherlands

Table 3-1 Comparison of the lake attributes of Veluwemeer and Wolderwijd

Sandy depositsSandy depositsGeological Components
800800Precipitation (mm)
1.811.58Mean Depth (m)
5.',77.8Maximum Depth (m)
26.132.4Area ( Km')
50 35'5040'Longitude (-0.2 m below sea level)
52 0 

20',52" 23',Latitude
Lake WolderwiidLake VeluwemeerAttributes
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3.1.1 Lake Veluwemeer

Lake Veluwemeer and its neighbouring Lake Drontermeer were formed 1n 1957 with the

empoldering of Flevoland. Lake Veluwemeer and Lake Drontermeer have a surface area of

3022 and 476 hectares respectively. The former has a mean depth of 1.55m with

approximately 2 months of water retention time whereas the latter's mean depth is 1.25m

with a residence time of less than 1 month. Both lakes have navigation channels with a depth

of between 3.5m to 4,5m (Hosper, 1997). Some of the main inputs of nutrients to the lake are

as follows: the total nitrogen input in the lake is contributed from point sources such as

grasslands, forests (coniferous andbroadleaved), fromthe surrounding area and wetlands. The

soil type is mainly sandy (Van der Molen, 2002 pers.comm).

During the first few years after being created, Lake Veluwemeer had clear waters with

stoneworts and a large bird population (Hosper, 1997).

From 1965 onwards, there was increased phosphorus loading. The water at this stage was

clear with macrophytes. From 1969 onwards the water quality declined with the

disapppearance of stoneworts. Beginning from 1975 onwards the water became progressively

more turbid with cyanobacteria, genus Oscillatoria agardhii. Phosphorus elimination at a

sewage treatment plant was carried out in l9l9 with flushing in winter using polder water that

was low in algae and phosphorus but high in calcium and nitrate. From 1985 onwards,

suÍrmer flushing has been carried out.

3.1.2 Lake Wolderwijd

Lake Wolderwijd was created in 1965. This lake is connected to Lake Nuldernauw at the edge

of the Veluwemeer region. The creation of these lakes involved the empoldering of

Flevoland. Lake V/olderwijd has a surface area of 1918 hectares with a mean depth of 1.5m

(see Table 3-1). It has an open connection to Lake Nuldernauw that has a surface area of 6.97

hectares and a mean depth of L65m. The water level is higher during surnmer compared to

winter. Occasionally large amounts of water are flushed through the lake from Lake

Veluwemeer, where the use of phosphate-free detergents and restoration measures were

carried out (Van der Molen, 1999). Therefore the phosphorus concentration in the incoming

water is decreased and this caused a slight decrease in phosphate, nitrogen and Chl-a

concentration.

There are several point sources oftotal nitrogen input into this lake including from grasslands,

forests, wetlands and surrounding areas.
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Eutrophication slowly occurred from 1970 onwards. Between 1978 and 1979,the hydraulic

load was 0 m3 per year to 108.106m3 per year in 1992. The Secchi depth measurement during

the end of 1970's was between 0.2 to 0.3 m and increased to 0.4 - 0.5 m in 1990.

The water quality in the lake continued to decline and by 1981 it was considered as

progressively hypertrophic with a complete dominance of cyanobacteria. From November

1990 to July 1991, alarge food web manipulation'was carried out whereby 75%o of bream

biomass was removed and young pike introduced. At the same period of time, blue-green

algae was less abundant, peaking at approximately 50%o.In 1991, there was a clear water

phase with Secchi depth measurements of 1 m for six weeks. By 1992, the hydraulic load was

increased to 108. 106m3 per year, and this was followed by two weeks of clear water phase.

Finally tn 1996 and 1997, the water quality declined again (Van der Molen, 1999).

3,2 Data Preprocessrng

Preprocessing of the data sets, although time consuming is the first step taken in this study.

This is done in order to clean the data and to understand it better. In fact, to know the data is

crucial as the knowledge is needed to build ANN and EA models.

The long-term data sets of Lake Veluwemeer and Wolderwijd have sometimes been sampled

irregularly over the past 25 years. The aims of preprocessing are to get consistently clean data

sets, free from missing values and to achieve equidistant sampling points; therefore linear

interpolation was done for all the data sets. There has been many views against using

interpolated data as it could actually add noise but it can be argued that applying a controlled

amount of noise can actually improve convergence and generalization performance (Jim,

tee6).

Another related aim of the preprocessing technique is to determine data availability and to

extract periodic information from the data sets. In order to determine data availability and to

filter for redundant information, simple descriptive statistics were used. Pruning for

inconsistencies in the data sets also involved removing sparsely sampled variables. Plotting of

historical time series charts is also carried out to extract periodic or general trends in the data

sets.

In this chapter, comparison is made between the time series data sets of Lake Veluwemeer

and Wolderwijd in terms of data availability and general trends. Data availability for all the

variables with the mean and standard deviation are compared for the 2 lakes in Table 3-2 to

Table 3-9. The use of mean, median and standard deviation is the standard descriptive
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statistics but it can be seen here that these indices do not however describe seasonal and

annual pattems or even trends in the time series.

Data was checked for availability and when inconsistencies occur, variables with many

missing data points were removed. Time series chart were then plotted to compare between

the two lake data sets in Section 3.2.2 (see Figure 3-2 to Figure 3-8). The preprocessing

involves collating different sets of data from the two lakes together. The flowchart in Figure

3-9 shows the framework of the integrated approach of using KANIIN, RANN and HEA for

modelling the two lake data sets.

3.2.1 Data Availability

A comparison in terms of data availability is made between Lake Veluwemeer and

Wolderwijd.

3.2.1.1 Physical, Ghemical and B¡ological Data

For Lake Veluwemeer, the following physical, chemical and biological data were recorded at

monitoring periods ranging from weekly to monthly see Table 3-2; for Lake Wolderwijd see

Table 3-3. The physical inputs are temperature, Secchi depth, turbidity, solar radiation and

evaporation. Chemical inputs include pH, total phosphorus (TP), phosphates (POa-P),

ammonium (NH4), nitrate/nitrite (NO: /NO2), Kjeldhal nitrogen (KIN) and silica. Biological

inputs include chlorophyll-a, algae species and abundance data of Cyanophfla, Chlorophyta

and Bacillarioph¡a. Data of zooplankton include abundance of Daphnia and Bosmina and the

functional groups (also known as taxonomic groups) include rotifera, cladocera and copepoda

(see Table 3-4 to Table 3-9).

In comparing between the data from Lake Veluwemeer and Wolderwijd, overall, it can be

seen that there are more data available from Lake Veluwemeer compared to Lake Wolderwijd

over the same time period for DIN, DIP, TP, KJN, silica and chlorophyll-a. Secchi and pH

data are similar for both lakes. The same evaporation and solar data were used for both lakes.

Data for oxygen, BOD, chloride, Fe and Mg were not included in this study as they were

sparsely sampled and only available for certain periods.

In terms of phytoplankton abundance, there are more data available for Lake Veluwemeer

data sets compared to Lake Wolderwijd. Blue-green algae abundance data for example
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Anabaena, Microcystis and Aphanizomenon were not included in this study as there were too

few data points.

One major shortcoming with the zooplankton data is that the zooplankton data were only

available from 1 989/1990 to 1 999 from both data sets. More zooplankton data were available

from Lake Wolderwijd compared to Lake Veluwemeer data set. Apart from this, zooplankton

were in some years not sampled all year through as there were no sampling done during

winter.

Table 3-2 Availability and standard statistical analysis of chemical and physical data for Lake
Veluwemeer.

42.5719.500.00455.0529701992-1999Precipitation
6.391l.03-t.7025.1789661976-2000Temperature oC
31.0938.700.38123.042688I 990-l 998Solar J/cm'
13.5 I15.380.0054.0021601993-2001Evaporation
7.1622.086. l039.8075I 985-1 988Manganese Me me/l
0.520.700.002.99103l 983-l 988Iron Fe ms/l
3.125.071.0024.005011976-2000Secchi Depths SD m
0.278.437.409.40s031976-2000pH
4s.61125.6162.00251.0095t9'76-2000Chloride Cl-me/l

4.t710.533.3023.0092t976-t979Biochemical Oxygen
Demand BOD msll

2.4010.652.8015.70961976-1979Oxygen

90.0594.322.004s9.205201976-2000Chlorophyll-a

Itelml
Chl-a

t.772.460.0012.00610t976-2000Silica Si me/l
l.l30.890.005.776011976-2000Nitrate-NNO¡-N me/l
0.170.100.001.776011976-2000AmmoniumNH¿ms/l

1.062.080.105.70611t976-2000Kjedhal Nitrogen KJN
mgll

0.050.030.000.425871976-2000Dissolved Inorganic
Phosphate DIP ms/l

0. l40.15<0.010.796081976-2000Total P TP me/l

Std DevAveMinMaxCount
var

Period of
Sampling

Water Quality
(Lake Veluwemeer)
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44.0919.960.00s01.062970t99t-1999Precipitation
6.33tI.290.0025.1789671916-2001Temperature
31.093 8.700.38123.0426881992-1997Solar J/cmr
13.5115.3 80.0054.002t601993-2001Evaporation

6.5313.3 17.1034.70771982, t984-
I 988

Manganese mgll

0.290.420.031.901681978-1981,
I 985-l 990

Iron Fe mg/l
2.564.480.4018.004911976-2000Secchi Depths SD m
0.348.497.109.704961916-2000pH

79.1593.462.00329.404731976-2000Chlorophyll-a

tls,ll

Chl-a
1.391.970.005.01496l9t6-2000Silica Si mg/l
0.s90.3 80.003.854641916-2000Nitrate-N NO¡-N mell
0.080.060.000.854761916-2000AmmoniumNHa mgll

0.952.070.304.30497l9'76-2000Kjedhal Nitrogen KJN
mgll

0.020.010.000.124761976-2000Dissolved Inorganic
Phosphate DIP me/l

0.130.150.012.504751976-2000Total P TP mell

Std DevAveMinMaxCount
var

Period of
Sampling

Water Quality
(Lake Wolderwijd)

Table 3-3 Availability and standard statistical analysis of chemical and physical data for Lake
Wolderwijd.

3.2.1.2 Phytoplankton Abundance Data (Biovolumes)

Table 3-4 Availability and standard sfatistical analysis of phytoplankton biovolume data for Lake
Veluwemeer.

1.220.65014.08541197 5-1999Other total
89.4266.290720.005471915-1999Blue-green algae total
6.194.05037.13547191 5-1999Green algae total
19.508.960168.595411975-t999Diatom total

6.142.620s6.815561975-t999L imn o î hr ix + Ly n g b a + W o r en c hy n e a+
others

1.270.5108.0352197 5-t999Microcvtis
0.640.tl04.2177191 5-1999Anabaena
2.641.430I 1.4056191 5-1999Ap h anizom eno n.fl o s- aq u ae
90.9268.050720516197 5-1999Oscillatoria agardhii

std
Dev

AveMinMaxCount
YAr

Period of
Sampling

Phytoplankton Biovolume mm'/l
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t.570.70015.273931976-1999Other total
87.9386.070450.003931976-1999Blue-green algae total
6.174.37034.633931976-1999Green algae total
34.837.960638.683931976-1999Diatom total

3.291.92024.663931976-1999Limno t hrix + Ly n gb a + llto r e n c hy n e a-r
others

0.540.3s0.012.0426t9'76-1999Microcystis
1.070.27013.502421976-1999Anøbaena
t.t70.'7204.6239r976-1999Ap h aniz om en on fl o s - a q u a e

88.3095.540450.00349t976-1999Oscillatoria agardhii

std
Dev

AveMinMaxCount
var

Period of
Sampling

Phytoptankton Biovolume mmt/l

Table 3-5 Availability and standard statistical analysis of phytoplankton biovolume data for Lake
Wolderwijd.

3.2.1.3 Phytoplankton Abundance Data (lndividual Cell Gounts)

Table 3-6 Availability and standard statistical analysis of phytoplankton cell counts data for
Lake Veluwemeer.

8084.294349.08090000553191 5-1999Other algae total
22762.t719210.490I 80000553197 s-1999Blue-green algae total
10125.691081o727 50553197 5-1999Green algae total
18515.381982.41oI 87650556r975-1999Diatom total
8190.863598.45090000505t975-1999mu- algae
1653.44725.330233783731975-1999Crytophyta
1742.39577.150281365481975-1999Chrysophyta
2831.951786.66021214546197 5-1999Scenedesmus sp

8107.235371.7269000548191 5-1999Green algae (excluding mu-
alsae)

7158.89t760.770700002141975-1999Stephhanodiscus
21851.699392.730I 867502071975-1999Diatoma tenuis
997 t.3s3844.330t226255471975-1999Other diatoms
23309.72l 895 r .590I 800004691975-1999Oscillatoria asardhii
6829.273226.800742505481975-1999Other blue-green algae

Std DevAveMinMaxCount
var

Period of
Sampling

Phytoplankton Indiv.Cell
Counts cells/ml
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Table 3-7 Availabitity and standard statistical analysis of phytoplankton cell counts data for
Lake Wolderwijd.

3.2.1.4 Zooplankton Data

Table 3-8 Availabitity and standard statistical analysis of zooplankton individual counts data for
Lake Veluwemeer.

5135.603604.650324503947976-1999Other alsae total
22018.9225144.500I 125003941976-1999Blue-green aleae total
8699.656851.24047725394l9'76-1999Green algae total
11115.934997.5007t233394r976-1999Diatom total
4387.t02496.4803 15003641976-1999mu- algae

1154.67560.9107465392t9'76-1999Crvtoohvta
1950.17777.7001 8450375t9'76-1999Chrysophyta
1958.281419.530126883921976-1999Scenedesmus sp

7222.485466.660427433921976-1999Green algae (excluding mu-
algae)

1799.73661.8201 57501631976-1999Stephhanodiscus
9840.453052.800664s93401976-1999Diatoma tenuis
4049.532076.5203279t3921976-1999Other diatoms
22004.5023353.360I 125003571976-t999Oscillqtoria agardhü
7228.374004.55048388392t976-t999Other blue-ereen alqae

Std DevAveMinMaxCount
Yar

Period of
Sampling

Phytoplankton Indiv. Cell
Counts cells/ml

8.033.49051lll1990-1999Other copepode
14.379.900.1971161990-1999Calanoidea sp

67.6754.8723721291990-1999Cyclopoidea sp

196.911 38.1 3013017291990-t999Nauplii
74.1166.782410t291990-1999Copepode (excluding nauplii)
678.61606. I 054783971990-1999Rotatoria
21.21tt.t20119.4t231990-t999Other cladocera
142.4155.56010521221990-1999Bosmína sp

72.2139.940437t241990-1999Daphnia sp

2t1.89102.3301 5501281990-1999Cladocera total

Std DevAveMinMaxCount
YAr

Period of
Sampling

Zooplankton Indiv. Cell
Counts ind/ml
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Table 3-9 Availability and standard statistical analysis of zooplankton individual counts data for
Lake Wolderwijd.

3.2.2 Time Series PIots

Plotting data points against time is the most important step in any time series analysis as it

shows important features including trend, seasonality, outliers and discontinuities (Chatfield,

2004). As defined by Chatfield, trend is the long-term change in the mean level, whereas

seasonality refers to the variation that are annual in period.

To extract for periodic information from the data sets, comparison is made between several

variables of the two lakes over time as shown in the time series charts Figure 3-2 to Figure

3-8. Information gathered from these preprocessing techniques can determine the training and

validating of the networks. For example, during training of the networks, whenever one series

of input components is frequently correlated with another series of input components, they are

not used together as inputs for the ANN and EA models. Choosing of time periods for

validation of the ANN and EA networks in this study is also highly dependent on trends in the

data sets.

Based on these preprocessing results, the following discussion will focus on the annual

variation of the different variables in the data sets. The comparison made will show any major

trends in the two lakes for the period of study and subsequently determine the training and

validating of the ANN and EA models, as discussed in Chapter 4,5 and 6.

3.2.2.1 DtN

The time series chart plotted for Lake Veluwemeer and Wolderwijd in Figure 3-2 has both

shown low levels of nitrate and nitrite concentration from the starting period of I976. There is

a steady increase in the DIN in Lake Veluwemeer from 1976 to 1984, then decreased slightly
44

3.741.49030150l 989- 1999Other copepode

81.17t7.230858tt21989-1999Cnlanoidea sp

86.7960.2528481691989-1999Cyclopoidea sp

t60.36114.520.2tl201681989-1999Nauplii
r12.0972.9829921691989-1999Copepode (excluding nauplii)
724.s|s48.53053 l31091989-1999Rotatoria
26.27t.3 I02751641989-t999Other cladocera

67.3421.73101501s81989-1999Bosmina sÞ

11.1535.4404191621989-1999Daphnia sp

107.s362.1707871671989-1999Cladocera total

Std DevAveMinMaxCount
var

Period of
Sampling

Zooplankton Indiv. Cell
Counts ind/ml



from 1987 to 1990 but peaked again in 799I, 1993 and 1998, although lower than the peak in

1984.Lake Wolderwijd has shown the same increasing trend of DIN up to the year 7982.IT

then decreased, fluctuating at lower levels until 1990 and from 1992 onwards, increased

steadily and peaked in 1993 , 1995 and 1997. The highest peak is in 1998. Compared to Lake

Veluwemeer, the maximum DIN concentration in Lake Veluwemeer is two-fold higher than

in Lake Wolderwijd.

3.2.2.2 DIP

Higher orthophosphate levels were recorded for both lakes in Figure 3-2 from the 1970's

compared to later years. There is an increase in the DIP concentration in Lake Veluwemeer,

with a peak in the year 1979, rhen slowly decreasing until 1984 when there is a small peak,

and the peaks were recorded again in 1989 and 1995. The DIP trends in Lake Wolderwijd are

similar, although the peak values were much lower. DIP concentration was already high in

1976 and occasionally high until 1982. The DIP steadily decreased from 1983 until it peaked

again in 1988 and 1992. The same DIP trends were observed for both lakes that were the

opposite of DIN trends.

3.2.2,3 Total P

The concentration of total P for Lake Veluwemeer was highest before 1980, with a peak in

1979. The range of total P is higher in Lake Veluwemeer compared to the range recorded for

lake Wolderwijd Figure 3-3. Similar trends were seen in Lake Wolderwijd that had higher

values of total P in 1970's; 1976, and 1977 and 7982. There was a steady decrease of total P

from 1982 onwards, with smaller peaks in 1988 and 1998.

3.2.2.4 Silica

As shown in Figure 3-3 there is a long-term interannual trend of silica with higher peaks for

Lake Veluwemeer compared to Lake Wolderwijd prior to 1985. Maximal concentrations of

silica were recorded in 1979 and 1980, 1983. From then onwards, there was a marked

decrease in the silica concentration during 1988 to 1992 for Lake Wolderwijd and during

1996 To 2000 for both lakes.
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3.2.2.5 pH

The time series plot for pH values for both lakes Figure 3-4 have indicated hypertrophic

conditions prior to 1980. A drastic change in pH occurred for Lake Veluwemeer in the late

1980's and early 1990's. The pH trend of Lake 'Wolderwijd is similar but it had lower pH

ranges.

3.2.2.6 Secchi Depths

The Secchi depths values in Figure 3-4 have shown that the water was clearly turbid in the

early periods for both lakes, usually values of less than 0.5m (prior to 1985 for Lake

Veluwemeer). Occasionally, the Secchi depths readings improved in the 1980's but the water

quality wasn't as good compared to the period from1994 to 2000.

3.2.2.7 Ammonium

The highest recorded values of ammonium concentration for both lakes (Figure 3-5) were

recorded in late 1970's. Slightly lower values were recorded from 1994 onwards. The time

series data of the period from 1998 to 1992 indicated a range of minimal values.

3.2.2.8 Ghlorophyll-a

Chlorophyll-a values were maximal in the late 1970's and early 1980's for both lakes (Figure

3-5), being maximal in Veluwemeer earlier than in Lake Woldenvryd.Mid-range chlorophyll-

a values were recorded in the late 1980's to early 1990's and lowest values were seen from

both time series charts from 1996 onwards.

3.2.2.9 Temperature
Both lake data sets have shown similar annual temperature changes over the 24-year period

indicating variations due to seasonal fluctuations (Figure 3-6).

3.2.2.10 Phytoplankton Abundance
The time series charts showed dominance of blue-green algae from both lakes during 1976 to

1984. The period from 1985 onwards is associated with increased dominance of diatoms and

green algae. In the 1990's there is an increase in the abundance (biovolumes) of other algae

eg. Chrysophytes and Crytophy'tes (Figure 3-7).
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3.2.2.11 Zooplankton Data

The time series charts have shown a complex series of changes in the zooplankton abundance

for both lakes. Due to this and the many gaps in the data (from non-sampling during winter)

relating the dynamics over the long-term period is a challenging task (Figure 3-8).
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3,3 Modelling Design

The aim of this research was to apply three computational modelling techniques in order to

better understand the short and long-term dynamics of eutrophication processes in the lakes

Veluwemeer and Wolderwijd by analysing temporal water quality patterns and assemblages

of phytoplankton and zooplankton. The modelling design took these aims into account by

following the procedure outlined in Figure 3-9. It had to facilitate the comparative study by

means of two data sets and three different computational techniques. Basically, two main

steps were required involving data pre-processing.and data modelling by KANN, RANN and

HEA. The data preprocessing was carried out as follows:

i. collating and formatting the data sets

ii. testing data consistency

iii. analysing data with descriptive statistical analysis

iv. interpolation and plotting time series data (as discussed in Section 3.2.2).

The next step was partitioning of the data into appropriate data subseÌs with respect to various

models ad hoc designed for,hypotheses testing. The hlpotheses to be tested on data subsets

are discussed in great detail in Chapters 4,5 and 6. Criteria for the selection of data subsets

included consideration of climate and management conditions of the lakes.
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Chapter 4 Glustering and Ordination of Ghlorophyll-a
and Phytoplankton Dynamics

4,1 Introduction

Eutrophication processes in Lake Veluwemeer and Lake Wolderwijd have been managed by

both top-down and bottom-up control measures. These control measures include: (1)

reduction of extemal phosphate loadings by a sewage treatment plant, (2) lake flushing during

winter in 1979 and during surnmer in 1985, and (3) biomanipulation in Lake Wolderwijd in

1991 and commercial fishing in Lake Veluwemeer from 1992-1994. The three eutrophication

control measures aimed at reduced PO4-P concentrations and the prevention of blooms of the

filamentous blue-green algae Oscillatoria agardhii. Various models have been used to study

these two lakes including one that demonstrated a climate-related regime shift e.g., Scheffer

(2001). Scheffer (2001) demonstrated with long-term datasets that a seasonal temperature

increase due to North Atlantic Oscillation (NAO) led to an earlier ice-break, causing a

climate-related shift in the timing of the clear water phase, which was also shifted to an earlier

period. This indicates the possibility that long-term climate changes could also affect water

quality changes and ecosystem dynamics as a whole.

This research however aims at bringing both seasonal short-term dynamics and long-term

dynamics of water quality and the phloplankton cornmunity into the context of management

events and periods. Increased nutrient loadings in both lakes during the 1960s and 70s caused

eutrophication and recurrent blooms of blue-green algae. In 1979 a sewage treatment plant up

stream to Lake Veluwemeer and winter flushing of the lake with phosphorus poor water were

put into operation. As Lake Wolderwijd receives out flowing water from Lake Veluwemeer,

its eutrophication status gradually improved as well since the early 1980s as a result of

eutrophication control in Lake Veluwemeer.

One of the more important issues in water managing strategy is to create and sustain the

grazing pressure of zooplankton on phytoplankton so that the under-water light climate

conditions improves and is maintained (Gulati, 1990). Hyper-eutrophic lakes however, were

found to have lower chances for clear water phases due to high frsh predation on Daphnia

(Scheffer et al., 1997), resulting in decreased graz\ng on phytoplankton. Exploiting Daphnia

to arrest eutrophication involves removal of planktivorous fishes and stocking of piscivores.
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This top-down approach of managing eutrophication was implemented in Lake Wolderwijd

together with commercial fishing in Lake Veluwemeer.

Ecological time-series data of lakes have previously been ordinated and clustered by

conventional multivariate statistics (e.g. Varis et aL.,1989; Varis, 1991; Van Tongeren et al.,

1992) but failed to cope with the multiple non-linear nature of the data. By contrast data

ordination and clustering by KANN (Kohonen, i9B9) proves to be applicable to highly

complex and non-linear dala including limnological time-series (Jeong and Joo; Chon et al.,

1996; Recknagel et a|.,2006). Recently this modelling technique has been applied to various

ecological problems and is an alternative tool for ordination and classification of community

data (Chon et al.1996; Recknagel et a|.,2006).

In this chapter, KANN were applied to the ordination, clustering and mapping of relationships

between physical, chemical and biological time-series data of the two adjacent lakes. An

expected outcome of this research was to determine improvements in water quality and

changed dominance of phytoplankton populations in both lakes in relation to the consecutive

implementation of external phosphorus control and food web manipulation.

The ordination and clustering of the phytoplankton cornmunities of the two lakes was applied

hierarchically to chlorophyll-a, functional algal groups and taxa of algal species. Three 3-

years periods of data fromI9T6Io 1978,1983 to 1985, and 1991 to 1993 were selectedunder

the assumption that they reflect changes in the phytoplankton communities and water quality

in response to different stages and management of eutrophication.

4,2 Aims and Hypotheses

The aim of this study is to use KANN to test the following main hypotheses:

i. PO4-P and NO3-N concentrations, pH, Secchi depths, chlorophyll-a, functional

phytoplankton groups, Oscillatoria agardhii and Sceneclesmus exhibit short-terrn changes that

are related to long-term effects of P loading, flushing and top-down effects of commercial

hshing (Veluwemeer) and biomanipulation (Wolderwijd).

ii. The functional phytoplankton groups diatom, green algae and blue-green algae as well as

Oscillatoria agardhii and Scenedesmus show succession and competition over nutrients and

under-water light limitations in both periods of unmanaged turbid conditions and clear-water

phases (also known as the Alternate Stable States ASS ) instigated by eutrophication control.
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Two KANN models (see Figure 4-1 and Figure 4-2) were designed in order to test different

hypotheses: The details of the model development and procedures are as outlined in the

flowcharts and discussed in the following Sectíons 4.3.land 4.3.2.

Knowledge -Based
KANN

Visualization/ Hypothesis
Testing

#Environmental Variables: 1 2

Yes

No

tr'igure 4-l Data pre-processing and application of management-based KANN Lake Model of
Lake Veluwemeer and Wolderwijd.

K-Means Clustering &
Verification Based on
Seasons Completed?

KANN Training
Normalized: "Range" Function

QE: 0.448
TE: 0.038

KANN Design
# Management Periods: 3 (1975-

78; 1983-85; 1991-93)
# Environmental Variables: 15
# Seasons :5 ( Winter, Autumn,
Spring, Early and Late Summer)

Data Consistency Test
Total # Training Data Sets : 9 years

2 Lake Databases :

VM &WW
Total # Training

Data Sets: Max25 years

KANN Lake Model
(Management -Based)

Preprocessing and Modell tng

Hypothesis Testing:
4a. a decrease in Oscillatoria and an
increase in Scenedesmus abundances

over the long{erm period
4b. a shift in seasonaliÇ of Oscillatoria

and Scenedesmus abundances over the
long-term period

Hypothesis Testing:
3a. an increase in diatoms and green
algae biovolumes over the long{erm

period
3b. a shift in seasonality of diatoms and
green algae biovolumes over the long-

term period

Hypothesis Testing:
2a. a decrease in blue-green algae

biovolumes over the long-term period
2b. a shift in seasonaliÇ of blue-green

algae over the long-term period

Hypothesis Testing:
1a. a decrease in chl-a concentration

over the long-term period
1b. a shift in seasonality of chl-a over

the long-term period

Main Hypothesis:
With management measures over the
long-term period, there is a change in
euhophication trends from hyper-eu to

mesotrophic conditions followed by:
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Hypothesis Testing:
4. Scenedesmus is dominant in clear-
water with pH <=8 5, Secchi > 0 5 m,

POa-P <= 0.001 mg/l and NOo-N >0.3
mglll

Hypothesis Testing:
3 Oscillatoria is dominant in turbid

water with pH >9 5, Secchi <= 0.25 m,
PO4-P >0.015 mg/l and NOo-N <= 0 01

mg/l

Hypothesis Testing:
2 Diatoms and green algae are

dominant in clear-water with pH <=8.5,
Secchi > 0.5 m, PO¿-P <= 0.001 mg/l

and NO3-N >0.3 mg/l/

Hypothesis Testing:
1. Blue-green algae is dominant in

turbid water with pH >9.5, Secchi <=
0.25 m, PO¿-P >0.015 mg/l and NOo-N

<= 0.01 mg/l/

Ma¡n Hypothesis:
With management measures over the

long-term period, there is a change
from turbid to clear-water conditions

with the following:

K-Means Glustering &
Verification Based on
Ranges Gompleted?

KANN Tra¡ning
Normalized : "Range" Function

QE: 0.176
TE: 0.061

KANN Design
# Ranges Modelled: 4

NO}N,
PO4-P, pH, SD

# Environmental Variables: 13

Data Gonsistency Test
Total # Training Data Sets : 18 years

2 Lake Dalabases :

vM &ww
Total # Training

Data Sets: Max25 years

KANN Lake Model
(Ranges -Based)

Preprocessing and Modelling
Knowledge

KAN
-Based

N
Visualization/ Hypothesis

Testing
#Biological Variables:5

Yes

No

tr'igure 4-2Data pre-processing and application of ranges-based KA¡IN Lake Model of Lake
Veluwemeer and Wolderwijd
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4.3 Data and Methods

4.3.1 Lake Data Preprocessing

According to Figure 4-7 and Figure 4-2 data of the Lakes Veluwemeer and Wolderwijd were

preprocessed to two consistent data sets. A rigorous consistency check is carried out on the

linearly interpolated data sets and 9 years of consistently "clean" data were selected from both

lakes for KANN design and training (Figure 4-1). KANN design involed identifoing the

variables to be tested in the models. Table 4-1 lists the water quality variables from both lakes

that were considered for the present study. In order to study short-term water quality changes

by non-supervised KANN the annual seasons were defined according to Table 4-2 taktng

water temperature into account. In order to study long-term management effects by non-

supervised KANN the time series data from 1976-1993 of both Lake Veluwemeer and Lake

Wolderwijd was divided into three distinctive management periods according to Table 4-3.

Partitioning of the data sets for testing the model based on ranges of NO¡-N, PO4-P, Secchi

and pH is according to Table 4-4.For this model, the two lake data sets are merged and 18

years of data are available for training (Fig'rre 4-2).

Table 4-1 Limnological variables of Lake Veluwemeer and Lake Wolderwijd used in this study

t299101t268822r6101172s0S c en e d e s mus (cells/ml)

26970101976s017658125195850Oscillatoria cells/ml

6.81011t0.39.3101t68.6Diatoms mm'/l

4.210134.64.710131 .tGreen Algae mm'/l

t13101390.684.2101390.6Blue-Green algae mmt/l

95.619126511t.8112.614s9Chlorophyll'a tLgl

0.4l0.tslt.30.410.U1.7Secchi Depth m

tr.u0123.9r0.81-r.7125Temperature oC

8.s17.U9.78.517.31t0.5pH

2.0610.0U19.r2.610.0517.05Silica mg/l

0.01/0.0001/0.120.0410 .0001 10.42Phosphate POa-P mg/l

0.2410.00117.240.8610.00Us.77Nitrate NO3-N mgll

MearVMirVMaxMean/Min/MaxLimnological variables

Lake Wolderwijd

(te76-t993)

Lake Veluwemeer

(te76-1ee3)
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16 September- 30 NovemberAutumn

1 July- 15 SeptemberLate Summer

16 May-30 JuneEarly Summer

16 March-l5 MaySpring

1 December-l5 MarchWinter

PeriodsSeasons

Table 4-2 Definition of seasons for Lake Veluwemeer and Lake Wolderwijd

Table 4-3 Distinctive management periods of Lake Veluwemeer and Lake Wolderwijd

Table 4-4 Defining ranges based on nutrients, pH and Secchi depth for model training.

<:0.001; 0.001 > and:<0.015 ;.> 0.015PO¿-P mØl
<:0.01; 0.01> and:<0.3;.> 0.3NO.-N mell
<:0.25:0.25 > and :< 0.5;.> 0.5Secchi depth m
<: 8.5, 8.5 > and:<9.5;.> 9.5PH

Lake Veluwemeer
and Wolderwijd

(t976-1992\

Water Quality Ranges

4.3.2 KANN Training

The KANN models were developed by using the Matlab 5.3 SOM Toolbox functions

(Vesanto, 1999) developed at the Laboratory of Computer and Information Science at

Helsinki University of Technology. The KANN are also called Self-Organizing Maps (SOM)

or Kohonen networks referring to Kohonen (1995) who invented principles of unsupervised

training of ANN (see Figure 4-3).

K-meqns Clustering

Clustering was carried out by the K-means method. Clustering can be done either through a

hierachical or partitative approach. In the case where the number of clusters is unknown the

partitative algorithm is repeated for a set of different values from 2 To 4n, where r¿ is the

number of samples in the data set. The K-means method is the most commonly used

l99t-1993t99t - 1993Flushing, Commercial Fishing and Biomanipulation

1 983-l 985I 983- 1985'Wastewater Treatment and Flushing in Winter and
Summer

t976-19181976-t978None

Lake WolderwijdLake VeluwemeerEutrophic ation Control
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partitative algorithm (MacQueen , 1967 ; Vesanto, 2000) that divides the data set into a number

of clusters by the following steps:

i. Assign K points into the space represented by the variables that are being clustered, thus

representing the initial group centroids. The concept of a centroid in the k-means is equivalent

to the "best-matching units" of a KANN. It is a point in data space that represents a cluster. In

k-means, the cost function considers the distance between each data item and its "best-

matching unit", i.e. its centroid.

ii. Assign each variable or object to the group with the closest centroid.

iii. Recalculate the positions of the K centroids once all objects have been assigned.

iv. Repeat steps ii and iii until the centroids no longer move indicating the separation of

objects into groups is finalised and convergence is reached.

Data Visualisation and Analysis

The unified distance matrix (U-matrix) is based on computing the distances between the

weight vectors of the adjacent map units to display the clustering units on the map. It uses

grey shades where inside the clusters the distance between neighbouring units are small and is

represented as light grey shade. Cluster boundaries are defined by the darker shades. To look

at correlation between input variables, we look at the component planes. Visualization of the

"sliced-up" trained KANN reveal each weight vector component as a separate plane known as

the component planes (Vesanto, 2000). In this study, the comþonent planes were mapped out

to reflect the seasonal and long-ter.m temporal changes of physical, chemical and biological

variables in the time periods studied. Coupled with the seasonality clusters information, the

component planes show the value of the variable in each cluster. Thus it is easy to detect

possible correlations between variables by comparing component planes with each other.

Correlations are revealed as similar patterns in identical positions of the component planes.

The data were normalized using 'faîge' functions. This is a linear transformation which

scales the values between [0, 1]. This is done to control the variance of the vector

components. Initialisation and batch training was carried out with a rough and a fine-tuning

phase.

Quality of KANN

A qualitative assessment of KANN aims to describe the extent clustering has revealed the

hidden pattems in the data sets, which requires skill and expert knowledge. A cluster is

generally considered as of high quality if it has high intra-cluster similarity and low-inter
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cluster similarity. On the other hand the KANN quality is also measured using the average

quantisation error (AQE) and topographic enor (TE). The average quantisation error is the

average distance from each data vector to its best matching unit (BMU).

AeE =ltp -*a-,llNa'
where the goodness of a map (the resolution) can be derived from this, as follows:

1

t+ AQE

Topographic effor shows the percentage of data vectors for which the BMU and the second

BMU are not neighbouring map units. The quantisation enor (QE) is considerably reduced

when data are normalized, to minimise the variance in the environmental variables (which is

very conìmon in any ecological data sets). The training is considered good when the QE and

TE values are lower than 1. Verification of the model quality is also dependent on visually

inspecting the clustering results based on expert knowledge as discussed in the following

sections 4.3.2.I and 4.3.2.2. This involves choosing the most important variables for

representing the final maps. Finally, the KANN results are used for testing hl,potheses in

general and is discussed in Section 4.4.

INPUT LAYER ORDINATION AND
CLUSTERING OF

INPUTS

MAPPING OF
CLUSTERED INPUTS

Nutrients

pH

Chl-a

Phytoplankton
Biovolurne

neurons

_>

Figure 4-3 Principle diagram of the structure and functioning of KANN
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4.3.2.1 Modelling the Short- and Long-term Patterns.

The KANN algorithm using the k-means method has separated the limnological time series

data of the two lakes into five seasonal clusters visualised by the U-matrix and component

planes in Figure 4-4 to Figure 4-13. h identif,red the top-left cluster of the U-matrix being

related to winter (W), the top-right cluster related to spring (S), the mid-right cluster related to

early summer (ES), the bottom-middle cluster related to late suÍìmer (LS) and the left bottom

to left mid cluster related to autumn (A). The U-matrix identified a clockwise transition of the

seasons with marginal overlapping areas at the borders of seasonal clusters. The plane quality

was quite high with a qtantization effor of 0.448 and a topographic error of 0.038. The U-

matrix and K-means clustering are as shown in Figure 4-4 and the component planes in

Figure 4-7 to Figure 4-13 visualise the limnological time series of the two lakes for the same

three 3-years-periods corresponding to seasons and different eutrophication management

regimes according to Table 4-2 and Table 4-3.

14s

Lb

Autumn

a) Distance matrix map (U-matrix) of seasons b) Partitioned map (K-means) of seasons

tr'igure 4-4 Ordination and clustering of seasons of the year of Lake Veluwemeer and Wolderwijd
by means of KANN represented as a distance map (a) and partitioned map (b).

4.3.2.2 Modelling the Alternative Stable States (ASS) patterns.

The KANN algorithm using the k-means method has separated 18 years of the merged lake

data sets from the two lakes into three clusters corresponding with the following water quality

ranges:

Cluster 1: pH>9.5; SD <:0.25 m; PO+-P > 0.015 mgll; NO3-N <: 0.01 mgll.

Cluster 2:8.5 < pH<:9.5; 0.25 m < SD <:0.5 m; 0.001 mgll< PO4-P <:0.015 mgll; 0.01

mgll<NO3-N <:0.3 mg/I.
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Cluster 3: pH<=8.5; SD >0.5 m; PO+-P <- 0.001 mg/l;NO¡-N >0.3 mgll.

The U-matrix identified overlapping areas at the borders of the clusters, and is shown in

Figure 4-5 together with the K-means clusters. The plane quality \ryas very good with a low

quantization error of 0.0176 and a topographic error of 0.061. The results of the K-means

clusters and the component planes can be visualized in Figure 4-13 to Figure 4-16.

a) Distance matrix map (U-matrix) of ranges b) Partitioned map (K-means) of ranges

cluster

tr'igure 4-5 Distance map (U-matrix) of various water quality ranges.

4,4 Resu/ús and Discussion

4.4.1 KANN Models us¡ng SOM Toolbox

The advantages of using the SOM Toolbox (Vesanto, 1999) is that the maps produced with

the software are generated by the algorithm after determining the following parameters:

. Map width and height

o Number of iterations

o Initial value of the learning rate

o Size of the initial radius.

Nevertheless, some difficulties of the KANN is the problem of objectivity within the

networks as it is based on random effects and iterative calculations (Chon et al., 1996). Each

configuration after convergence may be different, depending on the initial training. Noises in

a large-scale data may affect the KANN patterns. One method of producing consistent general

grouping is to repeat training at different sequential periods (Chon et a1.,2000).
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The enormous quantity of data provides both an opportunity and a challenge in these non-

supervised model comparisons. Some degree of spatial and temporal aggregalion is thus

necessary to reduce the volume of information into a representative assembly, which was why

for the short-term and long-term pattem analysis, the data sets \Mere split into subsets based on

management periods defined in Table 4-3. For testing the turbid versus clear-water alternate

states hypothesis, the two lake data sets were merged and mapped according to various ranges

cif pH, Secchi depth, NO3-N and POa-P as defined inTable 4-4.

4.4.2 Short-term seasonal patterns

Various environmental factors interact to regulate spatial and seasonal growth and succession

of plankton populations including light, pH, availability of phosphorus, nitrogen, silica,

dissolved organic carbons. These factors ean influence metabolism by interacting with macro

and micro-nutrients and influencing their availability (Wetzel, 1983). Despite the inter-annual

variability of ecological processes that aÍe dependent on changes in climatic and

anthropogenic activities short-term seasonal pattems can be identified from lake Veluwemeer

and Wolderwijd. The study has shown that in relation to water quality and algal abundance of

Lake Veluwemeer and Wolderwijd, similar seasonal trends from the two adjacent lakes can

be identified from the KANN clusters. The short-term seasonality pattems show the natural

succession in both lakes progression of ph¡oplankton under various condition.

The clustering and ordination of water quality and phloplankton data of the Lakes

Veluwemeer and Wolderwrjd by KANN reveal distinct seasonal patterns.

4.4.2.1 Nutrient dynamics

The component planes for nutrient concentrations and pH for Lake Veluwemeer (Figure 4-6)

and Lake V/olderwijd (Figure 4-7) showed similar seasonality of nitrate NO3-N for the

periods 1 to 3 (Figure 4-6 and Figure 4-7, column 1) with highest concentrations in winter and

spring, and of silica (SiO2) with lowest concentrations in spring and early summer (Figure 4-6

and Figure 4-7, coltmn 3). The seasonality of orthophosphate PO4-P is distinctly different

between periods 1 to 3 even though similar clustering pattems were observed during these

same periods for both Lakes Veluwemeer and Wolderwijd (Figure 4-6 and Figtre 4-7,

columns 2). In period 1 concentrations of orthophosphate POa-P were highest in late suÍtmer

and autumn, in period 2 it was highest in winter and autumn whereas in period 3, it was

overall higher during late summer to autumn.
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Nitrate is highest during winter and spring for all three periods of both lakes. It may be caused

by high external loadings and the accumulation of NO3-N over winter and spring. The lower

concentration of NO3-N from early summer to autumn may be the result of consumption by

algae as indicated by high abundances of diatoms and green algae in spring and early sìrnmer.

However blue-green algae tend to have their highest abundance in late surnmer and autumn

favoured by high temperature and their ability to cope with low NO3-N concentrations by

performing nitrogen fixation (Reynolds, 1984) .

Silica concentrations are lowest during spring and early sunìmer. This may be the result of

increased SiO2 consumption by diatoms that cope well with low water temperatures in spring

(Reynolds 1984) when they reach their highest abundance. In temperate lakes spring is the

period when the silica concentration would have reached the signifrcant threshold required for

growth after undergoing winter replenishment (Golterman, 1975). The dynamics of POa-P are

more complex with high concentrations in late surrner, autumn and winter. Whilst the POa-P

concentrations in winter seem to be the result of external loadings and accumulation of

nutrients, the summer and autumn conditions may be caused by internal PO4-P loadings from

anaerobic sediments (Jeppesen et a|.,1997).

4.4.2.2 Temperature, Secchi depths and pH dynamics

The ordination and clustering pattems showed that the temperatures in all three periods for

both lakes were highest in early and late surnmer (Figure 4-8 and Figure 4-9, columns 1). The

Secchi depths patterns indicated high water transparency during spring and early summer in

period 1 and winter in period 2 (Figure 4-8 and Figure 4-9, columns 2). The Secchi depths in

period 1 were lowest in late surnmer and autumn. This finding changed for both lakes towards

period 3 when relatively high water transparencies again, occurred in spring and early

suÍìmer. Overall the magnitudes of Secchi depths increased for both lakes between period 1

and periods 2 and3.

The clustering pattems of Lake Veluwemeer and Wolderwijd have indicated that pH is

higher during spring, suÍìmer and autumn. The pH values were highest during autumn and

late summer in period 1, early and late suÍìmer in period 2, and winter in period 3 (Figure 4-8

and Figure 4-9, columns 3).

High primary production is associated with higher algae growth during early and late summer

causing a rapid consumption CO2, thus increasing the pH. This pH clustering patterns are

closely linked to the high chlorophyll-a patterns. Sudden shifts in pH can also alter plankton

assemblages as blue-green algae have a distinct preference for neutral to alkaline waters and
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in acidic conditions aÍe replaced by chyrsophles and chlorophytes (Paerl, 1988).

Successional pattems are observed in this study where the green algae are most abundant

during summer and autumn with distinct preference for early summer when there is less

competition by blue green algae and diatoms, which are abundant during late summer/autumn

and spring respectively. In eutrophic waters, the ability of blue-green algae to grow at high

pH appears to be correlated with their appearance in late summer blooms (Harris, 1986).

As concluded by van der Molen et al. (1994) the succession from blue-green algae dominance

in period 1 to green algae dominance in period 3 in summer was accompanied by improved

underwater light in both lakes.

4.4.2.3 Chlorophyll-a and Phytoplankton Dynam¡cs

The component planes for phytoplankton for Lake Veluwemeer (Figure 4-10) and Lake

Wolderwijd (Figure 4-11) indicated similar seasonality of diatoms forperiods 1 to 3 (Figure

4-10 and Figure 4-11, column 2) with highest abundances in winter and spring. However the

seasonality of chlorophyll-a, green and blue-green algae were different to diatoms between

periods 1 to 3 even though similar clustering patterns were observed for both Lakes

Veluwemeer and Wolderwijd (Figure 4-10 and Figure 4-11, columns 1, 2 and 4). In period 1

the concentrations of chlorophyll-a were highest in summer and autumn, and in period 2 and

3 it was highest during late summer and autumn. The abundance of green algae was highest

for both lakes in early summer in period 1, in summer and autumn in period 2 and period 3.

The abundance of blue-green algae was highest for both lakes in autumn, early and late

sunìmer in period I and2, and in late summer and autumn in period 3.

The growth of diatoms and green algae in eutrophic lakes is often limited by the available

underwater light when chlorophyll-a concentrations are high as a result of blue-green algae

abundance in summer (Reynolds, 1984; Chorus and Bartram,1999).
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4.4.2.4 Oscillatoria and Scenedesmus Dynamics

The component planes of phytoplankton for Lake Veluwemeer (Figure 4-12) and Lake

Wolderwijd (Figure 4-13) indicated similar seasonality of Oscillatoria for periods 1 to 3

(Figure 4-12 and Figure 4-13, columns 1) with highest abundances in autumn and late

summer. The seasonality of Scenedesmus was different from Oscillatoria between periods 1

to 3 as observed for both Lakes Veluwemeer and Wolderwijd (Figure 4-12 and Figure 4-13,

columns 2). In period 1 the abundance of Scenedesmus was highest in early summer for Lake

Veluwemeer but was highest during winter and spring for Lake Wolderwijd. During period2,

the abundance of Scenedesmus was highest in autumn to winter for Lake Veluwemeer, and in

winter to spring for Lake Wolderwijd. The abundance of Scenedesmus was highest in early to

late summer for both lakes in period 3.

Before phosphate reduction and flushing was implemented i.e. during period 7, Oscillatoria is

most abundant during autumn and late surnmer whlle Scenedesmus is abundant in early

sunìmer. V/ith the implementation of phosphate reduction and flushing during penod 2,

Oscillatoria remained abundant in late surnmer while Scenedesmus has shifted to winter.

Following flushing and commercial fishing in the third period, Scenedesmu.r again shifted to

early and late summer abundance while Oscillatoria remained abundant in late summer but is

shifting towards increasing abundance in autumn and winter.

The seasonality patterns of Oscillatoria for Lake Wolderwijd are similar to Lake Veluwemeer

for periods I and 2 while in period 3, it was abundant in late sunìmer. Scenedesmu.y showed

similar seasonality patterns during period 2 and 3. Although it is evident thal Oscillatoria

remained in the warrner months, the main difference in seasonality patterns for both lakes

during the three periods is that in period 1, and 2, Scenedesmus was also abundant in winter

and spring respectively, for Lake Wolderwijd.

Our results suggest that the seasonal and successional patterns observed for Oscillatoria and

Scenedesmus are related to a periodic shift between nutrients and light-limitation with

decreasing trophic conditions. Complex dynamics involving competition and co-existence

may form the basis for the short-term seasonal dynamics of the ph¡oplankton in Lake

Veluwemeer and Lake Wolderwijd. The observed seasonal patterns clearly indicated

successional dynamics between Oscillatoria and Scenedesmus tn both lakes typical for the

transitions of lakes from hypertrophic to mesotrophic conditions as generalised by Reynolds

(1e84).

68



't97G78

No Eutrophlcatlø Control ry
Chlqophyll.a [g/l

Chlorophyll.a pg,ll

Chlorophyll-a Fg/l

Dlatm mrn3ll

Dlatm mrns/l

Dlatom mr¡j/l

Græn algæ mûr3n

Green algae mrn{l

Green algae mrn /l

BlÞgreen algae mûr3/l

I
r

1.1

1'1.2

I'"
198185

WalewaterTreatrerf ,

Wirite¡ & Sumrc¡ Flushing

1976-78
No Eutrophication Control

1 983-85
Wastewater Treatment ,

Winter & Summer Flushing

I 991 -93
Wastewater Treatment ,

Winter & Summer Flushing
& Biomanipulation

ffil
BlFgreen algae mfifrl

189

Blw.green algæ mm{l

70.6

62.7

ffi

Figure 4-10 Ordination and clustering of chlorophyll-a and phytoplankton patterns according to
different eutrophication control in Lake Veluwemeer by means of KANN

Autumn

Chlorophyll-a lrg/l Diatom mms/l Green algae mm3/l Blue€reen algae mm3/l

0.84 302

Green algae mm3/l Blue{reen algae mms/l

E"'

8''',

!"'

I
n

rl

Chlorophyll-a pg/l D¡atom mm¡/l

160

Chlorophyll-ã pg/l Diatom mm3/l

75.5

il"'t
294

Green algae mm3/l Blue-green algae mmr/l

N

5.3

L_l

16

Figure 4-11 Ordination and clustering ofchlorophyll-a and phytoplankton patterns according to
different eutrophication control in Lake Wolderwijd by means of KANN

69



, Aututn

Osc¡llatorla cells/m I Scenedesmus cells/ml

1976-78

No Eutroph¡cation
Control

't 983-85

Wastewater Treatm€nt,W inter
& Summer Flush¡ng

I 991 -93
Waslewater Treatment ,

W¡nter & Summer Flush¡ng
& Commerclal F¡sh¡ng

60900

Osc¡llaloria cells/m I Scenedesmus cells/ml

l'u'oo 1""IL
Osc¡llatoria cells/ml Scenedesmus cells/ml

1"'"'

5

I

6

703

tr'igure 4-12 Ordination and clustering of Oscilløtoriø and Scenedesmus patterns according to
different eutrophication control in Lake Veluwemeer by means of KANN

Autumn

O sc¡llatoria cells/m I Scênedesm us cells/m I

1976.78
No Eutrophicãtion Control

1983-85
Wastewater Treatment,

Wintêr & Summer Flushing

't991-93
Wastewater Trealment

Winter& Summer
Flushlng

& B¡omanipulatlon

I"'"' I 
.

Osc¡llatoria cells/m I Scenedesmus cells/n

!""' 1""In
Oscillator¡a cells/m I

I
7 ',10

Figure 4-13 Ordination and clustering of.Oscilløtoria and Scenedesmus patterns according to
different eutrophication control in Lake Wolderwijd by means of KANN

70



4.4.3 Long-term Management Related Patterns

The effects of these long-term management practices i.e. external phosphate reduction,

flushing and food web manipulation if they succeed in changing the dynamics of these two

shallow lakes are discussed in this sectíon. A higher concentration of orthophosphate PO+-P is

associated with flushing compared to food-web manipulations. Although winter flushing was

proposed with the aim not to deplete the P pool but to prevent P from being released by the

sediments (Hosper, 1997), it is possible that compared to food web manipulations, flushing of

these two shallow lakes could have also caused an increase in loading as an increase in

loading can be due to several factors including the impact of shear stress on sediments,

efficient internal fluxes of recycled nutrients or high turbidities from fine particulates. These

impacts of flushing are evident on Lake Veluwemeer and Wolderwijd as both lakes have low

hydraulic residence times.

4.4.3.1 Nutrients Dynamics

The component planes for concentrations of nitrate NO3-N, orthophosphate POa-P silica

SiO2, revealed similar patterns for the periods l, 2 and 3 for Lake Veluwemeer (Figure 4-6)

and Lake Wolderwijd (Figure 4-7) btrl indicated distinct differences in the concentration

ranges. While the nitrate concentrations steadily increased in Lake Wolderwijd from period 1

to 3 (Figure 4-7, column 1) it increased in Lake Veluwemeer from period I Io 2 but was

slightly lower in period 3 compared to period 2 (Figure 4-6, column 1). In contrast

orthophosphate concentrations steadily decreased from period 1 to 3 in both lakes (Figure 4-6,

column 2 and Figure 4-7, column 2). The component planes for silica revealed highest

concentrations in period 2 and lowest concentrations in period 3 for both lakes (Figure 4-6

and Figure 4-7, column 3).

Although P-reduction has been suggested to be the key-factor for control of cyanobacterial

dominance in summer (Reeders et al., 1998), the results from this study has shown that

cyanobacterial dominance is signif,rcantly broken only in the third period in Lakes

Veluwemeer and Wolderwijd, that is during the period when food web manipulation and

commercial fishing was also carried out, as a top-down management approach. Also NO3-N :

PO4-P ratios of the two lakes based on the nitrate and phosphate magnitudes in Figure 4-6 and

Figure 4-7 indicated nitrogen limitation for Lake Veluwemeer and tentative phosphorus

limitation for Lake Wolderwijd in the period 1, but distinct phosphorus limitation of both

lakes for periods 2 and3. Clear trends ofincreasing nitrate but decreasing phosphate and pH

levels from period 1 to 3 became evident for both lakes from this comparative study.
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P limitation in period 2 correlates with a distinct increase in nitrate NO3-N and a concomitant

reduction in POa-P in both lakes after winter flushing was carried out during 7979 to 1984.

One of the reasons for N limitation is that an increase in phosphorus loading could enhance

the role of nitrogen as a limiting factor (de Hoyos and Comin,lggg). The start of P limitation

could be related to flushing as according to (van der Molen et al., 1994), one of the effects of

flushing is an increased nitrate concentration in the lakes.

The concentration of P in both Veluwemeer and Wolderwijd gradually decreased with

management measures in period 2 and3. There was a significant 8X and2X decrease in PO+-

P concentration in the third management period for Lake Veluwemeer and Wolderwijd

respectively, indicating P limitation. The success of flushing during period 2 and 3 has been

also been attributed to the decrease of intemal P loading due to the pH buffering effect of the

calcium carbonate (Meijer and Hosper,1997). Clear trends of increasing NO3-N, decreasing

PO4-P and pH in the managed periods (period 2 and3) compared to period l, are evident from

this comparative lake studies.

4.4.3.2 Temperature, Secchi depths and pH Dynamics

The component planes of pH revealed similar patterns for the periods 1,2 and 3 for Lake

Veluwemeer (Figure 4-8) and Lake Wolderwijd (Figure 4-9). The pH values steadily

decreased from period I To 2 in both lakes (Figure 4-8 and Figure 4-9, columns 3). This

drastic change in pH is accompanied by the breakdown of Oscillatoria bloom. The transition

between pH levels between period 2 and 3 is not as clear as they remained steady for Lake

Veluwemeer (Figure 4-8 column 3) and increased slightly for Lake Wolderwijd (Figure 4-9,

column 3).

4.4.3.3 Chlorophyll-a and Phytoplankton Dynam¡cs

The component planes for phytoplankton for Lake Veluwemeer (Figure 4-10) and Lake

Wolderwijd (Figure 4-1 1) indicated slight differences in occurrence patterns for the periods l,
2 and 3 but were signif,rcantly different in terms of abundance ranges. Abundances of

chlorophyll-a and cyanobacteria of Lake Veluwemeer were highest in period 2 and lowest in

period 3 (Figure 4-10, columns 1 and 4) while in Lake Wolderwijd chlorophyll-a and

cyanobacteria steadily decreased from period 1 to period 3. By contrast abundances ofboth

diatoms and green algae steadily increased from period 1 to 3 in both lakes (Figure 4-10,

columns 2 and3; Figure 4-l l, columns 2 and 3).
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Chlorophyll-a has also decreased significantly in both lakes towards period 3, due to the

increase in P limitation. Similarly, the KANN clustering has shown a pattern of decreasing

blue-green algal abundances and followed by a succession of diatoms and green algae

abundances in period 2 and 3 . An increase in diatoms is an indicator of a successful control of

eutrophication levels (Zhang and Prepas, 1996).It is interesting to note that the succession of

blue-green algae to diatoms from period I to 2 is followed by a marked increase in silica

concentration. However, from period 2 to 3, there is a decrease in silica concentration

indicating increased consumption as this is correlated with a marked increase in diatoms

abundance.

4.4.3.4 Oscillatoria and Scenedesrnus Dynamics

The component planes for phytoplankton for Lake Veluwemeer (Figure 4-I2) and Lake

Wolderwijd (Figure 4-13) indicated slight differences in occurrence patterns for the periods 1,

2 and 3 but were not significantly different in terms of abundance magnitudes. Abundances of

Oscillatoria gradually decreased from period 1 to 3 for both lakes (Figure 4-72 and Figure

4-13, columns 1). The decrease in for Lake Wolderwijd is more apparent between period 2 to

period 3 compared to the decrease from period 1 to period 2. In contrast, the abundances of

Scenedesmus steadily increased from period 1 to 3 in both lakes (Figure 4-I2 and Figure

4-13, columns 2).

Phosphorus reduction has been suggested as key-factor for controlling the surnmer dominance

of blue-green algal in the Lakes Veluwemeer and Wolderwijd (Reeders et a1.,1998).

Results in this study have illustrated in Figure 4-I2 and Figure 4-13, a significant decrease in

the abundance of Oscillcttoria from period 1 to period 2 as a result of waste water treatment

and lake flushing. During period 3 with a combination of ongoing phosphorus control and

biomanipulation has achieved both, to fui1her diminish Oscillatoria abundance and shift an

increasing abundance of Scenedesmus from winter and early summer (period 1) to winter and

spring (period 2) to late summer (period 3). The continuing lake flushing from the 1980s to

the 90s has obviously consolidated the phosphorus limitation of both lakes (van der Molen ¿/

a|.,1994).
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4.4.4 Patternising the Turbid versus Clear-water States

The results in Figure 4-74 and Figure 4-15 were mapped in terms of pH and SD ranges for

both phytoplankton functional groups and Oscillatoria and Scenedesmu.ç. The hypothesis

tested is that ph¡oplankton frmctional groups, Oscillatoria agardhii and Scenedes¡ø¿¿s show

succession and competition for light conditions (Secchi depths) that relate to the long-term

occuffence of turbid or clear-water phases.

The component planes for functional groups showed that for both lake Veluwemeer and

Wolderwijd, blue-green algae, tolerate high pH and turbid water conditions, while green algae

and diatoms prefer lower pH and clear-water conditions.

Another hypothesis tested is that phytoplankton functional groups, Oscillatoria and

Scenedesmus show succession and competition for P and N that relate to the long-term

occulrence of turbid and clear-water phases for both lake Veluwemeer and Wolderwijd.

The overall results shown in the above results, gave evidence that the dynamics in both lake

Veluwemeer and Wolderwijd involve the alternate stable states of turbid versus clear-water

conditions as postulated by Scheffer (1998). Because of the consistent results obtained for all

the pH, Secchi depths, NO3-N, PO4-P ranges tested our results suggest N: P limitation based

on the N: P mass ratio of 7:2 , a conversion from Reynolds (1984) Redfield Ratio of atomic

N: P of 16. The N: P limitation is strongly correlated to pH and light limrtations, leading to

distinct alternate successional patterns between the phy'toplankton functional groups and

individual species of Oscillatoria and Scenedesmus. While diatoms and green algae are

dominant during clear-water periods of low pH concomitant with P-limitation blue-green

algal blooms of Oscillatoria were predominant in turbid water, high pH, and under N-

limitation. It is well known that annual average biomass of the non-nitrogen fixing

Oscillatoria agardhii changed in parallel to altered N/P loading ratios, as they are sensitive to

N-deficiency as any other phytoplankton (Reynolds, 1994). Previous field studies and

physiology-based models, indicate that dominance of Oscillatoriaceae can be the alternative

stable state of the algal community of shallow lakes because the blue-green algae are shade

tolerant (Reynolds, 1994) and can cause an increase in turbidity, that favours their

competitive advanfage (Scheffer et al., 1997).
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4.5 Chapter Conclusion

4.5.1 Short- and Long-term Dynamics of Phytoplankton

The chapter discusses the results of the ordination and classification of physical, chemical and

biological water quality data of the two lakes by means of KANN. The results of this study

have clearly shown that the long-term eutrophication management approach for the Lakes

Veluwemeer and Wolderwijd by means of external phosphate control, lake flushing,

commercial fishing and food web manipulation have proved to be successful in changing the

short- and long-term of phloplankton in the lakes.

Nutrients concentrations, pH and phytoplankton dynamics in Lake Veluwemeer and

Wolderwijd are both affected by the long-term eutrophication and the various management

measures carried out. Both lake flushing during winter together with external phosphate

reduction and food web manipulation was accompanied by a complex series of changes in

water quality. They exert an important control on both the specific composition and

abundance of the phfoplankton. The dynamics, in terms of a reduction in orthophosphate

PO4-P and an increase in nitrate NO3-N concentrations together with an increase in green

algae and diatom abundances from period 1 to period 3, can therefore be attributed to the

success of these restoration measures.

Although for Lake Veluwemeer originally only lake flushing was the management focal point

and for Lake Wolderwijd biomanipulation (Hosper, 1997), at the end flushing affected both

lakes because of their physical connections, and commercial fishing in Lake Veluwemeer

took principles of trophic cascade effects into account. Already the prolonged control of

external phosphorus loadings from period 1 to 3 has significantly improved the water quality

in both lakes and set the course for seasonal changes in phytoplankton dominance. However it

appears from this study that biomanipulation has consolidated these phytoplankton

community changes.

In the course of this study KANN have proven to be a suitable tool for analysing ecological

long-term time series and carrying out comparative studies between different lakes. Complex

temporal patterns in relation to the various lake restoration measures have been unravelled for

the two highly eutrophic lakes. Findings from this study supporl the assumption that top-down

food web manipulation can efficiently complement and consolidate the primary

eutrophication control by decreasing external phosphorus loads.
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KANN can therefore be successfully applied to complex ecological data and are able to

provide a realistic image of the short- and long-term changes in temporal water quality and

assemblages of algae functional groups with reference to seasons and to various management

measures. Short-term changes in water quality could be related to bottom-up approach of

flushing while long-term changes in plankton community diversity could reflect the effect of

both flushing and top-down approach of food-web manipulations.

The approach adopted here of comparative analysis may contribute as a useful framework for

predicting present and future developments. It was observed that improved modelling

relationships could be established by splitting the data into several time frames based on the

different management periods. Merging of the lake data sets lend evidence to the existence of

ASS of turbid and cleawater periods. The results of this KANN model can be used as a basis

for integration with other modelling studies that will enable us to better understand the

functioning of shallow lakes as an aid to management measures.

KANN is therefore able to model two geographically similar Netherland lakes and has

revealed complex temporal dynamics in relation to the various restoration measures carried

out. The results from this KANN ordination and clustering study strongly suggest that top-

down approach of food web manipulation and commercial fishing could play an important

role in breaking blue-green algae dominance in addition to the bottom-up approach of

flushing and extemal phosphate reduction.
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Chapter 5 Forecasting of Phytoplankton Dynamics

5.1 Introduction

The analysis and forecasting of phytoplankton dynamics can be attempted from different

scales from predicting chlorophyll-a to species abundance. Tracing the trajectories of

community compositional responses to environmental changes such as eutrophication is

recommended as one of the best ways to understand changes in system function (Powell,

1995). Analysing data for both periods of eutrophication and with eutrophication control may

reveal complex interrelationships that exist within the phytoplankton populations and

community. The two long-term datasets of Lake Veluwemeer and 'Wolderwijd present a

unique opportunity to forecast eutrophication effects under managed and non-managed

conditions. It allows decision makers to assess the efficiency of lake restoration measures

such as flushing and biomanipulation with regards to changing water quality and

phloplankton community compo sition and biomas s.

This chapter discusses the comparative modelling approach taken to predict and analyse the

short- and long-term dynamics of chlorophyll-a, phytoplankton functional groups and the

algae Oscillatoria and Scenedesmus of the Lakes Veluwemeer and Wolderwijd. In the

framework of the present study recurrent supervised artificial neural networks (RANN) and

hybrid evolutionary algorithms (HEA) were applied to forecasting population dynamics of the

phytoplankton in the Dutch lakes Veluwemeer and Wolderwijd. RANN have successfully

been applied for modelling eutrophication processes in freshwater lakes and rivers based on

long-term time series (Jeong et a|.,200I; Walter et a|.,200I; Jeong et al., 2006; Recknagel el

a|.2006a). HEA is a newly emerging technique that not only facilitates time series forecasting

but also discovery of explanatory rules (Cao et a|.,2006). Both methods are initially applied

to eleven years of water quality time-series of the two Dutch lakes in order to forecast

changes of the algal populations ol Oscillatoria and Scenedesmus in response to the control of

external nutrient loadings and fish abundances as consecutively implemented to both lakes

since 1979. The water quality time-series of both lakes are structured for the RANN and HEA

modeling so that it is possible to reflect the following three different management periods by

both training and validation datasets: no management (1,976-1978), lake flushing and waste

water treatment (1,979 onwards) and lake flushing, waste water treatment and food web

manipulation (1991-1994). This approach facilitates a comparative analysis for the two lakes

and the three management periods. It also allows a comparison between the two

computational techniques with regards to forecasting. The RANN modelling technique
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captures non-linearity in ecological data sets and has been demonstrated as most promising

for short-termpredictions of algal blooms (Jeong et a1.,2001; Jeong et a1.,2006). To date,

RANN modelling has not been tested on these Netherland lake data sets. Previous modelling

attempts of Lake Veluwemeer using DELWAG-BLOOM-SWITCH, a mathematical

eutrophication model showed that it was functional but some of their results were

hypothetical (van der Molen et a|.,7994).

The following questions will be addressed in this chapter:

i. Are RANN and HEA models able to predict algal blooms based on previous chemical and

physical data of the two managed lakes that are adjacent to one another, both shallow yet

differ in size, mean depth and maximum depths?

ii. Are RANN and HEA models able to predict succession due to competition and coexistence

between the functional phytoplankton groups: blue-green algae, green algae and diatoms as

well as between Oscillatoria and Scenedesmus fromthese two data sets?

5.2 Aims and Hypofheses

One of the aims of modelling the two shallow lakes using RANN is to find out if
eutrophication could be predicted on a short-term basis based on, Oscillatoria agardhii,

Scenedesmus and phytoplankton functional group abundance data. Another related aim is to

find out if the RANN models are sensitive to long-term transitions trends that could be due to

restoration measures. Short-term predictions allow knowledge about specific ecosystem

processes and communities whereas long-term studies may give a general overall view of the

ecological processes such as long-term eutrophication trends. A typical response to increasing

nutrient loading is generally, a loss of algae diversity with an increased chlorophyll-a

concentration. There is a series of successional changes in the phyto- and zooplankton

community. Intervention by restoration measures, add to this natural complexity. Phosphate

reduction and flushing, with the aim of reducing nutrient load is considered as a bottom-up

approach. Food web manipulation or biomanipulation through removal of planktivorous

fishes and stocking of piscivores is another method of managing eutrophication considered as

the top-down approach. Commercial fishing in a sense is an alternative method of food web

manipulation. Although the restoration measures produced the desired results in some cases

(Benndorf,1990), water managers still need models that allow the system to be predicted with

certain accuracy.

80



Comparison is made between 2 single lake models RANNVM (Single Lake Model

Veluwemeer and RANNWW Single Lake Model Wolderwijd) and a merged lake model

RANN VM&WW (Merged Lake Model Veluwemeer and Wolderwijd). The rationale for the

Merged Lake Model is to study the possibility of producing generic shallow lake models, by

merging 2 similar data sets to improve training. Sensitivity analyses can pinpoint the

underlying relationships between the input and output variables.

The following flowcharts summarise the preprocessing and modelling framework of Single

Lake Models using RANN (see Figure 5-1) and HEA (see Figure 5-2). The same RANN and

HEA design are maintained but are applied to Merged Lake Models with increased

forecasting variables (see Figure 5-3). The details of the modelling procedures for Single and

Merged RANN Lake Models are as discussed in Section 5.3.1 and 5.3.2, whilst for Single and

Merged HEA Lake Models see Section 5.3.1 and 5.3.3.
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RANN Validation
S-days ahead Oscillatoria Forecast

S-days ahead Scenedesmus
Forecast

RANN Des¡gn
Algorithm: Fully Recurrent

Transfer Function in Hidden and
Output Layer: Hyperbolic Tangent

Momentum: 0.7
Step-Size: 0.01

Data Gonsistency Gheck : Daily
lnterpolation

Total # Training Data Sets : 1lyears
Total # Testing Data Sets: 3 years

Lake Database:
ww

Total # Training
Data Sets: Max 25 years

Hypothesis Testing
and Generality Tests

RANN Sensitivity
Analysis and

Model Validation
Gompleted?

RANN Validation
S-days ahead Oscillatoria Forecast

S-days ahead Scenedesmus
Forecast

RANN Design
Algorithm: Fully Recurrent

Transfer Function in Hidden and
Output Layer: Hyperbolic Tangent

Momentum: 0.7
Step-Size: 0.01

Data Gonsistency Gheck : Daily
lnterpolation

Total # Training Data Sets : l lyears
Total # Testing Data Sets: 3 years

Lake Database:
VM

Total # Training
Data Sets: Max 25 yeais

RANN
Single Lake Model

Preprocessing and Modelling

No No

Yes

RANN Sensitivity
Analysis and

Model Validation
Gompleted?

Figure 5-1 Data pre-processing and application of the RANN single lake model of Lake
Veluwemeer and Wolderwijd
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Model Validation
Gompleted?

HEAValidation
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HEAValidation
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HEADesign
Algorithm:Single Rule Sets

# of Runs: '100

HEA Design
Algorithm:Single Rule Sets

# of Runs: 100
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Total # Testing Data Sets: 3 years

Data Gonsistency Gheck : Daily
lnterpolation

Total # Training Data Sets : l lyears
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Lake Database:
WW

Total # Training
Data Sets: Max25 years

HEASingle Lake Model
Preprocessing and Modelling

No

HEARule Set Díscovery,
Sensitivity Analysis and

Model Validation
Completed?

Figure 5-2Data pre-processing and application of the HEA single lake model of Lake
Veluwemeer and Wolderwijd

Yes
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RANN Sensitivity
Analysis and

Model Validation
Gompleted?

EARule Set Discovery,
Sensitivity Analysis and

Model Validation
Gompleted?

RANN Validation
S-days ahead Chl-a Forecast

5-days ahead Blue-green Algae
Forecast

S-days ahead Green Algae Forecast
S-days ahead Diatom Forecast

S-days ahead Oscillatoria Forecast
S-days ahead Scenedesmus Forecast

HEA Validation
S-days ahead Chl-a Forecast

S-days ahead Blue-green Algae
Forecast

S-days ahead Green Algae Forecast
S-days ahead Diatom Forecast

S-days ahead Oscillatoria Forecast
S-days ahead Scenedesmus Forecast

RANN Design
Algorithm: Fully Recurrent

Transfer Function in Hidden and
Output Layer: Hyperbolic Tangent

Momentum:0.7
Step-Size: 0.01

HEADesign
Algorithm: Single Rule Sets

# of Runs: 100

Data Gonsistency Check : Daily
lnterpolation

Total # Training Data Sets '. 22 years
Total # Testing Data Sets: 6 years

Data Consistency Check : Daily
lnterpolation

Total # Training Data Sets '. 22 years
Total # Testing Data Sets: 6 years

Lake Database:
VM &WW

Total # Training
Data Sets: Max25 years

Lake Database:
VM &WW

Total # Training
Data Sets: Max25 years

RANN & HEA
Merged Lake Model

Preprocessing and Modelling

No No

Yes Yes

Figure 5-3 Data pre-processing and apptication of the merged RANN and HEA model of Lake
Veluwemeer and Wolderwijd

Hypothesis Testing
and Generality Tests
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5.3 Materials and Methods

5.3.1 Lake Data Preprocessing

As outlined in Figure 5-1, Figure 5-2 and Figure 5-3, based on the consistency check and

availability of the data from both lake data sets only 11 years and 3 years of daily interpolated

data are available for training and testing of the Single Lake Models, while for the Merged

Lake Models, 22 years and 6 years are available for training and testing respectively.

Designing the Single and Merged Lake Models, involved identifying the variables for training

and testing as listed in Table 5-1.

Table 5-1 Limnological variables used in the forecasting models.

5.3.2 RANN Architecture

Pineda (1987) introduced the architecture of the RANN modelled in this study. It mtmrcs

deterministic modelling whereby the system state at time t is calculated by means of the

system state at time (l-1) (Recknagel, 2001). The copied activation of time (l-l) are used as

feedback inputs to determine weights of neurons at time / as shown in Figure 5-4.

6.8/0i 1 10.39.3/0/168.6Diatom (mm"/l)
4.210134.64.710137.1Green Algae (mm'/l)
1 13/0/390.684.2101390.6Blue-Green alqae (mm"/l)
101191265115191459Chloroohvll-a (uq/l)
129910112688221610117250Scenedesmus (cel ls/m I )

2697010197650I 7658/25l95850cells/mlOscillatoria
0.06i0.001i0.850.1210.00111.77Ammonium NH¿ (mq/l)
11.110123.910.91-1.7125.1Tem re
0.410.211.30.410.111.7Secchi Depth SD (m)
8.517.119.78.517.3110.5pH
2.2210.01119.12.63/0.005i7.05Silica Si(mq/l)

0.01/0.0001/0.1 20.0410.000110.42Dissolved lnorganic
Phosphaten PO¿-P (ms/l)

0.2410.00117.240.80/0.001/5.77Dissolved lnorganic Nitrogen
NO"-N (mq/l)

Mean/Min/maxMean/Min/MaxLimnoloqical variables

Lake Wolderwijd
(1 976-1 993)

Lake Veluwemeer
(1 976-1 993)
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Figure 5-4 Architecture of a fÌÀNN showing input and output variables with additional feedback
inputs (Jeong et al.,2001)

Design of RANN

The RANN was designed with one hidden layer for all applications as limiting the number of

hidden layers are one \/ay to avoid overfitting the data (Smith, 1,996). The number of nodes

used as control setting for training and validating trial was based on a trial and error basis.

Optimal models were trained using 2l nodes. The hyperbolic tangent function was chosen to

estimate the activation level for both the hidden and output layers with momentum set at 0.7

for both layers. The hyperbolic tangent transfer function (Tanh) produces better performance

in terms of root mean square error (RMSE) between actual and predicted output and learning

is quicker than linear or bipolar sigmoid (between 0 and 1) (Maier and Dandy, 1998).

Training was done for up to a maximum of 1000 iterations based on "cross-validation" or

"split-set validation". The termination was based on the MSE (mean squared error) of 0.01.
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The minimum function terminated training when the MSE dropped below that threshold.

Model validation was based on visual comparison of the curve fitting trends and the RÍ value

derived from linear regression without intercept for the measured and predicted output data.

An optimal model is chosen based on a model's ability to generalize, where the optimal

strategy is may be not to train it to perfection (Haykins,1994).

5.3.2.1 Training and Testing Methods

The models were trained using water quality data as listed in Table 5-1. The study aimed at

forecasting of phytoplankton outputs as listed in Table 5-2 to see if the models can predict

equally well: chlorophyll-a, phytoplankton functional groups, genera and species level. The

model output reflects the community changes over the long-term period. The assessment of

the model performance is based on the comparison between observed and predicted output

values based on visual comparison of the charts and MSE values. A series of RANN models

were developed with these lake data sets:

Generalising Trends and User-Defined Constraints

To make sure that the RANN models are able to generalise the trends in the data sets, the

training periods from various years of the 1970's, 1980's and 1990's were used for training.

Table 5-2 outlines details of the composition of training data sets that were used to develop

the three RANN models, The selection of the training years was based on data availability and

years typical for distinct eutrophication management approaches. The single lake models,

RANN VM (Lake Veluwemeer) and RANN'WW (Lake Wolderwijd) and the combined lake

model RANN VM&\ryW were trained by 11 and 22 years respectively (see Table 5-2).

Partitioning of the data sets into subseries allow testing that can reflect predictability based on

some constraints. Here, the constraints are management related. Splitting of the data sets

allow testin g a year from each different period of management. 3 separate years were used for

testing that also represented the turbid and clear-water phases. The year 1978, is considered as

turbid water period as it was before the implementation of intensive phosphate reduction. The

years 1985 and 1993 are considered as the clear-water periods due to flushing and

biomanipulation. Another novel method of validating the models is attempted in this study,

which involved testing with unseen data from the adjacent lake.
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Table 5-2 The composition of training and testing years and outputs of the RANN models.

Oscillatoria,
Scenedesmus,

Phytoplankton
functional

groups,

Chlorophyll-a

3 years VM

1918,1985,1993

3 years WW

1918,1985, t993

22 years

(1e76-1992)
Merged Lake
Model VM
andWW
RANN
VMV/V/

Oscillatoria,
Scenedesmus,

3 years

1987,1985, t993

1 1 years

tgt6-1992
Lake
V/olderwijd
RANN WW

Oscillatoria,
Scenedesmus,

3 years

1978,1985,1993

I I years

1976-1992
Lake
Veluwemeer
RANN VM

Output VariablesTesting YearsTraining YearsModel

After a preliminary testing of various chlorophyll-a models with timelagged inputs of 5, 10,

15, 30 and 60 days for training, the 5 days option produced the best results and was

subsequently used for the 5-days ahead forecasting in all of the experiments. It is expected

that species composition track the resource ratios with some time lags before a competitor is

physiologically dominant in terms of biomass or abundance (Sommer, 1989).

Convergence and Generalisation

Two important parameters in ANN are convergence and generalizalion. Convergence is the

amount of time measured by the number of epochs or CPU operations required to hnd an

acceptable solution during training (Jim, 1996). Based on a preliminary testing using cross-

validation on20Yo data set, for most runs, convergence is reached in less than 1000 epochs,

therefore, 1000 epochs is set as the maximum training period.

Generalisation measures the ability to correctly classify new unseen data. A neural network

can be overtrained such that it learns all the input patterns but is unable to identify or predict

unseen data. The posssible risk of overtraining can be reduced if the number of nodes in the

network is minimized (Edwards and Morse, 1995 cited Boddy and Morris, 1993). From our

preliminary trial and error runs, the number of nodes in the hidden layer was reduced from 43

Io 21. We found that this reduces the risk of overtraining and reduced the time required for

convergence. Another approach adopted for these lake data sets, is independent testing; where

unseen data from the other lake is also used as the validation set as a check on the model's

ability to generalise.
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5.3.2.2 Sensitivity Analyses

Sensitivity analyses were also performed on the RANN models based on "Sensitivity on

Wide-ranged Disturbance" (SWD) and "Most Influencing Parameter"(MlP) according to

Jeong et al (2003). The range tested for the sensitivity analyses was within * 1 to 2 SD to

check for both general circumstances (+ 1 SD) and possible specific and infrequent

interactions (t 2 SD) between the variables (Zar, 1984). All models were developed using

NeuroSolutions Version 4.24 (NeuroDimension, 2003 ).

5.3.3 Hybrid Evolutionary Algorithm HEA

HEA (Cao et al. 2006) has been designed in order to discover predictive rule set. It firstly

evolves the structure of the rule sets by using genetic programming (GP) (Koza,1992;Koza,

1994; Banzhaf et al., 1997), and secondly optimises the random parameters in the rule set by

using a general genetic algorithm (Yu et al., 1999). Rules discovered by HEA have the IF-

THEN-ELSE structure and allow imbedding complex functions synthesised from various

predefined arithmetic operators. The principal framework of HEA for the rule discovery in

water quality time-series is represented in Figure 5-5.

5.3.3.1 Training and Testing Methods

In order to make comparisons with RANN results, we used the same data sets for training and

testing. 100 runs were conducted independently for each data set. For simplicity, we set the

maximal rule size to be 1 (single rule). All the experiments were performed on a Hydra

supercomputer (IBM eServer 1350 Linux) with a peak speed of 1.2 TFlops by using the

programming language C. The flowchart in Figure 5-6 outlines the detailed algorithm for rule

discovery with structure optimisation and parameter optimisation. The parameter settings is as

tabulated in Table 5-3.
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Table 5-3 Parameter settings of HE.A. for rule set discovery (Cao et øL,2006)

popsize : 50 a: -0.5 b: L5 M: I MAX: 500
Parameter

Optimization
(GA)

N:200
F¡: {AND, OR} Fc : { >, <, ), (} Fr : { *, -, *,
l, exp,ln\
MAXK: 4 Dm:Drsswrprse: 4 MAXGEN: 100

Structure
Optimization
(GP)

Model Prediction

After obtaining a best rule set in one ruq we test its validity and generality by calculating the

predicted values and the RMSE on the testing data points.

In order to validate the results of different rules, we define the RMSE (Root Mean Square

Error) as the training error and testing error:

Fitness:
k

\{},,- t)'k

where fr is the number of training (testing data points) and y, and î,, are the ith observed

value and the lth predicted value of the output variable respectively. A lower RMSE on the

unseen data implies that the rule set has generalised the time series patterns in the training

data. Finally, the simplest rule set was chosen out of 100 runs as the best rule set.
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5,4 Resu/fs and Drscussion

5.4.1 Time series Forecasting Models

Forecasting of ecological time series data sets using ANN is a complex task. Basically, the

four main steps taken in this comparative forecasting study is as follows:

. Model Design: Choose a suitable model representation based on expert-knowledge.

. Train: Estimate the parameters of the model.

o Validate: Test the model on unseen data sets to determine its validity.

o Interpret: What are the insights, causal explanations does the model produce based on

the hypothesis tested.

Although ANNs are increasingly being used for the prediction and forecasting of water

resources variables, the problem of assessing the optimality of the results exists. It is difficult

to make meaningful comparisons between ANN models when the catchments studied are so

diverse (Dawson and Wilby, 2001) and also between the perforrnances of different models

(Maier and Dandy, 2000). Issues in relation to the optimal division of the available data, daTa

preprocessing and choice of appropriate model inputs are seldom considered (Maier and

Dandy, 2000). In this study, each step of the RANN modelling process involved alternatives

and decisions based on the hl,potheses tested and the aims of this study. RANN are dynamic

and most suited for time series predictions but more complex to train compared to Multi

Layer Perceptron topologies (Tsukimoto, 2000). Specific mapping however depends on the:

¡ Architecture of the network

o Training techniques

o Modelling parameters

¡ Preprocessingtechniques.

Prep ro ces s ing te c hniques

Ecological data sets are seldom complete or free from outliers and they usually need to be

preprocessed. For this reason, Ihe 25 years lake data sets had to be preprocessed and input-

output variables were chosen for the different models. As these are temporal data sets, every

effort was made to match the periods studied between all the different models. This is an

impofiant step as the models are related to the historical events that occur during the long-
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term study. Daily-interpolated values were used for the modelling instead of raw data. This is

because the data sets had different sampling dates for different variables, even from the same

lake data set.

Architecture of the Network and Training Techniques

This study involves studying many comparable models from the 2lake data sets through trial

and error approach. Finally, one optimal RANN network is chosen and applied to the different

models. ANNs are computationally intensive and many parameters have to be determined

with few guidelines and no standard procedure to define the architecture (Lek and Guegan,

1999). There is no global method for when to stop training and how to determine

overtraining. The diffrculty with RANN can be'slow training from the sheer corriputational

complexity, complex performance surfaces and the possibility of instability (Neuro

Dimension, 2003).

Modelling pqrameters

ANNs are sensitive to the composition of the training data set and to the initial network

parameters (Bishop 1995). For these two time series data sets, the split-set validation is

chosen for testing the models. Another validation technique, the leave-one-out bootstrapping

and leave-/c-out cross-validation have been attempted by Wilson (2004) whereby no user

decisions are required regarding division ofdata into training and testing sets. In the context

of this study, the models are case-defined as management years are taken into account to

divide the data sets into training and testing sets. It has been highlighted that one problem

with leave-one out cross-validation is a lack of continuity; whereby a small change in the data

can cause a large change in the model selected (Breiman, 1996). This problem is however

solved with repetitive training and testing of various different subsets of data sets; the details

are as follows:

Preliminary Studies

Preliminary studies involved training of Lake Veluwemeer and Wolderwud RANN models on

data from the turbid periods of late 1970's and early 1980's and tested with mostly clear-

water periods of late 1980's 1990's data. Another set of model involved training on combined

data from both clear and turbid lake conditions. The recurrent supervised ANN model isn't

able to leam 1990's data if the data wasn't part of the training pattern and vice versa.

Consequently, the predictions stayed within the range of the training data. These initial results

indicated that the RANN models can only perform well when trained on all the possible data

ranges available. This is in accordance with the finding of previous study that it is diffrcult to
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predict an unknov/n event that has not occurred in the training data. The values of training

data should cover as wide a range as possible (Ãokr et al., 1999).

D e c i s i on-making p ro c e s s e s

Every step of the modelling process involved various decision-making processes.

For chl-a predictions and pattern analysis, the results have shown that there is basically a

pattern of'alternate stable states' trend whereby the lakes undergo changes from hyper to

eutrophic and to mesotrophic states within 25 years or over 2 decades. This is seen by a

change from turbid to clear water states as postulated earlier by Scheffer (1 998) and supported

by the results discussed earlier in Chapter 4.

Long-term trends are evident from these 2lake data sets. To optimise training and testing of

the RANN, it is important to include all the different trends for training and testing as one of

the diffrculties of working with time series models is that their variables are connected

together in time. This means they are also connected/interrelated to events. And events that

occur over time can in tum create 'trends' in the time series. In these 2lake data sets, trends

were apparent, that we hypothesised as management-related. By modelling with different

output variables, we hope to observe the same specific trends that relate the outputs modelled

to the management measures implemented.

Initial RANN experiments also involved testing for time lags. Testing of the models were

done with 5, 10, 15, 30 and 60 days ahead forecasting. Results indicate that the best predicting

models are the 5-days ahead forecasts.

Our prelimimary study was attempted with 5-days ahead forecasting of chlorophyll-a using

RANN (Talib et a1.,2004). By varying the number of nodes between 43 to 98, and a stopping

criterion of the training set MSE (Mean Squared Error) using an incremental threshold of

0.0001 between iterations have also shown that the training of single lake data sets and

merged lake data sets can be used to predict the chlorophyll-a of the adjacent lake with

reasonable accuracy. Based on the results of our preliminary studies, an optimised fully

recurrent network is used for all models, witln 2l nodes in the hidden layer and a stopping

criterion based on MSE of 0.01.

Another novel approach that will be attempted is to model the time series data by merging

the two lake data sets not only for training but also for testing using RANN and HEA. The

idea is to increase the training samples and to test if this will improve forecasting. With more

training samples, the model algorithms will have more opportunity to learn. By testing the
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two lakes together in one model, we also hope to produce generic sensitivity analyses and

generic rule sets for the various models that were trained.

5,4.2 Oscillatoria and Scenedesrnus Dynamics Under Different
Lake Management Gonditions

5.4.2.1 Single lake Models Forecast of Oscillatoria and Scenedesmus

5.4.2. 1. 1 S-days øheød forecøst of Oscílløtoriø

The results of forecasting using Single Lake Models for Oscillatoria and Scenedesmus using

RANN compared to HEA for both Lakes Veluwemeer and Wolderwijd are as shown in

Figure 5-7. The measured data of the th¡ee independent testing years 1978, 1985 and 1993

showed similar trends of the development of Oscillatoria abundances in response to different

management for both lakes. The two modeling techniques achieved 5-days-ahead forecasts of

the observed seasonality of Oscillatoria in Lake Veluwemeer with R2 : 0.87 (RANN, see

Figure 5-7a) respective R2 :0.92 (HEA, see Figure 5-7b, and in Lake Wolderwijd with R2 :
0.66 (RANN, see Figure 5-7e) respective R2 : 0.65 (HEA, see Figure 5-7f). Both models

predicted reasonably well the high abundances of Oscillatoria in 1978 as result of highly

eutrophic conditions, but consistently overestimated the abundances in 1985 when external

nutrient control was implemented in both lakes. In 1993 when nutrient control was

complemented by food web manipulation both models the peaks of Oscillatoriø in summer.

The performance of the RANN and HEA models on two different lake data sets showed that

the two lakes exhibit similar temporal trends in terms of the changes in their algal

abundances. The 5-days ahead prediction models were able to predict higher occurrences of

Oscillatoria during the hyper- to eutrophic states in the late 1970's to early 1980's.

Oscillatoria dominance was ltrst broken in 1979 when phosphate reduction was implemented

at a sewage treatment plant. The shift from eutrophic to mesotrophic conditions from mid

1980's to the 1990's were forecasted as shown by the decreasing trends of Oscillatoria

blooms followed by a marked increase in the abundances of Scenedesmus in both lakes.

95



R2 = 0.87

Lake Velurerneer: RANN l-akeVelwemeer: HEA

1985 1985

1978 1985 19S 1985 19ß

LakeWolderwijd: HEA

1985 1We '1985 1ffi

1978 1985
s

1985

tr'igure 5-7 5- days ahead prediction of Oscillatoria øgørdhii and Scenedesmus of Lake
Veluwemeer (a-d) and Lake Wolderwijd (e-h) using RANN and HEA trained with 11 years data
and tested with 3 years data for 1978 (no management), 1985 (nutrient control) and 1993
(nutrient control and food web manipulation)
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5.4.2. 1.2 5-døys øheød forecast of Scenedesmus

Both modeling techniques performed 5-days-ahead predictions of the observed trends of

Scenedesmus in Lake Veluwemeer less accurately compared to Oscillatoria with R2 : 0.42

(RANN, see Figure 5-7c) respective R2 : 0.52 (HEA, see Figure 5-7d), and in Lake

Wolderwijd with FL2 :0.29 (RANN, see Figure 5-7g) respective xr : O.2g (HEA, see Figure

5-7h). Whilst the RANN model overestimated the abundances of Scenedesmus in Lake

Veluwemeer in 1985 and matched well the observed abundance in 1993, the HEA model

performed more accurately for 1985 but overestimated the abundances of Scenedesmus in

1993. Both models had difficulties to predict timing and magnitudes of Scenedesmus in Lake

Wolderwijd for the three testing years with reasonable accuracy.

For Lake Veluwemeer the Scenedesmus peaks were highest when winter and summer flushing

began in 1985. For Lake V/olderwijd, Scenedesmr.rs peaks were higher in1993 compared to

1985 that is after biomanipulation was implemented.

5.4.2.2 Merged Lake Models Forecast o1 Oscillatoria and Scenedesmus

The results for the RANN and HEA merged lake models of 5-days ahead forecast of

Oscillatoria and Scenedesmus are as shown in Figure 5-B and Figure 5-9 respectively.

5.4.2.2.1 S-døys øheød forecøst of Oscilløtoria

The measured data of the three independent testing years 1978, 1985 and 1993 showed

similar trends of the development of Oscillatoria abundances in response to different

management for both lakes. The two modelling techniques achieved 5-days-ahead forecasts of

theobservedtrends of OscillatoriawilhR2:0.74 (RANN,seeFigure5-Ba)andR2:0.64

(HEA, see Figure 5-9a). Both models predicted reasonably well the high abundances of

Oscillatoria in 1978 as result of highly eutrophic conditions, but consistently overestimated

the abundances in 1985 when external nutrient control was implemented in both lakes. In

1993 when nutrient control was complemented by food web manipulation, both models

predicted the peaks of Oscillatoria in sunìrner, although they missed in terms of timing.

The performance of the supervised RANN and HEA models on the merged lake data sets

showed that the two lakes exhibit similar temporal trends in terms of the changes in their algal

abundances. The 5-days ahead prediction models were able to predict higher occurrences of

Oscillatoria during the hyper to eutrophic states in the late 1970's to early
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1980's. The shift from eutrophic to mesotrophic conditions from mid 1980's to the 1990's

were forecasted as shown by the decreasing trends of Oscillatoria blooms followed by a

marked increase in the abundances of Scenedesmus in both lakes.

5.4.2.2.2 S-døys aheød forecast of Scenedesmus

Both modelling techniques, RANN and HEA, predicted the observed trends of Scenedesmus

in both lakes less accurately compared Io Oscillatoria with R2 : 0.26 (RANN, see Figure

5-8b) and n' : O.Ze (HEA, see Figure 5-9b). Both the RANN and HEA models

underestimated the abundances of Scenedesmus in Lake Veluwemeer in 1985 and matòhed

well the observed abundance in 1993. Both RANN and HEA models had difficulties to

predict timing of Scenedesmus inl-ake V/olderwijd for the three testing years with reasonable

accuracy.

For Lake Veluwemeer the Scenedesmus peaks were highest when winter and summer flushing

began in 1985. For Lake Wolderwijd, Scenedesmzs peaks were higher in 1993 compared to

1985 that is after biomanipulation was implemented.

5.4.2.3 Successional Patterns of Oscillatoria and Scenedesmus

The hypothesis was that phosphate reduction and intensive flushing during winter may lead to

the break-up of Oscillatoriabloom with clear-water, P-limited algal growth, reduced pH and

therefore lowered P release from the sediments. This should trigger the shift towards a clear-

water state with increased abundance of green-algae, Scenedesmus.

The rule sets that were discovered by HEA for the two algae populations in the two lakes and

used for the prediction results in Figure 5-7 are documented in Table 5-4. The rule sets 1 and

2 in Table 5-4IhaI were discovered for the 5-days-ahead prediction of Oscillatoria in the two

lakes are both largely determined by chlorophyll-a, Secchi depths, silica and water

temperature. By contrast rule sets 3 and 4 in Table 5-4 for Scenedesmus are determined by

chlorophyll a, POa-P, silica, pH and water temperature. These rule sets gave evidence that

Oscillatoria and Scenedesmus ab:undance are affected by chlorophyll-a and temperature as

they are conìmon in all the mle sets. This indicates the role of light-limiting factors in the

succession between Oscillatoria and Scenedesmus.The available underwater light often limits

growth of diatoms and green algae in eutrophic lakes when chlorophyll-a concentrations are

high as a result of blue-green algae abundance in summer (Reynolds, 1984; Chorus and

Bartram, 1999). Blue-green algae tend to grow faster at low irradiance as was demonstrated

by competition experiments for light between Oscillatoria and Scenedesmus under lab-
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controlled conditions (Walsby, 1992). Scenedesmus grow more rapidly and absorb more of

the light entering the system, thus the average irradiance in the water column falls (Reynolds,

1984). Buoyancy is another factor as Scenedesmus are non-bouyant while blue-green algae

are able to gain bouyancy at low irradiance and lose it at high irradiance (Walsby, 1992).

Another conìmon variable discovered from the rule sets is pH. Sudden shifts in pH may alter

ph¡oplankton assemblages which may explain Oscillatoria abmdance before phosphate

reduction and lake flushing was implemented (1978). It was suggested that the high levels of

Ct* and HCO3- in the.flushing water may contribute to pH reduction (Hosper, 1997).The

forecasts have shown that Scenedesmus were only abundant after this period. During the

periods of increased Scenedesmus abundance (1985 and 1993), the rule sets discovered that

Scenedesmu.s abundance could be explained with the additional variable phosphate. Similarly,

the use of non supervised KANN has shown that the years 1985 and 1993 for both lakes

corresponded to the periods of P-limitation with increasing abundance of green algae and

diatoms as a result of flushing and phosphate reduction measures (Recknagel et al., 2006b). lt

is interesting to note that the limitation of both algal groups by silica revealed the complex

nature of shallow lake dynamics involving multispecies competition and succession. This is

an indirect causal link as silica is important for the growth of diatoms. Although not

forecasted in this model, our results indicate that forecasting of Oscillatoria and Scenedesmus

are interrelated to the growth and competition from other algal groups including diatoms.

Although previously, phosphorus reduction has been suggested as key-factor for controlling

the summer dominance of blue-green algal in the Lakes Veluwemeer and Wolderwijd

(Reeders et al., 1998), results in this study have illustrated that a combination of ongoing

phosphorus control and biomanipulation has achieved both, to further diminish Oscillatoria

abundance and shift an increasing abundance of Scenedesmus. We suggest that the long-term

successional patterns observed for Oscillatoria and Scenedesmus are related to a periodic shift

between nutrients and light-limitation with decreasing trophic conditions. Complex dynamics

involving competition and co-existence may form the basis for the long-term dynamics of the

phloplankton in Lake Veluwemeer and Lake Wolderwijd. This is typical for the transitions

of lakes from hypertrophy to mesotrophic conditions as generalised by Reynolds (1984).

Further work involved studying the merged data sets from both lakes to discover improved

HEA rules that relate to the successional dynamics between Oscillatoria and Scenedesmus in

both lakes see Table 5-5. Knowledge discovery is made more robust by excluding

chlorophyll-a from the inputs.
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The HEA discovered improved rule-sets from the merged lake model (Table 5-5) compared

to the rule-sets discovered from single lake models (Table 5-4). With merged data sets, testing

waé designed in a novel manner (using merged test data from both lakes) such that only one

rule set is produced for Oscillatoria and one rule set for Scenedesmus for both lakes. Another

advantage of using the merged lake models is that due to increased training samples, the HEA

models have produced simpler rule sets. The merged lake models have produced more

parsimonious rule sets.

The rule sets have discovered that only a few of the variables that were discovered by the

single lake models and discussed above are important. Oscillatoria and Scenedesmus are both

affected by phosphate and light limitations as measured by secchi depth while Scenedesmus

are also sensitive to temperature and pH tolerances. Based on the Most Influencing Parameter

sensitivity analyses (MP) of the validated RANN (Figure 5-10), both Oscillatoria and

Scenedesmu.s are largely affected by phosphate and light limitations, consistent with the

results discovered by the merged HEA rule sets. The SWD analyses (Figure 5-11) also

showed thal Oscillatoria and Scenedesmus are sensitive to different concentration of limiting

nutrients (phosphate and nitrate), tolerated different pH, temperature and light limitations.

Sensitivity of Scenedemus and Oscillatoria to varying light intensities is consistent with

previous studies conducted by Van Liere and Mur (1979); Scenedesmus gïew faster at high

light intensities, wherea s O s cill atoria prefened lowJight intensities.

Our hypothesis of successional dynamics between Oscillatoria and Scenedesmus can be

explained by the rule sets discovered. Sensitivity results of the 5-days ahead HEA forecast

indicated that only the ELSE branch (related to Secchi depth and P04-P) apply to Oscillatoria

bloom in both lakes). In comparison, the sensitivity results for the 5-days ahead Scenedesmus

forecasts segmented the THEN branch identifying that the two most important variables are

only pH and temperature for both lakes (see Figure 5-13). To improve our understanding of

the phytoplankton successional dlmamics, this merged data sets modelling approach will also

be attempted at the chlorophyll-a and phytoplankton functional group levels.
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Table 5-4 Best rule sets for Oscílløtoriø and Scenedesmus for Single Lake Models Veluwemeer
and Lake Wolderwijd.

8.9515.32

RULE SET 4:
I F ((exp(Si)+Chla)>1 25.50)
THEN Scenedesmus = 4.82- PO4*73.84
ELSE Scenedesmus= pH- Temp*(Temp-
110.03). PO¿

Scenedesmus
L. Wolderuvijd

17.6922.61

RULE SET 3:
I F ((((Chla+PO 4y PO4)>362.77) AND
(Chla<=103.64))
THEN Scenedes¡¡ris = (tn(SDl)
+pH).(Temp/1 0.38.1n(lChla))-pH/ln(l Sil)-
si)
ELSE Scenedesnus = Temo/(Si*oH)

Scenedesmus
L.Veluwemeer

129.30129.36

RULE SET 2:
lF (Si<=6.31)
THEN Oscl//afora = Chla.((104.96-
Chla/5.48)/(4.31 -Tem p-Si ))
ELSE Osc//aloria = TemD*oH

Oscillatoria
L.Wolderwijd

63.2485.53

RULE SET I:
lF (((SD>0.37) oR (Chla<97.39)) AND
(exp (NOs-303 .47 )> 134.27 ))
THEN Osc//afor¡a = Chla+Si/SD+ S|/SD
ELSE Osc//aforia = Chla
+(Temp+Si)-9.73+1 0.04/SD

Oscillaloria
L.Veluwemeer

Testing
Error

Training
Error

Best Rule SetsAlgal
Population

Table 5-5 Best rule sets for Oscílløtoria anil Scenedesmus Tor Merged Lake Models

Veluwemeer-Wolderwij d.

14.9623.82

RULE SET 2:
lF ((POa<=0.05) AND
(exp(PH"SDÞ=12.26))
THEN Scenedes/znus = pH+Temp.1.59
ELSE Scenedesøus = Temp-
PO4"84.42

Scenedesmus
L.Veluwemeer
L.Wolderwijd

132.18146.46

RULE SET 1:
lF (SD>=299.170)
THEN Osc//aforia = 13.90
ELSE Osc//aúorla =
exp(7.65iexp(SD)/exp(PO¿/1 2. 1 9))

Oscillatoria
L.Veluwemeer
L.Wolderwijd

Testing
Error

Training
Error

Best Rule Sets
Algal
Population
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5.4.3 Ghlorophyll-a and Phytoplankton Functional Group
Dynamics Under Different Lake Management Gonditions

Figure 5-14 and Figure 5-15 show the respective results of testing the 5-days ahead RANN

and HEA models for Lake Veluwemeer and Wolderwijd using the merged data sets of

chlorophyll-a and phytoplankton functional groups. The trends predicted of the biovolume

values of algae groups are not exclusively due to seasonal patterns. In all the three years

tested, the coldest months had weak development of blue-green, gïeen algae and diatoms.

Nevertheless the long-term trends observed indicate how the community changed over the

years. Interannual variations and the wax and wane of the algal groups, could indicate pattems

that are driven by other exterlal factors including climate and management measures

implemented over the long-term period.

5.4.3.1 5-days Ahead Forecasts of Chlorophyll-a.

Both RANN (Figure 5-14a) and HEA (Figure 5-15a) models predicted the events of algal

bloom well from the chlorophyll-a data sets.

The results for RANN chlorophyll-a prediction of Lake Veluwemeer and Wolderwijd (see

Figure 5-14) has shown very good fitting during the h¡,pertrophic period of 1978 followed by

mesotrophic conditions in 1985 and,1993 with good fitting ß'z :0.88) of the test data sets.

The timing and magnitude of some peaks in 1978 for Lake Wolderwijd were accurate but for

Lake Veluwemeer, the timing and magnitudes were missed for some peaks in late 1978.

In comparison, the forecast by HEA (Figure 5-15) was also good ß2 :0.79). The timing and

magnitude of some high peaks in 1978 u/ere coffectly predicted. This model however,

predicted one very high peak for Lake Veluwemeer in 1993, contrary to the mesotrophic

conditions in that period. Another high peak in Lake Wolderwijd was missed in early 1993.

Responses in terms of lowered chlorophyll-a abundances are expected along trophic gradients

in time. Lowered chlorophyll-a abundances would also indicate the success of different lake

management measures over long-term periods. The results from these RANN and HEA

models have shown that the 5-days ahead forecast is able to predict short-term algal blooms in

two managed Netherland shallow lakes and also most interestingly, it is able to distinguish

between the two alternative stable states of turbid and clear water phases as postulated by

(Scheffer, 1993; Scheffer, 1998; Hosper, 199B).
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The overall results from validation of the two RANN and HEA models have identified 1978

as the turbid phase of Lake Veluwemeer and Lake Wolderwud. This is due to the dominance

of blue-green algae mainly Oscillatoria agardhii, leading to high trophic state and the

depletion of dissolved nutrients (Mischke, 2003). Reasonably high magnitudes of chlorophyll-

a abundance were forecasted in Lake Veluwemeer and Wolderwijd ranging between 100

mglrtl in winter and 400 mg/ m3 in summer, with slight differences in timing of the bloom

events. This was in 1978 i.e. prior to the management measures carried out in 1979, when

winter flushing and intensive phosphate reduction was implemented at a wastewater treatment

plant. The flushing with polder water that was low in phosphorus and high in calcium and

nitrate decreased the retention time of the dissolved compounds from 0.35 to 0.15 years

(Jagtman et a1.,1992).

V/ith the implementation of intensive flushing, the results for 1985 clearly indicated a change

in water quality from turbid to a clear-water phase for both lakes. Blue-green algae dominance

is broken by a succession of diatoms and green algae (van der Molen et al., 1994). The

predicted chlorophyll-a peaks are within the range of 100-150 mgl m3 which is slightly higher

than the observed chlorophyll levels.

Similarly for 1993, the validation results have shown that the RANN and HEA models were

able to forecast lower chlorophyll-a abundance during a period of biomanipulation with the

right timing of chlorophyll-a peaks during surnmer.

5.4.3,2 5-days Ahead Forecast of Blue-Green Algae

Figure 5-14b and Figure 5-15b show the 5-days ahead prediction ofblue-green algae for Lake

Veluwemeer and Wolderwijd using RANN and HEA. Better predictions of blue-green algae

were achieved with RANN ß'z : 0.72) compared to HEA ß'? : 0.48). The timing and

magnitudes of the peaks in 1978 were similar for both RANN and HEA models.

The first few peaks of the blue-green algae bloom were underestimated for both lakes

Veluwemeer and Wolderwijd for both merged RANN and HEA models in 1978. The ranges

predicted for the blue-green algae biovolumes were lower than the measured values. The

timing of some predicted peaks were earlier than the observed peaks. There was an unusually

high peak of blue-green algae bloom in Lake Wolderwijd peaking aI 400 mm'/l, that was

missed by both models. As predicted for 1985, blue-green algae are no longer dominant

during this period of testing. The prediction was quite good although it predicted higher than

107



the minimal growth that was shown by the measured data. There is an increase in the blue-

green algae abundance in 1993 compared to 1985. The right timing of the blue-green algae

peaks in 1993 was predicted but the models missed the magnitudes of some peaks in the algal

bloom.

5.4.3.3 5-days Ahead Forecast of Green Algae

The results of merged models for the 5-days ahead green algae prediction are as shown rn

Figure 5-14c and Figure 5-15c. Compared to blue-green algae, the forecasting results for

green algae are less accurate for both RANN and HEA. RANN and HEA showed similar

predictions with R2 value of 0.22 (Figure 5-14c) and 0.27 (Figure 5-15c) respectively. An

increase in green algae abundance is predicted with peaks in spring and summer. Prediction of

green algae peaks in 1993 were reasonable in terms of the timing although the magnitudes

were lower than the observed peaks. A spring growth phase was predicted by HEA for Lake

Wolderwijd that wasn't observed in the data sets. Overall, the magnitudes of green algae

blooms were missed by both RANN and HEA models although the timing of the peaks were

of the quite good.

5.4.3.4 5-days Ahead Forecast of Diatoms

Better results of the 5-days ahead diatom prediction is shown by HEA model compared to the

RANN model in terms of R2 values (RANN; Ñ : O.ZZ Figure 5-l4d) and (HEA; n' : O.¿O

Figure 5-15d.). Overall, it can be seen that both models predicted the right timing for most of

the diatom peaks. Winter was predicted to have more growth of diatoms although the peaks

predicted are lower than the measured data sets for 1985 in Lake Veluwemeer. Aparl from

this, late surruner diatom peaks were predicted in 1985, with the right timing but were lower

in magnitude compared to the observed phenomenon.

Diatom blooms of Lake 'Wolderwijd 
are not as frequent compared to Lake Veluwemeer for

the three years tested. Both RANN and HEA models performed well in predicting the winter

diatom peaks in 1.993 for Lake Wolderwud.
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5.4.3.5 Successional Dynamics of Phytoplankton Functional Groups in
Relation to Long-term Chlorophyll Ghanges.

The hypothesis was that phosphate reduction and intensive flushing during winter may lead to

the break-up of blue-green algae bloom with clear-water, P-limited algal growth, reduced pH

and therefore lowered P release from the sediments. This should trigger the shift towards a

clear-water state with increased abundance of diatom and green-algae.

The RANN and HEA models tested here with 7 input variables and chlorophyll-a as the

output variable have indicated that it is possible to generalise trends of eutrophication in two

adjacent lakes under pre and post-management conditions.

The sensitivity analyses results in Figure 5-16 have shown that input variables including pH,

temperature, Secchi depths, nutrient concentrations such as phosphate-P, nitrate-N, ammonia

and silica can be used as input variables to model complex eutrophication dynamics over long

term periods that involved bottom-up and top-down approach. The RANN models have

correctly predicted lowered chlorophyll-a during flushing. One of the reason could be because

flushing lowered the phosphorus concentration, but at the same time increased the nitrate

concentration in the lakes (van der Molen et a|.,1994).

The rule sets discovered by HEA for the phytoplankton functional groups and chlorophyll-a

in the two lakes and used for the prediction results in Figure 5-14 are documented in Table

5-6. The rule sets 1 in Table 5-6 discovered for the 5-days-ahead prediction of chlorophyll-a

in the two lakes are both largely deterrnined by POa-P , NO3-N, Secchi depths, and water

temperature. By contrast rule sets 2 in Table 5-6 for blue-green algae showed that NO3-N,

silica, pH and Secchi depths affect blue-green algae abundance. Rule sets 3 indicate that green

algae are determined by POa-P, Secchi depths and silica while diatoms are deterrnined by

NO3-N and silica from rule sets 4 in Table 5-6. These rule sets gave evidence that abundance

of blue-green algae, green algae and diatoms are affected by nutrients such as phosphate,

nitrate and silica as they are corrunon in all the rule sets. The importance of Secchi depths in

rule sets l, 2 and 3 indicates the role of lightJimiting factors in the succession between the

phytoplankton functional groups. The available underwater light often limits growth of blue-

green and green algae in eutrophic lakes when chlorophyll-a concentrations are high as a

result of blue-green algae abundance in suÍìmer (Reynolds, 1984; Chorus and Barlram,

reee).

Results of the MIP analyses (Figure 5-17) and SWD analyses (Figure 5-18) also show

sensitivity of the different algae functional groups to Secchi water transparency and varying
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pH tolerances. There is an inverse relationship between diatoms and blue-green algae to water

transparency whereby diatoms proliferate with an increase in water transparency. Blue-green

algae can adapt to lowJight intensity and higher pH values in comparison to diatoms and

green algae (Reynolds, 1984). The advantage of using sensitivity analyses is that it identifies

which input variable is important and also quantifies how the changes in the input values

affect the predicted variable (Gevrey et al. 2006 cited Blower and Dowlatabadi, 1994).

The 5-days ahead forecasts have also shown that blue-green algae were abundant in 1978

prior to phosphorus removal and flushing while green algae and diatoms were only abundant

after this period. Similarly, the use of non-supervised ANN has shown that the years 1985

and 1993 for both lakes conesponded to the periods of P-limitation with increasing

abundance of green algae and diatoms as a result of flushing and phosphate reduction

measures (Recknagel et al., 2006b). During the periods of diminished blue-green algae and

increased green algae and diatoms abundance (1985 and 1993), the rule sets discovered that

their abundances can be explained with the additional variable silica. It is interesting to note

that the limitation of the phytoplankton functional groups by silica revealed the complex

nature of shallow lake dynamics involving multispecies competition and succession. Silica is

important for the growth of diatoms, as it used to generate frustules. Our forecasting results

for 5-days ahead chlorophyll-a and phytoplankton functional groups are consistent with our

earlier forecasting results for individual algae species of Oscillatoria and Scenedesmus. With

these results we can therefore verify that forecasting of Oscillatoria and Scenedesmus ate

complex as they are interrelated to the growth and competition from other algal groups

including diatoms. Although previously, phosphorus reduction has been suggested as key-

factor for controlling the suÍrner dominance of blue-green algal in the Lakes Veluwemeer

and Wolderwijd (Reeders et a|.,7998), results in this study have illustrated that a combination

of ongoing phosphorus control and biomanipulation has achieved both, to further diminish

blue-green algae abundance and shift an increasing abundance of diatoms and green algae.

We suggest that the long-tenn successional patterrs observed for the phloplankton

functional groups studied are related to a periodic shift between nutrients and light-limitation

with decreasing trophic conditions.
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5.4.4 Explanation of the Turbid versus CIear-water States

According to alternate stable states ASS theory (Scheffer, 1989; Scheffer, 1993; Scheffer,

1998), the shift between clear and turbid states in a shallow lake follows a hysteresis due to

the stabilising buffer mechanism operating in each state.

Segmenting the THEN and ELSE branches and sensitivity results of the 5-days ahead HEA

forecast of chlorophyll-a in Lake Veluwemeer and 'Wolderwijd (Figure 5-19), showed that

different rules apply to turbid and clear-water phases of both lakes. In the turbid years, in the

hyper-eutrophic periods before lake restoration measures were carried out (1978), the algal

bloom is dependent on the IF condition i.e. POa-P concentration and the THEN branch that

relates to the Secchi depth. With the break-up of algal bloom, i.e. during the eu-mesotrophic

phases (1985 and 1993) the ELSE branches apply and are also related to POa-P concentration.

The IF-THEN-ELSE rules hypothesize switches between the turbid versus clear-water phases

in the long-term data sets of both lakes.

This switch between turbid and clear-water periods is also related to the successional

dynamics of Oscillatoria and Scenedesmus discussed earlier in Section 5.4.2.3.

The HEA rule sets and sensitivity analyses of 5-days ahead Oscillatoria is deþendent on the

ELSE condition and has confirmed that only PO4-P and Secchi depth relate the events of

Oscillatoria bloom to nutrient and light-limitations (see Figure 5-12) Low light energy

requirement for blue-green algae is the steering factor for bloom formation as derived from

physiological studies of individual species (Zevenboom and Mur, 1980). Similarly, with the

HEA rule-sets and sensitivity analyses of the 5-days ahead Scenedesmus rules sets showed

that the clear-water period is dependent on the IF branch of POa-P, pH and Secchi depth and

has fired the THEN branch that relates to temperature and PO4-P variables (see Figure 5-13).
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Table 5-6 Best rule sets for chlorophyll-a and phytoplankton functional groups for Merged Lake
Models of Lake Veluwemeer-Wolderwijd

12.3413.53

RULE SET 4:
r F ((NO3"(8.04/Si+84.63)) >124.55
THEN Diatom = 150.65/( NO3+exp15¡¡¡
ELSE Diatom = 27.31/(Si+exp(Si))

Diatom
L.Veluwemeer
L.Wolderwijd

5.1210.87

RULE SET 3:
lF ((PO4+SD/ POa) <=6.26¡
THEN Green algae = SD
ELSE Green âlgae = 171.92lexp(Si+SD)
+1 1.35

Green algae
L.Veluwemeer
L.Wolderuvijd

63.3461.64

RULE SET 2:
lF (NO3 <= 0.79)
THEN Blue-green algae = Si*pH
+462. 5Oiexp( S D)-237 . 53
ELSE Blue-green algae = 14.79/SD+
ln(lSDl) +3.44

Blue-green
algae
L.Veluwemeer
L.Wolderuvijd

48.5743.38

RULE SET 1:
lF (PO4 >= 0.03)
THEN Chlorophyll-a = 50.71lSD
ELSE Chlorophyll-a =
(43.64-N03.4.52-Tem p/SD

Chlorophyll-a
L.Veluwemeer
L.Woldenrvijd

Testing
Error

Training
Error

Best Rule Sets
Algal
Population
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Based on the above results, the periodic sequences start and proceed along whichever gradient

is exacting the most powerful constraint on at either Oscillatoria or Scenedesmus at a given

point in time. Complex dynamics involving competition and co-existence may form the basis
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for the long-term dynamics of the phytoplankton in Lake Veluwemeer and Lake Wolderwijd.

This is typical for the transitions of lakes from hypertrophy to mesotrophic conditions as

generalised by Reynolds (198a).

5.5 Chapter Conclusion

This study has shown that the although the forecasting of time series data is complex due to

non-stationarity of the ecological processes modelled, they nevertheless show that adjacent

shallow lakes might actually be undergoing similar changes in response to management

measures carried out over long-term periods.

The overall results have proven that merging of the data sets can improve generalisation.

However, the main aim is not only to forecast but to produce models that are generic at

various scales from chlorophyll-a to individual algae groups for both lakes. It is hoped that by

merging the lake data sets, we will be able to reduce the number of models tested and trained

for each single output. By reducing the number of models tested, it is possible to produce

single sensitivity analyses and single best rule sets for each model. Merging lake data sets is a

novel modelling approach for forecasting of 5-days ahead chlorophyll-a, phytoplankton

functional groups and Oscillatoria and Scenedesmus.

Modelling at a different taxonomic level using the phytoplankton data sets, it was observed

that there is more to the dynamics than what was revealed by the chlorophyll-a forecasts and

pattern analysis. With these data sets, the individual genus and phytoplankton functional

group models have revealed some specific changes that occur in their trophic level in the

community dynamics with respect to changes from hl,pereu- to mesotrophic conditions.

Modelled at these levels, the resolution is improved, in comparison to modelling the

chlorophyll-a dynamics and hence we understand more of the dynamics and interrelationships

within the community.

This comparative modelling approach using RANN and HEA have proved to be a major

contribution for the modelling of The Netherland shallow lakes as it has highlighted that the

shallow lakes are predictable even under various managed conditions.

Consistent results are obtained by using different variables as eutrophication indicators or

predictors. The variables are chosen from various scales, from an aggregate ofchlorophyll-a

as eutrophication indicator, to the functional algae groups and finally to the individual

species/genus. However, there are some problems that cannot be dealt with via recurrent
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networks alone. For example in this study, the time series exhibited trends that are

management related, whereby the output variables tested tend to go down over time. More

than just forecasting, our specific task was to f,rnd rules that govern these time-related

changes. The use of HEA has illustrated that the succession between individual algal groups

and the algal functional groups can be explained by the IF-THEN-ELSE structure of the rule

sets.

Previous modelling attempt on Lake Veluwemeer (van der Molen et al., 1994) made use of a

mathematical eutrophication model DELV/AG-BLOOM-SWITCH. As a tool for reviewing

various management strategies, it was functional but their results on fish stock management

were however hypothetical as the reduction of fish stock in large lakes and the chain of event

leading to increased grazing capacity is still not fully understood.

Although an impressive number of empirical studies supports the idea that hysteresis is a

conìmon property of shallow lakes, and that there is abundant evidence for the existence of

clear-water phases due to positive feedbacks, Scheffer (2001) concludes that they are still far

from being able to produce a detailed mechanistic model to allow the prediction of whether a

given lake will posses alternative clear and turbid equilibria conditions. Using the merged

data sets our results have shown that the transition between turbid phases to clear-water

phases in both lakes Veluwemeer and Wolderwijd are predictable at the chlorophyll-a,

ph¡oplankton functional groups and individual algae level.

The validation results have shown that the predictive RANN and HEA models of Lake

Veluwemeer and Lake Wolderwijd support the 'alternate turbid versus clear-water states'

hypothesis. The 5-days ahead forecasting of chlorophyll-a has produced rules that explain the

two states of turbid and clear-water phases. Similarly, the phloplankton functional groups

and Oscillatoria and Scenedesmus models successfully predicted the community changes that

occur under the different trophic conditions of turbid and clear-water phases. Apart from the

predictability, our knowledge of ecological processes is improved with the use of sensitivity

analyses that can also be explained by rule sets

In addition to predicting the long{erm turbid versus clear-water states and identifying rule

sets, our present study has demonstrated that distinct predictable pattems and complex

explanatory rule sets have been revealed of Oscillatoria agardhii and Scenedesmus and

phytoplankton functional groups as they undergo competition and succession over

temperature preferences and pH tolerance as well as long-term changes in phosphate and

underwater light limitations. The rule sets discovered that interactions between the supplies of
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phosphate, nitrate, silica and the effects of temperature and pH can explain the competition

leading to a shift in succession between Oscillatoria and Scenedesmus and between blue-

green algae and green algae and diatoms in Lake Veluwemeer and V/olderwijd over a long-

term period. From the assessment of long-term patterns in both lakes it can be concluded that

the ongoing control of nutrient regimes towards phosphorus limitation by means of seasonal

lake flushing and wastewater treatment up streams of Lake Veluwemeer since the early 1980s

has achieved phosphorus limitation, weakened the abundance of Oscillatoria and blue-green

algae groups but elevated abundances of Scenedesmus and green alage and diatoms. The

additional eutrophication control by food web manipulation in both lakes since the early

1990s may have contributed to this shift in algal succession. These findings are consistent

with previous reconìmendations that the control of eutrophic lakes requires primarily efficient

nutrient control that secondarily can be finetuned by biomanipulation (Benndorf, 1995). This

effect of finetuning by top-down approach of biomanipulation is modelled and discussed in

Chapter 6.
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Ghapter 6 Understanding Phyto- and Zooplankton in
Response to Lake Flushing and Biomanipulation by
Means of KANN,RANN and HEA Models

6.1 Introduction

The trophic states oflakes are largely characterisedby changing assemblages and abundances

of phytoplankton functional groups and populations. These changes are interrelated to

physicochemical factors, such as water temperature, light and nutrient availability and also

zooplankton grazing (Reynolds, 1984). Our results from ordination and forecasting of

ph¡oplankton dynamics (as discussed in Chapter 4 and 5) have so far shown that bottom-up

and top-down management measures affect the short- and long-term dynamics of chlorophyll-

a, phloplankton functional groups, and individual algae populations and also, to changes of

trophic states.

In spring, planktonic algae are grazed by zooplankton often causing the so-called "clear-

water phase" characterised by high zooplankton and low phloplankton abundances. This

period usually occurs in the Northern Hemisphere between May-June. Submerged vegetation

develops in this crucial period before sunìmer. With subsequent increase of algal biomass in

suffiner, grazing often collapses (Sommer et al., 1986). Eutrophic lakes with higher

chlorophyll-a levels however, were found to have lower chances for clear-water phases due to

high fish predation on Daphnia (Scheffer et al., 1997). Daphnia is the cladoceran population

with high f,rltering capacity that can be exploited in practical biomanipulation (Reynolds,

ree4).

Exploiting Daphnia to control eutrophication is dependent on increased predation on

planktivorous fishes by increasing piscivorous fish-stocks. In terms of food-web manipulation

this is a top-down approach based on the trophic cascades (Carpenter et al., 1985) for

eutrophication control. Commercial f,rshing can also contribute to biomanipulation by

harvesting planktivorous fish, in particular. Biomanipulation has been widely studied and

demonstrated in combination with bottom-up eutrophication control to be effective for

restoring eutrophication problems in shallow lakes (Jeppesen et a|.,1990; Moss ¿/ a|.,1996;

Hosper, 1998; Benndorf, 1995).

Much research has been carried out to understand biomanipulation. Some of the difhculties of

understanding biomanipulation are related to the complexities of the foodweb itself as

reviewed by Crowder et al. (1988). Species may change its trophic level and the diet of fish

may change with niche selection. A predator may influence other trophic levels and there may
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be simultaneous direct or indirect interactions with reducing predation either on the plankton

or benthos. Changing the structure of food chain may have secondary and confounding

effects. Other indirect and direct effects of f,rsh involve underwater light climate and

vegetation development. One indirect effect of benthivorous fish is an increase in turbidity

due to increased resuspension of sediment. This effect of increased inorganic suspended solíd

often affects the underwater light climate. A limitation of light, in turn reduces macrophyte

growth. Apart from the indirect effects, the direct effects of physical damage of fish on

vegetation also reduce macrophyte growth in shallow lakes by providing refuge. Jeppesen e/

al. (1998) argued that macrophle refuge effect for large bodied zooplankton is higher in

vegetation rich lakes compared to mesotrophic lakes and there is no proof to date that higher

zooplankton to phytoplankton ratio in clear water lakes are due to grazer control.

In Lake Wolderwijd, biomanipulation was implemented in winter 7990-7997, with removal of

157 .4 kg hectare-r fish while 45.6 kghectare-l remained. Measurements in June to September

1991 showed that fish biomass had increased to 115kg hectare-1. The estimated fish stock in

1980's i.e. before biomanipulation is approximately between 203 Io 300 kg fresh weight in

1981 and 1987 respectively (van der Molen and Boers, 1996).

The central question that surrounds the effectiveness of biomanipulation is grazing. Clear-

water phases are relatively rare in Dutch hypertrophic shallow lakes so this study will focus

on the pre- and post-biomanipulation effects on Lake V/olderwijd. Has the abundance of

Daphnia and other herbivorous zooplankton increased after biomanipulation? Is there a shift

in the plankton communities with an increase in Daphnia or other grazers? These key

questions include the role of the Cladocerans for example Daphnia and Bosmina.

These questions are posed assuming that the phfo- and zooplankton dynamics reflect the top-

down "cascading effects" (Carpenter et al., 1985) of the biomanipulation process.

Nevertheless, as discussed earlier, biomanipulation in Lake Wolderwijd was implemented

only in the early 1990's. Earlier, from 1980 onwards, Lake Wolderwijd was flushed with

polder water low in P and high in N and Ca, turning it from N to P-limitation as discussed

earlier in Chapter 4. Flushing was increased from I to 2 million m'per month in 19BB-1989

and from 4 to 7 million m' per month during lggl- fgg2 which reduced the water resid.ence

time to 6 months (Gulati and Van Donk, 2002).

Although biomanipulation produced the desired results in some cases (Bermdorf, 1995), water

managers still need models that can be predicted with a certain accuracy and at the same time,

improve causal understanding of the biomanipulated system. The application of an integrated
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computational modelling techniques such as KANN for pattern analysis and RANN and HEA

for forecasting may improve understanding of lhe "grazing induced clear-water phase" in

Lake Wolderwijd as a result of biomanipulation with ongoing flushing. Lr dealing with such a

complex system, we try to unravel the specific mechanisms involved by testing our

hypotheses.

6.2 Aims and Hypofheses

One of the aims of modelling the two shallow lakes using the integrated approach (as outlined

in Section 3.3) is to find out if the effects of flushing followed by biomanipulation could be

pattemised and/or predicted on a short-term basis based on zooplankton abundance'data. A
typical response to increase nutrient loading is a general loss of algae diversity with an

increased chlorophyll-a concentration. There is a series of successional changes in the phyto-

and zooplankton community. Intervention by restoration measures adds to this natural

complexity. Phosphate reduction and flushing aiming at P-limitation of algal growth is

considered as a bottom-up approach. In contrast, food web manipulation or biomanipulation

through removal of planktivorous fishes and stocking of piscivores is considered as top-down

approach.

The models tested in this chapter were developed using KANN for ordination and clustering,

RANN and HEA for forecasting as shown in Figure 6-l and Figure 6-2 respectively.

Sensitivity analyses and rule-sets discovery can pinpoint the underlying relationships between

the input and output variables. The following flowcharts summarise the framework for

KANN (see Figure 6-1), RANN and HEA (see Figure 6-2).The details of the KANN models

are discussed in Sectiott 6.3.1 and 6.3.2. For details of the RANN and HEA models, see

Section 6.3.I, 6.3.3 and 6.3.4.

To summarise, the main hypotheses tested with the 3 modelling approaches are:

r Phyto- and zooplankton exhibit seasonal and long-term patterns that relate to pH and

Secchi depths, with higher pH, decreased light attenuation and higher abundances of

edible phytoplankton before biomanipulation.

Phyto- and zooplankton exhibit shoft term-seasonal and long-term patterns that relate

to pH, Secchi depths, with lowered pH, increased light attenuation and increased

zooplankton grazing as a result of biomanipulation.
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Knowledge -Based
KANN

Visualization/ Hypothesis
Testing

#Environmental Variables: 1 4

Yes

No

Figure 6-lDatapre-processing and application of KAIIN of Lake Wolderwijd

Data Gonsistency Check : Daily
lnterpolation

Total # Training Data Sets : 4 years

Lake Database : WW
Total # Training

Data Sets: Max 10 years

KANNLake Model
Phyto-Zooplankton Dynamics

(Biomanipulation -Based)
Preprocessing and Modelling

K-Means Clustering &
Verification Based on

2-Monthly Periods
Completed?

KANN Training
Normalized:"Range" Fu

QE: 0.644
TE: 0.023

nction

KANN Design
# Management Periods: 2 (1989-1990;

1 992-93)
# Environmental Variables: 30

# Seasonal: Apr-May, May-June, June-
July, JulyAugust, August-September

Hypothesis Testing:
4a. an increase in Daphnia and Bosmina
abundances over the long-term period

4b. a shift in seasonality of Daphnia and
Bosmina abundances over the long-term

Period

Hypothesis Testing:
3a a decrease in Oscillatoria and an

increase in Scenedesmus abundances
over the long-term period

3b. a shift in seasonality ol Oscillatoria
and Scenedesmus abundances over

the long-term period

Hypothesis Testing:
2a. an increase in diatoms and green
algae biovolumes over the long-term

period
2b. a shift in seasonality of diatoms and
green algae biovolumes over the long-

term

Hypothesis Testing:
1a. a decrease in pH, and an increase

in Secchi over the long-term period
1b. a seasonal shift in pH and a

decrease in Secchi over the long{erm
period

Main Hypothesis:
Biomanipulation implemented in 1991 ,

led to a change in phyto- and
zooplankton dynamics compared to

the pre-biomanipulation period
followed by :
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Lake Database:
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Total # Training
Data Sets: Max25 years

RANNand HEALake Model
Phyto-Zooplankton Dynamics

(Biomanipulation -Based)
Preprocessing and Modelling:

HEAValidation
5-days ahead Chl-a forecast

S-days ahead Daphnia forecast
S-days ahead Bosmrna forecast

S-days ahead Secchi forecast

HEA Design
Algorithm: Single Rule Sets

# of Runs : 100

Data Gonsistency Check : Daily
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Total # Training Data Sets : 5 years
Total # Testing Data Sets: I years

Hypothesis Testing
and Generality Tests

RANN Sensitivity
Analysis and

Model Validation
Completed?

RANN Validation
S-days ahead Chl-a forecast

S-days ahead Daphnia forecast
S-days ahead Bosm,na forecast

5-days ahead Secchi forecast

RANN Design
Algorithm: Fully Recurrent
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Output Layer: Hyperbolic Tangent

Momentum: 0.7
Step-Size: 0.01

No

No

Rule Sets Discovery,
Sensitivity Analysis and

Model Validation
Completed?

Yes

Figure 6-2Dúa pre-processing and application of RANN and HEA of Lake Wolderwijd
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6.3 Data and Methods
6.3.1 Lake Data Preprocessing

Based on the data set consistency, only 4 years data were available for KANN (see Figure

6-1) and for RANN and HEA (see Figure 6-2),6 years ìwere available. Due to zooplankton

data limitation from no sampling in some months, we used 9 months of daily interpolated data

between April to October, for the training and testing of the following models. Table 6.1 lists

the water quality variables that were considered for testing of the h1'potheses listed in Figure

6-1.

Table 6-1 Limnological variables of Lake Wolderwijd used in this study

20.91 0120sBosmina ind/ml

s2.4l0l 4r8.6Daphnia ind/ml

98.II 3I B4BCyclopoidea indlml

t02.ll31 848Copepode ind/ml

B0.7l0l 5t8Cladocera ind/ml

t5331 0l 5t8Scenedesmus cells/ml

27t641 0/ s80s0Oscillatoria cells/ml

7.94101 sl.lsDiatom mm'/l

5.310.441 t7.59Green Algae mm'/l

108.7/ 0/ 8.8Blue-green Algae mm'/l

8.s/ 8.0/ 8.8pH

0.371 0.t510.9Secchi Depth m

0.00710.001/ 0.03Phosphate PO4-P

0.|U 0.0510.2Nitrate NO:-N mgll

Mean/Min/lVlaxLimnological variables

Lake Wolderwijd

(1989-1ee3)

6.3.2 KANN

KANN Design and Training

Refer to Section 4.3.2 for the principles and use of KANN
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The aim of this modelling approach is to patternise the phfo- and zooplanton data sets in

relation to restoration measures that were implemented, including biomanipulation. Splitting

of the data sets into pre- and post-biomanipulation period is done according to Table 6-2.

Table 6-2 Distinctive management periods of Lake Wolderwijd

r992-1993Post-Biomanipulation

1989-1990Pre- Biomanipulation

Lake WolderwijdEutrophication Control

The KANN algorithm using the k-means method has separated the limnological time series

data of Lake Wolderwijd into five bi-monthly seasonal clusters visualised by the U-matrix

and component planes in Figure 6-4 and Figure 6-5.

144

o 412

o 14

May-June

a) Distance matrix map (U-matrix) of months b) Partitioned map (K-means) of 2-

monthly clusters

Figure 6-3 Ordination and clustering of Lake Veluwemeer and Wolderwijd time series data by
means of KANN represented as a distance map (a) and partitioned rnap (b).

It identified the middleJeft cluster of the U-matrix being related to April-May, the bottom-left

cluster related to May-June, the mid-right cluster related to June-July, the top-right cluster

related to July-August and top-middle cluster relatedAugust-September. The U-matrix

identified an anticlockwise transition of the months with marginal overlapping areas at the

borders of the clusters. The plane quality was quite high with a quanfization effor of 0.644

and a topographic error of 0.023.

6.3.3 RANN

Refer to Section 5.3.2 for the principles of RANN method.
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6.3.3.1 Training and Testing Methods

Five years of data from Lake Wolderwij d were available for trainin g; 1989 , 1990, 1997 , 1993

and 1994. The year 1992 is used as an unseen testing data. A series of RANN models were

developed with these lake data sets using various inputs and outputs for training as shown in

Table 6-3.

Table 6-3 Input and output variables for the RANN models

Different combinations of physical and phyto- and zooplankton inputs were used in the

forecasting models. The 5-days ahead chlorophyll-a models were trained using water quality

data and biological data with zooplankton Daphnia and Bosmina as inputs. The 5-days ahead

Daphnia and Bosminø models had Secchi depths and lemperature as physical inputs apart

from phyto- and zooplankton inputs. The Secchi depth model reflects the community changes

over the long-term period with temperature and various phfo- and zooplankton inputs. The

assessment of how good the model is, were based on the comparison between observed and

predicted output values: by visual comparison of the charts and by using MSE values.

6.3.3.2 Sensitivity Analyses

Refer to Section 5.3.2.2 for the methods of sensitivity analyses

6.3.4 HEA

Refer to Section 5.3.3 for the principles relating to HEA.

5-days ahead Secchi DepthTemperature, Daphnia,
Bosmina, Diatom, Green algae,

Blue-qreen algae

4. Secchi Depth

5-days ahead BosminaSecchi depth, Temperature,
Copepode, Diatom, Green

algae,Blue-green algae,
Daphnia

3. Bosmina

5-days ahead DaphniaSecchi depth, Temperature,
Copepode, Bosmina, Diatom,
Green algae, Blue-green algae

2. Daphnia.

5-days ahead Chlorophyll-aNitrate, Phosphate, pH, Secchi
depth, Temperature, Daphnia ,

Bosmina

1. Chlorophyll-a
Output VariablesInput VariablesModel
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6.3.4.1 Training and Testing Methods

In order to make comparisons with RANN results, we used the same data sets for training and

testing.

6.4 Resu/ús and Discussion

6.4.1 Patternising of Phyto- and Zooplankton
Response to Biomanipulation and Flushing.

6.4.1.1 Short-term Seasonal Patterns

Dynamics in

6.4.1.1.1 Nutrients,pH ønd Secchi Depth Dynømics

The results of the KANN clustering of nutrients, pH and Secchi depths in relation to phyto-

and zooplankton species abundances are as shown in Figure 6-4.

Before biomanipulation was implemented i.e in 1989 and 1990, NO3-N was low and pH was

generally high during the warmer months of May to August. Secchi depths, indicating water

transparency, were highest in April to June.

The clustering results showed that the pattern after biomanipulation is different for NO3-N,

pH and Secchi depths. NO3-N is higher after intensified flushing and planktivorous hsh were

removed. This suggest a state of P-limitation based on the N: P mass ratio of 7: 2, a

conversion from Reynolds (1984) Redfìeld Ratio of atomic N: P of 16: l Before

biomanipulation period in 1989 and 1990, N/P ratio ts <7.2, suggesting Nlimitation. In the

period of post-biomaniplutaion and post-intensive flushing in 1992 and 1993, N/P ratio is

>7.2, indicating PJimitation which could be related to the events of flushing with polder

water low in P but high in N. Secchi depth is highest in two distinct bi-monthly clusters of

May to June, and July to August. The pH is overall higher between April to June but was at

its lowest in July to August. There is only a slight decrease in PO¿-P after biomanipulation.

This, together with an increase in water transparency could be associated with both the

bottom-up effects of flushing and increased grazingby Daphnia as discussed in the following

Section 6.4.1.1.2.
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Nitrate mg/l

Phosphate mg/l

rcIP re-bio man ipu lation
1989,1 990

Post-biomanipulation
1992,1 993

Secchi Depth m Daphnia ind/ml Scenedesmus cells/ml
0.08 0.44

Bosminaind/ml Oscillatoriacells/mll" l"'tl¡
50400

Secchi Depth m Daphnia ind/ml Scenedesmus cells/ml

pH
0.02

r]

mg/N trate
3.96

I ffi|"'ffiffi¡*ml
61 30

Phosphate mg/l pH Bosmina ind/ml Osc¡llatoria cells/ml
0.01 30600

Figure 6-4 Ordination and clustering of individual groups of phyto- and zooplankton patterns
before and after biomanipulation in Lake Wolderwijd by means of KANN

6.4.1.1.2 Phyto- and zooplønkton individuøl species dynømics

The hypotheses tested are:

i. Phyto- and zooplankton individual species exhibit short-term seasonal patterns that relate to

nutrients, pH and Secchi depths, with higher pH, decreased light attenuation and higher

abundances of edible phytoplankton before biomanipulation.

ii. Phyto- and zooplankton individual species exhibit short-term seasonal patterns that relate

to nutrients, pH, Secchi depths, with lowered pH, increased light attenuation and increased

zooplankton grazing as a result of biomanipulation.
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The results of the KANN clustering of the pre- and post- biomanipulation periods showed that

the phyto- and zooplankton individual species (see Figure 6-4) changed seasonally in relation

to nutrients, water transparency and pH values. Prior to biomanipulation period, in 1989 to

1990, the water was clear in May to June following a period of high NO3-N in April to May.

Maximal pH was noted in June to J:uly. Scenedesmus and Daphnia were maximal during July

to August while Bosmina peaked in May to June (during the clear-water phases). Oscillatoria

is also abundant in the same period as Scenedesmus, i.e in the ìMaÍner months of July to

September with moderate abundance from June. This is associated with increased POa-P and

pH during this period. Algae thrive under high POa-P conditions (Reynolds, 1984). Blue-

green algae generally shows negative response to pH <6, but thrive well under neutral or

alkaline conditions (Paerl, 1988 cited Fogg et al., 1973; Shapiro, 1973). pH shifts affects,

solubility, availability and hydrating characteristics of other nutrients as reviewed by Paerl

(1 e8B).

With intensif,red flushing and biomanipulation, there is a shift in the seasonality of the above

variables with clear-water phases in July to August (correspond to maximal Secchi depth).

Scenedesmus is maximal in April to May in 1992 and 7993, whlle Oscillatoria is highest

between May to July with highest pH during this period. Bosmina is still maximal in May to

June but it is also increasing in August to September. Daphnia has shifted to dominance in

May to June in relation to a peak in Scenedesmus from April to May.

This change in seasonality of phyto- and zooplankton indicates a complex interrelationship,

involving successional dynamics of competition between Oscillatoria and Scenedesmus and

also predation i.e. grazing of phytoplankton by zooplankton during the same period. There are

two plausible explanations; (1) grazing as there is a decrease in the abundance of gteen and

other grazeable algae during the clear-water phase in May-June (spring peak) (2) nutrient

limitations with summer blooms of algae.

Our results suggest that phyto- and zooplankton communities in Lake 'Wolderwijd 
are

regulated by both grazing and nutrients, but the relative strengths vary seasonally. In spring

during the clear-water periods, grazing overwhelms nutrients but in suÍìrner, nutrient may

limit the phytoplankton communities, similar to the results of a study on Lake Mendota

(Vanni and Temte, 1990).

According to Reynolds (1994), phytoplankton is grazed by zooplankton. Daphnia and

Bosmina populations have high filtering capacities that can be exploited for practical

biomanipulation. Clear-water phase usually occur in spring in eutrophic lakes during May to
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June (Sommer et a1.,1986), with low ph¡oplankton abundances. According to Crowder et al.

(1988), variation in intensity of spring mixing in lakes yields different initial nutrient

conditions. Seasonal algal succession can begin with different species composition (Crowder

et al. 7988 cited Sommer 1985) and it has been shown that N: P shifts can lead to competitive

shifts in phloplankton cornmunity composition which may be differentially useful to

zooplankton grazeß (Crowder et a1.,1988 cited Smith, 1983). Filamentous Oscillatoria are

however less favourable food source for zooplankton (Gliciwz ,1990).

Competition for food sources is postulated to affect the seasonality between the zooplankton

as before biomanipulation, Daphnia was most abundant in July-August whlle Bosmina was

highest in the months of May to June. After biomanipulation, Daphnia shifted to an

abundance in May to June period i.e. concurrent with Bosmína peaks. There are also small

clusters indicating an increasing abundance of Bosmina from August to September, evidence

of niche diffrentiation.

Based on the seasonal fluctuations between the two periods, attest to the complexity of the

phyto-zooplankton interactions in Lake Wolderwijd in relation to changes in nutrient

limitations as a result of flushing, finetuned by biomanipulation.

6.4.1.1.3 Phyto- and Zooplønkton fanctional group dynømícs

The hypotheses tested are :

i. Phyto- and zooplankton functional groups exhibit short-term seasonal patterns that relate to

nutrients, pH and Secchi depths, with higher pH, decreased light attenuation and higher

abundances of edible phytoplankton before biomanipulation.

ii. Phyto- and zooplankton functional groups exhibit short-term seasonal patterns that relate to

nutrients, pH, Secchi depths, with lowered pH, increased light attenuation and increased

zooplankton grazing as a result of biomanipulation.

The KANN results for the phfo- and zooplankton functional groups are as shown in Figure

6-5. In the pre-biomanipulation period there is a distinct seasonal pattern between the

abundances of blue-green algae (from July to September) with green algae being dominant in

the August to September and diatoms from April to May. The zooplankton showed that

Cladocera were abundant in May to June whereas the copepods that are made up of mostly

Cyclopoidea were abundant in two phases; August to September and May to June.
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There is a shift in the seasonal pattems after biomanipulation with blue-green algae being

mostly dominant in May to June while copepods were shifted to July to August. Diatom

however remained abundant in April to May and green algae were maximal in August to

September. Cladocera remained abundant in May to June whereas Copepode/Cyclopoidea is

maximal during July to August. Zooplankton biomass decreased in summer because of the

shift in food supply. The changes in species composition of zooplankton, with high

abundances of cyclopoid copepods are characteristic of increasing eutrophication (Gliwicz,

1969; cited in Mayer et a1.,1997).

Mayrlune

Diatom mm3/l Green algae mm3/l Blue-green algae mm3/l
'5.33

207

P re-b ioma n i pu latio n
1989,1990

Post-biom a n ipu lation
1992,1993

Cladocera ind/m

Diatom mm3/l

Cladocera ind/ml

l

25.7

I
I Copepode ind/ml Cyclopoidea ind/ml

273 't23

Green algae mm3/l Blue-green algae mm3/l
125

Cyclopoidea ind/ml
315

35.8

lr

l'ts.z

I
tl

;

I"'
I

L

Copepode ind/m

424

Figure 6-5 Ordination and clustering of functional groups of phyto- and zooplankton patterns
before and after biomanipulation in Lake Wolderwijd by means of KANN

I
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6.4.1.2 Long-term Biomanipulation and Flushing related Patterns

6.4.1.2.1 pH and Secchi Depth Dynømics

Results for the KANN clusters are as shown in Figure 6-4. The dynamics are discussed in the

following section in relation to the phyto- andzooplankton dynamics.

6.4.1.2.2 Phyto- ønd zooplønkton individual species dynamics

The hypotheses tested are:

i. Phyto- and zooplankton individual species exhibit long-term patterns that relate to nutrients,

pH and Secchi depths, with higher pH, decreased light attenuation and higher abundances of

edible phytoplankton before biomanipulation.

ii. Phyto- and zooplankton individual species exhibit long-term patterns that relate to

nutrients, pH, Secchi depths, with lowered pH, increased light attenuation and increased

zooplankton grazing as a result of biomanipulation.

The results of the KANN clustering (see Figure 6-4) have shown that the phyto- and

zooplankton are affected by the biomanipulation. The pre- and post-biomanipulation

clustering patterns differ for the pH, Secchi depth, phyto- and zooplankton variables.

Before biomanipulation, the water was turbid with higher pH values. There was less Daphnia

and Scenedesmus. In the period after biomanipulation, there is a marked decrease in

Oscillatoria and also Bosmincr with an increase in Oscillatoria and Scenedesmus. This

decrease in Bosmina can be attributed to a shift in the seasonality of Daphnia, where both

have to compete in the same period of May to June following the period of maximum

Scenedesmu.s growth in April to May.

This suggests that flushing finetuned by biomanipulation leads to increased clear-water

conditions in spring with PJimitation and increased zooplankton grazing on the Scenedesmus.

The KANN clustering results have shown that with these restoration measures, Scenedesmus

has increased approximalely 3 times, while the cell counts of Oscillatoria has decreased from

highest cluster value of 50, 400 to 30, 600 cells/ml. The KANN clusters also showed that

Daphnia doubled its abundance with biomanipulation. Bosmin¿r 'was signif,rcantly reduced

from maximal cluster value of 180 to 55.2 individual/ml.
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There is evidence that spring clear-water period is grazing induced by Daphnia from the

results of previous work (Sommer, 1985; Lampert et al., 1986; Vanni and Temte, 1990).

There has been much controversy regarding the different effects of nutrients versus

biomanipulation on the phyto- and zooplankton dynamics, our results indicate that both

nutrient limitation and grazingplay a role in the complex interrelationships that govemed by

indirect effects, feedback mechanisms and time-lags as concluded by Benndorf ( 1 990).

6.4.1.2.3 Phyto- ønd Zooplønkton functionul group dynømics

The hypotheses tested are

i. Phyto- and zooplankton functional groups exhibit long-term patterns that relate to nutrients,

pH and Secchi depths, with higher pH, decreased light attenuation and higher abundances of

edible ph¡oplankton before biomanipulation.

ii. Phyto- and zooplankton functional groups exhibit long-term patterns that relate to nutrients,

pH, Secchi depths, with lowered pH, increased light attenuation and increased zooplankton

grazing as a result of biomanipulation.

The dynamics of the phytoplankton and zooplankton functional groups in the pre- and post-

biomanipulation period showed distinct patterns (see Figure 6-5) with the dominance of only

blue-green algae during the pre-biomanipulation period. With the implementation of intensive

flushing followed by biomanipulation at the end of 1990 to July 1991, the post-

biomanipulation period of 1992 to 1993 showed marked decrease in blue-green algae

abundance with increasing diatoms, green algae, Cladocera, Copepoda (Cyclopoidea). These

diverse assemblages of phyto- and zooplankton fuctional groups differ in taxonomy and

physiological requirements. Phyto- and zooplankton dynamis are complex and closely inter-

related, as the zooplankton respond to food concentration, food quality and this governs their

seasonal dynamics (DeMott, 1989; Gliwícz and Pijanowska, 1989). Their occurrence and

coexistence in Lake Veluwemeer and Wolderwijd is shown by this KANN ordination and

clustering as related to seasons (as discussed in Section 6.4.1.1.3) and also long-term changes

in N; P limitation related to flushing followed by biomanipulation.

The increase in Cladocera and copepode are interrelated to the increase in diatoms, green

algae and the decrease in blue-green algae. Competition between zooplankton can occur with

reductions in food quality and quantity (DeMott, 1989). Based on the above results, there is

an increase in the abundances of edible green algae and diatoms as a result of intensified
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flushing and biomanipulation such that Plimitation and zooplankton-grazing dynamics is

enhanced.

Not much is documented on the complex bottom-up effects influence on the food web

structure. It is well known that importance of biotic interactions has been stressed by theories

centred around nutritional requirements of organisms for growth and survival. The

implication that the carrying capacity of resource availability is saturated such that organisms

have to compete for limited resources. This results in a density-dependent, mortality,

competition and predation (Capblancq and Catalan,1994).

Meijer et al., (1999) evaluated the effects of biomanipulation in Lake Wolderwijd in

comparison to case studies of 17 biomanipulated shallow lakes in The Netherlands. The

researchers concluded that in all lakes with successful biomanipulation the algal biomass

dropped to very low levels in those lakes where more than 150 kg hectarel-rbenthivorous fish

had been removed and led to a reduction in the resuspended sediments. In all those cases, the

clear-water period was followed by a drastic increase in macrophytes, which also contributed

to high transparency.

Although our hypotheses argue for the 'grazing hypothesis', flushing was carried out in Lake

Wolderwijd in the same period, so in practice, it is difhcult to unravel the specific

mechanisms or sort between alternative hypotheses of bottom-up versus top-down effects. A

comparative study of various manipulated shallow lakes might give more insight into

understanding these complex ecological processes.

Suffice to say at this point that both management measures, play a role in changing the long-

term dynamics of clear-water phases and the phfo- and zooplankton complex

interrelationships.

6.4.2 Forecasting of Phyto- and Zooplankton Dynamics in
Response to Biomanipulation and Flushing

The 5-days ahead RANN and HEA validation models for chlorophyll-a, Daphnia, Bosmina,

Secchi depth are as shown in Figure 6-6 andTable 6-4 shows the best rule sets in terms of

minimum testing error in 100 runs with 5-days delay input data for each HEA model.
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6.4.2.1 S-days Ahead Prediction of Chlorophyll-a dynamics

HEA performs better than RANN for 5-days ahead chlorophyll-a prediction as the magnitude

of the May to June (clear-water phase) of Lake Wolderwijd corresponds well with the

measured although the timing is later for both models. The model f,rts the tested data better

with HEA (Ñ:0.42, Figure 6-6b) compared to RANN 1R2: O.:S, Figure 6-6a).

6,4.2.2 5-days Ahead Daphnia Predictions

The forecasting result for Daphnia is better with HEA (R2:0.55, Figure 6-6d) compared to

RANN 1R2: O.Z:, Figure 6-6c). The timing is reasonable with the HEA model although the

magnitudes of the peaks were overestimated. Both the timing and magnitudes were missed in

the RANN model. When compared to the 5-days ahead chlorophyll-a predictions Figure 6-6a

and Figure 6-6b, the peaks of Daphnia forecasted coincide with the lowest chlorophyll-a

forecasts. Midseason phytoplankton minima coincided with peaks of zooplankton abundance

and, presumably grazing pressure. Based on the phloplankton minima, and increased

Daphnia makes it plausible to consider the spring phytoplankton minima as grazing-induced

"clear-\ryater phases" (Lampert, 1988) under conditions of PJimitation.

6.4.2.3 5-days Ahead Bosmina Predictions

The RANN results for 5-days ahead Bosmina forecast showed reasonable timing but

overestimated the magnitude for the August peak (R2: 0.14 Figure 6-6e). In comparison, thp

HEA model predicted two correct timing of the May to June and August to September peaks

but over- and underestimated the magnitudes 1R2: O.Z:, Figure 6-6f). The 5-days ahead

forecasts showed that Bosmina peaks during suÍìrner whlle Daphnia forecasled in Section

6.4.2.2 increased rapidly in spring. This suggests minimal niche overlap between the two

zooplankton groups. Possible reasons are differences in life stages, timing and feeding

behaviour, food size or type or behavioural differences allowing co-existence (Wetzel, 1983).

This shift from larger Daphnia to smaller Bosmina is as postulated by Gliciwz (1990b) and

Sommer (1986) in their PEG model, is attributed also to size-selection predation by fish

planktivores.
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Table 6-4 Best rule sets for S-days ahead HEA forecast of chlorophyll-a, Døphniø, Bosmina anll
Secchi depth for Lake Wolderwijd.

0.070.09

RULE SET 4:
lF (lemp>422.78)
THEN Secchi depth= (393.73-
Temp)/(45.48-(Blue-greens+Diatom))
ELSE Secchi depth =
(Daphni a-Greens+79.85-Tem p)/(80.40+
Blue-greens+ 2* Diatoms)

Secchi depth
L. Woldenruijd

'15.9324.56

RULE SET 3:
lF (((D a p h n i a* Greens)<6 1 . 68)
OR (TemP<=17.79¡¡
THEN Bosmlna =
ln(f (Greens+(2. 39iDiatom +exp(Daphn¡ a)))l)
ELSE Bosmlna = Blue-oreens

Bosm¡na
L.Wolderwijdr

39.1950.36

RULE SET 2:
I F ((SD-(Blue-greens+1 1 3.84))>90.27)
THEN Daphnia = I'1.45 -
Copepode/(1 92 .481 Bosmina)+Copepode
ELSE D a D h n ¡ a = 23.24-o¡eens

Daphnia
L.Wolderwijd

9.4613.17

RULE SET 1:
lF ((Daphnia>'l 44. 37)OR (SD >= 0.25))

THEN Chla= NO¡+1 7.65/SD
ELSE CñËa = (exp(SD)_
SD' Daphni a\* pH + 1 1 3. 39

Chlorophyl-a
L.Wolderwijd

Testing
Error

Train¡ng
ErrorBest Rule SetsAlgal

Population
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6.4.2.4 S-days Ahead Secchi Depths Predictions

Better forecasting results were obtained with 5-days ahead Secchi depths prediction using

RANN and HEA GÚ: O.Zt and 0.63 respectively, Figure 6-69 andFigure 6-6h) with the right

timings and magnitudes. For HEA, there is a slight underestimation of the June peak. Both

models predicted a peak during sufirmer, which was not measured.
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6.4.3 Successional Dynamics of Phyto- and Zooplankton in
Response to Biomanipulation and Flushing

Four predictive models were developed to compare between the different combinations of

various input variables for forecasting of "clear-water phases"; is it grazing induced or due to

basically limitations of nutrients and tolerances to pH, light and temperature? Two main

criteria for good water quality are a decrease in phytoplankton biomass and an improvement

in under-water light climate. Biomanipulation when applied with other measures e.g. nutrient

reduction, speeds up the processes of lake rehabilitation (Gulati and Van Donk, 2002).

The hypothesis tested in our models is that there is a period of phloplankton minima, and

increased Daphnia makes it plausible to consider the spring phytoplankton minima as

'grazing-induced clear-water phases' (Lampert, 1988). The hypothese tested takes into

account that biomanipulation occurs under P-limited conditions, attributed to intensive

flushing.

From the above results, it is clear that the 5-days ahead Daphnia forecast by HEA and 5-days

ahead Secchi depths forecast by RANN and HEA are the best models to test the hypothesis.

From table Table 6-4, we see that RULE SET 1, for chlorophyll-a and RULE SET 4 is the

simplest where the IF conditions are associated with only one input variable respectively. For

the 5-days ahead chlorophyll-a forecast, the IF conditions are dependent on Daphnia and

Secchi depth. As the condition for Secchi depth is always true, the rule set is only dependent

on the abundance of Daphnia.

In contrast RULE SET 2 for Daphnia is dependent on the Secchi depths and blue-green algae

abundance. RULE SET 3 for Bosmina are comparable as the IF conditions are associated with

two input variables, Daphnia and green algae abundance respectively.

This is also true for RULE SET 4, where the IF conditions for Secchi depth are associated

with several input variables, including green algae, temperature, blue-green algae and

diatoms.

To further analyse and explain those best rule sets discovered by HEA, the forecasting curve

for Daphnia and Secchi depth models were drawn in relation to other variables (see Figure

6-9 and Figure 6-10).
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Figure 6-9a illustrates the 5-days ahead forecast of Daphnia segmented by the THEN-branch

and ElSE-branch of RULE SET 2. The IF condition is only related to the input variable

Secchi depth and blue-green algae, and the "clear-water grazing-induced phase" is marked by

THEN-branch, corresponding to a decline in Scenedesmus and Bosmina abundances.

Figure 6-9b and Figure 6-9c' shows the results of sensitivity analyses regarding the THEN

branch and ELSE branch of RULE SETS 2. It shows thal Daphnia is sensitive to the

abundances of Copepode during its peak period of May to June (Figure 6-9b). The ELSE

branch showed that Daphnia is sensitive to abundances of green algae (see Figure 6-9c).

Our results shown in Figure 6-10a illustrates the S-days ahead forecast of Secchi depth

segmented by the THEN branch and ELSE branch of RULE SET 4. The IF condition is

related to temperature input; with this condition (IF Temperature > 442.72) only the ELSE

branch is applicable (activated) for this forecast. In addition to the above, Figure 6-10b shows

the results of sensitivity analyses regarding the ELSE branch of RULE 4. It shows that the

sensitivity of Secchi depth are correlated as follows; positively correlated Io Daphnia

abundances and negatively correlated to green algae, diatom, blue-green algae abundances

and temperature. This is in accordance with the sensitivity analyses results of the validated

RANN Secchi depth model illustrated in Figure 6-8. The single rules generated have

demonstrated the underlying important mechanisms for the forecasts, which possibly include

competition and co-existence, niche diffrentiation between the phyto- and zooplankton

species.

Results shown by the sensitivity analyses of all validated RANN models (see Figure 6-7)

highlight the sensitivity of Secchi depth to temperature whtle Daphnia is sensitive to light

limitation, temperature and abundances of green algae. Studies have shown that several

Daphnia species show optimal temperature of 10 to 30"C for maximal ingestion and

reproduction rates (Lampert and Sommer, 1997). A study on biomanipulated Bautzen

Reservoir hypothesized temperature impacts on Daphnia mortality during mid summer

decline, which is also related to predation by fish (Benndorf, 2001).

This predictive model of biomanipulated Lake Wolderwijd is explained by the rule sets as a

relationship that is based on Daphnia grazing on edible green algae and diatoms, and is

temperature dependent. Fish abundances data is however needed to further conf,rrm the

models, and attest the top-down effects of fish removel on increased Daphnia abundances and

enhanced grazing.
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6.5 Chapter Conclusion

In Lake Wolderwijd, biomanipulation has been claimed to have brought about a catastrophic

decline in the abundance of planktivores. Combined with restocking of piscivorous pike has

fuilher restored the strength of piscivory followed with a substantial improvement in the

water clarity after this management measure.

The results of KANN, predictions with RANN and HEA have shown that changes in the top

of the food-chain have had significant repercussions in the lower trophic levels. Although fish

abundance data were not available, assumptions were made that following the decline in

bream, there was an increase in the Cladocerans. As the populations of Daphnia galeata

increased, this period is also associated with a decrease in Oscillatoria agardhii, and an

increase in green algae and diatom abundance. Water clarity thus improved considerably in

spring 1.992 (May-June) and indeed, the increases and decreases in ph¡oplankton abundance

tracking presumably those of the bream over the corresponding period, with ongoing flushing

during the pre- and intensified flushing during the post-biomanipulation.

The integrated approach has shown that the short-term seasonal patterns can be clustered and

ordinated. The 5-days ahead forecasting with RANN has modelled the right timing and

magnitudes of zooplankton versus phytoplankton abundance in relation to water clarity. The

HEA has also predicted the timing and magnitude of Daphnia abundance, Bosmina

abundance and water clarity and chlorophyll-a concentration with a certain degree of

accuracy.

The single rules generated have elucidated the underlying important mechanisms for the

forecasts, which include competition and co-existence, niche diffrentiation between the phyto-

and zooplankton species. Biomanipulation is explained by the rule sets as a relationship that is

based onDaphnia grazing on edible green algae and diatoms.

This argument supports the case for on-going top-down regulation of the food web

confirming previous experimental studies that indicate food-web structure to be a powerful

factor in determining algal abundance even in lakes with contrasting trophic status (Elser and

Goldman, 1991). Our dataset of zooplankton does not extend sufficiently back in time for the

effects of flushing on zooplankton to be verified, without the interactions of biomanipulation.

The results from this study however attest to the importance of top-down effects within the

constraints of the historic changes in N and P due to flushing.
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Responses in terms of lowered chlorophyll-a and ph¡oplankton abundances are expected

along trophic gradients in time. Lowered chlorophyll-a and phloplankton abundances

indicated the success of flushing and biomanipulation as an alternative or supplementary lake

management measures over long-term periods.
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Ghapter 7 Conclusion

7.1 Across fhe Sca/es

The main difficulty in ecological modelling is to get an overview of the ecosystem one is

studying from various scales. Most ecological modelling work have mostly been focussed on

only one scale. In dealing with eutrophication modelling, most supervised ANN modellers

have focussed on chlorophyll-a as the predictive indicator. Some researchers have attempted

individual species count as the output to their ANN models. A study by Lee et al. (2003)

have included chlorophyll-a, phytoplankton group abundances and cell counts of individual

blue-green algae species using one technique, the feed forward supervised ANN.

This study has attempted to cut across several different scales: the spatio-temporal and across

the taxonomic hierarchy, using three computational modelling approaches. The spatio-

temporal issue is addressed as the data sets are from two shallow and adjacent lakes sampled

since 1975176 until the year 2000. With these data sets, I have studied the short and long term

changes that occur in the two lake systems. Understanding the dynamics of the two shallow

lakes involves studying the changes from several taxon; chlorophyll-a to phyto-and

zooplankton functional groups and f,rnally to individual phytoplankton and zooplankton

species as the lake dynamics change from hyper-eutrophic to eu- mesotrophic conditions.

7.2 Integrated Computational Modelling

The three modelling approaches that have been used in the study, the non-supervised

Kohonen KANN, the recurrent supervised RANN and Hybrid evolutionary algorithm HEA

have their own strengths and weaknesses. Integration of these three different approaches is

necessary to understand ecological processes that are complex and highly non-linear,

especially in shallow lakes, which are often perceived as "unpredictable" for the past few

decades.

Many simplifications have been made in this study to resolve the complexity of 'non-

stationarity' or 'temporal dynamics' by focussing on events that occurred over the years that

may be anthropogenically related. This study has managed to relate ecological processes and

trends to historical events such as the top-down and bottom-up restoration measures such as

flushing and biomanipulation respectively; and their roles in influencing the water quality.

This also brought into focus how management may play a role in promoting the Alternative
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Stable States hypothesis (Scheffer 1993; Scheffer 1998) in Lake Veluwemeer and

Wolderwijd. This study has provided rules-sets relating to variables that may explain the

alternate period between turbid and clear-water phases that occur possibly in relation to the

management measures implemented in the two lakes.

7.3 Significance of This Study

One of the central issues of ecology now is forecasting or predicting changes in ecosystems.

To predict, one needs predictive as well as explanatory models.

In the course of this study non-supervised ANN have proven to be a suitable tool for data

mining and analysing ecological long-term time series and carrying out comparative studies

between different lakes. Complex short- and long-term temporal patterns in relation to the

various lake restoration measures have been unravelled for the two highly eutrophic lakes.

Predictions using recurrent supervised ANN and HEA proved that both techniques can be

used to predict phytoplankton dynamics that relate to long-term management events. RANN

and HEA successfully predicted the 5-days ahead chlorophyll-a, phfio- and zooplankton

functional groups and individual cell counts when validated. The rules generated from single-

lake models of Oscillatoria and Scenedesmu.ç, were initially lake-specific, but they provided

useful insights into the successional dynamics of phytoplankton in the two lakes over a long-

term trophic change.

Finally, the use of merged data sets from both lakes as Merged Lake Models successfully

produced generic rule sets that relate to turbid versus clear-water conditions based on

chlorophyll-a , and successional Oscillatoria and Scenedesmus dynamics of the two shallow

lakes.

This is the novel contribution of this study forming the basic framework for shallow generic

lake models. Another significant contribution is the discovery of explanatory rule sets for

Daphnia graztng leading to the clear-water phase in spring, in response to biomanipulation.

These rule sets can be a useful guideline for lake managers and decision makers to use in

managing shallow temperate lakes. At the chlorophyll-a level, the simplicity of the rule sets

form the basis for our understanding eutrophication processes and the alternate stable states of

turbid and clear-water phases.

Resolved down to the species level, the complex phyto- and zooplankton dynamics involving

co-existence and succession became apparent; supporting the assumption that top-down food
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web manipulation can efficiently complement and consolidate the primary eutrophication

control by decreasing external phosphorus loads.

7.4 Future Research

This is the first step towards creating generic shallow lake models for shallow lakes with

predominant Oscillatoria algal blooms. For future research, these models can be validated by

other shallow lake data sets. More lake data sets from other shallow lakes different in climate,

hydrological conditions and geographical locations can be trained and tested with this merged

lake models technique, to create generic models for different algal blooms, different lake

categories and using data sets from real-time forecasts. The generic rules produced can be

extracted and collated together in an integrated data and modelling warehousing system for

use by other modellers.

It would be also be interesting to test if the rule sets can be used as rule-based agents for

scenario analyses. Future researchers can apply the generic rule sets to further study the effect

of climate change and various top-down and bottom-up management measures. There is the

possibility that scenario analyses could be used to address the following questions:

i) A slight increase in temperature due to global warming, for example (7-2'C), will it affect

the water quality ph¡oplankton conìmunities within the next two to five decades?

ii) By decreasing or increasing the POa-P concentration in bottom-up management measure,

how will it affect the water quality and phytoplankton diversity in the near future?

iiÐ An increase in the cladoceran biomass with biomanipulation, how does it relate to the

changes in the water quality and the phytoplankton assemblages?

The ideal final step is to apply the knowledge and cross the boundary between modellers,

convince decision-makers and lake-managers to apply as practical early-warnings of possible

outbreaks of algal blooms.
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