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Introduction 

Background 

Chemistry is creative and productive, generating the substances of high value 
from inexpesive raw materials. Chemistry and chemical industries help provide 
comfortable and modern living conditions. At the same time, many chemicals 
partition to the air, soil and water environments during their manufacture, 
transport and application. Today, approximately 143,000 substances are pre-
registered by the European Chemicals Agency (ECHA), and 100,204 
substances are listed in the European Inventory of Existing Commercial 
Chemical Substances (EINECS), 80,000 of which are thought to be used in 
the European Union (EU) (Brown, 2003). Thousands of chemicals currently 
used in the EU have not undergone risk assessment for their effect on the 
environment or on human health. It is therefore necessary to develop rapid 
and reliable methods of predicting environmental characteristics; in this thesis, 
we attempt to predict physicochemical properties based on the principles of 
chemoinformatics. 

With an explosion in the amount of data generated from combinational 
chemistry and high-throughput screening (HTS) in drug design, together 
with the rapid progression in computing technology, scientists have applied 
computing skills and knowledge of chemistry to the data analysis and 
accelerated the development of chemoinformatics (Schofield et al. 2001). The 
term bioinformatics was first presented at the University of Utrecht in the 
Netherlands in 1976 (Chen, 2006), and it rapidly became a popular term in 
the middle of the 1990s with a number of publications that provided excellent 
overviews of the fields. At the same time, a counterpart term, 
chemoinformatics, began to appear in chemistry. There is no clear 
delimitation between bioinformatics and chemoinformatics (Hann and Green, 
1999); however, bioinformatics mainly deals with biological data such as DNA 
sequence, protein structure, metabolic pathway information, clinical trial data, 
and other larger molecules, while chemoinformatics focuses more on small 
molecules such as chemical structure, spectral, HTS, medicinal and 
environmental property data (Bunin et al., 2007). The terms, cheminformatics, 
chemical informatics, are also used in publications. However, 
chemoinformatics is the more frequent term in the academic literature 
(Willett, 2008).      

There is no true definition of chemoinformatics due to its highly 
interdisciplinary characteristics (Brown, 2009). Chemoinformatics is the 
application of informatics tools to chemical problems, together with particular 
emphasis on the manipulation of chemical structure information (Gasteiger 
and Engel, 2003; Gasteiger, 2006; Gasteiger, 2006; Leach and Gillet, 2003). 
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Chemoinformatics covers many areas, including molecular modeling, 
quantitative structure-property relationship (QSPR), data processing and data 
analysis, visualizations, and database management. 

Frank Brown gave the first formal definition of chemoinformatics in drug 
discovery (Brown, 2005; Brown, 1998): 

Chemoinformatics is the mixing of those information resources to 
transform data into information and information into knowledge, for the 
intended purpose of making better decisions faster in the area of drug lead 
identification and optimization. 

Whereas Greg Paris put forward a more general definition of 
chemoinformatics at the meeting of the American Chemical Society in 1999:   

Chemoinformatics is a generic term that encompasses design, creation, 
organization, management, retrieval, analysis, dissemination, 
visualization, and the use of the chemical information.  

The methods of chemoinformatics have been applied in pharmaceutical 
research for many years, to search for new lead structures and to optimize 
them to drug candidates. However, quantitative structure-activity relationship 
(QSAR) models have found extensive application in environmental research to 
predict adverse effects of chemicals, and to reliably estimate their 
characteristics and the persistence of the compounds in the environment. A 
limitation is that many models lack a definition of the domain of applicability 
and have not been properly validated.      

As many chemicals in their manufacture and use show potentially negative 
impacts on the environment and human health, the basic requirement is that 
the risk should be eliminated or reduced to an acceptable level. The term 
green chemistry as an effective approach for the protection of the environment 
was coined at the US Environmental Protection Agency (EPA) in the 1990s 
(Horton, 1999), and was defined based on 12 principles by Paul Anastas and 
John Warner (Anastas and Warner, 1998). Green chemistry is the utilization 
of chemical principles to reduce or eliminate the use and generation of 
hazardous substances, solvents, and by-products, and to maximize the desired 
products. It seeks to reduce and prevent pollution at its source, and it is a 
highly effective methodology to reduce negative effects on human health and 
environmental damage. Sustainable development for improving efficiency, 
economic, and environmental performance encourages the development of 
green chemistry today (Clark, 1999), for this reason, green chemistry is also 
termed sustainable chemistry (Woodhouse and Breyman, 2005). The new 
European chemical legislation on the Registration, Evaluation, Authorization 
and Restriction of Chemicals (REACH) improves protection of the 
environment and human health, while at the same time encouraging scientists 
to focus on the design and development of safer products using the principles 
of green chemistry (Clark, 2006). 
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There are various analytical methods for the measurement of pollutant 
chemicals; as an efficient analytical approach, chromatography is widely used 
for many polar or nonpolar chemicals. At the beginning of 20th century 
Russian botanist Mikhail Semyonovich Tswett discovered chromatography 
(Ettre and Sakodynskii, 1993; Ettre, 1996). The work of Archer John Martin 
and Richard Laurence Millington Synge represented a significant milestone, 
and they received the Nobel Prize in 1952. Since then, the technology has 
advanced rapidly. Today, chromatography has evolved into a large number of 
applied methods for available various chemicals, and high-performance liquid 
chromatography (HPLC) methods account for about two-thirds of all the 
reported separations due to its exceptional versatility and simplicity of 
operation (Pool, 2003).  

The complexity and diversity of chemical data require powerful and 
diversified data analysis methods. Herman Wold developed multivariate 
modeling with fixed point and nonlinear iterative partial least squares 
(NIPALS) around 1964 (Wold, 2001), publishing his first paper in 1975 
(Hoskuldsson, 2001). In 1983, the partial least squares projection to latent 
structures (PLS) model with two blocks X and Y was slightly modified by 
Svante Wold and Harald Martens to better suit data from the natural sciences 
(Lindberg et al., 1983). The chemometrics approach extracts relevant chemical 
information from the data generated from chemical experiments or theoretical 
molecular descriptors. The main chemical information can be expressed as a 
mathematical relation (Wold, 1995), in which the multivariate methods 
principal components analysis (PCA) and PLS based on projection were 
effectively used for developing the model. 

Aims of the Thesis 
The aims of this thesis are as follows: 

I. Development and validation of a global QSPR model for the vapor 
pressure (Pa) of organic compounds at ambient temperatures, and using 
PLS regression to predict the distribution and transport of different 
compounds in the environment; development of the local model to 
improve the global model, as well as to overcome the problems in 
nonlinearities (paper I). 

II. Development of QSPR models for key environmental properties, e.g., 
partition coefficients (Kow), water solubility (Sw). Investigation of the 
similarities and differences between linear solvation energy relationship 
(LSER) models using semi-empirical descriptors and PLS models using 
theoretical molecular descriptors. This work focused on comparing 

 9 



model dimensions, structure, predictive power performance, and the 
questions of local and global applicability (paper II). 

III. Updating an existing global QSPR model with a few new compounds 
representing a specific compound group, perfluorinated compounds 
(PFCs). The prediction performance was evaluated, and the updated 
model was subsequently applied to a larger set of environmental relevant 
PFCs (paper III). 

IV. Development of QSPR models for physicochemical properties of 
perfluorinated compounds (PFCs), e.g., melting point, and boiling 
point. Several linear, nonlinear and fragment based approaches were 
used for QSPR modeling. The predictive performance was verified on a 
blind external validation set. Different modeling approaches were 
applied and compared (paper IV). 

V. Development of experimental and theoretical quantitative structure 
retention relationship (QSRR) models for characterizing solvent 
properties in three different stationary phases in reversed-phase liquid 
chromatography (RPLC). The similarities and differences of the QSRR 
models based upon empirical, semi-empirical and theoretical molecular 
descriptors were compared and optimized. The retention factors of new 
solvents can be accurately predicted by the models (paper V).  
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Methodology 

Quantitative Structure-Property Relationships 
(QSPR) 
The chemical molecular descriptors can be used to form a mathematical 
relationship with quantitatively biological activities as a certain response, and 
the mathematical expression can be used to predict the biological response 
from other chemical descriptors. This mathematical expression is referred to as 
a quantitative structure-activity relationship (QSAR). When a mathematical 
relationship is established between the chemical molecular descriptors and 
physicochemical properties, this is termed a quantitative structure-property 
relationship (QSPR). Once the model is established, the physicochemical 
properties for new chemicals can be predicted by the developed model.    

In the latter part of nineteenth century, scientists focused mainly on the 
relationship between chemical structure and bioactivity (Crum Brown and 
Frazer, 1868). In 1935, Hammett developed a relationship between the rate of 
a reaction and the equilibrium constant of a group of related reactions, and 
pointed out a certain limitation to its application (Hammett, 1935). Taft 
created an approach to separate polar, steric, and resonance effects and 
introduced the first steric parameter, Es (Taft, 1952). Building on these, the 
pioneering work of Hansch and coworkers established in 1962 a QSAR model 
for a series of plant growth regulators with hydrophobic and electronic 
properties (Hansch et al., 1962). Since then, the QSAR with the effects of 
substitutents on the biological response of the molecules described by 
electronic, steric, and hydrophobic properties has begun to be applied to 
agrochemistry, pharmaceutical chemistry, and toxicology (Hansch, 1969; 
Kurup et al., 2001). The application of QSAR to environmental chemistry 
and toxicology increased steadily in the 1980s as a result of the sudden 
awareness of the huge number of compounds present in the environment 
(Dunn, 1989).  

Linear Free Energy Relationships (LFER) 

Physicochemical properties have been used to predict environmental partition 
and transport of organic compounds. The principle behind the most common 
approaches for predicting partition constants is to express the free energy of 
transfer. The effects of enthalpy (ΔH) and entropy (ΔS) resulting from 
changes in molecular interactions contribute to the free energy of transfer: 

iii STHG 121212 Δ−Δ=Δ                                                                                (1) 
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The intermolecular forces govern the partition of organic compounds 
between different phases, and Δ12Gi as free energy of transfer between 
different phases can predict partition constants or partition coefficients at 
equilibrium. The partition constant is defined as (Schwarzenbach et al., 2003):  

RTGieconstantK /
12

12Δ−⋅=                                                                             (2) 

where R is the general gas constant, the unit is 8.314510 J·mol-1K-1, and T 
is absolute temperature. The logarithm of an equilibrium constant under 
constant temperature and pressure is proportional to a standard free energy of 
transfer, and the logarithm of a rate constant forms a linear function of the 
free energy of activation. 

LFER expresses a linear relationship between the logarithm of a rate 
constant or equilibrium constant for one series of reactions and the logarithm 
of the rate constant or equilibrium constant for a related series of reactions. 
The pioneering works on this relationship include the following: the Brønsted 
relation established protonation of bases through the de-protonation of acids, 
the Hammett equation solved the effect of a substituent in aromatic molecules 
(Hammett, 1937), and the Taft relation established polar and steric 
substituent for aliphatic molecules (Taft, 1952).  

The basic assumption of LFER in this thesis is that the van der Waals 
force and polar interactions mainly contribute to the free energy of transfer: 

polar
i

vdW
ii GGG 121212 Δ+Δ=Δ                                                                          (3) 

Where Δ12Gi
vdW encompasses dispersive, dipole-dipole, and dipole-induced 

dipole contributions. Hydrogen bonding donor and hydrogen bonding 
acceptor descriptors contribute to quantification of Δ12Gi

polar.   

Linear Solvation Energy Relationship (LSER) 

LSER is a specific subset of a thermodynamic LFER. The LSER equation 
expresses the application of solvent parameters in linear or multiple linear 
regression (MLR), and it shows the solvent effect on the reaction rate or 
equilibrium constant of a chemical reaction. Kamlet and Taft first devised an α 
scale of solvent hydrogen bond donor (HBD) acidity in 1976 (Taft and 
Kamlet, 1976) and a β scale of solvent hydrogen bond acceptor (HBA) basicity 
(Kamlet and Taft, 1976), then developed a π* scale of solvent 
dipolarity/polarizability, generating a linear relationship between an 
equilibrium constant or reaction rate and a parameter α, β, π*. These are well 
known as Kamlet-Taft solvatochromic parameters (Kamlet et al., 1977). 
Kamlet-Taft scales were generated from a solvotochromic comparison 
approach, and are not related to any thermodynamic properties. In order to 
construct a correlation equation that has a sound physical interpretation, it is 
crucial that the various descriptors should be related to Gibbs free energy. To 
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meet this requirement, Abraham devised the construction of scales of 
hydrogen bond acidity and hydrogen bond basicity with 1:1 hydrogen bond 
complexation constants in an inert solvent, tetrachloromethane, together with 
other three parameters, and developed the equation of the linear solvation 
energy relationship (LSER) (Abraham, 1993a). In the most recent work, the 
symbolic representation of the LSER model is commonly presented as follow 
(Abraham et al., 2004):    

vVbBaAsSeEcSP +++++=log                                                              (4)  

where, SP is a physicochemical property of a series of solutes in a given 
system. If SP as a response represents a biological property for a series of 
solutes, this mathematical expression becomes a QSAR equation. 

E is an excess molar refraction of the compounds, and is derived from the 
refractive index function; E is the polarizability of a solute above that of a n-
alkane at the same molar volume, and can be easily computed as (Abraham et 
al., 2004): 

( ) 52553.083195.2 +−= xx VMRE                                                                (5)                           

where Vx is a molar volume, MRx is the molar refraction of a solute, and E 
expresses an indication of the interaction of a compound between solvent and 
solute via π and n electron pairs. The unit of E is cm3mol-1/10. The value of E 
can be negative for compounds which are less polarizable than n-alkanes, e.g., 
fluorocarbons and organosilicon compounds. 

S is molecular dipolarity/polarizability; the values of non-polar compounds 
can be generated from gas-liquid chromatography (GLC), and the values of 
polar compounds can be obtained from water-solvent partition coefficients. 
The value of S can be negative for the compounds that are less polarizable 
than n-alkanes, e.g., fluorocarbons and organosilicon compounds.   

A is hydrogen bond donor (HBD) or hydrogen bond acidity; HBD 
describes the donation of a proton to a neighboring molecule. Initially, HBD 
descriptors for mono-acids can be directly generated from hydrogen bond 
complexation constant (Abraham et al., 1989). 

B is hydrogen bond acceptor (HBA) or hydrogen bond basicity; HBA 
describes the acceptance of a proton from a neighboring molecule. HBA 
descriptors for mono-bases were originally obtained from hydrogen bond 
complexation constants (Abraham et al., 1990); further values for bases can be 
generated from partition coefficients. So far we have obtained several hundred 
HBA values (Abraham, 1993a). And the values of further compounds for S, A 
and B can be generated from chromatography measurement (Poole et al., 
2009).         

V is a molar volume, termed the McGowan volume, which can be 
calculated from atomic fragments and the numbers of the bonds in a molecule, 

 13 



that is, by summing up all the atom volumes and subtracting 6.56 cm3mol-1 for 
each bond, no matter whether single, double, or triple bond (Abraham and 
McGowan, 1987).  

( ) ( )[ ]
100

156.6∑ +−−
= gRNAAC

V                                                                (6) 

where AAC is all the atom contribution, N is the total number of atoms, Rg 
is the total number of ring structures (Zhao et al., 2003). The unit of V is 
cm3mol-1/100.  

Reversed-Phase Liquid Chromatography (RPLC) 

Compared to gas chromatography (GC) liquid chromatography is used far less 
for physicochemical properties, insufficient knowledge of the true composition 
of the stationary phase and a lack of quantitative models for the accurate 
description of retention are the principal reason. However, as the most popular 
of the liquid chromatographic method, reversed-phase liquid chromatography 
(RPLC) is widely used to include all separation that employs a nonpolar 
stationary phase and a polar mobile phase.  

The stationary phase is a liquid film coated on a packing material 
consisting of 3-10 μm porous silica particles, and the stationary phase is 
covalently bound to the silica particle. The bonded stationary phase is attached 
by reacting the silica particles with organochlorosilane Si(CH3)RCl, in which 
R is a straight alkyl group, such as C18H37 or C8H17.  

The presence of water in the mobile phase plays an important role in 
establishing the hallmark feature of separation (Poole, 2003). A decrease in 
polarity of the mobile phase or an increase of the volume fraction of organic 
solvent in an aqueous mixture, leads to a decrease in retention. Retention 
prediction and selectivity are crucial for the development of separation. 
Selectivity can be varied in many ways, such as, the type of organic modifier, 
volume fraction, or the type of stationary phase. A free energy transfer of a 
solute between two phases can be described by LSER.  

Quantitative Structure-Retention Relationships (QSRR) 

Quantitative structure-retention relationship (QSRR) resulted from applying 
the methodology used for the studies of QSAR to chromatographic data, and 
the first publications were appeared in 1977 (Kaliszan, 1977; Kaliszan and 
Foks, 1977). Chromatographic retention factors are linearly related to the free 
energy transfer associated with the chromatographic distribution process 
(Kaliszan, 1992). Chromatography can readily yield a large number of accurate, 
precise and reproducible data for large sets of structurally diversified 
compounds. If the operational conditions are kept constant, solute structures 
as independent variables are linearly related with retention factors, this 
relationship is defined as QSRR. 
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When chemometrics approaches were introduced into QSRR analysis, 
much effort has been devoted to search for predictive solvent characteristics.  

Global Linear Solvation Energy Relationship (LSER) 

Retention prediction and selectivity optimization are crucial for rapid method 
development in RPLC (Snyder et al. 1997). However, retention is also a 
complex process and depends on many physical and chemical properties 
within chromatographic system such as, stationary phase characteristics and 
mobile phase compositions (Poole, 2003). A universal and robust retention 
model for RPLC has not been developed, but many retention models such as 
linear solvation energy relationships (LSER) and linear solvent strength theory 
(LSST) are still widely used. 

Retention related to the free energy transfer associates with the solute 
distribution between stationary phase and mobile phase, in which the 
interactions involve dipole-dipole, hydrogen bonding, and dispersive forces. 
The retention of structurally diverse solutes under an experimental condition 
can be modeled using LSER, where descriptors, E, S, A, B, V, represent the 
ability of the solute to participate in various solute-phase interactions, and 
their coefficient, e, s, a, b, v, expresses the system response to these 
interactions. However, LSER model retention as a function of various solvent 
properties for a single mobile composition. 

LSST can accurately predict retention for single solvent with multiple 
mobile compositions (Quarry et al. 1986):  

φSkk w −= loglog                                                                                        (7) 

where kw is the theoretical value of k for only water as mobile phase, S is 
the LSST coefficient, ɸ is the volume fraction in mobile phase composition. 
The quadratic term ɸ2 is often neglected, since ɸ is smaller than 1. However, 
with decreasing polarity of the solvent, the relative importance of the quadratic 
term increases (Jandera et al. 1982). 

The limitation of LSST model is lack of prediction for new solvents. 
When LSST and local LSER models are combined into single model, a global 
LSER model can predict various solvents at multiple mobile compositions 
(Wang et al., 1999; Wang and Carr, 2002). By adding a quadratic term it is 
possible to compensate for non-linearities and further improve the predictive 
power of this combined model (Liu et al., 2010): 

                                            (8) vVbBaAsSeESSck +++++++= 2
21log φφ

The global LSER model provides both of accuracy and precision in 
retention prediction and will be useful in practice for chromatographic 
development. 
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Molecular Descriptors 

The crucial point in the QSPR approach is an appropriate description of the 
molecular structures. The chemical descriptors take account of the different 
aspects of the chemical information. The molecular descriptor expresses 
chemical information transformed and encoded from a molecule and 
effectively solves chemical, pharmaceutical, and toxicological problems. The 
advantage of theoretical molecular descriptors is in developing compounds 
that have never been synthesized or explored experimentally. Molecular 
descriptors are well known for their ability to establish linear regression 
relationships with physicochemical and biological properties. 

Constitutional descriptors can simply obtain the information from the 
chemical composition of the compounds. Typical constitutional descriptors 
include molecular weight, total numbers of atoms, bonds, and rings in the 
molecule. These are one-dimensional (1D) descriptors that can easily be 
obtained with knowledge of the molecular formula. Unfortunately, the linear 
relationship between constitutional descriptors and physicochemical properties 
cannot sufficiently prove that a physical mechanism reflects molecular 
interactions.   

Topological descriptors are two-dimensional (2D) descriptors obtained from 
information on the molecular topology; they express the atomic connectivity in 
the molecule and can be calculated from 2D graph representation of molecules 
(Randić, 2001). 

Geometrical descriptors are derived from three-dimensional (3D) structures 
of molecules defined by the coordinates of atomic nuclei and the size of the 
molecules represented (Karelson, 2000). Weighted holistic invariant molecular 
(WHIM) descriptors contain another prospective class of molecular geometric 
parameters, WHIM descriptors are obtained from the molecular (x, y, z) 
coordinates of the molecules with 3D structure, in which the descriptors 
capture detailed information on molecular size, shape, symmetry and atomic 
distribution. The derivation of WHIM descriptors can be obtained from 
centered molecular coordinates using the PCA approach from the weighted 
covariance matrix of atomic coordinates (Todeschini et al., 1996; Todeschini 
and Gramatica, 1997).  

The molecular descriptors, geometry, topology and atom-weights assembly 
(GETAWAY), encode the geometrical information obtained from the 
molecular matrix together with the topological information obtained from the 
molecular graph, as well as information from atomic weights (Consonni et al., 
2002). 

Electronic descriptors reflect the electronic structure of the molecule, based 
on 3D structure and the charge distribution in the molecule. The descriptors 
can be obtained from the calculation with ab initio or semi-empirical 
approaches.    
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The Definition of the Applicability Domain 

The lack of experimental data for the majority of the organic compounds in 
commercial use has increased the importance of QSPR to evaluate and predict 
the reactivity of compounds not yet tested. Before a QSPR model is put into 
use for screening compounds, its applicability domain (AD) must be defined 
and predictions for only those compounds that fall in this domain can be 
considered reliable (Tropsha et al., 2003). Today, the problem of the AD of 
chemical models has also received considerable attention. According to 
REACH, EU requires a clear estimation of the accuracy of developed QSPR 
models before they can be used within the REACH system. However, there is 
no universal technique for the definition of AD. AD of a given QSPR model 
includes the physicochemical domain, the descriptor domain, the chemical 
domain, which is termed chemical space or structural domain, and metabolic 
domain (Dimitrov et al., 2005). The AD defined based on the OECD 
guidelines is (Netzeva et al., 2005): 

The response and chemical structure space in which the model makes 
predictions with a given reliability 

The AD was defined using three different methods: PLS, the Williams 
plot, and associate neural networks (ASNN): 

The Distance-Based Approach Using PLS 

The distance-based methods calculate a distance from the prediction set 
compounds to the calibration chemicals. The definition of AD using 
Euclidean and Mahalanobis distance measures was derived from the 
projections of the multivariate descriptor space (Öberg, 2005), and these two 
distance was used to determine whether the object was within the AD or not 
(Öberg, 2004).     

Euclidean and Mahalanobis distances: the Euclidean distance is the square 
root of the squared differences between corresponding elements of the rows or 
columns in the distance matrix. 
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where d(p,q) is the distance between two points p and q; xpn is the value of 
point p along axis n; xqn is the value of point q along axis n. 

The Mahalanobis distance is a weighted Euclidean distance, in which the 
weighting is determined by the sample variance-covariance matrix. The block 
distance is the sum of the absolute differences between corresponding 
elements of the rows or columns in the distance matrix.  
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2
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 17 



where wn is the weight assigned based on the importance of the nth 
descriptor in the model. The total weights of the descriptors can be obtained 
by calculation of the model coefficients with centered and scared data. And 
therefore, the most important descriptor has a coefficient of 1.0.  

PLS model was assessed using the residual standard deviation (the 
Euclidean distance to the PLS model) and the leverage (the Mahalanobis 
distance within the PLS model space) to that of the calibration objects. From 
this distance the SIMCA software estimated the probability that the 
observations belong to the model (PModXPS) in calibration model. And 
PModXPS+ combined PModXPS and Hotelling’s T2 measured how far 
outside the acceptable model AD the projection of the observation falls in 
prediction model (Eriksson et al., 2006), in which weak outliers could be seen 
in PModXPS, and strong outliers were outside the Hotelling T2 ellipse. Here 
we use a probability of belongs to the model at the 99% significant level 
(PModXPS and PModXPS+ < 0.01) as the cut-off criteria to decide if a 
compound was outside of the model AD. 

Hotelling’s T2 was named for Harold Hotelling (Hotelling, 1931). The 
Hotelling T2 for observation based on A components is: 

 ∑
=

=
A
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2                                                                                              (11)                          

where Ti
2 is variance of ta according to the class model. 

( ) ( )122 −−∗ NAANNTi                                                                           (12)                         

is F distribution with A and N-A degree of freedom, where N is the 
numbers of observations in the calibration model set. If 

( ) ( ) ( )01.0122 =∗−−> pFANNNAT criticali                                                (13)                         

Then observation i is outside the 99% confidence region of the model. 
The Hotelling T2 tolerance region for a two dimension score plot of 

components a and b is an ellipse with axes: 

(S2
ta or b* F2,N-2,a*2(N2-1)/(N(N-2))**1/2                                                      (14)                         

The Williams Plot 

The model apace can be represented using a two dimensional matrix X 
comprising observations N and variables K. The leverages or Hat values (h) 
from the matrix representing the distance of the molecule to the model 
structural space were calculated as: 

hi = xi
T(XTX)-1xi (i = 1, 2…, n)                                                                (15) 
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where xi is the vector of descriptors of the considered compound and X is 
the model matrix derived from the training set descriptor values. In linear 
modeling, the leverage, h, ranges between 1/N and 1. And therefore, the 
averages (K+1)/N for the N compounds in the learning data set, the warning 
leverage h* is expressed as:  

NKh /)1(3 +=∗                                                                                       (16) 

Leverage values can be calculated for both calibration and prediction 
compounds. When h < h* for a compound, this compound in the prediction 
set may belong to AD of the calibration set; conversely, if h > h*, the 
compound in the prediction set is structurally distant from the calibration 
compounds, and therefore, it can be considered outside the AD of the model 
(Gramatica, 2007). 

The Williams graph, the plot of hat value (h) versus standardized residuals, 
verifies the presence of response outliers where the compounds with cross-
validated standardized residuals larger than 2.5 standard deviation units, and 
compounds structurally very influential in determining model parameters. 

Associative Neural Networks (ASNN) 

An associative neural network (ASNN) is a combination of an ensemble of the 
feedforward neural network and the K-nearest neighbors technique, and 
ASNN can calculate nonlinear models between indices and molecular 
properties (Tetko, 2002a; Tetko, 2002b). 

The ASSN model was based on an ensemble of 100 neural networks, and 
therefore, each model calculated one predicted value for any molecules. These 
100 values were used to form a vector Ycalc, this vector corresponded to a new 
representation of a molecule in the model space for the molecule in both of 
the calibration and prediction set. For each analyzed molecule, z, in the 
calibration set with a maximum correlation coefficient between them (Tetko 
et al., 2006):  

)(max),( 2 jiYYRziCorrel =                                                                      (17)  

R2 corresponds to 1-Euclidian distance, this similarity measure 
corresponded to the minimal Euclidian distance between the molecules in the 
prediction and calibration set in the apace of activities predicted from the 
models. As a result, a molecule was determined in the prediction with a 
maximum correlation with the analyzed molecule in the model space. A cut-
off value of R2 = 0.7 was used to define the AD of the ASNN model. And 
therefore, if the analyzed molecule had R2 > 0.7 at least to one of calibration 
set molecules in the space of models, it was considered inside of the AD of the 
models, otherwise, it was considered outside of the AD of the model (Zhu et 
al., 2008).           
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Data Analysis 

Multiple Linear Regression (MLR) 

MLR is a classical approach to model one response variable, Y, as a linear 
combination with one or more explanatory variables, X. The residual ε 
represents the deviation between the dependent variable and the independent 
variables. 

iiiiiii xxxxxy εββββββ ++++++= 55443322110
                                                (18)                         

The MLR approach is not suitable for analyzing collinear variables. If 
variables in independent data sets exhibit collinearities, the regression 
coefficients, β, become unstable and difficult to interpret. The number of 
observations must exceed the number of variables (Topliss and Edwards, 
1979). It is assumed that X-variables are exactly and completely relevant to the 
response variable.   

Principal Component Analysis (PCA) 

PCA is a basic statistical method in multivariate data analysis (Wold et al., 
1987). The multivariate projection technique of PCA extracts the systematic 
variance in the data matrix and effectively used in a covariance analysis 
between different factors. Karl Pearson first formulated PCA in 1901 (Pearson, 
1901), the crucial application of PCA is that the transformation of a vector 
space reduces multidimensional matrix to lower the dimensionality of the data 
set. PCA decomposes matrix X so that a score matrix T multiplies a loading 
matrix P, then plus a residual matrix E: 

 
X = TPT + E                                                                                            (19)                         

                                                                                                                      
The mathematical principle of PCA is eigen analysis: PCA can find the 

eigenvectors and eigenvalues of a square symmetric matrix with sum of squares 
and cross products. An eigenvector of the covariance matrix corresponds to the 
largest eigenvalue in the same direction, and this eigenvector expresses the first 
principal component; another eigenvector with the second largest eigenvalue 
represents the second component that is orthogonal to the first component. 
The rest can be deduced by analogy: the third component is orthogonal to the 
first and second component and so on. The number of components is 
determined by cross-validation (CV) (Wold, 1978).   
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Figure 1. The geometric principle of PCA, in which two principal 
components define a model plane.  

Scaling and mean centering are used to standardize the data matrix in the 
data analysis. Scaling is used to equalize the length of a vector, the length of 
each coordinate axis in the variable space is set to be the same; one point (in 
figure 1) is situated in the middle of the point swarm, and this point moving 
to the origin of the coordinate expresses the mean centering. Two principal 
components form a plane that is a window of the multidimensional space, and 
the values of observations projected on the plane give the score. The score and 
loading can be plotted to overview the relationship between the observations 
and variables, the overview of PCA shows the grouping of the observations, 
trends, and outliers (Eriksson et al., 2006). 

Partial Least Squares Projection to Latent Structures (PLS) 

PLS is a robust, multivariate statistical extension of MLR, and is an approach 
for relating two data matrices, X and Y, to each other by a linear multivariate 
model. It expresses a projection to latent structures by means of partial least 
squares, and the precision improves with increasing numbers of X variables. 
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Figure 2. The model of multivariate calibration and the prediction for new 
compounds. 

PLS decomposes the block matrix X and Y:  

X = TPT + E                                                                                              (20)                       
Y = UCT + F                                                                                              (21)                       

Matrices X and Y are connected by an inner relation, H is the residual 
matrix: 

U = T + H                                                                                                 (22)                       

PLS modeling of the relationship between variable X and response Y can 
be described by equations (20) and (21); the information related to the 
observations from X and Y is stored in the score matrices T and U, and the 
information related to the variables is stored in the loading PT of matrix X and 
the weight CT of matrix Y; E and F are residuals of X and Y, respectively. 

PLS simultaneously projects the variables of X and Y onto the same 
subspace, T, and there is a relation between the position of one observation on 
the plane of X corresponding to the position on the plane of Y. The scores are 
calculated for the variation in matrix X and are well correlated with Y. A PLS 
model is calculated, in which chemical molecular descriptors can predict 
physicochemical properties as a response. The score T from untested 
compounds can be calculated from matrix X, and through the previously 
calculated weights, CT in matrix Y, the new physicochemical properties can be 
predicted.   
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The relationship between X- and Y-variables: the scores t and u consist of 
information from the projection of the observations X and Y, respectively; the 
weight w profile displays the covariation of the X-variables with u; the loading 
p profile displays the covariation of the X-variables with t; the weight c profile 
displays the covariation of the Y-variables with t. NIPALS based on 
algorithms can tolerate approximately 20% randomly distributed missing data 
for small data sets, and moderate amounts of random missing data for larger 
data sets (Kettaneh et al., 2005).  

Pre-processing data: if a variable contains one or more extreme values in the 
data set, these values will dominate over other values and unduly influence the 
model. After transformation, the distribution of the data becomes fairly 
symmetrical; for example, logarithm transformations may remedy skewness in 
the model. In addition, data are generally centered and scaled to unit variance 
before analysis. Scaling each variable to unit variance by dividing it by its 
standard deviation (SD) ensures that all variables have an equal opportunity to 
influence a regression model; centering each variable by subtracting the 
average value of all the variables facilitates interpretation and removes some 
numerically unstable factors (Eriksson et al., 2003). Scaling to unit variance 
and centering assume that each variable has the same weight and same prior 
importance.  

The numbers of PLS components: if too many components are used, noise is 
modeled, and the model becomes “overfitted”; if an insufficient number of 
components are chosen, part of the relevant variation is missing and the model 
shows “underfitting” (Martens and Næs, 1996). Cross-validation (CV) is a 
reliable approach for model option based on the predictability of the models 
(Brereton, 2007), and it is effectively used to determine the numbers of the 
dimensionality in the model. CV is performed by which observations are 
omitted of the model development, and then the response values (Y) for the 
omitted observations are predicted by the model and compared with the real 
values. This procedure is repeated several times until every observation has 
been omitted once and only once. 

After developing a reduced model, the difference between the real and 
predicted Y values is calculated for the test set. The predictive residual sum of 
squares (PRESS) represents the sum of the squares (SS) of these differences 
from all the parallel models: 

( )∑ −= 2
imi yyPRESS )                                                                             (23)                           

where i denotes the observed Y value, imyy )
represents the predicted Y 

value, i expresses different observations, and m stands for different dependent 
variables. PRESS is transformed to R2 to estimate the fit to the data, and R2 
measures how much variation in Y is described by the model:  

corrtot .SSY
RSSYR2 0.1 −=                                                                                (24)                            
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Q2 estimates the predictive ability, and expresses how much variation is 
predicted by the model:        

corrtotSSY
PRESSYQ

.

2 0.1 −=                                                                                 (25)                          

R2Y is usually higher than Q2Y. 
 
SSY is equal to the initial sum of squares for the dependent variables. The 

error in the prediction of the compounds can be calculated by the root mean 
square error of prediction (RMSEP). RMSEP is the average prediction error 
in the same unit as Y, and is used to measure accuracy: 

N
PRESSRMSEP =                                                                                  (26)                         

where N is the number of compounds in the validation set. 

Neural Networks 

Artificial Neural Networks (ANN) are information processing paradigms that 
are inspired by the way biological nervous system, just as the brain consists of 
neurons that are connected with one another. A neural network consists of 
interrelated artificial neurons, the neurons work together to solve a given 
problem.  

The classification of ANN: Two mainly different neural networks, supervised 
neural networks (SNN) and unsupervised neural networks (UNN), are widely 
employed for data analysis in chemoinformatics and bioinformatics (Schneider 
and Wrede, 1998). SNN are used in function approximation, classification, 
pattern recognization and prediction tasks, in which, one or more 
corresponding functional values for each data point must be already know. 
However, UNN can be employed to similar tasks even without prior 
knowledge of molecular activities, and UNN can automatically recognize the 
clusters of data in a given set based on a rational representation of the 
compounds and a sensitive similarity measure. 

Building blocks of neural network architecture: ANN consists of two elements: 
formal neurons, and connections between the neutrons. At least two layers are 
required for construction of a neural network, including an input layer and an 
output layer. Fully connected feed-forward networks are by far the most 
frequently used neural networks for chemoinformatics, in which every neuron 
of one layer is connected to each neuron of the following layer, and no intra-
layer connections exist (Zupan and Gasteiger, 1993). 

Unsupervised training of neural networks: a special type of UNN, self 
organizing maps (SOM) or Kohonen networks, was used for splitting 
approach to obtain prediction set in paper IV. SOM comprises connected 
nodes that have a data vector associate with them. Descriptor vectors are 
calculated for test molecules and SOM nodes are assigned corresponding 
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vectors. As a result, each test molecule is mapped to the node having the 
smallest distance to its descriptor vector in chemical space (Kohonen, 1982). 
Compounds distribution can be projected from high dimensional descriptor 
spaces on two dimensional arrays of nodes, and therefore, SOM is a 
dimension reduction technique. 

Supervised training of neural networks: feed-forward networks in SNN were 
used in paper IV. All neutrons in a supervised net, a data vector is fed into the 
network by computing an output value each time. 

Testing the ability of neural network models: cross-validation was used to 
evaluate the prediction performance.       
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Physicochemical Properties 

Vapor Pressure (P) 

Vapor pressure is one of the important physicochemical properties in 
predicting the distribution of chemicals. The vapor pressure is the pressure of 
the vapor of a compound at equilibrium with its pure condensed phase (liquid 
or solid) and depends on the ambient temperature. At a given temperature, 
the energies of the chemical molecules in the condensed phase have a 
distribution of energies based on the Maxwell-Boltzmann distribution, and 
some of molecules with sufficient energy overcome the forces of attraction 
from their neighboring molecules. If these energies on the molecular surface of 
the condensed phase are greater than the molecular interaction forces, the 
energies will escape from the condensed phase. When the rate of escape from 
the condensed phase equals the rate of condensation, the partial pressure of 
the gas is the vapor pressure at equilibrium.  

The vapor pressure is classified as solid vapor pressure (PS) and (subcooled) 
liquid pressure (PL). The energy required to transfer molecules from the solid 
to gas phase is higher than transferring them from the corresponding liquid to 
gas phase; PL is thus larger than the corresponding PS of the solid compounds. 
Knowledge of the properties of subcooled liquid compounds is useful to 
quantify the molecular situations in the environment in which the molecules 
are in liquid phase, e.g., dissolved in water, even though the compounds are 
solids in their pure state. We use the pure liquid compound as the reference 
state for describing partitioning processes. Vapor pressure can be directly 
measured using gas chromatography (GC) (Hinckley et al., 1990).  

Partitioning Coefficient n-Octanol/Water (Kow) 
The organic solvent n-octanol is widely used for predicting partitioning 
between organic phase and water. The partitioning coefficient Kow is the ratio 
of the concentration of a dissolved compound in two phases of these 
immiscible solvents at equilibrium: 

water

octanoln
ow C

CK −=                                                                                          (27)                         

Kow is sometimes denoted as P (for partitioning). An n-octanol molecule 
has an apolar part and another bipolar functional group; this molecular 
property ensures favorable interactions with bipolar and monopolar solutes, 
and therefore n-octanol as a solvent can efficiently accommodate most kinds 
of solutes. Kow has been accepted as a descriptor of the hydrophobicity of a 
molecule. Hydrophobicity is a crucial physicochemical parameter determining 
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both the pharmacokinetic and pharmacodynamic behaviors in a molecule. The 
hydrophobic effect is the main driving force for drugs binding to their receptor 
targets (Eisenberg and McLachlan, 1986), and compounds with higher Kow 
values often bioaccumulate. 

The classical and reliable technique for determining Kow is the separation 
funnel method: the compounds dissolve in the two phases at equilibrium, and 
ultraviolet/visible (UV/VIS) spectroscopy is normally used to measure the 
distribution of solute. Another quick approach is high performance liquid 
chromatography (HPLC), in which the solute passes through the reversed-
phase column (e.g., C18 alkyl chains covalently bound to silica beads), the 
hydrophilic chemicals elute first, and hydrophobic compounds elute last. The 
retention factor k is expressed as:  

0

0

t
ttk R −=                                                                                                (28) 

where tR is retention time, and t0 is hold-up time. 
Kow is deduced from the retention factor k (Valkó, 2004):  

bkaKow +∗= loglog                                                                                (29) 

The regression coefficients a and b must be determined by appropriate 
reference compounds from each chromatographic system. Once a 
chromatographic system is established and calibrated, many compounds can 
be investigated immediately. 

The classical method for predicting Kow is the fragment or group 
contribution method (Hansch and Leo, 1979). The logKow of a compound is 
determined by the sum of its non-overlapping molecular fragments, and the 
fundamental fragments are derived from a limited number of simple molecules. 
This method cannot be used to predict Kow for molecules containing unusual 
functional groups in which the parameters have not been developed. 

The similar atom/fragment contribution (AFC) method can be used to 
estimate logKow (Meylan and Howard, 1995). With a large database of logKow 
values, fragment coefficients and correction factors can be derived by MLR of 
given fragment coefficients and correction factors. The equation of estimation 
is as follows:  

∑∑ +⋅+⋅=
j

jj
k

kkow constantcnfnKlog                                                  (30) 

where fk is the fragment constant, cj is the correction factor, nk and nj are 
the frequency of each type of fragment and specific interaction, respectively.  

When the electronic or steric interactions of functional groups within a 
molecule influence the solvation of the compounds, correction factors are 
required. If the interaction reduces the overall hydrogen donor or hydrogen 
acceptor capability of the compound, the correction factor is positive; if the 
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opposite is the case, the correction factor shows negative values. These 
calibration models often become complex with hundreds of fragment 
coefficients and correction factors.      

Water Solubility (Sw) 
Water is one of the major transport and reaction media for organic 
compounds in natural systems due to small size of the water molecule and the 
hydrogen bonding properties. Water solubility reflects the concentration of a 
compound for a saturated solution in equilibrium. For the assessment of the 
behavior and effect of organic compounds in the environment, accurate data 
on water solubility is of the utmost importance. 

The shake-flask method is a conventional determining approach, which 
works well for many soluble chemicals at equilibrium. However, the 
experiments become difficult for sparingly soluble compounds, such as PAHs, 
PCBs, and dioxins, due to the formation of emulsion or microcrystal 
suspensions. In these cases, we can use the filtration approach with the help of 
an adsorption mechanism.       

Prediction of aqueous solubility is important in the environmental sciences. 
The most useful approaches for estimation of water solubility in nonaqueous 
solutions are based on a functional group contribution. The universal 
functional activity coefficient (UNIFAC) is a reliable and faster approach for 
predicting the aqueous solubility/activity coefficients of non-electrolytes in 
liquid mixture (Fredenslund et al., 1975; Hansen et al., 1991). This model has 
been extended to water as a solvent. The fundamental principle is that a 
compound is composed of functional groups, and each group makes a unique 
contribution to aqueous solubility. A large number of compounds merely 
contain limited numbers of functional groups, and therefore it is possible to 
predict many compounds using a small amount of organic functional groups. 
However, the accuracy of the UNIFAC model remains controversial (Kan and 
Tomson, 1996). Another similar approach focusing on the prediction of 
aqueous solubility is well known as aqueous functional group activity 
coefficients (AQUAFAC) (Myrdal et al., 1993). Its fundamental idea is to 
express enthalpic and entropic contributions to the excess free energy by 
summing up interactive terms of parts of solute, solved organic molecules, and 
their functional groups.      

Some promising methods for predicting water solubility are based on 
topological, geometric, and electronic molecular descriptors (Mitchell and Jurs, 
1998). The advantage of this QSPR approach is that it can be used for any 
compound for which the molecular structure is known; the disadvantage is 
that software is required, and the principles behind the method may not be 
transparent for the user. 
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Melting Point 
The melting point (MP) of a solid is the temperature at which the vapor 
pressure of the solid and the liquid are equal. Melting or fusion is the phase 
transition in which the crystalline phase changes to the liquid phase. At a fixed 
pressure, the melting point of a crystal of a pure substance is the temperature 
at which the crystalline and liquid phases are in thermodynamic equilibrium. 
The heat required to melt the crystal is absorbed at a constant temperature and 
is referred to the latent heat of melting, or latent heat of fusion. The latent 
heat of fusion is equal to the enthalpy change of fusion, since melting occurs at 
a fixed pressure. On the contrary, if the temperature of the reverse change 
from liquid to solid, it is referred to freezing point or crystallization point. 
However, the freezing point is not considered to be a characteristic property of 
a substance due to the ability of some substance to supercool. 

When a crystal melts, at the melting point the change in Gibbs free energy 
(ΔG) of a substance is zero, however, both of the enthalpy and entropy of a 
substance increase. The enthalpy change of fusion is a measure of the amount 
of energy required to convert the crystal to a liquid. The entropy change of 
fusion is a measure of the increase of randomness or disorder when the 
molecules are released from the constraints of the crystal into the relative 
freedom of the liquid (Brown and Brown, 2000). When melting occurs, the 
Gibbs free energy of the liquid becomes lower than the solid for this substance. 
A high melting point could be caused by a high enthalpy of fusion or low 
entropy of fusion or both: 
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=                                                                                              (31) 

With the increasing in molar mass, molecular melting point usually 
increases. And high molecular symmetry is associated with high melting point, 
since symmetry in a molecule lead to the effect of reducing entropy gained on 
melting of that substance (Pinal, 2004).   

Boiling Point 

The boiling point (BP) of a substance is the temperature at which the vapor 
pressure of the liquid equals to the environmental pressure surrounding the 
liquid. The boiling point represents the point at which the liquid molecules 
possess enough thermal energy to overcome the various intermolecular 
attractions binding the molecules as liquid, and therefore, the boiling point is 
an indicator of the strength of weak attractive forces between the molecules of 
a liquid. The increase in boiling point is correlated with the increase in 
molecular size and polarizability. The normal boiling point of a liquid is the 
specific case in which the vapor pressure of the liquid equals the defined 
atmospheric pressure at sea level under 1 atmosphere. 
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The boiling point increases with increasing pressure up to the critical point 
in which the gas and the liquid properties become identical, the boiling point 
cannot be increased beyond the critical point. Likewise, the boiling point 
decrease with decreasing pressure until the triple point is reached, and the 
boiling point cannot be reduced below the triple point. 

Boiling point was used in QSPR model to predict vapor pressure, and the 
vapor pressure of chemicals affects their resident time in soil, water and air. 
And therefore, this model is useful to predict the distribution of transport of 
chemicals into environment, and vapor pressure can be used in fugacity 
calculations (Müller and Klein, 1993).       

Perfluorinated Compounds 
Perfluorocarbons are compounds containing fluorocarbon derived from 
hydrocarbons by replacement of hydrogen atoms by fluorine atoms. 
Perfluorocarbons are made up of only fluorine and carbon atoms. A 
perfluorocarbon can be a linear, cyclic or polycyclic compound. Perfluorinated 
compounds (PFCs) are perfluorocarbons or derivatives with some functional 
group attached.  

PFCs show chemical inertness and thermal stability due to the strength of 
the carbon-fluorine bond and the shielding effect of the fluorine atoms. The 
electronegativity of fluorine reduces the polarizability of the electron clouds, 
and further reduces van der Waals forces between fluoro compounds (Lemal, 
2004). Several perfluorocarbons are gases at normal temperature; however, 
perfluorocarbon liquids are colorless and high density attributing to their high 
molecular weight. Very low intermolecular interactions lead to low viscosity in 
liquid, low surface tension, low heat of vaporization and particularly low 
refractive indices. 

As a landmark development in organofluorine chemistry, Roy J. Plunkett 
serendipitously discovered Teflon at Dupont in 1938. Since the 1950s, PFCs 
have been widely used in a variety of industrial and consumer products. The 
physicochemical properties of fluorinated surfactants are distinctly different 
from those of hydrocarbon surfactants (Moody and Field, 2000), it is well 
known that surfactant molecules of hydrocarbon consist of one polar head 
group and another hydrophobic tail; the molecules of fluorinated surfactants 
containing one hydrophilic head, however, the nonpolar tail possesses of 
hydrophobic and oleophbic (oil-repelling) properties. Fluorinated surfactants 
are widely used for aqueous film fire-fighting foams (AFFFS) in mining, oil 
well industries, insecticide, alkaline cleaner, floor polishes, shampoos, as well 
as protectors in carpets, leather, paper, fabric and upholstery (Giesy and 
Kannan, 2002). 

PFCs such as perfluorinated acids (PFAs), Fluorotelomere alcohols 
(FTOH), and perfluoroalkyl sulfonates (PFAS) are a cause for environmental 
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concerns, since the stability of the C-F bond in PFCs makes them long-range 
transport, persistent, and accumulation in environment (Armitage et al., 2009). 
In 1999, the United States Environmental Protection Agency (U.S. EPA) 
began an investigation of PFCs due to persistent and bioaccumulative 
properties in human population (Olsen, 2003) and in wildlife (Kannan et al., 
2002) around the world. Recent studies on animals have revealed negative 
effects in expression of the greatest number of genes (Guruge et al., 2006). 
These scientific results provide that PFCs sustaining accumulation in the 
environment have threatened human health and ecosystem. 

Fluorotelomere alcohols (FTOH) are widely used as intermediates during 
the synthesis for coatings, polymers and paints in the surface-active 
modification of consumer products (Dinglasan-Panlilio and Mabury, 2006). 
Metabolism of the 8:2 FTOH in rat produced perfluorooctanoate (PFOA) 
(Hagen et al., 1981; Martin et al., 2005), and FTOH acts as precursors to the 
perfluorinated acids (PFAs) that have been detected in the environment. 6:2 
FTOH could disturb fish reproduction through endocrine disrupted activity 
(Liu et al, 2009).  

In this thesis, we mainly develop PLS models with different kinds of 
theoretical molecular descriptors, including the group or fragment descriptors 
referred to above. We choose the most relevant variables based on variable 
importance in the projection (VIP) for predicting the physicochemical 
properties and retention factors in RPLC, as well as exclude the variables that 
are less related, as a result, more accurate and global models will be developed 
using PLS approach. 
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Results and Discussion 

Quantitative molecular interactions govern a chemical’s physicochemical 
properties. The basic assumption is that van der Waals and polar interactions 
mainly contribute the free energy of transfer, and that these contributions are 
additive: 

polar
i

vdW
ii GGG 121212 Δ+Δ=Δ                                                                         (32) 

Prediction of Vapor Pressure  

We collected data for a diverse set of 920 organic compounds from the 
PhysProp Database (Syracuse Research Corporation, Syracuse, NY). Their 
melting points were below 298.15 K and molecular weights between 30 and 
500 amu. In addition, we collected data for 420 organic compounds with 
liquid or subcooled liquid vapor pressure at 298.15 K from the literature 
(Mackay et al., 2006). In all, 1479 molecular descriptors were used for 
modeling (Öberg and Liu, 2008). 

The data were randomly split into a calibration set of 893 objects and a test 
set of 447 objects. After 23 outliers were excluded, and 378 molecular 
descriptors were selected, 99.0% of the variance was explained for 10 
components in the calibration set, and the RMSEC was 0.294. In the test set, 
27 outliers were excluded, 98.0% of the variance in the model was explained, 
and the RMSEP was 0.410. 

The bilinear PLS models usually accommodate nonlinear behavior by the 
addition of more latent variables, and 10 significant latent variables indeed 
indicated such nonlinear relationships. When the PLS model is global, it 
describes a large variety of compounds with vapor pressures varying over 
fourteen orders of magnitude. Local models that cover a more limited 
calibration domain with similar compounds could be expected to be both 
simple and more accurate. 

In the global PLS model, the first component explained 91% of the 
variance in vapor pressure and 33% of the variance in the descriptors. The 
descriptors of the first latent variable mainly contribute molecular size, van der 
Waals interactions, and therefore this latent variable is closely correlated to the 
Ghose-Crippen molar refractivity (Ghose and Crippen, 1987; Viswanadhan et 
al., 1989). 

The second component explained 4.6% of the variance of vapor pressure 
and 5.7% of the variance in the descriptors. The main contributors are the 
number of hydroxyl groups, the number of donor atoms for hydrogen bonding, 
and the topological polar surface area. However, the fluorine functional group 
reduces polarizability.  
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The results showed that the first two components capture the main 
information from the variance, and they correspond with LFER, in which van 
der Waals and polar interaction contribute to the free energy of transfer. 

We evaluated different sizes of subsets and number of latent variables to 
investigate the benefit of local modeling. There is a definite improvement in 
performance with the local model approach when only a few latent variables 
(one or two) are extracted. This difference diminishes and when six or more 
latent variables were extracted, a model using close to the full calibration data 
set shows the best performance, as measured by RMSEC. The relationship 
between RMSEC, the number of latent variables, and the number of 
neighboring compounds considered is show in figure 3.       
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Figure 3. RMSEP vs. the number of latent variables and neighboring 
compounds in the calibration model. 

Local modeling did not improve the overall prediction performance; 
however, when we used only a few latent variables, a local model indeed 
performed better. 

Comparison of Modeling of Environmental 
Properties between LSER and PLS 

We collected data from Physprop Database and Absolv Database ADME 
Boxes v 3.5 (Pharma Algorithms, Vilnius, Lithuania). In the LFER model, 
the factors are intended to describe different aspects of van der Waals and 
polar interactions. Abraham et al. developed LSER for the correlation with 
five solute descriptors that were determined from chromatography or 
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generated via water-solvent interactions using empirically derived equations 
(Abraham et al., 2004). 

vVbBaAsSeEcSP +++++=                                                                 (33) 

Theoretical molecular descriptors were generated and reported as 1664 
variables. However, the MLR approach is not applicable for a data matrix 
with a larger number of variables than the number of observations or for a 
matrix containing collinear variables. However, the PLS model works well in 
this case. The solvent properties are linearly related to the descriptors of 
organic molecular structures, and the mathematical relation can be expressed 
using score t and weight q in Y matrix in the PLS model (Wold and Sjöström, 
1998):  

etqtqtqtqSPSP +⋅⋅⋅++++= 44332211                                                       (34) 

The residual, e, represents the deviation between the data and the model. 
We tested five dimensions in PLS corresponding to the e, s, a, b, and v 
coefficients in the LSER model. The principal components cannot represent 
exactly pure physicochemical properties, and the few data are orthogonal to 
each other, but the local directions in multidimensional space capture main 
variations, hence the variables are termed latent variables. The PLS model 
tolerates collinear variables and randomly missing data in the matrix, and the 
model with reduced dimensions is still stable.  

The data for developing the model were retrieved from the PhysProp 
database (Syracuse Research Corporation, Syracuse, NY) and the Absolv 
Database ADME Boxes v 3.5 (Pharma Algorithms, Vilnius, Lithuania). 
Experimentally determined values of Kow and Sw at 298.15 K were found for 
1529 and 893 compounds, respectively. As some compounds lacked one or 
more of the solute descriptors and the data sets selected for modeling of Kow 
and Sw, 1505 and 884 compounds were used for modeling of Kow and Sw, 
respectively.     

Prediction of Partitioning Coefficient (Kow) 

To develop LSER and PLS models, we chose 1505 compounds with widely 
different molecular structures (Liu and Öberg, 2008). The data set was 
randomly sorted, and the data were mean centered and scaled to unit variance. 
Scaling is to ensure that all the variables have equal opportunities to influence 
the model, and centering greatly facilitates interpretation of the model. The 
variable partitioning coefficient contained a few extreme values that exerted a 
large influence on the model and dominated over other measurements; 
logarithmical transformation resulted in a fairly symmetrical distribution of 
the data. 
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To test the predictive power of the model, the data were split into a 
calibration set with 2/3 of the compounds and a prediction set with 1/3 of the 
compounds. We developed LSER with 1003 compounds and 5 solute 
descriptors, after exclusion of 37 outliers. The LSER equation is: 

VBASEKow 698.3371.3042.0059.1658.0129.0log +−−−+=  

n= 966, R2 = 0.978, SD = 0.28, F = 8.7×103                                            (35) 

where the unit of V is cm3mol-1/100, n is the number of the compounds, R2 
is the overall correlation coefficient, SD is standard deviation, and F is the 
Fischer statistics.   

The term hydrogen bond acidity A is not significant; therefore, we 
recalculated the model after excluding the hydrogen bond donor (HBD) 
descriptor: 

VBSEKow 707.3380.3066.16567.01235.0log +−−+=  

n= 966, R2 = 0.978, SD = 0.28, F = 1.09×104                                         (36) 

Abraham et al. reported an LSER equation with 5 parameters (Abraham, 
Chadha, Whiting and Mitchell, 1994): 

VBASEKow 814.3460.3034.0054.1562.0088.0log +−+−+=   

n = 613, R2 = 0.995, SD = 0.116, F = 2.3×104                                        (37) 

The fit of the Abraham equation is better than the result we reported, 
probably because of our choice of different organic molecules, and because we 
collected compounds with widely different molecular structures. However, if 
we used our calibration data to fit their equation, the two equations showed 
similar results.  

Table 1. Comparison of the model of logKow between LSER and PLS  

 Na) Ab)      LSER   PLSR  
   R2 Q2

Ext RMSEC/ 
RMSEPc) 

R2 Q2
Ext RMSEC/ 

RMSEP 
Calibration 966 4 0.978  0.280 0.957  0.411 
Prediction 502 4  0.955 0.410  0.933 0.498 

a) Number of compounds, b) Components, c) Root mean square error of 

calibration and root mean square error of prediction.   

To compare with the LSER model, we used 1664 theoretical molecular 
descriptors to calculate logKow. The PLS calibration model is mathematically 
and statistically equivalent to a LFER (Wold, 1974). PLS can tolerate 
collinear variables and missing data better than MLR in short and wide data 
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matrices. In a large number of molecular descriptors, not all were relevant to 
the model. Variable importance in the projection (VIP) showed an importance 
in the PLS model; the terms with the largest values were the most relevant for 
explaining Kow (Wold et al, 2001). VIP is the sum of all the model dimensions 
of the contributions of the variable influence. We selected the 92 largest 
descriptors in the model without any lowest values; the numbers of the 
components were set to four, the same as those in the LSER model.     

In the PLS approach, we chose four components that were same as in the 
LSER model. The first two components explained 93.4% of the variance in 
Kow; the third and fourth components only increased the explanation by 2% on 
the response variable. the first component is strongly correlated to the 
McGowan molar volume, which is equivalent to the van der Waals volume 
(Zhao et al., 2003). Hydrogen bond acceptor (HBA) and polarizability have 
been considered to be crucial factors (Dearden et al., 2000) and were described 
by the second component. The results of PLS coincide with those in LSER; 
molecular volume (V) and the molecular basicity descriptor (B) are significant 
in the LSER equation. The results showed that van der Waals and polar 
interaction mainly contributed to the free energy of transfer. 

Prediction of Water Solubility (Sw) 
We collected 884 compounds and the data were randomly split into a 
calibration set with 589 compounds and a prediction set with 295 compounds 
(Liu and Öberg, 2008). The LSER with five parameters is: 

VBASESw 952.3683.36697.05896.09462.0679.0log −+++−=  

n= 552, R2 = 0.948, SD = 0.618, F = 1.98×103                                        (38) 

Abraham et al. reported an LSER equation with 594 compounds 
(Abraham and Le, 1999): 

VBASESw 050.4279.3646.0851.0061.1849.0log −+++−=    
n= 594, R2 = 0.895, SD = 0.63, F = 1.04×103                                          (39) 

Table 2. Comparison of the model of logSw between LSER and PLS  

 N A      LSER   PLSR  
   R2 Q2

Ext RMSEC/ 
RMSEP 

R2 Q2
Ext RMSEC/ 

RMSEP 
Calibration 552 5 0.948  0.618 0.959  0.546 
Prediction 295 5  0.879 0.937  0.922 0.740 

Abraham et al. reported that SD cannot be lower than 0.5 log units when 
the molecules contain widely different structures (Abraham and Le, 1999). 
The parameters in these two equations are very similar; the coefficients of B 
and V showed significance, that is, hydrogen bond acceptors (HBA) show a 
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positive effect on aqueous solubility; in contrast, larger molecules show 
negative results on aqueous solubility.      

We used five components to develop a PLS calibration model to predict 
logSw of 295 other compounds, 92.2% variation was predicted, with the model 
showing a high power of prediction. The first two components explained 
92.9% of the variation in the response variable; two more components only 
increased the variance by 3%. The results of PLS and LSER showed that 
hydrogen bond acceptor (HBA) and molecular size (V) mainly contributed to 
water solubility.  

Comparison of Models - LSER and PLS  

We predicted logKow and logSw with five Abraham parameters in the LSER 
model. The E and V descriptors are calculated from molecular structure, and 
the S, A, B descriptors are generated from experiments or estimated from 
empirically derived equations. It is easy to interpret the physicochemical 
properties in the LSER model: obviously, the coefficients in the LSER 
equation directly give information of positive or negative effects on the 
physicochemical properties (Kamlet and Taft, 1985). The compounds with a 
series of similar structure can generate a better-fitted model. 

LSER uses MLR based on the assumption that each X is a fixed variable. 
It is limited in that several related data series were analyzed simultaneously, 
and another assumption of MLR is that the predict variables are exactly 
relevant for the response variable in the model - MLR cannot provide any 
diagnostics for testing the validity of this assumption. Lack of collinearity is 
difficult to meet chemical data, and collinearity leads to increased errors in the 
model (Quinn and Keough, 2002).  

PCA and PLS can overcome collinearity and missing data (Wold and 
Sjöström, 1986), and the score plot and loading plot as the diagnostic tools 
effectively search outliers in the model (Wold, 1993). In the PLS approach, 
the first principal component can capture main chemical information that 
represents main variance (Kamlet et al., 1987). Principal component analysis 
requires that the second principal component is orthogonal to the first, the 
third principal component is orthogonal to the first and second, and the fifth 
principal component is orthogonal to the first, second, third and fourth. 
Although the PLS factors are not always possible to interpret directly in 
chemical term (Kvalheim, 1988), rotations or projections enhance the 
interpretation. 

The similarity between the LSER and PLS models indicates that a direct 
chemical interpretation of the latent variables is possible (Öberg, 2007). The 
main factors in the PLS model are related to the molecular volume, polar 
property, and polarizability. The dimensionality of PLS is much lower than 
for the group contribution models, and the PLS approach avoids both 
“overfitting” and “underfitting” the model. The predictive performance seems 
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to be similar for both LSER and PLS approaches. The choice of model should 
therefore be driven by the availability of data and predictive power.        

Extension of a Predictive Model for Vapor Pressure 
We updated an existing QSPR model of vapor pressure to cover the chemical 
domain of interest (Öberg and Liu, 2010). This approach can integrate 
general information from other parts of the chemical space. Different sample 
weighting schemes have been proposed as a possible solution to update an 
existing model with only a few new calibration samples (Stork and Kowalski, 
1999; Capron et al., 2005). The model structure can be revised during this 
update or it can merely be on adjustment of the parameters. A few new 
samples represent the key PFCs compounds. The predictive performance is 
subsequently evaluated with experimental data not used for the model 
recalibration. The influence of different weighting on sample leverage, domain 
coverage, and predictive performance is described. The updated model is 
finally applied to a larger set of environmentally relevant PFCs. 

The empirical vapor pressure data for the selected PFCs were collected 
from the literatures (Steele et al., 2002a, 2002b; Kaiser et al., 2004; Kaiser et 
al., 2005; Krusic et al., 2005) and recalculated to a liquid or subcooled vapor 
pressure (PL) at 298.15 K. Additionally, 434 long-chained surface active PFCs 
molecules were selected for further study. A simple approach to give samples 
additional weight is by including several copies of each of them. Such a sample 
weighting scheme is of particular value when only a few new objects are 
available from a data cluster outside the original calibration domain. 

Two previously excluded outliers together with the three selected 
compounds; perfluorononanoic acid, perfluorododecanoic acid, and 8:2 
fluorotelomer alcohol, within previous model (Öberg and Liu, 2008) were 
used for recalibration. The sample weight of three new PFCs compounds 
needs to be increased to 14 to fit all three calibration objects inside the 
previously determined leverage limit. Compared with previous model, the 
performance of the new model showed a very slight decrease in explained 
variance (R2) and similar slight decrease in RMSEC and RMSEP. 
Subsequently, remaining eight PFCs compounds were used for validation, as a 
result, 99.4% variance was explained, and RMSEP was 0.199 units of log Pa. 

The method was compared with that of SPARC v4.5 and the EPI Suite 
v3.20; SPARC is a computer program for automated reasoning in chemistry 
and used to predict physical properties, and the EPI Suite is a set of computer 
programs for physical property estimations developed by the US EPA’s Office 
of Pollution Prevention Toxics and Syracuse Research Corporation. The 
results showed that the QSPR model provided accurate predictions for the 
validation set while both reference methods have a substantial systematic bias 
and overprediction for vapor pressure. 
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434 PFCs compounds were used for development of QSPR model. 
Applicability domain was defined at 5% confidence interval, as a result, 430 
compounds fell outside the applicability domain of the original model; after 
recalibration, 204 compounds remained outside the applicability domain, and 
therefore, it is possible to predict the liquid vapor pressure for more than 200 
PFCs in which no reliable experimental data are available. 

It is a successful method to update a previous model to cover an extended 
applicability domain, and selective sample weight is useful in developing new 
model.      

QSPR Models of Perfluorinated Chemicals (PFCs)  
Perfluorinated chemicals (PFCs) are C4-C16 carbon chain compounds 
predominantly substituted by fluorine. Their physicochemical properties, such 
as melting point (MP) and boiling point (BP) of PFCs are crucial to 
determine the solubility, transport, distribution and environmental fate 
(Bhhatarai et al., 2010). 

55 MP data points of and 77 BP data points were collected from the SRC-
Physprop database. Additionally, 19 data points of MP were collected from 
the literature of Trepka et al. (Trepka et al., 1974), 7 data points from 
Gajewski et al. (Gajewski et al., 1988) and 13 data points from Platonov et al. 
(Platonov et al., 2001), meanwhile, 16 data points of BP were collected from 
Hendricks (Hendricks, 1953). As a result, totally 94 and 93 compounds were 
available for QSPR modelling of MP and BP data respectively. 

The data were split by two different approaches: self organizing maps 
(SOM) and random approach. The calibration sets were used to select the 
modelling descriptors, and prediction sets were used to test the predictive 
performance of each model. In addition, a completely blind external validation 
set was collected from PERFORCE data set (EV-set) to strongly assess the 
performance of predictive models. 

The compounds were expressed by SMILES to calculate E-state (Hall and 
Kier, 1995) and fragment-based descriptors. Subsequently, the molecules were 
optimised using semiempirical AM1 approach of the HYPERCHEM 
software, and theoretical molecular descriptors were calculated using Dragon 
software. 

QSPR models were developed by four different groups: University of 
Insubria (UI), Ideaconsult Ltd. (IDEA), Linnaeus University (LNU), and the 
German Research Center for Environmental Health (HMGU).  

UI: Uncorrelated molecular descriptors were excluded from the results of 
calculation of Dragon, and the data sets were subjected to variable selection 
approach using Genetic Algorithm (GA) (Leardi et al., 1992). The 
development of models was carried out by MLR approach using the ordinary-
least-squares (OLS) techniques. The models were initially developed by all the 

 40 



subset procedure, then starting from the obtained combination, 100 different 
models were developed by exploring new combinations with 3 and 4 variables, 
GA selects new variables. 

IDEA: The models were developed using MLR based on OLS approach. 
Each coefficient in the models must be significant observing the formal 
criterion Relative Standard Deviation (RSD), RSD<25%; the choice of 
additional descriptors obeys a chemical logic in order to fix compounds with 
bad model value attempting to handle the missing structural fragments; the 
additional new descriptors must reduce RMSEE value and increase R2 and Q2 
values. For UI and IDEA, several validation methods were employed such as 
the bootstrap technique Q2

BOOT (Efron, 1979) (repeat 5000 times) and 
randomly recorded Y-data termed Y-scrambling – R2

YS (repeated for 500 
iterations). The predictive performance of the models was test in both the 
splitting criteria internally by Q2

LOO and Q2
BOOT, at least two different Q2

Ext 
were used: Q2

F1 (Shi et al., 2001) and Q2
F3 (Consonni et al., 2009). 

LNU: PLSR was used for developing models. The significant molecular 
descriptors were identified using VIP method, cross-validation (CV) was used 
to calculate Q2

CV, the data analysis and multivariate calibration was carried out 
with the software SIMCA-P v.11.0. 

HMGU: Associative neural networks (ASNN) represent a combination of 
an ensemble of feed-forward neural networks and k-Nearest Neighbors (kNN). 
The neural networks ensemble of 100 networks with one hidden layer was 
used, the neural networks had 3 hidden neurons. 5-fold CV was used to 
estimate prediction performance. The descriptors and models were developed 
using OCHEM. 

The blind external validation set (EV-set) of compounds for MP and BP 
modelling were obtained from PERFORCE report, the EV-set contained 
long chain perfluoroalkylated chemicals, as well as 15 compounds for MP and 
25 compounds for BP.   

QSPR Models with Melting Point 

MP models were developed using 94 compounds (93 for HMGU) containing 
mainly long chain alkylates, saturated cyclic and few aromatic PFCs, the data 
were splitting into calibration and prediction set, additionally 15 compounds 
from PERFORCE were used as EV-set.   

Table 3. QSPR models for MP  

Group R2 Q2
LOO Q2

BOOT RMSETR RMSEExt Q2
F1 Q2

F3 Q2
Ext 

UI 80.26 78.06 77.64 40.24 42.42 - - - 
LNU 82.57 76.3 - 38.64 25.96 - - 50.02 
IDEA 79.80 77.70 - 40.67 38.82 65.10 81.60  
HMGU 85.00 - - 37.00 34.00 - - - 
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UI: The 94 compounds were split into training and testing sets by SOM 
and random approaches, and the data were used to develop 100 models, each 
containing 4 descriptors. The models were carried out with Q2

LOO and Q2
Ext, 

additionally, EV-set containing 15 PFCs from PERFORCE report was used 
to verify the model after the development of calibration model. The full model 
containing 94 compounds can be expressed as: 

MP = 132.95(±22.63)AAC + 3.04(±0.97)F02[C-F] – 18.97(±7.98)C-013 
+ 209.04(±139.9)                                                                                           (40) 

LNU: To compare with MLR models, PLSR models containing error data 
with 94 compounds and 1266 molecular descriptors were developed, the 37 
largest values of molecular descriptors were selected using VIP approach. 2 
components were generated using CV, however, we reported 3 components to 
be equal to that of calibration model. The first components explained 77.80% 
of the variance in MP and 55.30% of the variance in molecular, the second 
component explained 2.30% of the variance in MP and 17.80% variance in 
calculated descriptors. In PLSR model, the two components captured main 
information from the variance; the first component was dominated by 
molecular interaction, and the second component was mainly related to polar 
interaction. 

The same model with the correct data provided following as: 
n=93, R2=88.80, Q2

LOO=85.90, RMSE=31.61, RMSEExt=25.81, 
Q2

Ext=52.87 
IDEA: MLR model was developed using 3 variables, and the model was 

defined as: 

MP = 2.34(±0.28)ln2W – 164.76(±16.51)WFrel + 33.14(±8.90)NHBDON + 
79.38                                                                                                             (41) 

HMGU: 93 compounds were used to develop ASNN model calculated 
using 5-fold CV, the increase of the training set size improved performance of 
model and reduce error.  

QSPR Models with Boiling Point 

BP models were developed using 93 compounds, and the data were split into 
training set and test set by means of SOM and random by response activity, 
25 compounds for PERFORCE were used for external validation to 
determine the prediction power of models. 
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Table 4. QSPR models for BP  

Group R2 Q2
LOO Q2

BOOT RMSETR RMSEExt Q2
F1 Q2

F3 Q2
Ext 

UI 93.98 92.92 92.75 19.73 30.32 - - - 
LNU 97.09 94.60 - 14.11 21.92 - - 90.47 
IDEA 95.40 94.10 - 17.25 22.56 96.20 92.10 - 
HMGU 85.00 - - 32.00 22.00 - - - 

UI: The MLR models were developed with 4 variables using OLS 
approach, the full model with 93 compounds is presented as: 

BP = 137.04(±8.51)ATS1m – 76.33(±8.75)Ms + 102.69(±12.06)nROH – 
1.96(±0.89)AMW + 92.11(±52.5)                                                                 (42)  

 LNU: In the model containing error data, the 149 largest descriptors were 
selected using VIP approach, 3 components were calculated using CV, 
however, we reported 4 components to equal to those generated from 
calibration model. In the PLSR model, the first component explained 83.50% 
of the variance in BP and 30.80% of the variance in the molecular descriptors, 
and these descriptors were related to molecular interactions. The second 
component explained additional 9.86% of the variance in BP and 10.60% 
variance in molecular descriptors, and these descriptors were mainly related to 
polar interactions. The remaining component only explained 3.16% of the 
variance in BP and 7.36% in descriptors. 

The same model with the correct data provided following as: 
n=93, R2=97.04, Q2

LOO=94.50, RMSE=14.13, RMSEExt=21.92, 
Q2

Ext=90.47 
IDEA: The MLR models were developed using 7 variables, the equation is 

expressed as: 

BP = 138.44(±4.24)MW1/4 – 220.98(±11.25)WF
rel + 42.83(±6.64)NHBDON – 

24.52(±4.32)N[Cl,Br,I] – 32,67(±5.68)NCOC – 50.08(±9.85)NC(=O)([!O])[!O] – 
18.58(±6.71)NN – 188.36                                                                              (43) 

HMGU: 93 compounds were used to develop ASNN model calculated 
using 5-fold CV, the full model showed 32.00 of RMSE.       

Applicability Domain  

QSPR models should be verified for their applicability with regard to chemical 
applicability domain (AD) to produce reliable predicted data for chemicals 
that are not too structurally dissimilar. An additional 303 compounds for MP 
and 271 compounds for BP were selected for the structural study.   

UI and IDEA: The Williams plot (Papa et al., 2005) was used to verify the 
presence of response outliers. The leverage approach was employed for the 
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definition of the structural chemical domain of each model for new chemicals 
without experimental data (Gramatica et al., 2004).  

UI: For MP, 4 compounds in training set and 16 compounds in test set 
were out of the AD; for BP, 4 compounds in training set and together 60 
compounds in prediction set are out of AD. 

IDEA: 5 compounds for MP and 115 compounds for BP were out of AD.  
LNU: The AD of the PLSR model was determined by the residual 

standard deviation and the leverage to that of the calibration objects. From 
these distances the SIMCA software estimate the probability that a new 
compound belongs to the model (PModXPS and PModXPS+). Here we used 
a probability of belonging to the model at the 99% significant level 
(PModXPS < 0.01 and PModXPS+ < 0.01) as the cut-off criteria to decide if 
a compound was outside of the model AD. For MP, 20 compounds in 
calibration set and 145 compounds in prediction set were out of AD; for BP, 
20 compounds in calibration set and 171 compounds in prediction set were 
out of AD. 

HMGU: The distance to model based on standard deviation of ensemble 
prediction was used. The distance to model was calibrated using 5-fold cross-
validation values, and then the new compounds can be accurately predicted 
using the calibrated distance to model. The AD of models was identified by 
using the standard deviation that cover 95% of compounds from the training 
set. 91 compounds for MP and 80 compounds for BP were out of AD. 

Different multivariate techniques were used to develop QSPR models of 
MP and BP, and each of the methods exhibited its own significance and was 
useful in different aspects. MLR is well known for its simplicity, less 
demanding statistical methods and facile interpretation. On the other hand, 
PLSR can overcome collinear variables and missing data at low dimensionality, 
and it is possible to interpret the physicochemical principal behind the models. 
NN can model the data precisely even for non-linearities.           

QSRR Models 
Solvents play critical roles in determining the outcome of many molecular 
events, and the selection a suitable mobile phase constituents is crucial. Our 
selection of solvents was carried out with the intention of distributing them in 
the periphery of the PCA space to ensure a maximum spread in the properties 
of the selected solvents (Carlson et al., 1988).   

A global LSER was constructed from local LSER and LSST, further a 
quadratic term was added to compensate for non-linearities (Liu et al., 2010):   

vVbBaAsSeESSck +++++++= 2
21log φφ                                           (44) 
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The theoretical molecular descriptors were correlated with the retention 
factors. To compare the similarity and difference between the PLSR and the 
global LSER models, five dimensions were selected in PLSR model equaling 
the numbers of parameters in the global LSER model. The mathematical 
relationship could be expressed using score t and loading q in a PLSR model:   

etqtqtqtqtqck ++++++= 5544332211log                                                   (45) 

where e is residual of the model. The components were determined using 
segmented cross-validation (CV), in which the numbers of CV groups were 
divided into nine segments corresponding to the nine solvents. Each solvent is 
present at four different concentrations ensuring dielectric constant values of 
40, 50, 60 and 70. Accordingly, the data set for model development was based 
upon nine solvent systems, at four dielectric constant values, in conjunction 
with three stationary phases.   

Global LSER Models 

Global LSER model for the C8 column: the data of seven solvents were used for 
calibration and remain two solvent ethanol and acetone used for investigating 
the predictive power of the model. The parameter E, S and A were determined 
to be non-significant, and E and S were excluded, as a result, the model was 
improved and 95.46% of the variance was explained with an RMSEC of 
0.1769. The calibration model can be expressed as: 

   VBAConcConcCk 055.0407.4067.2665.1142.5461.3)8(log 2 −+−+−=
(46) 

Subsequently, the explained prediction variance (Q2
Ext) was determined to 

be 97.47% with an RMSEP of 0.1271. 
 
Global LSER model for the C12 column: again, seven solvents were used for 
calibration, exclusion of the parameters E and S, resulted in an almost the 
same proportion of explained variance, 97.56% and a corresponding RMSEC 
of 0.1306. The estimated global LSER for the C12 column was determined to 
be:  

VBAConcConcCk 051.0953.3665.1976.1611.5649.3)12(log 2 −+−+−=  
(47) 

The explained prediction variance (Q2
Ext) was determined to be 99.55% 

with an RMSEP of 0.0606. 
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Global LSER model for the C18 column: after excluding parameters E and S, 
97.30% of the variance was explained with an RMSEP of 0.1322. The 
estimated global LSER for the C18 column was determined to be:     

VBAConcConcCk 051.0071.4697.1537.1028.5401.3)18(log 2 −+−+−=  
(48) 

The explained prediction variance (Q2
Ext) was determined to be 98.31% 

with an RMSEP of 0.1026.  

QSRR Models Using Semi-Empirical Descriptors 

A QSRR model was constructed using three dependent variables and eighteen 
independent variables including the Snyder polarity index (SPI), concentration, 
and sixteen solvent scales generated from spectroscopic measurements and 
computational calculations by Katritzky et al. (Katritzky et al., 2005). Five 
PLSR components were calculated using nine cross-validation (CV) segments, 
however, the first two components did not capture the molecular descriptors 
providing the greatest impact on variation, and therefore, we used Marten’s 
uncertainty test to select the significant variables. Marten’s uncertainty testing 
is based on cross-validation (CV), jack-knifing and stability plots to identify 
non-significant variables (Martens et al., 2001). As a result, three significant 
variables were identified by this uncertainty test. 

The calibration model accounted for 87.01% of variance, with an RMSEC 
of 0.3154. Subsequently, 95.75% variation in the model was predicted, and 
RMSEP was 0.1645.       

QSRR Models Using Theoretical Molecular Descriptors  

In PLSR model, the theoretical molecular descriptors were generated as 1664 
independent variables and the three retention factors were used as dependent 
variables. The significant variables were identified using variable importance in 
the projection (VIP) approach, as a result, 36 descriptors were selected. Five 
components were used corresponding to five parameters in global LSER 
model. 96.77% variance in retention factors was described, and 81.40% of the 
variance was predicted in the calibration model, an RMSEC of 0.1644 was 
obtained. The predictive power of the calibration model was examined, and a 
Q2

Ext was predicted to 96.45% with an RMSEP of 0.1508.  
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 Table 5. Calibration and prediction models. 

   Calibration Prediction 
 Methods Variables RMSEC R2 (%) Q2 (%) RMSEP R2

Ext(%) 
LSER(C8) MLR 5 0.1769 95.46 83.10 0.1271 97.47 
LSER(C12) MLR 5 0.1306 97.56 95.30 0.0606 99.55 
LSER(C18) MLR 5 0.1332 97.30 92.30 0.1026 98.31 
SPI(C8) PLS 3 0.3341 86.82 70.40 0.2439 91.73 
SPI(C12) PLS 3 0.3273 86.85 81.50 0.1022 98.51 
SPI(C18) PLS 3 0.3155 87.01 82.50 0.1645 95.75 
SPI PLS 3 0.3154 87.01 81.30 0.1645 95.75 
TMDa)(C8) PLS 36/5 b) 0.2061 95.47 58.30 0.1736 96.10 
TMD(C12) PLS 36/5 b) 0.1845 96.17 81.60 0.1005 98.48 
TMD(C18) PLS 36/5 b) 0.1641 96.78 80.30 0.1525 96.42 
TMD PLS 36/5 b) 0.1644 96.77 81.40 0.1508 96.45 

a) Theoretical molecular descriptors, b) the model at 5 components. 

A global LSER model combined with the LSST and local LSER model, 
not only precisely predicted retention, but also directly provided the 
information of positive or negative effects of the parameters on retention 
factors. The coefficients, conc2, b, s and e, showed positive values, implying the 
solvent system favors analyte interaction with the stationary phase thus 
contributing to increased retention. The parameters, conc, a and v showed 
negative values, which reflect a more favorable interaction between analyte and 
the mobile phase, leading to decreased retention. The coefficients, v and b, are 
significant in global LSER model. This result was in accordance with the free 
energy transfer that sums van der Waals and polar interactions. 

Table 6. Full models 

 Methods Variables RMSEE R2 (%) Q2 (%) 
LSER(C8) MLR 5 0.2042 95.91 82.70 
LSER(C12) MLR 5 0.1461 97.94 96.60 
LSER(C18) MLR 5 0.1598 97.50 93.80 
SPI PLS 3 0.2843 88.78 83.30 
TMD a) PLS 36/5 b) 0.1598 96.68 86.20 

a) Theoretical molecular descriptors, b) the model at 5 components. 

In global LSER model, the retention factors for single column were 
analyzed each, and therefore, the system deviations from the model cannot be 
investigated simultaneously. The parameters E and S depended on 
polarizability and caused to covariance, as a result, it is possible to lead to 
grossly inflated uncertainties in global LSER coefficients (Vitha and Carr, 
2006). 

In semi-empirical and theoretical QSRR models using PLSR approach, 
the retention factors for three columns can be analyzed simultaneously, and 
the system deviation can be investigated by model error. The first two 
components can capture the information from the retention factors, the first 
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component was strongly related to the McGowan molecular volume, and the 
second component described polarizability. The result was in accordance with 
that generated from global LSER. The models aid in the development of 
simple, rapid, and sensitive approaches for water quality assessment, and also 
provide a basis for future in the development of chromatographic methods.           
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Conclusions  

The physicochemical properties of chemical compounds between different 
phases can be successfully described by the modeling of the structure 
information. The global PLS model for vapor pressure can accurately describe 
the variation of organic compounds in liquid or subcooled liquid with the help 
of theoretical molecular descriptors. However, the local model performs better 
with only a few latent variables. Our model (Paper I) can in a similar fashion 
be combined with the model for environmental persistence to assess the 
potential for a long-range atmospheric transport (Öberg, 2005)  

PFCs appeared as outliers in the global PLS model. In the next step, we 
therefore updated the previous PLS model to cover these compounds, through 
a weighted recalibration. The updated model could be readily interpreted and 
the predictive error for liquid vapor pressureof PFCs was within 0.2 log units 
of Pa. the updated PLS model was subsequently applied to estimate the vapor 
pressures of more than 200 PFCs where no reliable experimental data are 
available (Paper III).   

LSER and PLS models were developed for n-octanol/water partition 
coefficients (logKow) and water solubility (logSw) using Abraham parameters 
and theoretical molecular descriptors, respectively. The LSER showed a 
slightly better performance in logKow, but the descriptor part was generated 
from estimation or calculation through the equations. On the other hand, the 
PLS model with theoretical molecular descriptors exhibited better 
performance in logSw, SD cannot be lower than ~0.50 log unit in LSER 
containing compounds with widely different structures, and our results 
correspond to those of Abraham and Le (Abraham and Le, 1999). Not all the 
variation generated from the data of descriptors is orthogonal to each other, 
but we could successfully interpret the PLS model through a rotate or re-
project approach (Paper II). 

In a collaborative study by CADASTER project partners, several QSPR 
models were developed for the melting and boiling points of PFCs. Different 
multivariate techniques was applied such as linear, nonlinear and fragment 
based approaches. These models are robust, predictive individually, and useful 
from different aspects. MLR is a simple statistical approach, where 
physicochemical properties are readily interpreted. PLS, on the other hand, 
overcomes collinearities and reduces model dimensionality, and sensitively 
measure applicability domain. Neural networks can model nonlinearities in the 
data very precisely (Paper IV).   

Global LSER, semi-empirical, and theoretical molecular QSRR model 
using PLS approaches were shown to successfully predict retention for new 
solvents in a RPLC system. The global LSER model was based on the 
assumption that all the parameters are completely relevant, however, MLR 
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cannot provide a diagnostic tool for validating this assumption. Further, the 
parameters E and S depended on polarizability and lead to covariance. 
Nevertheless, three columns can be investigated simultaneously; as a result, the 
systematic deviation can be diagnostic by model error (paper V).  

LSER encodes van der Waals and polar interactions with a limited number 
of descriptors for dispersive forces, hydrogen bonding, dipolarity/polarizability, 
and cavity formation. The LSER model directly exhibits which parameter 
generates a significant effect. As a result, interpretation becomes easier. 
However, as there are only approximately 4000 compounds with descriptors 
(Abraham, 1993a; Abraham, 1993b), it is restricted in the development of a 
general model. The PLS model using theoretical molecular descriptors does 
not have this limitation. 

In PLS models, the first two components can successfully capture main 
information for the physicochemical properties logPa, logKow, logSw, MP, and 
MP, as well as retention factor logk in RPLC. Also, previous research 
indicates that a direct chemical interpretation of the PLS components is 
possible (Öberg, 2007). The first component is strongly correlated to 
McGowan molecular volume, which is equivalent to the van der Waals 
volume. Hydrogen bond basicity and polarizability have been considered to be 
crucial factors and were described by the second component. The results 
showed that the free energy of transfer is mainly dominated by van der Waals 
and polar interactions, and the results are in accordance with those generated 
from LSER. The PLS models with theoretical molecular descriptors not only 
predict the chemical properties (Öberg and Liu, 2008; Liu and Öberg, 2009; 
Öberg and Liu, 2010), but also the chromatographic retention behavior (Liu 
et al, 2010).  

The PLS models for physicochemical properties and retention factors can 
be used to validate the experimental results. Moreover, modeling is a rapid, 
low-cost, and less time consuming alternative. Importantly, the PLS approach 
can tolerate randomly missing or collinear data, and it possesses a higher 
power of prediction for organic compounds without any synthesis, 
measurement, or sampling. A potential use and benefit of the models 
presented here is to predict environmentally relevant properties and thereby 
facilitate the development of environmentally friendly products. 

In this thesis, chemoinformatics has been used to investigate the behavior 
of several series of chemical substance of environmental significance. The 
models derived describing these substances should aid in the prediction of 
chemical behavior of these, and other as yet unstudied substances. Such 
prognostic tools should aid in the development of greener chemistry.  
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