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Abstract
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Aquatic ecosystems are an essential source for life and, in many regions, are exploited to a
degree which deteriorates their ecological status. Today, more than 50 % of the European lakes
suffer from an ecological status which is unsatisfactory. Many of these lakes require abatement
actions to improve their status, and mathematical models have a great potential to predict and
evaluate different abatement actions and their outcome. Several statistical methods and models
exist which can be used for these purposes; however, many of the models are not constructed
using a sufficient amount or quality of data, are too complex to be used by most managers, or
are too site specific. Therefore, the main aim of this thesis was to present different statistical
methods and models which are easy to use by managers, are general, and provide insights for
the development of similar methods and models.

To reach the main aim of the thesis several different statistical and modelling procedures
were investigated and applied, such as genetic programming (GP), multiple regression, Markov
Chains, and finally, well-used criteria for the r2 and p-value for the development of a method
to determine temporal-trends. The statistical methods and models were mainly based on the
variables chlorophyll-a (chl-a) and total phosphorus (TP) concentrations, but some methods and
models can be directly transferred to other variables.

The main findings in this thesis were that multiple regressions overcome the performance
of GP to predict summer chl-a concentrations and that multiple regressions can be used to
generally describe the chl-a seasonality with TP summer concentrations and the latitude as
independent variables. Also, it is possible to calculate probabilities, using Markov Chains,
of exceeding certain chl-a concentrations in future months. Results showed that deep water
concentrations were in general closely related to the surface water concentrations along with
morphometric parameters; these independent variables can therefore be used in mass-balance
models to estimate the mass in deep waters. A new statistical method was derived and applied
to confirm whether variables have changed over time or not for cases where other traditional
methods have failed. Finally, it is concluded that the statistical methods and models developed
in this thesis will increase the understanding for predictions within and across aquatic systems.
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1. Introduction 

World oceans cover 71 % of the earth surface (Costanza, 1999) and there are 
304 million natural lakes and ponds (≥ 0.001 km2) in the world covering 
2.8% of the earth’s land surface (Downing et al., 2006). Aquatic ecosystems 
are an essential source for life, not only for water-living but also for land-
living organisms. Aquatic ecosystems contain essential nutrients and food 
sources (Arvanitoyannis and Kassaveti, 2008). Oceans “[...] are ultimately 
the heritage of all of humanity” (Costanza, 1999) where marine and 
lake/river ecosystems contribute to approximately 68% (marines areas = 
63%; lakes/rivers = 5%) of the world’s goods and ecosystem services (Cos-
tanza et al., 1997). 

Applying criteria established by the European Water Framework Di-
rective (WFD; an EU directive which commits EU members to achieve good 
ecological status in water bodies), more than 50% of the European lakes 
currently have an ecological status or ecological potential which is unsatis-
factory (SOER, 2015). Over the course of many decades, aquatic ecosystems 
have been exploited to a degree which deteriorates the ecosystems (Booth 
and Jackson, 1997; Rapport et al., 1998; Corvalan et al., 2005) where, for 
example, aquatic ecosystems can be affected by increased pollutant loads 
from agriculture (Gagliardi and Pettigrove, 2013). Because of man’s impact, 
there are many challenges which are necessary to solve. Examples of chal-
lenges are the management of eutrophication which is caused by high loads 
of nutrients such as total phosphorus (TP) and total nitrogen (TN; Conley et 
al., 2009), mercury due to solid waste incineration and coal and oil combus-
tion (Wang et al., 2004), acidification due to emissions of SO2 and NOx 
(Kramer and Tessier, 1982; Driscoll et al., 2001), overfishing (Jackson et al., 
2001), invasion of alien species (Rahel and Olden, 2008), and urbanization 
(Booth and Jackson, 1997).  

To be able to solve the environmental problems posed by these anthropo-
genic threats, it is first necessary to understand (e.g. processes and responses 
to nutrient loadings) the aquatic ecosystems. Then, the evaluation of differ-
ent solutions can lead to the selection of the most cost-effective results. 
There has been a development of models since the late 1960’s which can be 
used to understand and predict the responses of aquatic ecosystems to nutri-
ent loadings. Sakamato (1966) and Dillon and Rigler (1974) found that chl-a 
concentrations were related to TP concentrations; their work has laid the 
foundation for lake management with limited data (Phillips et al., 2008). The 
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WFD has led to more concentrated investigations of the impact from differ-
ent chemical compounds and their ecological impact (Phillips et al., 2008; 
Lyche-Solheim et al., 2013). Several papers have concluded that chloro-
phyll-a (chl-a) is one of the best variables to measure ecological quality (e.g. 
Carvalho et al., 2013; Lyche-Solheim et al., 2013). Chl-a concentrations can 
be used to measure the degree of eutrophication, where chl-a concentrations 
can be used as a proxy for phytoplankton biomass and the impact of the phy-
toplankton activity on ecosystems (Gregor and Mars̆álek, 2004; Carvalho et 
al., 2008; Kasprzak et al., 2008; Poikane et al., 2010).  Phillips et al. (2013) 
showed that phytoplankton is significantly related to TP concentrations, lake 
size and climatic variables (latitude and altitude).  

To assist in the analysis of the above-mentioned challenges and issues, 
the aim of this thesis is to present different statistical methods and models 
which are easy to use by managers for understanding the responses in im-
portant aquatic variables (e.g. chl-a) from different driving variables (e.g. TP 
and morphology). The statistical methods and models will be general, i.e. 
can be applied to different systems without calibration, and give better in-
sights on how to develop similar methods and models in the future. Combin-
ing the presented concepts in this thesis will increase our understanding for 
predictions within and across aquatic systems, and especially concern varia-
bles such as chl-a and TP, but some methods and models are generally ap-
plicable and can be used for other variables as well.  
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2. Modelling approaches and their 
applicability 

There exist many different types of models to predict responses in aquatic 
ecosystems which have been published since the late 1960’s. For example, 
some of the first useful models were statistically derived to predict responses 
of TP and chl-a concentrations in lakes based on reduced TP loading (Sa-
kamoto, 1966; Vollenweider, 1968; Dillon and Rigler, 1974). Other models 
have thereafter been constructed to evaluate how an ecosystem and its dif-
ferent compartments responds to reduced or increased loading of, for exam-
ple, nutrients (Chau, 2005; Savchuk, 2006; Håkanson and Eklund, 2007; 
Håkanson and Bryhn, 2008). The advantage of these types of models is that 
they are taking into account the input and output of mass (i.e. mass-balance) 
and how the mass interacts with the ecosystems different compartments. 
Another newer method is to use machine-learning techniques (e.g. genetic 
programming (GP) or neural networks) to “train” and adapt data which 
thereafter can be used to make predictions (Koza, 1992; Muttil and Lee, 
2005, Muttil and Chau, 2006). 

All these different type of models have different pros and cons. Statistical 
models are easy to use by lake managers but give no insight into the differ-
ent processes (e.g. physical, chemical and biological). Mass-balance and GP 
models can only be used by experienced modellers and sometimes need to 
be calibrated against measured data. Therefore, a large number of data is 
needed with a large range. 

2.1 Linear and nonlinear relationships 
A linear relationship indicates that the dependent and independent variables 
are directly proportional to each other, whereas a nonlinear relationship is 
used to describe variables that are not directly proportional to each other. To 
analyse the relationship between variables, it is common to develop linear 
regression models since it is a rather straightforward methodology. However, 
a significant (p < 0.05) regression model with a high r2 value does not neces-
sary mean that there is causality between the dependent and independent 
variables. Uncertainty and random data can sometimes influence a correla-
tion to obtain a significant relationship even if there is a lack of such, which 
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is especially the case for small data sets (Håkanson and Peters, 1995; Håkan-
son, 2007; Dimberg, 2014).  

There exist several different linear relationship models between aquatic 
variables (e.g. Prairie et al., 1989; Håkanson, 2000; Phillips et al., 2008). A 
linear relationship can be used to explore whether a dependent variable is 
correlated with one or several independent variables. A relationship with 
high predictive power (r2 > 0.65; Prairie, 1999) can be used to identify, for 
example, the degree to which a change in the independent variable will have 
on the dependent variable. However, it is rare that variables in aquatic sys-
tems obtain a normal distribution which is crucial for establishing a linear 
relationship. It is therefore necessary to transform the data using e.g. log-
transformation or square-root transformation to obtain a normal distribution, 
since environmental data often display a nonlinear relationship (Box and 
Cox, 1964; Håkanson and Peters, 1995). 

2.1.1 Genetic programming as a substitute to traditional linear 
regression models 
Instead of using linear regressions and data transformations, it is possible to 
use genetic programming (GP). The advantage in using GP is that it does not 
assume data to be normally distributed and therefore tries to search for solu-
tions “outside the box”, i.e., also use nonlinear relationships to find the best 
fit. GP originates from the idea of Darwinian evolution and uses mathemati-
cal programs to solve problems (Koza, 1992; Oltean and Grosan, 2003; Mut-
til and Lee, 2005; Muttil and Chau, 2006). In GP, different sets of equations 
are tested without the need to specify a model structure, and the ones with 
the best fit are modified for several generations to evolve into better equa-
tions. It starts with randomly chosen variables and equations and subsequent-
ly calculates the predictive power of the model. The same procedure is repli-
cated for a specified amount of times. Thereafter the best models are chosen 
where some are modified, and some models are combined with each other to 
construct another model structure. Some models are not changed at all while 
some entirely new models are created. The same procedure is repeated – 
according to the Darwinian evolution theory – and in the end the best model 
is chosen as a solution for a specified problem. 

2.1.2 Static models and their implication to predict seasonality 
Statistical static models, such as bivariate models, are often designed to pre-
dict for a certain time period, e.g. annual or summer values. Three possible 
reasons for predicting for a certain time period are a scarcity or lack of data, 
the aim of the study and/or that bivariate models are relatively easy to create. 
Several bivariate models which are concentrated to certain time periods (e.g. 
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annual and summer) for predicting chl-a concentrations have been published 
during the last 40 years (e.g. Dillon and Rigler, 1974; Carlson, 1977; Nürn-
berg, 1996; Havens and Nürnberg, 2004; Phillips et al., 2008). Many of the 
produced models have been thoroughly tested and showed to have good 
correspondence in comparative studies (Brown et al., 2000; Phillips et al., 
2008). It is, however, difficult to evaluate the seasonality using models 
which are designed to predict for certain time periods as exemplified in fig-
ure 1 with the annual chl-a model published by Phillips et al. (2008).  

 

 
Figure 1. Empirical chl-a concentrations in lake Rotehogstjärnen, 58.82˚ N, and 
predicted annual values using Phillips et al. (2008). Note that empirical values for 
January and December are missing, possibly due to thick ice covering the lake. 

 
Several studies to examine the seasonality of chl-a have been published 
where monthly chl-a  was compared to the annual chl-a concentration (Mar-
shall and Peters, 1989; Brown et al., 1998). Marshall and Peters (1989) con-
cluded that the air temperature (which is affected by the latitude) could have 
an effect on when the spring blooms occur. It would therefore be possible to 
construct general statistical models taking into account the latitude as a de-
scriptive parameter to predict the chl-a seasonality. Also, including TP con-
centrations from the summer could have a potential for making valuable 
predictions in lakes with a scarcity of data. The TP concentration from the 
summer along with the latitude would then be used to generally distinguish, 
with relatively small effort, the seasonality of chl-a concentration in lakes. 
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2.2 Markov Chains 
Markov Chains can be used to calculate the probability that an event will 
occur following a chain of linked events, where the next event only depends 
on the current state. It is common to use Markov Chains in different scien-
tific disciplines, for example evaluating biological, physical and engineering 
systems (Yin and Zhang, 2005). Since Markov Chains assume that the con-
dition at one time depends on the prevailing condition, it is possible to calcu-
late a probability to reach a specific concentration range and take into ac-
count that there are several different possibilities to reach different concen-
tration ranges (Yin and Zhang, 2005; Ching and NG, 2006). The different 
concentrations can, for example, be divided within different intervals and the 
probability for reaching the different intervals calculated by counting the 
number of lakes which move to the other intervals from the current one (fig-
ure 2). 

 
 
Figure 2. Illustration of the MC method. An interval of 3 is chosen for each month 
and the chl-a interval is presented. The initial month is March and the end month is 
May. Figure modified from Paper III. 
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Probabilities of certainty are often missing for models predicting changes in 
water chemistry. Such a probability can be used to detect the risk of exceed-
ing a certain threshold concentration. Walker and Havens (1995) and Bach-
man et al. (2003) have shown that it is possible to calculate a frequency dis-
tribution which can be used to detect a probability for having different chl-a 
concentrations taking into account TP, TN and chl-a concentrations. Howev-
er, these results may be restricted to Florida lakes only. Therefore, using 
Markov Chains makes it possible to create a general model which can be 
used to calculate probabilities.  

Probabilities to exceed specific chl-a concentrations can, for example, be 
a guideline for lake managers for calculating the risk of having abnormal 
phytoplankton blooms in future months (e.g. the bathing season). If the risk 
of having abnormal phytoplankton blooms is high, these can be prevented by 
implementing different actions such as treatment with aluminium (Värnhed, 
2005; Lilliesköld Sjöö et al., 2011; Jensen, et al., 2015), decrease fertilizer 
application rate in the arable land (Djodjic and Mattsson, 2013),  or inform 
people in advance. 

2.3 Mass-balance and dynamic models 
Mass-balance models can be used, depending on the inherent model con-
struction, to evaluate the response from scenarios within an ecosystem’s 
different sub-parts and to dynamically evaluate changes (e.g. Savchuk, 2006; 
Håkanson and Eklund, 2007; Håkanson and Bryhn, 2008). Typically, an 
ecosystem can be divided into surface and deep water, and into different 
sediment types (erosion, transportation and accumulation sediment) as illus-
trated in figure 3. However, it is often difficult to create reliable mass-
balance models since they require measurements from most of the ecosys-
tems different compartments, and measurements of lake water quality are 
often concentrated to surface waters (databases often have much more data 
from surface waters compared to deep waters). One reason can be practical 
difficulties or insufficient financing. Another reason for restricted data col-
lection might be that human activity and primary production occur in the 
surface water and therefore there is a higher interest in focusing on surface 
water measurements. It is difficult to create reliable models for the whole 
water body in aquatic systems due to a higher abundance of data in the sur-
face waters compared to deep waters. However, to be able to create reliable 
models, the whole system has to be considered, which is possible with mass-
balance models. 
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Figure 3. Illustration of surface water, deep water and the wave base which is de-
fined by the limit of erosion, transportation and accumulation sediments in a lake. 

2.4 Statistical methods to determine temporal-trends 
Temporal-trends are used to determine whether e.g. a substance has changed 
in concentration from one time to another, based on the definition that there 
can only be one extremum in the data (Wu et al., 2007). A time-trend can be 
evaluated by plotting the raw data and observing the p-value of a linear re-
gression against time. The p-value can be determined by calculating a t-
value (equation 1) and henceforth be used to obtain a p-value from a statisti-
cal software or table.  
 = ∙( )

    (equation 1) 

where t is the t-value, r2 is the coefficient of determination, n is the number 
of data. 
 
A low p-value (often below 0.05 in aquatic sciences) indicates that there 
exists a significant trend and that a detectable decrease or increase can be 
considered. 

From equation 1 it is evident that the significance will increase with a 
higher r2 and a higher number of data. For large data sets a trend will be 
significant even though a fairly low r2 is obtained. This can in some specific 
cases lead to contradictory results which here is exemplified with the varia-
bles TP, TN and chl-a in the Baltic Proper; measurements are from 1975 to 
2007 (figure 4). The chl-a concentration depends on TP and/or the TN con-
centrations. This means that if TP and TN increase, chl-a is expected to in-
crease as well. The trend slopes of chl-a, TP and TN are significant (p < 
0.05) in the Baltic Proper; however, the chl-a concentration has a negative 
slope where the TP and TN concentrations have positive slopes (figure 4). It 
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is therefore not possible to conclude whether the chl-a, TP and TN concen-
trations have changed from the year 1975 to 2007.  

The Mann-Kendall test is another statistical analysis method to examine a 
trend. The test is non-parametric and is therefore applicable to data without a 
need to take their distribution into account. Since the decrease or increase of 
a trend is determined by the rank-order of data and not the magnitude, it is 
possible that the influence of temporal fluctuations is neglected. Data sets 
with large variations decrease the power of the Mann-Kendall test and larger 
data sets increase the power (Yue et al., 2002). 
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Figure 4. TN, TP and chl-a concentrations in the Baltic Proper, 1975-2007. A. TN 
concentrations, trend-slope = positive, r2 = 0.003, p-value < 0.001. B. TP concentra-
tions, trend-slope = positive, r2 = 0.006, p-value <0.001. C. chl-a concentrations, 
trend-slope = negative, r2 = 0.0004, p-value = 0.010. Figure taken from Paper V. 

 
 



 21

2.5 The concept of generality 
Statistical methods and models as for example those described above should 
be as general as possible, which means that they can be used at a large range 
of geographical locations (Bryhn, 2008). It is possible to increase the gener-
ality and range where the model can be used if it is derived across several 
systems (figure 5). This will increase the reliability of predictions in other 
systems, enable the application to systems where few data are available, and 
make it possible to predict with less or no calibration of the model (Peters, 
1991; Aldenberg et al., 1995; Bryhn and Håkanson, 2007). However, general 
models may ignore some specific differences among several systems and the 
precision within one unique system might decrease. A system-specific model 
would perhaps be better for predictions where the characteristics (e.g. wind 
activity) are too specific among several systems to be captured. A balance is 
needed between general and system-specific models to attain high predictive 
power (Peters, 1991). In Paper I to IV the statistical methods and models 
were developed using as many lakes as possible with a high diversity to in-
crease the range and ease of application for lake managers. Paper V derived 
a method, using the criteria level of significance (p < 0.05), an r2 above 0.65 
(Prairie, 1996), and Monte-Carlo techniques, to establish an SMT (Statisti-
cally Meaningful Trend) which can be applied within and across different 
systems. All the presented statistical methods and models in Paper I to V are 
to be considered as general and can be used for most aquatic systems, as 
long as the systems fall within the specified ranges mentioned in the papers. 

 

 

Figure 5. Illustration of how a large range of empirical and modelled values can 
increase the coefficient of determination (r2). A. One lake yields a low r2, 0.08. B. 
Three lakes increases the range and r2 to 0.95. Modified from Bryhn (2008). 
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2.6 Model uncertainty and limitations 
Models are used to describe reality and should not be confused with repro-
ducing real causal relationships (Peters, 1991; Costanza, 1999). There are 
several different types of model structures and parameter sets to simulate the 
same variables with acceptable predictions (Beven and Freer, 2001; Fulton et 
al., 2003). Statistical parameters such as the r2 and p-value can be used to 
describe how well a model replicates the modelled data. However, inherent 
uncertainty can still be found within a model even though it has sufficient r2 
and p-values (Dimberg, 2014). 

Modellers aim to reach as high model accuracy as possible and therefore, 
often, tend to increase the model complexity. Large complex models might 
seem desirable but it is not always necessary to increase the complexity in 
order to describe a variable or an ecosystem with high accuracy. Even 
though it sounds logical to take into account “everything” that surrounds an 
entity in a complex ecosystem, this also comes with large uncertainties 
(Nielsen, 1992; Nielsen, 1994; Håkanson, 1995; Fulton et al., 2003). Large 
uncertainties in modelling results derive from, for example, parameters, pro-
cesses and data quality (Nielsen, 1994; Håkanson, 1995; Håkanson, 1999; 
Costanza, 1999). However, many complex models can give predictions with 
high accuracy compared to observed data but are often a result of calibrating 
and “forcing” the data to form a pattern it otherwise would not adopt. Large 
uncertainties are therefore hidden behind the success of re-describing old 
observed data, or validated against other data sets which were measured 
under the same conditions. A model with sufficient predictive power at dif-
ferent conditions is more reliable than a model which has to be recalibrated 
once the conditions change (Aldenberg et al., 1995). It has been shown that 
more variables in a model can increase the r2 value but will at the same time 
also increase the total uncertainty in the models. A balance between the de-
gree of explanation and the total uncertainty is therefore essential to build an 
optimal model (Costanza and Sklar, 1985; Håkanson, 1995; Håkanson and 
Peters, 1995; Fulton et al., 2003). 

The time resolution in models is also one important issue to discuss. A 
model which can predict a variable from one day to another or even one hour 
to the next hour can give an expectation that it is reliable and would be use-
ful to run on different scenarios (responses in the system after changed con-
ditions). Even though predicting variable behaviour from one day to the next 
can be valuable in some cases, it is rare that it is needed in aquatic manage-
ment. A longer perspective is often required and model managers or politi-
cians want to know which changes will occur over a longer timescale in the 
future. A model which is created to predict short-term changes may fail to 
make reliable predictions in a longer perspective due to an increase in the 
uncertainty. The main reason for this uncertainty is that the variables needed 
to make short-term predictions (e.g., wind and weather conditions) are diffi-
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cult to measure and highly variable; therefore the total uncertainty will in-
crease for long-term predictions since the model will be more prescriptive 
than predictive (Fulton et al., 2003). Decreasing model complexity can, 
however, result in limited useful predictions (Murray, 2001; Fulton et al., 
2003). Model managers should therefore stress to find the optimal size 
which minimises complexity, but still gives reliable predictions (Håkanson, 
1995; Fulton et al., 2003; Malmaeus et al., 2008). 
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3. Study areas and data 

Study areas in this thesis ranged in latitude from northern Sweden (68.35 N˚; 
including the Baltic Proper) to southern Florida (27 N˚). Most of the studied 
Swedish aquatic ecosystems data came from the Swedish University of Ag-
ricultural Sciences (SLU, 2014) database, which includes lakes from north-
ern to southern Sweden (figure 6). Those lakes are included in Paper I to IV. 
However, lakes which range from northern Sweden to southern Florida are 
also included in Paper II and III (n = 187; excluding Swedish lakes). Paper V 
derives a method to establish a statistically meaningful trend (SMT) and 
exemplifies this on the Baltic Proper, although other examples are also made 
in other scientific disciplines. Chl-a concentration was a common dependent 
variable in this thesis and has been used in many previously published stud-
ies to examine water quality as a response to eutrophication (e.g. Prairie et 
al., 1989; Doering et al., 2006; Phillips et al., 2008; Søndergaard et al., 
2011).  

 

 

Figure 6. Swedish lakes which are included in SLU monitoring program, n = 110.  
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In Papers I to III, statistical methods and models were derived for and exem-
plified on chl-a concentrations. In Paper I, many different independent vari-
ables were used to predict chl-a concentrations along with several morpho-
logical variables (table 1), and in Paper II TP concentrations were used along 
with the latitude as independent variables. In Paper III chl-a concentrations 
were used as input data to evaluate and calculate the probability to reach 
different chl-a concentrations. In Paper IV surface water concentrations of 
TP, TN, total organic carbon (TOC), dissolved oxygen (DO) and iron (Fe) 
were used to respectively predict deep water concentration along with mor-
phometric parameters (area, wave base, altitude, mean depth, dynamic ratio, 
volume and latitude). In Paper V, chl-a, TP, and TN were used as variables 
to determine whether they have changed over time in the Baltic Proper. The 
trophic states of the lakes ranged from oligotrophic to hypertrophic (Håkan-
son and Jansson, 1983). The mixing regime for the Swedish lakes was classi-
fied as dimictic or cold monomictic, while the more southern lakes ranging 
down to the latitude of Florida were classified as oligomictic (Hutchinson 
and Löffler, 1956). 

Table 1. Variables collected and used in Paper I. The ranges are median values for 
the months June to August. Table from Paper I 

Variable Range Unit Note 

Area 0.02-52.48 km2 Lake area 
Chl 0.3-82.6 µg/l Chlorophyll-a 
Dm 0.7-27.7 m Mean depth 
Fe 12.5-4950 µg/l Iron 
Lat 55.49-68.35 ˚N Latitude 
NH4 3-54 µg/l Ammonium 
NO2NO3 1-113 µg/l Nitrite + Nitrate 
pH 4.84-8.54   
PO4 1-18.5 µg/l Phosphate 
Secchi 0.35-12.5 m Secchi depth 
Si 140-4710 µg/l Silicon 
Temp 7.5-21.3 ˚C Temperature 
TP 2-86.5 µg/l Total phosphorus 
TN 133.5-1150 µg/l Total nitrogen 
TOC 900-29200 µg/l Total organic carbon 
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4. Models used in this study 

In this thesis, several statistical methods and models have been used to pre-
dict water chemistry variables: Genetic programming, linear and multiple 
regressions, Markov Chains and dynamic models. The coefficient of deter-
mination and p-value, along with Monte Carlo techniques, were used to de-
rive a method to determine trends. 

4.1 Genetic programming as a method to predict 
summer chlorophyll-a concentrations 
Genetic programming (GP) is addressed in Paper I where a comparison be-
tween linear regression models and GP has been performed for summer chl-
a concentrations using several independent variables, e.g. TP, TN and mor-
phometric parameters (table 1, Chapter 3) in 104 Swedish lakes. The hy-
pothesis was that since most lake variables are positively skewed (Prairie et 
al., 1989; Håkanson and Peters, 1995), GP would increase the predictive 
power since there is no need to transform data to maintain a normal distribu-
tion in GP. 

Several different statistical methods were used to distinguish which type 
of model procedure (linear regression, multiple regression, or GP) along 
with which independent variables that could be recommended for predicting 
summer (June to August) chl-a concentrations. The statistical analysis is 
based on several methods, such as comparing the models with an independ-
ent data set, sensitivity and uncertainty analysis, and error estimation. In 
addition to this, complex GP models were constructed to examine whether 
the increased predictive power could overcome inherent uncertainties from 
more parameters and variables.  

4.2 Multiple regressions as a method to predict seasonal 
chlorophyll-a concentrations 
In Paper II the collected data were used to derive thresholds for how large an 
r2 value could be expected when creating monthly chl-a models. This was 
done by, randomly, dividing the data set of chl-a concentrations into two 
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parts and correlate the respective parts to each other. Earlier papers have 
suggested that it is not possible to create models and explain more than the 
data itself due to inherent uncertainties (e.g. Håkanson, 1999).  

12 different statistical models, one for each month, were derived in Paper 
II which can be used to describe the seasonality of chl-a concentrations. Data 
from 308 lakes were used, ranging from northern Sweden to southern Flori-
da. The statistical models presented in Paper II used the latitude to distin-
guish lakes with different climatological states and the summer (June to Au-
gust) concentrations of TP, since several lakes have a scarcity or lack of 
measured data for other months. This gives an opportunity for lake managers 
to evaluate the seasonal behaviour even in lakes where measurements are 
scarce.  

The 12 monthly models were in this thesis used to calculate annual chl-a 
concentrations for estimating different scenarios, e.g. if the TP concentra-
tions would decrease by 30 %. This is a preferable limit to detect notable 
changes since the coefficient of variation (CV) for TP is often close to 30 % 
in lakes (Håkanson and Peters, 1995). To exemplify this, the 12 monthly 
models were applied to 110 Swedish lakes to examine how the chl-a concen-
trations would react to a decrease of TP with 30 %, as compared to their 
original states. 

4.3 Markov Chains as a method to calculate probability 
of water chemical concentrations 
Paper III describes the procedure of calculating probabilities using Markov 
Chains on 308 lakes, where the relationship of having a certain concentration 
compared to another month is used. The calculations are not complicated but 
time-consuming for large data sets; therefore a model (Probability of Chlo-
rophyll-a Concentrations, PoCC) was created using the Java programming 
language and tested in Paper III to facilitate the calculations (figure 7). The 
calculated probabilities can for example be plotted to illustrate a certain risk 
to exceed different thresholds for concentrations. A data set with monthly 
concentrations for several lakes is needed to make the calculations. The data 
set can be divided into different typical geographical locations to capture 
more local than general probabilities. In addition to using Markov Chains it 
is also possible to use a direct relationship between two months if they have 
a high interdependency. 
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Figure 7. Screen capture of the Java software PoCC which can be used to calculate 
probabilities for different water chemistry concentrations. 

 
Probabilities of exceeding different chl-a concentrations in August for 91 
Swedish lakes were also calculated in this thesis to illustrate the general ap-
plicability of using Markov Chains. The calculations were based on meas-
urements from May. 

4.4 Dynamic and multiple regression models as methods 
to predict chemical concentrations in lake deep waters 
Since there is a higher abundance of water chemistry data in surface com-
pared to deep water (as stressed in Chapter 2.3) multiple regressions along 
with surface chemistry data and morphometric parameters were used for 61 
lakes in Paper IV to create a dynamic model to predict concentrations in 
deep waters. The dynamic model can therefore be used for lakes where 
measurements of deep water chemistry data are missing. Paper IV considers 
the relationship between the concentrations of the substances TP, TN, TOC, 
DO and Fe in the surface water and in the deep water. 

As stressed before, the water body of aquatic ecosystems is affected by 
erosion, transportation and accumulation sediments and it is therefore im-
portant to include the influence of those sediments to predict deep water 
concentrations. For example, morphometric parameters which can be used to 
calculate the influence from sediment on deep water are the wave base (Wb; 
equation 2), the dynamic ratio (DR; equation 3), the mean depth, area, vol-
ume, altitude and latitude. 

 = . ∙√. √    (equation 2) 

Wb is the wave base [m], Area is the lake surface area [km2]. 
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 = √     (equation 3) 

DR is the dynamic ratio, Area is the lake surface area [km2], Dm is the mean 
depth of the lake [m]. 
 
 
The dynamic ratio describes the impact on water mass from wave and wind 
activity. The Wb can be used as a limit for where the transportation sediment 
is separated from accumulation sediment, or as here defining the limit be-
tween surface water from deep water (figure 3, Chapter 2.3). Multiple re-
gressions were made for the months February to October using surface water 
concentration and morphological parameters to create relationships with the 
deep water concentration. The criteria for finding useful models with high 
predictive power were set to an r2 above 0.65 and a p-value below 0.05. The 
statistically-derived models were implemented into a sub-model constructed 
to estimate the deep water volume and the total mass was calculated in the 
deep water (figure 8). Modelled results were exemplified and compared to 
empirical data in one lake, Rotehogstjärnen, located at 58.82˚ N. 
 



 30 

 
Figure 8. The model setup to calculate the mass in deep water, here illustrated with 
TP. Paper IV explains the different abbreviations and variables. Figure modified 
from Paper IV. 
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4.5 Coefficient of determination, p-value and Monte 
Carlo as a method to determine temporal-trends 
It can be seen in Chapter 2.4 that a more stricter and descriptive parameter 
with an acceptance of large variability is needed to evaluate whether the TP, 
TN and chl-a have changed over time in the Baltic Proper. Such a method is 
introduced and derived in Paper V and referred to as “Statistically meaning-
ful trend (SMT)”. 

The method to conclude whether a trend is an SMT or not has been de-
rived using Prairie’s (1996) staircase (explained below), a significance level 
of p < 0.05, and Monte Carlo analyses. It was thereafter tested on several 
independent data such as water chemistry concentrations (chl-a, TP and TN) 
in the Baltic Proper, data on economic growth, temperature deviations and 
population growth. Prairie (1996) showed that an r2 between 0 and 0.65 had 
approximately zero predictive power and thereafter increased exponentially 
with increasing r2 values. A p-value below 0.05 is often used as a threshold 
to detect significant trends in aquatic sciences and therefore used to detect an 
SMT. Monte Carlo analyses were performed to detect the sensitivity of the 
method and for how it best can be applied. 

 A data trend increases in r2 if the data is divided into different intervals 
and henceforth mean values are calculated for each interval (Jones et al,. 
1998; Dimberg, 2014). This also results in a smaller number of data in the 
analysis where the p-value will increase. An SMT can be concluded by com-
bining the r2 with the p-value, where an r2 above 0.65 and p-value below 
0.05 indicates that an SMT exists. In other words, a balance between the 
statistical parameters, the r2 and the p-value, can be found while dividing the 
data set into intervals. If the data set has at least one interval division which 
indicates SMT, the data should be considered as having an SMT. However, 
test results showed that it is not necessary to split the data set into more in-
tervals than 19 (or up to the maximum number of intervals). Dividing the 
data set into intervals will eliminate temporary fluctuations (or outliers) but 
will, however, not entirely neglect their magnitude and influences. 
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5. Results and discussion 

5.1 Model evaluation for predictions of summer 
chlorophyll-a concentration 
In Paper I, different type of models (genetic programming, linear and multi-
ple regressions) were evaluated for predictions of summer chl-a concentra-
tions using different independent variables (table 1, Chapter 3). These evalu-
ations are valuable information for lake managers to determine which meth-
od to use in the future. The results showed that the best and recommended 
model used a multiple regression with transformed data (table 2). The rec-
ommended model had TP, TN and latitude as independent variables and is 
consistent with the findings by Ulén and Weyhenmeyer (2007) where cya-
nobacterial blooms were found to be mainly controlled by phosphorus, ni-
trogen and temperature. In the comparison made in Paper I, the difference 
between regression and GP models was found to be small, and that GP re-
quires special experience from the user, therefore the final conclusion was 
that the multiple regression approach was recommended. Overall, the multi-
ple regression was easier to use and had higher predictive power with less 
uncertainty. It is, however, still to be shown whether GP can be used to im-
prove the predictive power for lakes ranging from larger geographical loca-
tions in the data set, where local differences are more notable. It could not be 
recommended to construct GP models with higher complexity to improve 
the predictive power since the added uncertainty was found to be too large, 
and therefore making predictions useless, even though high r2 values of the 
models were produced. 
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5.2 Seasonal variations of chlorophyll-a concentrations 
In Paper II, 12 statistical models were produced to predict the seasonality of 
chl-a concentrations (table 3). These models are useful for lake managers 
who need to generally describe the seasonality of chl-a concentrations in 
lakes with few data and drive variables (only the latitude and summer TP 
concentrations are needed). The models were also evaluated to determine 
whether the accuracy and predictive power could be improved. Therefore, as 
mentioned in Chapter 4.2, the data was randomly divided into two parts, one 
for each of the 12 months. The comparison of the randomly divided data set 
suggested that it was not possible to expect a higher r2 value than 0.50 for 
November when creating models, while the threshold r2 was 0.90 for August 
(table 4). Table 4 can be a guideline for lake managers in terms of the maxi-
mum r2 that ought to be expected when creating general monthly models 
covering a large variety of lakes. 

Almost all the derived 12 models were close to the highest expected r2 
values (table 3 and table 4). Exceptions were May, November and Decem-
ber, where the models’ r2 values for May and November were slightly higher 
than the highest expected r2 (0.01 and 0.03), but this is probably within the 
uncertainty span. The model representing December can be improved signif-
icantly by at least 0.27 units. It is possible that the r2 value will increase for 
December with a larger data set. 

Table 3. 12 monthly regression models of chl-a. a1 is the TP concentration for 
summer and a2 is the latitude coefficient in log(chl-a) = a1log(TP) + a2sqrt(latitude) 
+ intercept. “-” indicates that the parameter was rejected at level p > 0.05. The ge-
neric p-value was below 0.001 for all the monthly regression models. Table modi-
fied from Paper II 

Month r2 a1 a2 Intercept 
Jan 0.66 0.71 -0.26 1.39 
Feb 0.66 0.73 -0.28 1.46 
Mar 0.66 0.46 -0.43 2.86 
Apr 0.69 0.91 -0.11 0.30 
May 0.62 0.88 - -0.40 
Jun 0.74 0.99 - -0.56 
Jul 0.80 1.16 - -0.72 
Aug 0.82 1.16 0.05 -0.92 
Sep 0.77 1.06 - -0.48 
Oct 0.73 0.85 -0.07 0.16 
Nov 0.53 0.73 -0.11 0.56 
Dec 0.49 0.83 - -0.21 
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Table 4. Highest expected r2 values (r2
e) of chl-a when randomly dividing the meas-

urements for each lake into two parts. Table from Paper II 

Month r2
e n 

Jan 0.70 33 
Feb 0.77 117 
Mar 0.77 97 
Apr 0.71 162 
May 0.61 188 
Jun 0.78 226 
Jul 0.81 213 
Aug 0.90 302 
Sep 0.83 190 
Oct 0.75 200 
Nov 0.50 67 
Dec 0.76 29 
 
 
The applicability of the 12 models for predictions of chl-a seasonality was 
exemplified in Lake Rotehogstjärnen (figure 9), as previously exemplified 
with a static model in figure 1, Chapter 2.1.2. As illustrated, the predicted 
values were within one standard deviation (where it could be calculated) for 
all months and could be used to explore the seasonality of chl-a concentra-
tions. Since the empirical chl-a concentrations were missing for December 
and January, predictions were also calculated to exemplify which concentra-
tions to expect for those months.  

 
Figure 9. Predicted chl-a concentrations in Lake Rotehogstjärnen, 58.82˚ N, using 
the 12 equations presented in Paper II. r2 = 0.63. Mod = modelled chl-a concentra-
tions, Emp = empirical chl-a concentrations. Figure modified from Paper II. 
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In this thesis, the 12 derived models were used to calculate how 110 lakes 
located in Sweden responded after a decrease of 30 % in TP concentration 
(figure 10). The decrease would be most notable in lakes with originally high 
trophic status since lakes with already low chl-a concentrations do not re-
spond with the same magnitude as eutrophied lakes. This can be explained 
with the findings by Prairie et al. (1989) where the relationship between chl-
a and TP concentrations had a sigmoid form, meaning that a decrease in TP 
would have a larger response in chl-a for lakes with high trophic status than 
those with low. 
 

 

 
Figure 10. Predicted annual chl-a concentrations in Sweden using the 12 monthly 
models from table 3, n = 110. A. 1•TP, lakes´ original state. B. 0.7•TP, lakes’ TP 
concentrations are decreased by 30 % from their original state. 
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5.3 Probability of water chemical concentrations 
The probability calculations using Markov Chains were exemplified on chl-a 
concentrations to exceed certain threshold values (Paper III). These results 
are important for managers of aquatic ecosystems who need to detect the 
risks of exceeding certain chemical concentrations in future months. The 
calculation steps could be used to attain a probability for reaching different 
chl-a intervals based on measurements in earlier months. It was concluded 
that it was better to plot accumulated probabilities for different interval spans 
in order to give a better overview and to generally describe the development. 
The application of the calculated probabilities is exemplified in figure 11 
where cumulative probabilities of exceeding different chl-a interval values 
have been plotted. For example, the risk of exceeding a chl-a concentration 
of 10 µg/l in August is approximately 60 % if the measured chl-a concentra-
tion in May for one lake is 10 µg/l (figure 11).  
 

 
Figure 11. Cumulative probabilities of exceeding median monthly chl-a concentra-
tions in August. Three curves represent median monthly chl-a concentrations where 
measurements are made in May of 1, 5 and 10 µg/l. The calculations were done 
using 10 intervals and the MC method was used. 

 
In this thesis, probabilities for 91 Swedish lakes were calculated and showed 
that, during August, there is a higher risk of having chl-a concentrations 
above 10 µg/l in the southern part of Sweden than in the northern part based 
on measurements from May (figure 12). According to the calculations using 
PoCC, the average probabilities of expecting chl-a concentrations above 10 
µg/l in August is 27.5 % for southern Sweden (latitude < 61˚ N) and 14.0 % 



 38 

for northern Sweden (latitude > 61˚ N). However, dividing the latitudes into 
more intervals show that the highest risk (29.1 %) of having chl-a concentra-
tions above 10 µg/l in August can be found within the latitude span 58-61 ˚ 
N and not in the most southern part of Sweden (table 5). Therefore, even 
though the climate (latitude) is important for promoting high chl-a concen-
trations, it is not the only critical factor. As stressed before, nutrients also 
play an important role for having abnormal phytoplankton blooms (e.g. Phil-
lips et al, 2008; Lyche-Solheim et al., 2013). 
 

 
Figure 12. Illustration of: A. chl-a concentrations in May for Swedish lakes. B. the 
probability of exceeding 10 µg/l chl-a concentration in August. N=91.  
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Table 5. 91 Swedish lakes divided into latitude intervals presenting average proba-
bilities of exceeding chl-a concentrations above 10 µg/l in August based on meas-
urements in May. n = number of lakes in each latitude interval. 

Latitude interval ˚ N Mean Probability [%] n 

55-58 25.5 28 
58-61 29.1 36 
61-64 16.7 11 
64-68 12.1 16 
 
 
It is important to note that a large data set will increase the accuracy in the 
calculated probabilities, and that it will also make it possible to increase the 
number of intervals chosen. As shown in Paper III, the empirical values in-
dicate that it is better to use step by step calculations, i.e. to use Markov 
Chains, instead of using a direct relationship between two months, since the 
Markov Chain method increases the predictive power (more data will be 
used).  

Even though the method is exemplified using chl-a concentrations, it is 
probably possible to make the same type of calculations for other water 
chemistry variables such as TN, TP and TOC. 

5.4 Chemical concentrations in lake deep waters 
Surface water concentrations (TP, TN, TOC, DO and Fe) can be used to 
generally describe and predict deep water concentrations for different 
months (Paper IV). The findings are of importance for lake managers who 
need to predict and determine which chemical concentrations that are most 
sensitive to specific morphological parameters for different months. Also, 
the findings are useful to predict deep water concentrations (if they are miss-
ing) using surface water concentrations, and to develop mass-balance models 
that can be used to predict the mass in deep waters with drive variables that 
are easy to access.  In Paper IV, it was shown that there is a high and signifi-
cant correlation between most concentrations of compounds in surface water 
and in deep water (table 6). Observing the results of the different chemical 
concentrations from months February to October, it can be concluded that, in 
general, TOC had the strongest and DO the weakest correlation between 
surface and deep water (table 6). 
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Table 6. Coefficient of determination (r2) between surface and deep water concen-
trations for February to October. All correlations are significant (p < 0.05) except for 
Fe in March and DO in August 

Month TP TN TOC DO Fe 

Feb 0.82 0.82 0.84 0.35 0.87 

Mar 0.75 0.80 0.92 0.74 0.01 

Apr 0.80 0.83 0.91 0.22 0.68 

May 0.81 0.85 0.95 0.48 0.98 

Jun 0.62 0.92 0.99 0.49 0.74 

Jul 0.71 0.81 0.97 0.38 0.46 

Aug 0.94 0.85 0.93 0.13 0.93 

Sep 0.66 0.84 0.98 0.54 0.56 

Oct 0.75 0.80 0.88 0.71 0.93 
 

5.4.1 Multiple regressions for predictions of deep water 
concentrations using surface water concentration and lake 
morphometry 
In the process of creating multiple regressions, the area and Wb were never 
included in any multiple regressions for any dependent variable (TP, TN, 
TOC, DO, or Fe). One reason might be that the area, Wb and volume were 
detected to be within the same cluster (highly correlated with each other, r2 > 
0.65) and where one of these variables was found to be significant, the vol-
ume had the highest correlation with the dependent variable. However, it is 
not odd that these variables show a high correlation among each other since 
the area is used to calculate both Wb and the volume. Overall, this means 
that it is important to examine the correlation and only chose one variable of 
area, Wb or volume, when creating multiple regressions. Otherwise, there is 
a risk that another potentially important variable could be blocked and not 
included during the process of deriving the model (Håkanson and Peters, 
1995). Too many variables included in a model will increase the uncertainty, 
even though it might seem like the predictive power increases, as stressed in 
Chapter 2.6. Most derived models had sufficient predictive power (r2 > 0.65; 
p < 0.05) for the months February to October and the variables TP, TN, TOC 
and Fe. However, it was not possible to create models with sufficient predic-
tive power for several months regarding the deep water concentrations of 
DO. 

The surface TP concentration was the most important variable to predict 
the deep water TP concentrations. Results showed (Paper IV) that morpho-
metric parameters were important to increase the predictive power for the 
period July to February with an exception of August. This result shows that 
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the deep water concentration in lakes is more affected by the amount of dif-
ferent sediments, overall wind and wave activity or other climatological 
parameters such as altitude for periods during and after the summer. From a 
statistical aspect, the surface water concentration was the only significant 
variable for predicting the deep water concentrations without increasing the 
uncertainty too much between March and June. 

The TN concentration in the surface water was the most important varia-
ble for predictions of deep water TN concentrations. Both latitude and alti-
tude increased significantly the predictive power between the summer and 
October. The latitude is probably important for this period since it is able to 
predict when the peak of TN occurs in lakes located far from each other. 
Also, the climate, which is affected by the distance above sea level, is im-
portant for this period, as stressed by the inclusion of the altitude into the 
multiple regression. In Sweden, a higher altitude correlates well with a high-
er latitude and therefore these two parameters both affect the climate but for 
different reasons. Higher latitudes decrease the solar irradiance and thereby 
the temperature (Bishop and Rossow, 1991) while higher altitude increases 
the wind and decreases the temperature (Livingstone et al., 1999; Beniston, 
2006). 

The most important parameter to predict deep water concentrations of 
TOC was the surface water TOC. The DR was found to be significant for 
two months (July and October), but r2 decreased by 0.01 when excluding this 
parameter. More parameters may not be able to show a high increase in the 
r2 since the surface concentration of TOC had a high correlation with deep 
water TOC for all months (table 6). Even though DR was significant for two 
months, it is appropriate to stress that the surface water concentration of 
TOC was the only important variable for predictions of the deep water con-
centration. 

The DO concentrations in the deep water were best predicted using only 
the volume for the summer months (June, July and August). The input pa-
rameter of DO in the surface water was significant for the other months; 
however, the predictive power was low for all months except March and 
October. The reason that the predictive power was low for most months is 
that it is possible that DO has a large variability because of temporal wind 
and wave activity, gas exchange between water and atmosphere (Marino and 
Howarth, 1993), and also a large bacterial activity in deep waters and surfi-
cial accumulation sediments which consumes oxygen (Wetzel, 2001). For 
months March and October, the spring and autumn overturn coincides in the 
lakes meaning that the DO concentration in the surface and deep water is 
evenly distributed due to mixing. 

Deep water Fe concentrations were best explained using surface water Fe. 
Morphological parameters gave notable increases in the predictive power for 
the period May to October (with the exception of August). This indicates 
that other parameters than surface water Fe may be of importance to under-
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stand and describe the deep water Fe concentrations. However, no special 
morphological parameter could be found to describe this behaviour; perhaps 
one way to improve the predictive power would be to include different pro-
cesses from the sediment, e.g. rates of biological or chemical reactions (Park 
and Jaffé, 1996). 

In general, morphometric parameters were found to be significant in the 
multiple regressions after the summer; this indicates that it is possible to 
increase the predictive power by considering variables or processes besides 
surface water concentrations. Deep water concentrations were more affected 
after the summer than before by wind and wave activity, sediments or geo-
graphical locations (latitude and altitude). The investigated lakes had lati-
tudes ranging from 55.5 to 68.4˚ N which can be one reason why morphome-
try is of importance after the summer where different behaviours are ob-
served for different lakes at the same time. At a more local range (local 
lakes), the relationships would probably behave more similarly. However, at 
a wide range (lakes at far distance from each other) it is necessary to use 
morphometric parameters to capture the general difference across the lakes; 
this will therefore increase the applicability of the models if they are to be 
used for other lakes not included in the modelling process, as presented in 
Paper IV. 

5.4.2 Mass-balance example to predict the mass of compounds in 
deep waters in Rotehogstjärnen 
A dynamic model to predict the mass in deep waters was created and tested 
with data from Lake Rotehogstjärnen, located at 58.82˚ N. The results 
showed that the derived statistical models could be transformed into a dy-
namic model to estimate the mass of TP, TN, TOC, DO and Fe in the deep 
waters (figure 13). Some months were over- or underestimated (see relative 
error in mass, figure 14) and indicated that other processes which are not 
included are of importance when describing the masses of the different vari-
ables. For example, the particulate fraction can be included to distinguish the 
amounts which are in a dissolved or particulate form (Johansson et al., 
2001), or the bacterial activity’s effect on the sediments may also be includ-
ed (Hupfer and Lewandowski, 2008). The results from TP showed that the 
modelled values were underestimated during the summer (figure 13); there-
fore it is reasonable to assume that the sediments are an essential TP source 
during this period. Deep water concentrations could not be adequately cap-
tured for periods where the sediments are of importance, e.g. for TP and DO 
concentrations during summer, since the model does not take into account 
the interaction between the deep water and sediment. It was shown in Paper 
IV that the sediments were a source in lake Rotehogstjärnen for TP during 
summer and a sink from April to June. These results corresponded with the 
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DO concentrations; the empirical values were lower than the modelled val-
ues during summer and contrariwise from April to June. The findings stress 
the importance to include sediment processes in lake models, especially from 
the months April to August. It was, however, possible to quantify the amount 
of leaked mass (or if the sediment acted as a sink to calculate the accumulat-
ed amount of mass) from the sediment when the modelled results were com-
pared with the empirical data; this could potentially be a sufficient approxi-
mation to determine the sediments’ contribution of mass in lakes, instead of 
performing expensive measurements.  

The modelled mass of DO showed that it was overestimated in the sum-
mer. This corresponded well with the underestimated results of TP during 
summer where a lower concentration of DO in the sediment would lead to 
higher TP in the deep water. The same reasoning can be made from April to 
June since the sediment probably acts as a sink for TP due to lower modelled 
concentrations of DO than expected. 

The differences between the modelled and empirical values are important 
information which can give an indication whether the sediments act as a sink 
or source of for example TP.  
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Figure 13. Modelled mass of TP, TN, TOC, Fe, and DO in the deep water of Lake 
Rotehogstjärnen, 58.82˚ N, using the derived statistical models and the sub-model to 
calculate the deep water volume. Emp = empirical values, Pred = modelled values. 
Note that the scales are different. Figure from Paper IV. 

 



 45

 
Figure 14. Relative error (100∙predicted/empirical-100) between the mass of pre-
dicted and empirical values using the produced models with the sub-model of deep-
water volume in Rotehogstjärnen. Figure from Paper IV. 

5.5 Inter-annual variations of water chemical variables  
It can be difficult to determine inter-annual water chemical variations in 
aquatic ecosystems when using statistical methods which are biased by the 
amount of data and therefore can lead to contradictory results. It is important 
to have reliable methods that show results which are consistent with each 
other. As illustrated in Chapter 2.4, it was not possible to determine the 
trends of TP, TN and chl-a concentrations in the Baltic Proper (from 1975 to 
2007) because of contradictory, and significant, results regarding these vari-
ables. However, calculating a statistically meaningful trend (SMT; Paper V) 
and analysing the results gives more insight regarding this issue. The results 
showed that no SMT could be found regarding the analysed variables and 
that the new results are consistent. Therefore, it can be concluded by using 
the SMT test, that there has been no significant trend from 1975 to 2007 for 
neither of the analysed variables (table 7).  

It can be seen that the data amount is large in figure 4 (Chapter 2.4), and 
that the trends therefore are inclined to be significant (if the p-value is ob-
served, exclusively; as illustrated using equation 1, Chapter 2.4). SMT is 
therefore a preferable method to use for large data sets. Paper V gives a more 
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detailed description of the procedure to calculate and how the SMT is de-
rived and is also exemplified for other time-series. For example, an SMT 
could be found for global temperature deviations (1850-2008), reported ma-
laria cases in the Philippines (1990-2006), armed forces personnel (1985-
2008), economic growth (1951-1999), and the population growth (1951-
2009). 
 

Table 7. Test of an SMT in the Baltic Proper and associated statistical parameters 
for TP, TN and chl-a concentrations. Time range: 1975-2007. SMT is positive if r2 > 
0.65 in combination with p < 0.05 in any of the calculated intervals. Table modified 
from Paper V 

Variable N r value for full 
time trend 

p-value for full time 
trend 

SMT? 

TP 45 609 0.08 <0.001 No 
TN 54 511 0.05 <0.001 No 
Chl-a 14 723 -0.02 0.010 No 
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6. Conclusions 

Some specific conclusions from the papers included in the thesis are the 
following: 
 
Genetic programming can be used as a substitute to traditional linear regres-
sion models for predicting chl-a concentrations in Swedish lakes. However, 
it is recommended to use multiple regressions, taking into account several 
independent variables (e.g. TP and latitude), since these types of models are 
easier to produce and had less uncertainty overall (Paper I). 
 
Chl-a seasonality in single lakes can be predicted using summer TP concen-
trations along with the latitude. Predictions can therefore be made in lakes by 
lake managers where there is a scarcity of data (Paper II). 
 
It is possible, with Markov Chains, to use chl-a measurements from one 
month and calculate the probability to exceed (or not exceed) a specific 
threshold value for future months in single lakes (Paper III). 
 
Surface water concentrations along with morphometric parameters can be 
used to statistically and generally describe the seasonality (February to Oc-
tober) of TP, TN, TOC, DO, and Fe in lakes deep waters. It is especially 
important to include morphometric parameters for months after the summer 
when lakes are located at a wide geographical range (Paper IV). 
 
A statistically meaningful trend (SMT) can be used to evaluate whether e.g. 
TP, TN and chl-a has increased or decreased over a time period for an eco-
system. The SMT results showed that the observed water chemistry variables 
(TP, TN and chl-a) had not changed in the period 1975 to 2007 in the Baltic 
Proper (Paper V). 
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7. Outlook 

There are some research topics I have started investigating but not had time 
to finish. Below, I briefly mention and discuss those ideas, and afterwards 
some new topics to provide ideas for researchers in the future. 
 

• There is a relationship of total organic carbon (TOC) among months 
which can be used with Markov Chains to calculate the probability 
to exceed or not exceed certain threshold values in future months. 
These calculations were made on 110 Swedish lakes; however, more 
general calculations can be used on international lakes by including 
additional data from wider geographical locations to expand the data 
set. Such an extensive data set of TOC concentrations would be val-
uable for lake managers who want to predict probabilities of exceed-
ing or not exceeding threshold values of TOC in future months.  

• An SMT can be used as a stricter criterion (instead of exclusively 
observing the p-value) to decide whether, for example, TP, chl-a and 
TOC has changed over a time period in single lakes. There are some 
lakes in Sweden (out of 25 lakes) that yield contradictory results 
when calculating an SMT compared to exclusively observing the p-
value. Further investigations of this are therefore needed and ought 
to be done on other aquatic ecosystems outside Sweden.  

• In Paper I it was concluded that GP cannot be used as a satisfactory 
substitute to traditional linear regressions for predictions of summer 
chl-a concentrations in Swedish lakes. It is, however, possible that 
GP can improve the predictions at a wider geographical range and 
for other water chemistry variables, or better capture the seasonality. 
Further investigations of this are therefore needed to conclude if a 
more complex modelling procedure is worth the effort for lake man-
agers in the future. 

• It would be interesting to investigate whether Markov Chains can be 
used on other water chemistry variables, such as TP, TN and perhaps 
biomass of fish for calculations of exceeding or not exceeding cer-
tain threshold values in future months. There is probably a great po-
tential in using Markov Chains for aquatic ecosystems that needs to 
be discovered. Such probabilities and relationships would be valua-
ble information for lake managers. 
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• As always, a sufficient amount of data is rare when statistical and 
model approaches are used. I therefore encourage scientists, official 
agencies, and private companies etc. to make their data as easily ac-
cessible as possible and open for everyone. With more data, we can 
do more. 
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8. Sammanfattning på Svenska: Prediktioner 
inom och mellan akvatiska system med 
statistiska metoder och modeller 

Det finns ungefär 304 miljoner sjöar och dammar i världen samtidigt som 
alla hav täcker 71 % av jordens yta. Akvatiska ekosystem (exempelvis sjöar, 
dammar och hav) spelar en avgörande roll och är en källa för liv, både för 
livet på land och i vatten. I Europa har över 50 % av sjöarna otillfredsställd 
ekologisk status. Sammantaget bidrar alla hav och sjöar med 68 % (av jor-
dens alla ekosystem) till viktiga tillgångar (varor och ekosystemtjänster). Det 
är därför viktigt att förvalta de akvatiska systemen så att oönskad påverkan 
blir minimal. På grund av att många akvatiska system har en otillfredsställd 
ekologisk status så har EU tagit fram vattendirektivet för EUs medlemslän-
der. Syftet med vattendirektivet är att medlemsländerna ska ha god ekologisk 
status i samtliga vattenförekomster.  

Innan en sjös status kan förbättras behövs undersökningar som säkerstäl-
ler att åtgärderna blir så effektiva och billiga som möjligt. Där spelar mo-
deller en avgörande roll. En modell kan användas för att förutsäga (predik-
tera) hur sjöns olika processer och vattenkvalitet förändras ifall oönskade 
utsläpp minskar eller om andra åtgärder vidtas. Idag finns det flera generella 
modeller som klarar av att göra sådana prediktioner. Det som speciellt kän-
netecknar en generell modell är att den fungerar på flera olika system samti-
digt, utan att modellstrukturen och viktiga parametrar behöver förändras. 
Sedan slutet av 60-talet har många modeller utvecklats för att kunna predik-
tera klorofyllkoncentrationer (chl-a). Chl-a används exempelvis som ett mått 
på hur övergödd en sjö är och i sjöar finns det ofta ett starkt beroende mellan 
chl-a och utsläpp av totalfosfor (TP) från jordbruk och vattenverk. Det finns 
emellertid begränsningar på hur bra prediktionerna kan bli, vilket ofta beror 
på otillräcklig datainsamling, bristfällig datakvalité eller krångliga modeller 
som bara specialister kan använda.  

Målet med denna avhandling är därför att: 
• Ta fram statistiska metoder och modeller som är enkla att använda.  
• Säkerställa att de statistiska metoderna och modellerna är generella 

och kan användas på de flesta akvatiska ekosystem som finns. 
• Vara en handledning till att ta fram liknande statistiska metoder och 

modeller 
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• Öka förståelsen för prediktoner inom och mellan akvatiska ekosy-
stem. 

De flesta statistiska metoderna och modellerna behandlar ämnena chl-a 
och TP, men vissa är generella och kan användas inom många olika sam-
manhang. 
 
I studie I jämfördes en förhållandevis ny modelleringsmetod, genetisk pro-
grammering (GP), med traditionella regressionsmodeller för att undersöka 
om resultaten blev mer träffsäkra vid prediktion av chl-a sommarkoncentrat-
ioner i svenska sjöar. GP är en mer avancerad metod (jämfört med regress-
ionsmodeller) för att framställa modeller. Fördelarna med GP är att metoden 
själv söker och anpassar modellstrukturen utan att någon speciell behöver 
definieras. Resultaten visade att båda modelleringsmetoderna gav snarlika 
resultat på träffsäkerheten, men att de traditionella regressionsmodellerna 
bör föredras eftersom de är enklare att skapa och blir mindre komplexa. Det 
behövs däremot ytterligare studier för att undersöka om samma slutsats kan 
ses som generell för andra variabler och ifall hänsyn tas till sjöar från ett 
större geografiskt område. 

I studie II skapades multipla regressionsmodeller för att prediktera sä-
songsvariationen av chl-a med TP koncentrationer från sommaren och lati-
tud. Det visade sig att generella och statistiska modeller kunde skapas för att 
prediktera säsongsvariationen av chl-a koncentrationer som bygger på ett 
dataset med sjöar från norra Sverige ned till södra Florida. Modellerna blev 
med rådande datakvalité så träffsäkra som möjligt för de flesta månader. Det 
finns dock utrymme att förbättra modellens träffsäkerhet för december må-
nad.  

I studie III undersöktes Markovkedjor och hur de kan användas för att be-
räkna sannolikheten att en specifik chl-a koncentration överstigs (alternativt 
understigs) i kommande månader baserat på tidigare mätningar. Markovked-
jor är en statistik metod som beräknar sannolikheten att hamna i ett visst 
tillstånd enbart baserat på tillståndet innan. Det är alltså en steg-för-steg be-
räkning som bygger på antagandet ”hur stor är sannolikheten att jag kommer 
befinna mig i nästa steg, baserat på att jag befinner mig här och nu”. Resulta-
ten visade att det är möjligt och ta fram sannolikheten för att överstiga (al-
ternativt understiga) en specifik chl-a koncentration i kommande månader i 
enskilda sjöar. 

I studie IV undersöktes ifall generella statistiska modeller kan tas fram för 
att prediktera månadsvariationer (februari till oktober) av djupvattenkoncent-
rationer med ytvattenkoncentrationer och morfometriska parametrar (exem-
pelvis en sjös area, medeldjup och latitud). Variablerna som undersöktes var 
TP, total kväve (TN), total organiskt kol, syrgaskoncentration och järn. Ett 
exempel på hur de statistiska modellerna kan användas för att beräkna mas-
san i djupvatten togs fram för en sjö (Rotehogstjärnen). Resultaten visade att 
tillfredsställande modeller kunde skapas för samtliga variabler och månader 
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med undantag från några enskilda, där syrgaskoncentrationer generellt hade 
störst osäkerhet. Beräkningen av massa i djupvattnet jämfördes med upp-
mätta värden och gav indikationer på att sjöarnas sediment hade en bety-
dande roll för vissa månader. Beräkningarna kan användas, med hjälp av 
mätningar, för att uppskatta hur mycket av respektive ämne som tillförs från 
sediment till djupvattnet och hur mycket som lagras i sedimenten. 

I studie V skapades en metod för att avgöra om olika ämnen ökat eller 
minskat över tid. Det finns andra liknande metoder och en av de vanligaste 
(beräkna p-värde) visade sig kunna ge motsägelsefulla trender. Därför här-
leddes en metod kallad för statistiskt meningsfull trend (SMT) som är strik-
tare och ställer högre krav för att avgöra om ett ämne förändrats över tid. 
SMT beräknades på flera olika variabler, bland annat TP, TN och chl-a kon-
centrationer i Egentliga Östersjön för tidsperioden 1975 till 2007. Resultaten 
visade att varken TP, TN eller chl-a förändrats mellan 1975 till 2007. Inga 
motsägelsefulla trender uppstod till skillnad från den andra välanvända me-
toden (beräkna p-värde). 

Slutligen, resultaten och de framtagna statistiska metoderna och mo-
dellerna i denna avhandling kan användas för att utföra prediktioner och öka 
förståelsen för akvatiska ekosystem, både inom och mellan akvatiska ekosy-
stem. 
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