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INTRODUCTION 

Risk assessment in general deals with estimating magnitudes and probabilities 
of adverse effects associated with an event1. Earliest risk assessments were 
related to gambling, but in seventeenth-century they were implemented to 
determine the likelihood that a trading ship would return successfully2. Since 
then, risk assessments have been conducted in many fields from finance to 
human health. Risk assessment in different fields considers series of factors that 
may cause an adverse effect. These factors vary from field to field, but the main 
goal is to systematically analyse those factors and estimate the probability of 
adverse effects. 

Every year, thousands of chemical compounds are released into the 
environment. Logically, one would assume that we know how those chemicals 
behave in the environment. However, for many chemicals used today there is no 
information about their environmental properties. In addition, chemicals not 
produced commercially are also present in the environment. Usually, such 
chemicals are degradation products or impurities of industrial substances3. Over 
the years, awareness of the importance of environmental risk assessment has 
increased. Unfortunately, boosted increase in awareness follows major 
ecological catastrophes. For example, major chemical (Sandoz chemical spill, 
1986) and oil (Deepwater Horizon oil spill, 2010) spills4. However, chemical 
behaviour in the environment is a complex process. Therefore, estimating the 
impact on the environment involves large uncertainty3. Many experimental tests 
were (and are being) developed to assess the risk chemicals pose to the 
environment. Yet, many experimental tests last days or even months, the cost of 
one test can amount to 100,000 euros, and hundreds of animals are used during 
the test5. Considering the factor of time, money, and animal testing, it is not 
feasible to measure the properties of all the chemicals experimentally. 

To fill the gaps in the data and reduce animal testing, quantitative structure-
activity relationships (QSAR) are proposed as an alternative solution. With the 
approval of the Registration, Evaluation, Authorisation and Restriction of 
Chemicals (REACH)6 legislation, the usage of QSARs in regulatory purposes 
got legal encouragement. Even though legal support for using QSARs in 
regulatory purposes exists, one must understand that not all QSARs are 
applicable. Valid QSAR must meet certain requirements (OECD principles7). 
According to Technical Guidance Document on Risk Assessment8, validated 
model can be used to: 

 
• assist in data evaluation 
• make a decision for further testing strategies 
• establish specific parameters needed in the risk assessment 
• identify data gaps on effects of potential concern.  
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Another point worth mentioning is that QSAR is a prediction tool and therefore 
there is a possibility that the prediction can be inaccurate. For that reason, 
instead of using one model, it is encouraged to use multiple models to build 
confidence in decision-making. 

The full process of environmental risk assessment consists of four steps: 
hazard identification, exposure assessment, effects assessment, and risk 
characterisation4. Those steps consider effects on terrestrial, aquatic and air 
compartments. The hazard of chemicals is usually assessed by persistence, 
bioaccumulation potential, toxicity, and potential for long-range transport9. This 
thesis focuses on exposure assessment in the aquatic environment, more 
precisely on the assessment of bioaccumulation potential of chemicals using 
different QSAR methods. It provides a general overview about ERA and 
endpoints used in ERA. A more thorough overview is given about the 
bioaccumulation potential and the methodologies used in this work. Finally, it 
summarises the results of the original research. It includes a global model 
proposed for predicting BCF and methods to derive subsets for local models to 
enhance prediction accuracy for BCF. In addition, classification models with 
new applicability domain approach for BCF are proposed. Classification models 
explore how different chemical distribution schemas on training phase influence 
the results. The proposed applicability domain approach is specific for Random 
Forest based QSAR models.  
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1. ENVIRONMENTAL RISK ASSESSMENT 

Environmental risk assessment (ERA) tries to eliminate or reduce risks that can 
be posed by chemicals to the environment. The complexity of ecological 
systems makes the estimation of risks highly uncertain. Despite that, there is a 
great interest in environmental risk assessment to scientifically prioritise 
problems with the greatest environmental risk and to find ways to reduce 
uncertainty1. 

ERA is part of the risk management process. The whole process consists of 
eight steps4: 
 
• Hazard identification 
• Exposure assessment 
• Effects assessment 
• Risk characterisation 
• Risk benefit analysis 
• Risk reduction 
• Monitoring and review 
 
From these steps, the first four belong to the risk assessment phase. This thesis 
focuses only on the risk assessment of chemicals in the environment. Therefore, 
a short overview is given only for the risk assessment steps. 

Hazard identification or problem formulation is the phase where potential 
hazards are acknowledged and further studies planned. This means that the 
available data is analysed to identify the source and exposure characteristics, to 
determine which ecosystems are potentially at risk and what kind of ecological 
effects are present1. In this step, assessment endpoints are selected. Assessment 
endpoint is defined as “an explicit expression of the environmental value that is 
to be protected, operationally defined by an ecological entity and its 
attributes.”10 Endpoints are used to give a mechanistic interpretation to the 
environmental value that needs protection1. It is important that selected 
endpoints are ecologically relevant, susceptible, and relevant to management 
goals11. Next step is to develop a conceptual model, which describes 
hypothesised relationships between sources and the assessment endpoint 
response2. The last step in this phase is to formulate an analysis plan. This plan 
specifies the assessment design, data needs, assumptions, extrapolations, and 
methods used for the analysis1. 

Exposure and effects assessments can be grouped together as analysis phase. 
Exposure assessment deals with measurements or predictions of the emission, 
transport, fate and behaviour of the chemicals in the environment12. This 
assessment consists of three different tasks: measuring exposure, analysing 
exposure and profiling exposure2. Exposure measurements determine concen-
trations of chemicals in different environmental compartments. Concentrations 
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can be measured experimentally or predicted by using some model4. The next 
step is to analyse samples taken from different spaces at different times and 
finally build an exposure profile, which summarises the results2. 

Effects assessment (dose-response assessment) is used to estimate the 
relationship between chemical concentration and observable effect1. Exposure 
assessment is also done in three steps. The first step deals with data gathering. 
Data is often obtained from QSAR models, read-across analysis, in vitro studies 
or from experimental laboratory studies4. The second step analyses gathered 
data to identify the relationships between chemicals and ecological effects. The 
final step determines the relationship between the scale and length of exposure 
and the endpoint effects2. 

The final part of the chemical risk assessment is risk characterisation where 
results from the analysis phase are put together to estimate potential risks. Risks 
can be characterised as effect/no effect ratios or probabilities12. Therefore, in 
this phase the assessment strengths, limitations, assumptions, and main 
uncertainties are outlined1. The main goal of this step is to provide the risk 
manager with a detailed overview of the probable risks. 
  

4
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2. ENDPOINTS IN ENVIRONMENTAL  
RISK ASSESSMENT 

The environmental risk of chemicals can be assessed with many different 
endpoints. Each of them gives some specific piece of information about the 
environmental risk. Obviously, not all of them have equal impact for risk 
assessment. Therefore, different agencies have developed so-called priority 
lists, which describe endpoints that are relevant to them. According to REACH 
legislation6, the endpoints needed for the registration of chemicals are 
categorized into three groups: physico-chemical information, toxicological 
information, and eco-toxicological information. This chapter gives a brief 
overview of eco-toxicological endpoints. As the sole endpoint used in this work, 
bioaccumulation process is described more thoroughly. 

Eco-toxicological endpoints in REACH are divided into six general groups6: 
 
1. Aquatic toxicity 

• Short-term toxicity testing on invertebrates 
• Growth inhibition study aquatic plants 
• Short-term toxicity testing on fish  
• Activated sludge respiration inhibition testing  
• Long-term toxicity testing on invertebrates 
• Long-term toxicity testing on fish 
• Fish early-life stage (FELS) toxicity test  
• Fish short-term toxicity test on embryo and sac-fry stages  
• Fish juvenile growth test 

2. Effect on terrestrial organisms 
• Short-term toxicity to invertebrates 
• Effects on soil micro-organisms 
• Short-term toxicity to plants 
• Long-term toxicity testing on invertebrates 
• Long-term toxicity testing on plants 

3. Effects on sediment organisms 
• Long-term toxicity to sediment organisms 

4. Toxicity to birds 
• Long-term or reproductive toxicity to birds 

5. Degradation 
• Biotic  

o Ready biodegradability 
o Simulation testing on ultimate degradation in surface water  
o Soil simulation testing  
o Sediment simulation testing  
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• Abiotic  
o Hydrolysis as a function of pH 
o Identification of degradation products 

6. Fate and behaviour in the environment 
• Adsorption/desorption screening  
• Bioaccumulation in aquatic species 
• Further information on adsorption/desorption  
• Further information on the environmental fate and behaviour of the 

substance and/or degradation products 
 

In European Union alone (in 2008), more than 12 million vertebrates were 
used for different kinds of tests13. The number of animals that were subjects for 
tests above was around two million. These numbers encourage seeking 
alternative approaches where possible. One of the alternatives is to use 
predictive models. Not all of the endpoints above are covered equally well. For 
example, first four groups of endpoints contain mostly different acute and 
chronic toxicity tests for various organisms. However, most of the predictive 
models are developed to cover acute aquatic toxicity. Different approaches for 
modelling acute aquatic toxicity has been reviewed by Netzeva and 
coworkers14. Other toxicity endpoints are rarely used for modelling. 
Degradation endpoints cover decomposition of chemicals through biotic or 
abiotic processes. Here are most models developed for biodegradability. 
Available models and known problems about modelling biodegradability were 
recently summarised by Rücker and Kümmerer15. If the fate and behaviour of 
the chemicals in soils are assessed by adsorption/desorption screening, then the 
fate and behaviour of the chemicals in organisms are tested with bioaccu-
mulation tests. Some soil sorption models have been reviewed by Doucette16 
and bioaccumulation models by Pavan and coworkers17. Bioaccumulation is 
covered in more detail in the following sections. 
 
 

2.1. Bioconcentration factor 

Bioaccumulation is a process where the concentration of chemicals in an 
organism can reach a higher level than in the surrounding environment. In the 
bioaccumulation process, all possible routes are considered as an entry route to 
the organism18. In a laboratory, bioaccumulation is usually measured as a bio-
concentration. The latter is a special case of bioaccumulation where absorption 
of chemicals from environment takes place only through non-dietary routes. 
Therefore bioconcentration factor (BCF) is defined as a proportion of chemical 
concentration in the organism (Co) and concentration in the water (Cw) at steady 
state (equation 1)19. In essence, bioconcentration is the total of uptake, 
distribution and elimination processes of a chemical due to aqueous exposure18. 
According to REACH legislation6, the preferable organism for BCF measure-
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ments is fish, but other aquatic organisms, like mussels, are also used. 
Guidelines to measure bioconcentration experimentally are described in OECD 
test no. 3055. Since the evaluation of chemical compound’s bioaccumulation 
potential is based mainly on the bioconcentration factors in fish, this overview 
concentrates on the effects that influence the bioconcentration in fish. 
 
ܨܥܤ  =  ௪ (1)ܥ௢ܥ

 

2.1.1. Uptake 

Uptake of the chemicals starts by transporting the chemicals to the potential 
sites of absorption. By definition, BCF reckons only non-dietary routes of 
uptake; therefore, skin and gills are the most probable sites of absorption in fish. 
The most significant site of chemical uptake is believed to be gills. The reasons 
for that are high countercurrent flows of blood and water, large absorbing 
surface, and a small diffusion distance between blood and water20. Skin is 
considered as less important chemical uptake site. There is an exception though. 
For very small fish, absorption through skin has higher importance because of 
the large surface-to-volume ratio20. Once the chemicals are transported to the 
absorbing epithelium, they must pass the cell membrane. In principle, there are 
four methods how chemicals can penetrate the cell membrane. The most 
important process for uptake is passive diffusion followed by carrier molecule 
mediated transport. Less significant are filtration through aqueous pores and 
endocytosis21. 

Chemical’s passive diffusion through the cell membrane is influenced by the 
concentration differences on both sides of the membrane and by the ease or 
difficulty with which the molecules can transfer through the lipophilic inner part 
of the membrane22. The first part of the passive diffusion is explained with the 
concentration gradient between water and organism. This can result only 
concentration equilibrium in both mediums. Therefore, passive diffusion for the 
bioconcentration phenomena can be described as a fugacity difference between 
water and organism. Compared to water, higher concentration in fish can be 
explained by the higher capacity of fish to store chemicals per unit of volume18. 
In equations, concentrations are usually used instead of fugacities. Secondly, 
not all chemicals move through the cell membrane with the same ease. 
Lipophilicity, molecular size and degree of ionisation significantly influence the 
passage through the cell membrane. The most important is lipophilicity (lipid 
solubility). The lipophilicity of a chemical is often characterised by n-
octanol/water partition coefficient (log P). Chemicals with higher log P value 
are more soluble in lipids. Usually, more lipophilic chemicals move across the 
cell membrane more easily. Molecular size and shape can significantly reduce 
the cell penetration ability. From molecules with similar lipophilicity, larger and 



17 

branched molecules may penetrate cell membrane more slowly because of the 
frictional resistance and steric hindrance22. Reduced permeability can also be 
explained by the degree of ionisation. Due to the lipid nature of the cell 
membrane, non-ionised form of chemicals is more permeable than ionised 
form21. 

Filtration uses the same mechanism as passive diffusion. It is used to 
transport small water-soluble molecules through small pores or water channels 
in the membrane. Carrier molecules (proteins bonded with membrane) are used 
to transport molecules that do not have sufficient lipophilicity to pass membrane 
using passive diffusion. This transportation mode can be divided into two: 
facilitated diffusion and active transport. The first one uses concentration 
gradient and does not need additional energy. The second one requires 
additional energy input and can move chemicals through the membrane even 
when equilibrium on both sides is achieved21. With endocytosis, large and non-
soluble chemicals can be transported into the cell. In this case, the cell 
surrounds the chemical and forms a vesicle, which is engulfed into the cell 
interior22. 

 

2.1.2. Distribution 

Once the chemical is absorbed from the water, it ends up in the vascular system. 
Chemicals are then distributed around the body into different tissues by the 
blood flow. Transport of the chemicals into the tissues is influenced by the rate 
of blood flow and the ability to bind to blood plasma protein21. At first, 
chemicals are delivered from blood to high-perfusion tissues, such as liver. 
Then to low-perfusion tissues, such as muscle, and finally to lipoidal tissues20. It 
is a reversible movement of chemical from blood to tissue or from extracellular 
to intracellular compartments21. 

Processes familiar from uptake are also responsible for distribution. Most 
chemicals move from the blood to the tissues by passive diffusion. Therefore, it 
is influenced by the same physico-chemical properties (lipophilicity etc.) as 
discussed before. At first, chemicals are distributed to better-perfused tissues. 
Nevertheless, over time many chemicals are redistributed to other tissues. 
Chemicals are relocated in accordance with their relative affinity for tissue 
constituents23. For example, water-soluble chemicals will spread throughout the 
water present in the body, while lipophilic chemicals are stored in fat containing 
tissues. 

 

2.1.3. Elimination 

The elimination of chemicals from organism occurs simultaneously with the 
distribution. Elimination is a combination of different processes. For example, 
neutral, water-soluble and low-molecular-weight chemicals are mostly 
eliminated through the gills by passive diffusion. In addition, many organic 

5
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chemicals are eliminated by urine or bile23. The latter two are controlled by the 
kidneys and liver, respectively. In fish 80% of the cardiac output goes through 
kidneys23 where blood is being filtrated. Filtered chemicals are then either 
excreted with urine or reabsorbed using passive diffusion22. Excreting chemicals 
is one of the liver’s key roles. The excretion rate depends on the chemical 
uptake by the hepatocytes, the formation and secretion of bile, and the transport 
of chemicals into bile23. Liver also supports elimination by metabolising 
chemicals. Chemicals are converted to more polar metabolites22 which usually 
leads to faster elimination because of the decreased reabsorbing ability. Growth 
and reproductive transfer can also lead to lower concentration of the chemicals 
in the organism18. The same amount of moles of a chemical in a bigger 
organism means smaller concentration and the mother can transfer large 
amounts of chemical to the egg. The last two, however, do not contribute 
significantly to the result of the experiment. 
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3. METHODS IN BCF MODELLING 

Quantitative structure-activity (property) relationships seek relations between 
molecular structure and some biological activity or physico-chemical property. 
The theory of QSAR relies on the assumption that similar chemicals have 
similar properties. Because of this and since experimental measurements of 
different endpoints are expensive and time-consuming, it makes sense to use 
QSAR models in environmental risk assessment and in other areas of research. 
The current chapter discusses the methods and information needed for QSAR 
analysis. The focus is on methods that are present in the models developed for 
BCF. The methods used in the current work are covered in more detail. 

QSAR models can be used for different purposes. Regression (quantitative) 
models are used to predict numerical values, and classification (qualitative) 
models are used to predict belonging to a certain class. A short overview of the 
methods used in both of these models is given by Yee and Wei24. The 
complexity of the models is determined by the nature of the used mathematical 
algorithms. Simple relationships can be predicted by linear models, but 
relationships that are more complex need non-linear models. Algorithms used in 
linear and non-linear modelling are reviewed by Dudek and others25. Models 
also have different applicability boundaries. The molecular composition of the 
data set is used to distinguish global and local models. Global models are built 
using data sets with wide variety of chemicals, while local models are built 
using a distinct class of chemicals. At the same time, all models can be part of 
the consensus model. Consensus model uses multiple models and the prediction 
is made by averaging the predictions of all of the used models. 

Evidently, models have different development and usage strategies. A reliable 
model, however, must meet certain requirements. According to the Organisation 
for Economic Co-operation and Development (OECD)7 a reliable QSAR model 
must have a defined endpoint, an unambiguous algorithm, a defined domain of 
applicability, appropriate measures of goodness-of-fit, robustness and 
predictivity, and if possible, a mechanistic interpretation. All of those points 
will be discussed throughout this thesis. 

 
 

3.1. Quantitative and qualitative models 

3.1.1. Quantitative (regression) models 

Regression analysis is a widely used technique in QSAR analysis. As a result, it 
has been used many times for the estimation of BCF26–71 and it was also used in 
Article I and Article II of this thesis. This technique seeks relationships between 
activity (dependent variable) and molecular descriptors (independent variables). 
The latter are numerical representations of chemical structures. A general 
mathematical representation is shown in equation 2, where A is activity under 
investigation and D stands for a set of molecular descriptors. How relationship 
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between dependent and independent variables in the regression function is 
determined defines whether the model is linear or non-linear (see chapter 3.2). 
 
ܣ  =  (2) (ܦ)݂
 
For model building, two kinds of data sets are needed. Experimental data with 
continuous values is the first item needed for the modelling. Articles 
accompanying this thesis use experimental data for BCF (see chapter 2.1). One 
must bear in mind though that the quality of the model depends on the quality of 
the data set. A set of molecular descriptors is the second item necessary for the 
modelling. The molecular descriptors are either empirical or theoretical. 
Empirical descriptors use experimental data, but theoretical descriptors are 
calculated directly from molecular structure72. The most relevant descriptors 
used to model BCF are more thoroughly discussed in chapter 3.4. 

Goodness-of-fit of the regression models is assessed with different statistical 
approaches72. The most frequent are the coefficient of determination (R2, 
equation 3) and standard deviation (σ, equation 4).  

 

 ܴଶ = 1 − ∑ ൫ܣ௜ − ప෡ܣ ൯ଶ௡௜ୀଵ∑ ௜ܣ) − ଶ௡௜ୀଵ(ܣ̅  (3) 

 
In equation 3, Âi is a calculated activity, Ā is a mean value of experimental 
activity and Ai is an experimental activity. R2 is used to determine how well the 
calculated values correspond to the experimental values. The standard deviation 
is defined as: 
 
ߪ  = ඩ෍൫ܣመ௜ − ௜൯ଶ݊௡ܣ

௜ୀଵ  (4) 

 
where n is the number of experimental values. Both, coefficient of 
determination and standard deviation, are used to select the final model. Usually 
the model with the best balance between those two is selected. 

Goodness-of-fit measures only show how well the model works with the 
data that was used to derive the model. Models with good statistical parameters 
might be useless for predictions, because of overtraining or chance correlations. 
Therefore, models must be validated to ensure their predictive power. Several 
methods exist for validation. In general, they can be divided into two: internal 
and external validation methods. The most common internal validation is cross-
validation, where a fraction of chemicals is left out and the selected model is 
rebuilt. Either one (leave-one-out, LOO) or many (leave-many-out, LMO) 
chemicals can be excluded. Each time one or more chemicals are left out, a 
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model is rebuilt with the same descriptors, and a prediction for left-out 
chemical(s) is made. This is repeated until all chemicals have predictions. Those 
predictions are used to calculate the cross-validated coefficient of determination 
(equation 3). Internally predictive model’s R2 and R2

(LOO, LMO) should have more 
or less the same value. It is proposed73 that R2

(LOO, LMO) should be higher than 
0.7, but a superior indicator of the prediction power is an external validation. 
External validation uses only chemicals that did not take part of the model 
building. The external validation set is compiled by excluding a certain amount 
of chemicals from the original data set. Another option is to use a new data set 
from a different source. It is important that the designed external validation set 
use chemicals that are representative of the chemicals used in the modelling 
process. To find out the “real” predictive power of the model, predictions for all 
the chemicals in the external validation set are used to calculate R2

ext
73 (equation 3). 

 

3.1.2. Qualitative (classification) models 

Similarly, classification models seek relationships between activity and 
molecular descriptors. If regression models use experimental data with 
continuous values, then classification models use categorical values. Compared 
to the regression models, there are only a few classification models for      
BCF74–77. We can only speculate about the reasons. One of the reasons might be 
that it is logical to build a regression model when continuous values are 
available. The second reason might be that in the classification modelling, equal 
distribution of the classes is preferred. The real world data sets, however, are 
usually imbalanced. For classification, regression models can also be applied by 
using cut-off values to classify chemicals33,39,51,78. This prompts the question, 
why build a classification model when continuous values are available? In the 
case of BCF modelling, pure classification models give better results. It is 
because regression models have larger uncertainties in the areas that are near the 
cut-off value. Classification models for BCF were also proposed in Article III. 

As for any model, the performance of the model should be assessed. The 
performance of the classification model is usually measured with five metrics. 
These are sensitivity (equation 5), specificity (equation 6), accuracy (equation 
7), positive predictive value (PPV, equation 8) and negative predictive value 
(NPV, equation 9). These terms are calculated using the number of true positive 
(TP), true negative (TN), false positive (FP) and false negative (FN) predictions. 

 

ݕݐ݅ݒ݅ݐ݅ݏ݊݁ܵ  = ܶܲܶܲ +  (5) ܰܨ

ݕݐ݂݅ܿ݅݅ܿ݁݌ܵ  = ܶܰܶܰ +  (6) ܲܨ

6
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ݕܿܽݎݑܿܿܣ  = ܶܲ + ܶܰܶܲ + ܲܨ + ܶܰ +  (7) ܰܨ

 ܸܲܲ = ܶܲܶܲ +  (8) ܲܨ

 ܸܰܲ = ܶܰܶܰ +  (9) ܰܨ

 
A confusion matrix (Figure 1) shows relations of those terms to one another 
more clearly. Each row in the confusion matrix displays how many chemicals 
are there in the actual class and each column shows chemicals in the predicted 
class. 
 

 
 
Figure 1. Confusion matrix 
 
The sensitivity shows the proportion of correctly classified chemicals in the 
class A. The specificity measures the proportion of correctly classified 
chemicals in the class B. The accuracy gives the ratio between correctly 
classified chemicals (TP and TN) in the data set and all chemicals in the data 
set. PPV and NPV express the proportion of correctly classified chemicals 
within all chemicals classified as a certain class. To summarise, the higher the 
values of performance metrics, the better the performance of the model. These 
metrics are applicable to the training set and to the validation sets. Of course, it 
is best to evaluate the quality of the classification models with an external 
validation set. 
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 3.2. Linear and non-linear methods 

QSARs can be divided by the algorithm to linear and non-linear models. Most 
of the QSARs derived for BCF are based on linear algorithms. The simplest 
form of regression model is a one-parameter model (equation 10), where b0 is 
the intercept of the model and b1 is the slope of the regression line. 
 
ܣ  = ܾ଴ + ܾଵݔଵ (10) 
 
Traditionally, log P is used in the one-parameter BCF models54. However, other 
experimental descriptors, such as aqueous solubility42, a chromatographic 
retention factor26 and an artificial membrane accumulation index37 are also 
proposed. Highly hydrophobic chemicals have rather weak correlation between 
log BCF and log P. Several methods were proposed to improve the correlation. 
Bintein and others27 showed that compared to linear models, parabolic and 
bilinear models describe hydrophobic chemicals much better. Similarly, 
Dimitrov and others32 built a non-linear model with log P as a single descriptor. 
Meylan and co-workers57, however, used an approach where the applicable 
linear equation depends on the chemical’s log P value. Those equations use log 
P together with other structural correction factors. Recently, Garg and others38 
proposed a model for highly hydrophobic chemicals. They used log P based 
parabolic model and complemented it with molecular volume. 

Most of the linear models for BCF are multi-linear regression (MLR) models 
29,40,41,45,49,50,52,53,55,58–69. They all follow equation 11, but use different methods to 
select relevant descriptors (xk) into the models. 

 

ܣ  = ܾ଴ +෍ܾ௞ݔ௞௞  (11) 

 
Short review of the methods used in QSAR/QSPR analysis is compiled by Liu 
and Long79. Most of the MLR models for BCF use either genetic 
algorithm40,41,55,58,60 or step-wise regression29,49,52,59,63,65,69 to select descriptors 
into the models. Article I and Article II use the best multi-linear regression 
(BMLR) method to select the descriptors. BMLR is a simple and straightforward 
step-wise forward selection approach and it is described in more detail in 
chapter 3.5.1. Another linear method that is used to model BCF in several 
works is partial least squares regression (PLS)36,56,63,69. PLS uses latent variables 
(linear combinations) from original descriptors to predict the activity80.  

Several models for BCF use non-linear algorithms28,30–33,35,39,47,49,70,71,74–77. 
The simplest form of non-linear model uses non-linear regression function30–33,53. 
Using artificial neural networks (ANN) is another way to develop a non-linear 
QSAR model28,35,39,47,70,71. Generally, ANN is constructed as a series of layers. 
Each layer contains one or more interconnected neurons. Neurons use non-
linear activation functions with optimized weights to estimate the connections 
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between input (descriptors) and output (activity) variables. Another technique 
that is being used is support vector machine (SVM)49,59,77, which uses 
previously constructed hyperplane to separate chemicals into different 
compartments81. Decision trees are by nature also non-linear methods. They are 
mostly used to solve classification problems74–77. Article III uses Random Forest 
(RF) algorithm82, which is based on an ensemble of decision trees. The working 
principles of the RF-algorithm are explained in chapter 3.5.2. 

 
 

3.3. Global, local and consensus models 

Depending on the molecular composition of training sets, QSAR models are 
either global or local. Global models are built using data sets that cover a broad 
range of chemical space. Usually those data sets contain hundreds or even 
thousands of chemicals from different chemical classes. Models in Articles I 
and III are built using such data sets. Most of the developed models for BCF 
can be identified as global models26,28–35,39–41,45,47,49–54,58–61,63–69,71,74–78. For 
example, the largest data set (1,036 chemicals) used for the modelling of BCF 
was used by Toropova and co-workers68. As the name suggests, global models 
are all-purpose models and ideally could predict activities for all kinds of 
chemicals. Local models, in contrast, are built for a certain subset of chemicals, 
which share some structural or chemical similarity. These models can be used to 
predict activities only for chemicals that are analogous to corresponding 
subsets. Subsets are often designed by a human expert and in the case of 
modelling BCF are mostly based on structural similarity. Most of the local 
models for BCF are built for predicting polychlorinated biphenyls43,56,62,70. 
Chlorobenzenes44, polybrominated biphenyl ethers55 and polycyclic aromatic 
hydrocarbons36 are also used as structurally similar subsets. Where subsets 
contain only highly hydrophobic chemicals, property based local models exist 
as well29,38,58. Another way of creating subsets for local models is creating them 
automatically using structural rules or some kind of machine-learning 
algorithm. The latter is used in Article II and a short overview of used 
algorithms is presented in chapter 3.5.3. 

Another class of models is so-called consensus models. The basic idea 
behind consensus models is that multiple models are used to make a final 
prediction. Using predictions from different models has usually positive effect 
on the final prediction. One model might fail to predict some specific chemicals, 
but average prediction from multiple models usually cancels out those 
prediction errors. It is because one erroneous prediction has less weight than 
multiple correct predictions. Consensus of multiple models is often used in 
regulatory purposes, because for decision-making, one needs to use as much 
relevant information as possible. In the BCF modelling some consensus models 
were proposed71,76–78 and Article II proposes several consensus models as well. 
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3.4. Most relevant descriptors in BCF modelling 

To describe some features of a chemical compound, thousands of different 
molecular descriptors are defined and can be calculated using various software 
packages. Details about many of them are gathered by Karelson72 and Todeschini 
et al83,84. This thesis focuses only on descriptors that have mechanistic relations 
to BCF. 

The most commonly used descriptor in BCF modelling is the n-octanol/ 
water partition coefficient (log P) and it describes chemical’s lipophilicity. 
Calculation of the experimental log P follows equation 12, but lack of the 
experimental log P data conduces to use predictive log P models. Models for 
BCF contain log P as a single descriptor32,54 or with complementary 
descriptors28–31,38,45,60,71,77. It is logical to see log P in many models, because—as 
previously stated—lipophilicity plays an important role in penetrating the cell 
membrane. The models in Article II as well as those in Article III use log P. Log 
P is considered as an approximation of a cell membrane but it does not entirely 
describe the effects of bioaccumulation. Therefore, it is often complemented (or 
modelled altogether) with other descriptors that describe other properties that 
influence the bioaccumulation process. Usually, properties such as metabolism, 
molecular size, branching, flexibility, but also hydrogen bonding and ionisation 
are considered. 

 

 Log ܲ = ݃݋݈ ሾܥሿ௡ି௢௖௧௔௡௢௟ሾܥሿ௪௔௧௘௥  (12) 

 
Molecular size with molecular branching and flexibility usually lessen 
bioaccumulation. Longer, more branched and flexible molecules are usually less 
bioaccumulative because of the frictional resistance and steric hindrance. 
Descriptors that consider the size of the molecule are present in many models. 
Molecular weight39,64,75, molecular surface area35, molecular volume38,59 or 
maximal molecular diameter30–33,75 are describing molecular size. Different 
connectivity indices add valuable information about molecular branching and 
flexibility28,29,35,48,52,53,56,63,65,69. Connectivity indices are calculated from the 
vertex degree of atoms in the H-depleted molecular graph84. Vertex degree 
counts atom’s σ bonds, dismissing bonds with hydrogen. 

Molecule’s ability to form hydrogen bonds increases the probability that the 
molecule stays in the aqueous phase, at the same time, decreasing the 
molecule’s potential to pass the cell membrane. The effects of hydrogen 
bonding are mostly described by counting either hydrogen bond donating/ 
acceptor groups40,41 or using descriptors indirectly related to hydrogen bonding 
ability28,29,58. All these descriptors consider functional groups that have either 
strong electron-withdrawing ability (-OH, -NH) or lone pairs (-O, -N). 

Cell permeability is also determined by chemicals’ electrical nature. Ionised 
and polar chemicals have usually lower permeability. Different electronic 

7
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effects are accounted by using electro-topological state indices45,56,69 and 
molecular electronegativity distance vectors (MEDV)50,61,62. From quantum-
chemical descriptors, the most frequent descriptors are the highest occupied 
molecular orbital energy (HOMO) and the lowest unoccupied molecular orbital 
energy (LUMO)35,59,64,65. Electro-topological state indices account both sigma 
and valence electrons in the H-depleted molecular graph. They are not purely 
electronic descriptors, but describe atom polarity and steric accessibility83. 
Therefore, they show the possibility of interactions with other molecules. 
MEDV descriptors are modified electro-topological state indices and represent 
relative electronegativities of the molecule. HOMO energy is related to the 
ionisation potential and describes nucleophilicity of a molecule72. LUMO 
energy is related to the electron affinity and describes electrophilicity of a 
molecule72. Both of these descriptors give information about the molecule’s 
reactivity or stability. 

Mechanistically, metabolism is the most important cause of the reduced 
bioaccumulation potential of chemicals. Computationally, it is difficult to 
describe the mitigating effects of metabolism. Unfortunately, there is little 
experimental data for fish metabolism. Dimitrov and others30,31 used an 
approximation for fish metabolism. They accounted effects of the metabolism 
by using information from the tissue metabolism simulator. The latter creates 
metabolic maps based on a library of experimental data of rat liver. 

 
 

3.5. Methods used in this work 

3.5.1. The best multi-linear regression 

Searching for the best MLR QSAR model is not an easy task. The large initial 
descriptor pool makes it even harder. For example, let us say we have a 
descriptor pool of 1,000 descriptors and we want to find the best five-parameter 
model. Different combinations to choose from in this case are about 8*1012. 
Calculation of all the combinations is time-consuming and therefore, not 
practical72. Using BMLR algorithm, one can significantly reduce the search 
space. BMLR algorithm rejects all the descriptors with missing values or 
insignificant variance (less than 1*10-6). From highly correlated (R2 > 0.6) 
descriptors, one is rejected. In the next step, all orthogonal pairs of descriptors 
from the remaining descriptor pool are found. With all orthogonal pairs of 
descriptors, two-parameter regression models are built and 400 models with the 
highest R2 are selected. For each previously selected model, new descriptors are 
added and three-parameter regression models are built. If the R2 of three-
parameter models is lower than in the best two-parameter model, the latter is 
chosen as the final model. Otherwise, the best 400 models with the highest R2 
are selected and another descriptor is added. This step is repeated until the R2 
value is starting to decrease. A final model with the highest R2 value is 
considered as the best representation of the activity in the given descriptor pool72. 
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3.5.2. Random Forest 

The Random Forest algorithm82 builds on an ensemble of decision trees (Figure 
2) and can be used in regression and classification analysis. The basic idea of 
RF is simple and can be summarised as follows. 

In the training phase, the RF algorithm grows N decision trees that form a 
forest. Each tree is grown using a random sample from the initial data set. By 
default, RF draws from the training set of n chemicals a bootstrap sample, 
which typically contains 2/3 of the chemicals from the initial data set. The left 
out sample (1/3 of the chemicals) is called out-of-bag (OOB) sample. The best 
descriptor for the sample splitting is selected from a randomly selected subset of 
descriptors (mtry). The default value of mtry for the regression analysis is p/3 of 
the descriptors. For the classification analysis, it is equal to the square root of p, 
where p is the total number of descriptors. Each tree is grown until no more 
splits are possible. Predictions of the regression models are calculated by 
averaging the predictions from all trees. The majority of the votes of all trees is 
used to make the final decision for the classification models. OOB sample is 
used to get the estimated error of the model. At first, all OOB chemicals are 
predicted using the grown tree. All the predictions are kept and the majority or 
average of those predictions is compared with real values to get the estimated 
error. 

 

 
Figure 2. General structure of random forest 
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3.5.3. Clustering algorithms  

Automatic construction of structurally similar subsets of chemicals requires the 
selection of a clustering algorithm and a decision how to represent molecular 
structures. One can use either molecular descriptors or chemical fingerprints85. 
The main idea behind clustering is to find common patterns from the given data 
and group similar chemicals together. Although the idea behind various 
clustering algorithms is the same, the way of achieving it differs. Therefore, 
clusters produced with different algorithms are different, even though they use 
the same data as a starting point. There are many algorithms out there and 
reviewing all of them would be an enormous task. Many of them are reviewed 
elsewhere86–88, but here we focus on three of them (K-means algorithm, EM-
algorithm and hierarchical clustering algorithm). These were used in Article II. 

K-means algorithm89 starts by selecting a predefined number (K) of random 
centres for subsets. Then each chemical is assigned to the nearest subset centre 
by the Euclidean distance. This is followed by the recalculation of the new 
centres for the created subsets, and the regrouping of chemicals based on the 
new subset centres. This is repeated until chemicals do not change subset 
memberships. 

Expectation-maximisation (EM) clustering algorithm was first described by 
Dempster and others90 and an excellent outline of it is given by Mitchell91. The 
EM-algorithm uses a similar iterative process like k-means algorithm. Instead of 
random subset centres, it uses random normal distributions. At each step, subset 
membership probabilities are estimated for each chemical. This is followed by 
the recalculation of distribution parameters in order to maximize the likelihood 
of the model to fit the given data. The process is repeated until the convergence 
criterion is fulfilled. 

Hierarchical clustering is either agglomerative or divisive. The latter takes 
the whole data set as a single cluster and splits the data set into smaller clusters. 
The agglomerative hierarchical clustering algorithm takes a whole data set and 
presents each chemical as an individual subset. The next step is to group the 
most similar subsets together based on a distance function and a linkage 
criterion. This is repeated until the desired number of subsets is obtained. From 
those two methods, divisive hierarchical clustering is more time-consuming and 
is rarely used. In Article II, agglomerative hierarchical clustering was used. 

 

3.5.4. Different applicability domain approaches 

Building a QSAR model is just a first step to get a good prediction for the 
modelled property. In an ideal world, model should be able to predict activities 
for any chemicals. In reality, models have limitations. Therefore, it is utmost 
important to define an applicability domain (AD) for a QSAR model to 
minimise the risks of wrong predictions. AD needs some predefined boundaries 
and violation of those boundaries is a sign that the model might fail to predict 
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such chemical. A review of different AD methods used in QSAR modelling is 
given by Sahigara and co-workers92. Approaches relevant for this work receive 
individual attention henceforward. 

The first approach uses descriptor ranges. It is based on the maximum and 
minimum values of the descriptors from the training set. The acceptable 
difference for the descriptors is set as 15% of the descriptor range. Meaning that 
descriptor value used in the prediction can exceed the maximum and minimum 
value of the descriptor by a predefined amount. If a chemical under 
investigation has at least one descriptor out of bounds it is considered as out of 
AD and the model might give unreliable prediction. 

The second approach is called leverage and it is suggested to be used for 
identifying chemicals out of AD93. The leverage (h) is calculated according to 
equation 13, where x is the vector of descriptors of a predicted chemical and X 
is the matrix of the descriptors in the training set. If a predicted chemical has the 
leverage value higher than the critical leverage value (h', equation 14) it is 
considered out of AD and the prediction might be unreliable. In equation 14, K

 

is the number of descriptors in the model and N is the size of the training set. 
 

 ℎ =  (13) ݔଵି(்ܺܺ)்ݔ

 ℎᇱ > ܭ)3 + 1)ܰ  (14) 

 
The third approach is RF specific. The concept of this approach was developed 
during the preparation of Article III. It uses proximity matrix that is provided by 
RF algorithm. Proximity matrix is a square matrix with proximity values for 
each pair of chemicals. Proximity is calculated as follows. At the beginning, 
each pair of chemicals has proximity value equal to zero. Every time two 
chemicals end up at the same terminal node, one is added to the proximity 
value. For the proximity value, the final sum is divided by the number of trees 
in the model. The proximity value illustrates the pairwise chemical similarity 
based on the descriptor values. The closer the proximity value is to one, the 
more similar two chemicals are. For the definition of AD, two user-defined 
rules are used. The first rule is a proximity cut-off value (for example 0.7), 
which finds all the chemicals from the training set that exceed this value. The 
second rule defines how many chemicals in the training set must have proximity 
value equal to or greater than the cut-off value. Applying these rules helps to 
identify the composition of the training set compared to the chemical under 
investigation. If there are not enough similar chemicals in the training set, the 
prediction might be unreliable. In addition, if most of the chemicals in the 
training set are predicted incorrectly, there is a high probability that the 
prediction is also wrong. 
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4. SUMMARY OF THE ORIGINAL ARTICLES 

4.1. QSAR model for the prediction  
of bio-concentration factor using aqueous solubility and 

descriptors considering various electronic effects 

Article I describes the development of a global QSAR model for predicting 
BCF. For the modelling, two data sets were compiled. The first data set consists 
of 473 chemicals and was divided into a training and a validation set. The 
second data set was compiled from different sources and consists of 161 
chemicals. It was used as a second external validation set. Using the best multi-
linear regression approach, the following relationship was obtained: 
 

Log BCF = − 0.420 × log S – 0.005 × WPSA-1 + 0.252 × LUMO +  
0.004 × THSA – 0.096 × min(#HA,#HD) – 0.405 

 
Set Ncomp R2 R2* R2

(LOO) R2
(LMO) s s* 

Training 310 0.75 0.78 0.74 0.74 0.67 0.63 

Validation 1 156 0.62 0.73 – – 0.83 0.68 

Validation 2 161 0.46 0.67 – – 1.03 0.78 

All together 627 0.64 – – – 0.81 – 

*value when outliers with error greater than 2.5 deviations excluded 

 
The model above contains five descriptors, which all have a mechanistic 
interpretation regarding BCF. Log S is aqueous solubility and it shows that 
chemicals with lower solubility in water have higher log BCF value. It is logical 
that if chemicals have problems dissolving in water, they are more likely 
adsorbed by various surfaces, like cell membranes and soil. Surface-weighted 
charged partial positive surface area (WPSA-1) considers the molecule's ability 
to penetrate or interact with the cell membrane. The energy of the lowest 
unoccupied molecular orbital (LUMO) describes molecules’ stability and 
identifies strong and weak electrophiles. It also describes the chemical’s ability 
to interact with the cell membrane. Total hydrophobic surface area (THSA) 
considers hydrophobic interactions that are relevant for membrane penetration. 
Finally, min(#HA,#HD) counts the minimum number of hydrogen bond 
acceptor or hydrogen bond donor sites. It describes the chemical’s ability to stay 
in the aqueous phase, which reduces chemical’s cell penetration capabilities and 
therefore lowers BCF. 

A thorough analysis of the outliers pointed out certain chemical features that 
have higher uncertainty in predictions. Complementary to the outliers analysis, 
the applicability domain of the model was analysed by descriptor range and 
leverage approach. AD analysis alone could not identify most of the outliers. 
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Therefore, it is important to use outliers’ analysis information together with 
applicability domain analysis. Altogether, the proposed model is in accordance 
with OECD principles for regulatory use and considering all the information 
available it gives the user a higher confidence to use the predictions in risk 
assessment.  

 

4.2. Comparative analysis of local and consensus  
quantitative structure activity relationship approaches  

for the prediction of bioconcentration factor 

Article II examines the possibilities for improving BCF predictions with the 
help of local and consensus models. Three clustering algorithms and seven 
different sets of descriptors helped to construct homogeneous training sets for 
modelling. In addition, two rule-based approaches were used for training set 
designs. Consensus models were created by averaging predictions from multiple 
models. All results were compared to the predictions from the global model 
developed in Article I. 

The clustering algorithms used were EM algorithm, k-means algorithm and 
hierarchical clustering algorithm. A comparison between algorithms showed 
that models developed with subsets produced by EM and k-means algorithms 
have slightly better statistical parameters than models based on the subsets from 
hierarchical clustering. Nevertheless, in most of the cases, statistical parameters 
improved compared to the global model. The same trend was there in the case 
of rule-based subset creation. To be exact, the best set of local models was 
achieved with EM algorithm. Compared to the global model, R2 for all the 
chemicals improved from 0.64 to 0.77. The best subset of rule-based models 
was based on the atomic constitution of chemicals. In this case, R2 improved to 
0.79. Some of the models in this subset had overlapping content and, therefore, 
some predictions were average predictions from multiple models. The usage of 
multiple predictions makes this a consensus model. Superior results compared 
to other local models indulged us to create other consensus models. Using 
consensus (super-consensus model) from all the available predictions gave the 
best statistical performance compared to all the other models. R2 in super-
consensus model improved up to 0.81. 

111 local QSAR models were produced to predict BCF and altogether 164 
different descriptors were used in those models. Comprehensive analysis of 
those descriptors was not feasible, but certain trends emerged. The most 
frequent descriptors were log S and log P, which play an important role in cell 
penetration. Other descriptors mostly describe mitigating factors such as 
molecular size, branching, flexibility, hydrogen bonding and ionisation. 

Detailed analysis of local models showed that some models had rather poor 
statistical parameters. This information can be used to reveal subsets of 
chemicals that are difficult to model. In addition, compared to the global model, 
most of the outliers were the same, but local models introduced many new 
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outliers. Using consensus models, however, a single wrong prediction usually 
gets a smaller weight than multiple correct predictions. Therefore, most of the 
wrong predictions were evened out. The super-consensus model could not 
correctly predict ten chemicals. The same chemicals had wrong predictions also 
with the global model. Therefore, using local models together with consensus 
model can identify inaccurate data or uniquely behaving chemicals by recording 
chemicals that have wrong predictions in most of the models. 

 

4.3. Classifying bio-concentration factor with random forest 
algorithm, influence of the bio-accumulative vs.  

non-bio-accumulative compound ratio to modelling result,  
and applicability domain for Random Forest model 

Article I and Article II sought ways to improve BCF predictions with regression 
modelling. However, we do not always need an exact value of BCF. Sometimes 
we only need to know whether the chemical is bio-accumulative or not. Most of 
the BCF data sets have a normal distribution, but dividing those chemicals into 
bio-accumulative (B) and non-bio-accumulative (nB) chemicals results in data 
sets with more nB-chemicals. Such imbalanced data sets can influence 
classification results towards the majority class, making the building of 
classification models more difficult. 

Article III focuses on Random Forest based classification models for classi-
fication of the BCF. It studies the influence of the data set class balance on the 
models. Classification models were built on a large data set of 1,007 chemicals. 
The balance of the data set had a ratio of four to one towards nB-chemicals. 
Three class distribution schemas were studied and each of them chose only a 
certain number of chemicals from both classes as an input sample. As a result, 
the training sets for modelling had three configurations. The first was 
imbalanced towards nB-chemicals, the second was balanced and the third was 
imbalanced towards the B-chemicals. 

The imbalanced model towards nB-chemicals correctly classified around 
85% of the chemicals. However, the classification of nB-chemicals was more 
precise than the classification of B-chemicals. For example, the misclassi-
fication of B-chemicals was 33% compared to the misclassification of only 9% 
in the case of nB-chemicals. Considering the environmental risk of inaccurate 
prediction of both classes, misclassifying B-chemicals is obviously more severe. 
The balanced model showed similar overall accuracy than the previous model, 
but it could predict B-chemicals more precisely than nB-chemicals. Ideally, the 
model should predict both classes equally well, but considering the 
environmental risk, it is more important to classify B-chemicals correctly. 
Tilting the balance towards the B-chemicals resulted in a model that could 
predict B-chemicals nearly perfectly (only one chemical was misclassified). 
However, 33% of the nB-chemicals were misclassified. Despite the high 
misclassification rate for nB-chemicals, this model could securely identify 67% 
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of the nB-compounds, because all of the chemicals predicted as nB-chemicals 
were nB-chemicals. 

All the models are easy to use and consist only of three descriptors. All used 
descriptors are based on 2D-structures, making the reproducibility of descriptor 
values trivial. At the same time, all the descriptors were calculated using freely 
distributed software and were consistent with mechanistic interpretation of 
BCF. The most important descriptor in all the models was log P, which was 
complemented with descriptors that describe the size and branching of the 
chemical, polarisability/electrostatic effects and hydrogen-bonding ability of the 
chemicals. 

Additionally, the new applicability domain approach for Random Forest 
based QSAR models was proposed. This proximity-based AD approach helps to 
assess the similarity of the target chemical compared to the chemicals in the 
training set. In this way, one can easily extract similar compounds from the 
training set and by analysing classification results for those chemicals, make it 
easier to estimate how trustworthy the prediction for the target chemical is. The 
more information about the behaviour of the chemical one has, the more 
confident one can be in decision-making. Therefore, by using different models 
together with AD approach, one can more easily judge the correctness of the 
decision. 

9
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5. SUMMARY 

Bioconcentration is an important endpoint for the determination of the fate and 
behaviour of chemicals in the environment. One area where BCF is extensively 
used is environmental risk assessment. However, experimental measurement of 
BCF for one chemical can take up to six months, cost around 100,000 euros, 
and need about one hundred animals. Therefore, thousands of chemicals are not 
being experimentally measured. This creates the need for the development of 
faster and more economical QSAR models to predict BCF for chemicals with 
no experimental data. To fill the gaps, many theoretical models have been 
developed. Wide chemical space makes it hard to use one universal model for 
all the chemicals. Therefore, at risk assessment, applicability of the chosen 
model is assessed for each chemical. On top of that, for more reliable results, 
multiple models are used. 

The goal of this thesis is to provide an outline for risk assessment 
procedures, bioconcentration factor and different QSAR methodologies. The 
modelling part of the thesis is divided into two. The first part focuses on the 
regression analysis and the second part on the classification problems. At first, a 
global regression model was proposed for predicting BCF. The global model 
could predict a wide variety of chemicals and provide information about the 
model’s applicability domain. The creation of the global model laid the 
foundation for the exploration of the possibilities to improve prediction quality 
using smaller, more focused data sets. Most of the subsets of focused models 
showed better predictive power compared to the global model. Additionally, 
consensus model was compared against the global model and local models. 
Proposed consensus model outperformed all of them. To separate bio-
accumulative and non-bio-accumulative chemicals three classification models 
with different training set compositions were proposed. All three developed 
models had their strengths in different classification scenarios, but the most all-
purpose model was the model where classes were distributed evenly. To 
identify whether a chemical fits into the boundaries of the model, a new 
approach was proposed for assigning applicability domain for Random Forest 
based models. Applying AD shows how many similar chemicals were used to 
develop the model and how well they were predicted. The information provided 
by the AD schema allows making a more confident final decision about the 
correctness of the prediction. 

Building a QSAR model is not a trivial task. The purpose of the model 
declares which aspects should receive special attention. For risk assessment, it 
is important to use relevant endpoints and unambiguous algorithms. All the 
models built during this work use well-defined algorithms and BCF as an 
endpoint. Attention was paid to the requirement of model validation and defined 
applicability domain. In addition, all the used descriptors have a sound 
mechanistic interpretation in relation to BCF. Therefore, all of these models can 
be used in environmental risk assessment to get additional information about the 
bioaccumulation potential of chemicals. 



35 

6. SUMMARY IN ESTONIAN 

Kemikaalide keskkonnariskide hindamine  
QSAR meetoditega 

Kemikaalide keskkonnariskide hindamisel uuritakse mitmeid omadusi, mida 
kemikaal võib mõjutada. Erilise tähelepanu all on kemikaali käitumine kesk-
konnas. Üheks uuritavaks omaduseks selles valdkonnas on biokontsentratsioon 
(BCF) ehk kui suures ulatuses kemikaal võib ladestuda organismi. Olemas-
olevate eksperimentaalsete mõõtmismeetodite rakendamist kõikidele kemi-
kaalidele takistavad aeg, raha ja loomkatsed. Näiteks ühe kemikaali eksperi-
mentaalne määramisel kasutatakse üle saja kala, see võtab aega kuni kuus kuud 
ning maksab umbes 100 000 eurot. Seetõttu puudub eksperimentaalselt määra-
tud väärtus tuhandetel kemikaalidel. Viimane innustab looma kiiremad ning 
odavamad QSAR mudeleid, et täita tühimikud andmekogudes, kus kemikaalidel 
puuduvad eksperimentaalselt mõõdetud väärtused. On loodud mitmeid 
mudeleid, kuid ükski neist pole universaalne, ega rakendatav kõikidele kemi-
kaalidele. Seetõttu kasutatakse riskianalüüsis erinevatele kemikaalidele oma-
duse väärtuse ennustamisel erinevaid mudeleid. Üldiselt kasutatakse ennusta-
misel mitmeid mudeleid, kus lõplik otsus tehakse mitme mudeli keskmisest 
ennustusest. 

Käesolev dissertatsioon on ülesehitatud põhimõttel anda ülevaade riski-
analüüsi etappidest, biokontsentratsiooni tegurist ning erinevatest QSAR ana-
lüüsi meetoditest. Eksperimentaalne osa keskendub kirjeldatud meetodite 
rakendamisele BCF-i modelleerimisel. Modelleerimisel kasutati kahte 
lähenemist. Esimeses keskenduti regressiooni mudelite loomisele ning teises 
tegeleti klassifitseerimisprobleemidega. Alustuseks loodi laia kemikaalide 
spektrit kattev globaalne mudel BCF-i ennustamiseks. Mudelile määratud 
rakenduspiirkond võimaldas otsustada, millistele kemikaalidele tehtud ennus-
tused olid usaldusväärsed ning millised mitte. Ennustustäpsuse parandamiseks, 
tükeldati andmekomplekt rohkem fokusseeritud alamkomplektideks ning loodi 
lokaalsed mudelid. Võrreldes globaalse mudeliga suutsid enamus lokaalsete 
mudelite komplekte ennustada BCF-i täpsemalt. Veel kõrgem ennustustäpsus 
saadi kui kõik loodud lokaalsed mudelid ühendati üheks suureks konsensus-
mudeliks. Bioakumuleeruvate kemikaalide eraldamiseks mitte bioakumuleeru-
vatest koostati kolm erineva klassijaotusega klassifitseerimismudelit. Loodud 
kolm mudelit on rakendatavad erinevatel juhtudel, kuid kõige üldisemaks võib 
pidada mudelit, kus treenimise faasis oli klasside jaotus võrdne. Lisaks pakuti 
välja uus rakenduspiirkonna määramise meetod Random Forest’i mudelite 
jaoks. Viimane näitab kui palju sarnaseid kemikaale kasutati mudeli loomisel 
ning kui hästi langesid ennustused kokku eksperimentaalsete andmetega. Kasu-
tades seda informatsiooni on võimalik hinnata kui täpne on ennustus tundmatule 
kemikaalile. 



36 

QSAR mudeli loomine ei ole lihtne ülesanne, sest sõltuvalt mudeli ees-
märgist tuleb arvestada mitmete nõuetega. Riskianalüüsis on oluline kasutada 
asjakohaseid omadusi ja ühemõttelisi algoritme. Kõik käesolevas töös loodud 
mudelid kasutavad omadusena BCF-i ja täpselt defineeritud algoritme. Samuti 
pöörati tähelepanu mudelite valideerimisele ning rakenduspiirkonna määra-
misele, mis on tähtsad nõuded riskianalüüsis. Lisaks omasid kõik kasutatud 
deskriptorid modelleeritud omaduse suhtes mehhanistlikku seletust. Seetõttu 
annavad kõik loodud mudelid oma panuse riskianalüüsi, seletamaks kemi-
kaalide võimet bioakumuleeruda.  
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