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3. INTRODUCTION

With the ever-growing concerns about the detrimental effect of human activities
on the environment, modern societies continuously look at various ways and
means to reduce the negative impact of chemicals on human health and the eco-
system. One such way is through the development of legislative strategies es-
tablishing a framework for making regulatory decisions aimed at eliminating
and/or minimizing the risks that can be posed by chemicals. Today, most
developed countries have enacted laws and regulations setting registration and
safety evaluation standards as well as have introduced policies for management
of hazardous substances. For example, in EU, the European Chemical Agency
(ECHA) has established an integrated system for Registration, Evaluation, and
Authorization of Chemicals (REACH).

In a recently published annex', the REACH legislation suggested the use of
QSAR as a tool to reduce or replace animal testing for the purpose of safety
assessment of industrial chemicals. Such an official statement acknowledges the
role of (Q)SAR as a highly relevant and reliable tool for addressing regulatory
tasks, which indeed is routinely used by the U.S. Environmental Protection
Agency (EPA) and the Food and Drug Administration (FDA) for these pur-
poses. In Europe, the use of QSA(P)R for regulation and prioritization is
strongly encouraged within the current EU chemical policies”.

As evidenced by the high cost of obtaining even basic physical property and
environmental fate data (see Table 1 reprinted from ref®) the use of QSA(P)R in
regulation is not only desirable, but in most cases practically unavoidable. It has
to be emphasized that a basic toxicological profile of a chemical is at least an
order of magnitude more expensive (with a cost of up to several million dollars)
and may take 4 to 5 years (in the case of carcinogenicity studies) to complete®.
Having in mind that about 4000 new chemicals enter the market each year® the
total cost of generating safety data would be in excess of 10 billion dollars per
year.

Thus, it is not surprising that the adoption of QSA(P)R in regulation during
the past decade has been accelerating. Projects, such as ORCHESTRA,
CAESAR, DEMETRA, HAIR and RAINBOW among many others, facilitated
the transition of QSAR from a tool used mainly by the pharmaceutical industry
into a major driving force behind priority-setting and risk assessment process.
Nowadays new chemicals are routinely being assessed and predictions are being
made concerning their chemical identity, physical and chemical properties,
environmental transport, partitioning, concentration, fate and toxicity. Naturally,
to make predictions the regulatory bodies use a consensus of multitude of
methods including QSA(P)Rs, nearest analogue analysis, chemical class ana-
logy, mechanisms of toxicity, mode of action, chemical industry survey data,
and expert judgment.



Table 1. Cost to obtain physical property and environmental fate data for a single

compound/material.

Test cost (in USD)
Boiling point 420 — 560
Melting point 430 — 565
Vapor pressure 1,360 — 2,520
Water volubility 2,870 — 14,080
Physical property data 5,080 — 17,725
Octanol — water partition coefficient 1,310 -2,370
Soil sorption Coefficient 6,680 — 9,430
Volatilization 6,180 — 8,800
Partitioning data 14,170 — 20,600
Hydrolysis 5,470 - 7,790
Photolysis 11,880 - 16,910
Aerobic biodegradation 8,250 — 11,800
Anaerobic biodegradation 5,980 — 8,480

Degradability data 31,580 — 44,980
Bioconcentration data 15,580 — 41,690
Total 66,410 — 124,995

In addition, the application of QSA(P)R in regulation and the increased demand
for cost-effective, relevant, transparent, biologically meaningful and reliable
predictions contributed immensely to the improvement of QSA(P)R methodo-
logy and its further acceptance as an alternative to animal testing’. According to
the strict standards imposed by the Chemicals Committee serving the needs of
the OECD Member Countries (now known as OECD principles’), a QSA(P)R
model can be perceived as credible only if all following conditions apply:

1) it models a well defined endpoint;

ii) it uses an unambiguous algorithm;

iii) it has a defined domain of applicability;

iv) it uses appropriate measures of goodness-of-fit, robustness and predictivity;
v) it provides a mechanistic interpretation, if possible.

According to the Technical Guidance Document (TGD) for the assessment of

new notified and existing chemicals® and’, QSA(P)R models meeting all quality

standards listed above can then be used to:

1) assist data evaluation;

ii) contribute to the decision-making process on whether further testing is
necessary to clarify an endpoint of concern;



iii) to supplement the use of experimental data in weight-of-evidence ap-
proaches (by filling gaps in the data, by providing mechanistic interpre-
tation, or by supporting the evaluation of existing experimental data);

iv) establish input parameters necessary to conduct exposure assessment;

v) identify effects which may be of potential concern on which test data are
not available;

vi) to substitute or if possible to completely replace the need for experimental
data especially in cases of animal testing.

In conclusion, during the past decade QSA(P)R has passed a long way from its
beginning as a theoretical tool supplementing molecular design to a technology
that bridged together computational chemistry and regulatory science. The pro-
found effect of QSA(P)R on regulation can be seen in many legislative doc-
uments related to priority settings and risk assessment issued by most of the
developed nations. It is worth emphasizing that the opposite trend has also taken
place: the need to serve regulatory functions affected the field of QSA(P)R by
calling for higher standards in the model development and validation stages.

One such astounding example for the impact of regulation on QSA(P)R
concerns the longstanding issue of the reproducibility and “transparency” of
models. To address this issue two guideline documents were developed. The
QSAR Model Reporting Format (QMRF) documents the details needed to
describe the characteristics and validity of a model, while the QSAR Prediction
Reporting Format (QPRF) outlines the information needed to justify the
adequacy of the QSAR prediction'’. It is now common, that the majority of the
QSAR publications tend to include a statement of compliance of their work
with the OECD principles'" > > 14,

This PhD thesis provides an overview of the QSA(P)R methodology and
outlines some specifics of the QSA(P)Rs used for regulatory purposes. It also
summarizes work done on the QSA(P)R modeling of important for the
regulatory agencies endpoints such as:

e aquatic toxicity — used for monitoring the health of aquatic ecosystems;

e JogP partition coefficient — used to set water quality standards and to regu-
late ecotoxicants;

e boiling points — used to rank compounds that can be potential hazardous air
pollutants;

e flash points — used to determine the fire and air pollution hazards of flam-
mable and combustible materials;

e Ostwald solubilities — used to assess occupational exposures;

e photolysis half-lives — used for assessment of the environmental risk of
persistent organic pollutants.
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4. LITERATURE OVERVIEW

4.1. QSAR general methodology

The regulatory needs served by QSA(P)R are primarily related to its ability to
establish a relationship between toxicological and environmental endpoints and
the structure of compounds. The use of QSAR for other purposes (drug disco-
very, rational design of products such as surfactants, dyes, fragrances, etc.) is
out of the scope of the regulatory agencies. As a side fact one of the first appli-
cations of QSAR was in toxicology. In his doctoral thesis dating back to 1863
Cros noted that there is a relationship between the toxicity of primary aliphatic
alcohols and their water solubility'”. A few years later his pioneering work was
followed by Richardson'®, Richet'’, Meyer'® and Overton' all reporting QSARs
in the field of toxicology. A century later, with the introduction of the Linear
Free Energy Relationship (LFER) approach®, QSAR reached maturity and was
put on a solid theoretical ground.

The modern QSA(P)R is a complex tool designed to model different types
of endpoints (continuous and categorical) using a wide variety of molecular
descriptors (indicator variables, scalar quantities (2D-QSAR) and fields (3D-
QSAR)) and modeling techniques (linear and nonlinear). Recent trend in
QSA(P)Rs used for regulation shows an increased demand for consensus
models combining the predictive power of multiple individual approaches: e.g.
the consensus between linear and non-linear QSA(P)Rs utilizing different
descriptor types is a common practice.

Despite the variability of the endpoints, the descriptor types and the methods,
virtually all QSA(P)R follow similar pathway: i) data collection and curation; ii)
calculation of molecular descriptors; iii) model building and validation and iv)
interpretation. Each of these steps is composed of multiple phases with their own
specifics. A typical pipeline of a QSA(P)R modeling process is shown on Figure 1.

Descriptors

Dataset ; | calculation
o JEEEECEN
1 Feature \
! selection '
1 @
! . 2
\ Model s
8 1 generation =
g ! =
gl ! IS
g | =
g ! |

Sl

a 1
s
____________ -
Successful model
_____________

Test phase

Figure 1. Typical pipeline of a QSA(P)R modeling process
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4.2. Data collection and curation

Until recently, this integral part of the QSA(P)R modeling pipeline was mostly

associated with a set of requirements generally targeting the size of the dataset,

the experimental error and the type and range of the property values. It is com-

monly accepted that:

i) a dataset suitable for QSA(P)R modeling should consist of at least 25-30
compounds21 ;

ii) the relative experimental error should be low (preferably less than 20%);

iii) the property values should cover at least one logarithmic unit*

iv) robust biological data such as K; or ICs, should be used.

However, several authors™ ** ** have pointed out the crucial importance of the

quality of input data, and the danger of using chemical databases without care-

ful manual curation: it was found that most public and commercial databases

contain between 0.1 and 3.4% erroneous structures. It was concluded that the

use of erroneous structures represented by erroneous descriptors would affect

negatively the models’ performance. To ensure an additional level of quality

control (QC) on the input data, further steps such as: i) structural conversion

and cleaning; ii) normalization of bonds and iii) removal of duplicates would be

desirable™.

Furthermore, QSA(P)Rs intended for regulation impose specific require-
ments in the initial phase of data collection. Being of a major concern for the
regulatory agencies, different modeling priorities are given to the so-called high
(chemicals that have been imported or produced in quantities exceeding 1,000
metric tons per year) and low-production-volume (10 to 1,000 metric tons per
year) substances. Hence, QSA(P)Rs built for regulation often prioritize the
chemicals to be included in the modeling process®®*"2*.

The regulatory agencies often categorize the chemicals according to the risk
they pose to the environment, the ecosystem or human health. The regulatory
QSA(P)R models often deal with the so called “substances of concern”, which
are likely to be toxic due to structural similarities to compounds already known
as such. For example, datasets constructed to model the endocrine disrupting
potential of chemicals often start with a core set of compounds that are struc-
turally similar to the estradiol and tamoxifen and are extended if necessary.

4.3. Calculation of molecular descriptors

Ideally and naturally, a QSA(P)R would try to establish a mathematical relation-
ship E=f(S) between the structures S and the endpoints E (physico-chemical
properties or biological activities) of compounds, depicted by the dashed arrow
in Figure 2. Being a real object, the molecule implicitly contains all chemical
information — however, only a fraction of this information is accessible through
experimental measurements. The development of quantum mechanics (QM) and
the chemical graph theory enabled the possibility to capture and convert in a
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purely theoretical manner a significant portion of the remaining information
encoded in the molecular structure (shown by the solid arrows in Figure 2).

Chemical | ___ 1 E _=f£5_)_ L .
Structures (S) Endpoint (E)

Calculate E=f(ID)
Molecular Select Informative

Descriptors (MD)

Descriptors (ID)

Figure 2. Molecular descriptors bridge chemical structure to biological activity in QSAR.

The extracted information represented as numerical or categorical variables
called molecular (or structural) descriptors MD can be further used to establish
a mathematical relationship between the structure and biological activity. There-
after, a subset of informative molecular descriptors ID, relevant to the modeled
endpoint, are selected for constructing a QSAR model (E=AID)).

Emphasizing the importance of the molecular descriptors for establishing
QSARs, Votano et al. concluded that “one of the critical determining factors for
this (modeling) success arises from the nature of the molecular structure
representation employed in the model development process” *°. In a follow up
of a previous benchmarking investigation conducted by collaborators from six
laboratories, Zhu et al. went even further to state that “the type of chemical
descriptors has much greater influence on the prediction performances of QSAR
models than the nature of model optimization techniques” *".

Table 1 lists a classification of the molecular descriptors according to their
continuity, complexity, dimensionality, locality, method of derivation and
origin. Depending on their origin (e.g. quantum chemical, topological, geo-
metrical, etc), the calculation of certain descriptor types may require QM opti-
mization of the corresponding molecular structures. As QSA(P)Rs usually
operate on datasets of tens or hundreds of compounds, the use of ab-initio
approaches for geometry optimization is still impractical. However, as most of
the QSA(P)Rs are built for congeners, for which the errors in the calculated
parameters tend to cancel out, less demanding semi-empirical approaches (such
as AM1, PM3 and MNDO) can be used.
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Since 1960’s, more than 10 000 molecular descriptors have been proposed and
are currently in use (see Table 2). However, such a tremendous growth has been
criticized for introducing more problems to the QSAR field than it solved™ **#!.
It was summarized by Johnson**: “With such an infinite array of descriptions ...
we can generate so many hypotheses, relating convoluted molecular factors to
activity in such complicated ways, that the process of careful hypothesis testing
so critical to scientific understanding has been circumvented in favor of blind
validation tests with low resulting information content”. It was also argued that
this creates not only confusion, but reduces the “human input ... to a mere table

with structures and activities”.

Table 2. List of software packages for descriptors calculation.

Name Organization/  Availability Descriptors Platform/
Institution Licence
ADAPT Pennsylvania http://research.chem.psu.edu/ >260 Unix/Linux
State University pcjgroup/adapt.html (freeware)
ADMET Simulations http://www.simulations-plus.com/ 297 Windows
Predictor  Plus, Inc. (commercial)
CODESSA Semichem http://www.semichem.com/ >600 Windows/Linux
codessa/default.php (commercial)
DRAGON Talete SRL http://www.talete.mi.it/products/ 4885 Windows/Linux
dragon_description.htm (commercial)
EPISUITE EPA http://www.epa.gov/opptintr/ ~20 Windows
exposure/pubs/episuite.htm (freeware)
MOE Chemical http://www.chemcomp.com/ >300 Windows/Linux
Computing software-moe2009.htm /SGI/MAC/Sun
Group (freeware)
Molconn-Z EduSoft http://www.edusoft-lc.com/ 327 Windows/Unix/
molconn/ MAC
(commercial)
MOLD? NCTR/FDA http://www.fda.gov/ScienceResearch/ 777 Windows
BioinformaticsTools/ (freeware)
Mold2/default.htm
MOLGEN  University of http://www.molgen.de/?src= 707 Windows
Bayreuth documents/molgengspr.html (commercial)
PowerMV  National http://nisla05.niss.org/PowerMV/ > 1000 Windows
Institute of ?7qg=PowerMV/ (freeware)
Statistical
Sciences
Sarchitect ~ Strand Life http://www.strandls.com/ 1084 Windows/Linux
Sciences sarchitect/index.html (commercial)
SciQSAR  SciMatics http://www.scimatics.com/jsp/ >600 Windows
gsar/QSARIS.jsp (commercial)

As a result of the above criticism, some software products use a more conserva-
tive approach including only descriptors with a well defined physico-chemical
meaning or structural interpretation. One such product is CODESSA
(COmprehensive DEscriptors for Structural and Statistical Analysis), which was
used as a main QSA(P)R tool in our research. In addition to its ability to cal-
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culate a wide range of physico-chemical, constitutional, geometrical, quantum-
chemical and topological descriptors, CODESSA also provides various data
processing (MLR, HMPRO, BMLR, PCA and PLS) and visualization modules.

4.4. Model building and validation

4.4.1. Data preprocessing. The data preprocessing step transforms the original
dependent and independent variables into a new set of variables suitable for
QSA(P)R analysis.

1) Transformation of the dependent variable.

Biological data is often provided in units that are unsuitable for QSAR analysis.
For example the values provided in the Material Safety Data Sheets (MSDS) are
typically expressed in mg of material per kg of subject-body-weight. In such
cases the endpoint values have to be converted to molar concentrations by
dividing by the molecular weight.

Furthermore, the collected experimental data (ECsy, LDsg, RBA, etc.) may
not be normally distributed. As the Person correlation coefficient (frequently
used measure of model performance in QSA(P)R)* requires normally distri-
buted data, a transformation of the original endpoint values is often necessary.
Since all QSA(P)Rs are essentially Linear Free-Energy Relationships (LFERs),
logarithmic transformation functions are preferred. Other alternatives applying
sinus, tangent or hyperbolic functions are “statistical unicorns — beasts that exist
in paper, but not in reality” **.

ii) Transformation of the independent variables.
Being defined by unique mathematical expressions, all molecular descriptors
inevitably cover vastly different ranges of numerical values. For example the
molecular volume (expressed as A’) usually takes values in the range of a
hundred to several thousand units, whereas the partial atomic charge of a C-
atom may vary from 0.01 to 0.2 e units. If these two descriptors are used in a
QSA(P)R equation it would be extremely difficult to determine their relative
impact on the modeled endpoint. Hence, it is desirable to use normalization or
standardization procedures to bring all descriptors in proportion with one
another. If the descriptors in a QSA(P)R model are normalized/standardized, the
magnitude of their regression coefficients may serve as an indicator for their
importance — i.e. descriptors that are more important will be characterized by
larger regression coefficients.

To normalize the values of a molecular descriptor, traditionally means to fit
its dynamic range on a scale from 0 to 1. To avoid collapse at the value of zero
some models may use an arbitrary range (e.g. 0.1-0.9). The following equation
X, —-X

is used for descriptor normalization: X ,..uized.0..1) = X

==, In this
max min

equation JX; is the i descriptor value subjected to normalization, and X,,;, and
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Xpar are the minimum and the maximum of all descriptor values. Furthermore,
the descriptor values can be centered (i.e. the predictors have a mean of zero)

Xmax +Xmin
Xi—(f)

i(centered,—1...1) (Xmax _ Xmin)
2
standardization is the most commonly used transformation. It converts all
descriptors to a common scale with an average of zero and standard deviation of
M. Here, X represents the

using X

. However, among these the

one using the following formula: X, =
Ox.s

mean of the descriptor values and Gy represent their standard deviation.

4.4.2. Data processing techniques. A plethora of supervised and unsupervised
data processing algorithms are currently in use. Although methods, such as
SVM?* (Support Vector Machines), KNN*’ (K-Nearest Neighbors), GA* (Ge-
netic Algorithms), DT* (Decision Trees), RF*° (Random Forests), ANN’' (Arti-
ficial Neural Networks) have become increasingly popular during the past de-
cade, classical methods like MLR (Multiple Linear Regression), PCA (Principle
Component Analysis) and PLS (Partial Least Squares) are still preferred due to
their simplicity and easy interpretability of the generated models. As even a
brief overview of each of these methods would be a challenging task, only the
theoretical backgrounds of MLR and ANN will be reviewed. In our experience
these two methods proved extremely reliable for establishing structure-activity
(property) relationships and complemented well each-other by providing
improved accuracy (ANN) and easy interpretation (MLR).

Multiple Linear Regression (MLR)**

The multiple linear regression analysis tries to establish a correlation between a

dependent variable (y), and a set of explanatory variables (x;, x; ...x,), usually

denoted by X *. The method relies on the following assumptions:

1) The relationship between the independent (x) variables and the dependent (y)
variable is linear;

ii) The residuals between the actual and the estimated values of y follow a
normal distribution;

iii) The independent variables x;, x; ...x, should be uncorrelated (R < 0.5). As
the calculation of the regression coefficients is done through matrix inver-
sion if multicollinearity is present the inversion matrix would be unstable.

The following signs can indicate the presence of multicollinearity between the

descriptors in a given descriptor pool:

1) The F-test of the QSA(P)R equation as a whole is significant while none of
the t-ratios of the coefficients are statistically significant;
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ii) The addition of a new descriptor to the equation radically changes either the
size or the sign (plus or minus) of the regression coefficients of the
remaining descriptors.

The general equation of the MLR is: y; = By + Bixis + Poxin +...+ Puxin + € In this
equation y; is the response variable (the dependent variable), B is the intercept,
Bii...Bin are the coefficients of the predictors (x;;...x;), and g; is the difference
between the predicted J,and the observed value of y; (residual). In a matrix

form this equation can be written as: y = X + ¢ The regression function f [y|X]

can then be given by f[y|X] = XBle. ﬂ: If B has to be estimated from the
i=0

response variable y, its least squares estimator * should minimize the (y —

XB*)'(y — Xp*) function. The solution of this minimization problem would be

given by: b = (X'X)" X'y. Respectively, the coefficients b; of the fitted function

y=Xb= inbi , can be regarded as an estimate of the change in the expected
i=0

value of the response variable y, corresponding to a unit change in the
independent variable x;. The solution b would exist only in case if (X'X)™ exists.
For (X'X)" to exist the explanatory variables (the columns of X) must be
linearly independent.

Using the above notations several parameters related to the quality of fit can
be defined:

Explained Sum of Squares: ESS= Z (3, -9
i=1
Total Sum of Squares: TSS = Z v, - )’
i=l
Residual Sum of Squares: RSS =TSS - ESS
E
Coefficient of determination: R’ = )

TN

oo Rin—(k+1)]
k(1-R?)

Fisher’s criterion:

In the last formula # is equal to the number of observations (data points), where-
as k represents the number of independent variables in the model. Other para-
meters related to the quality of a QSA(P)R model such as the adjusted coeffi-
cient of determination (Rzadj), squared standard error (s%), Predictive Residual
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Error Sum of Squares (PRESS), Root Mean Square Error (RMSE) and many
others are in use.

Most QSA(P)Rs operate on large descriptors pools. However, only a few of
the descriptors are relevant to the modeled endpoint. Thus, feature selection
algorithms able to extract a small subset of descriptors from a larger pool are
often used. Many such feature selection techniques have been proposed:
forward stepwise regression, backward elimination, bidirectional elimination,
heuristic approach, etc™.

In our research we used an improved form of the forward stepwise multiple
linear regression algorithm known as Best Multiple Linear Regression (BMLR).
This method is encoded in CODESSA PRO™ and processes data in completely
automatic fashion. BMLR starts with the elimination of insignificant descriptors
that correlate weakly with the endpoint (R2 < Rzmm), have zero sample variance,
exhibit low #-values in one-parameter models or correlate above a preset thres-
hold with another descriptor which is more significant. After the elimination
step, two-parameter equations of orthogonal (within certain limit) descriptor
pairs are generated and the best 400 of these are submitted to the next stage. The
algorithm keeps adding orthogonal descriptors and tests each equation using R?,
F and ¢ as performance criteria, until no significant improvement in the statis-
tical parameters of the models is observed (or a predefined maximum number of
descriptors is reached)™.

Artificial Neural Networks (ANN)®!

The artificial neural networks could be regarded as an alternative to the linear
approaches (MLR, PCA, PLS, etc) in cases in which nonlinear trends in the data
are expected. They are typically organized in layers, which are constructed from
a number of interconnected ‘“nodes” containing an “activation function”. The
data is fed to the network via the 'input layer”, which transfers signals to one or
more “hidden layers” where the actual data processing is performed. The hidden
layers are linked to an “output layer” which carries out the generated answer.
The majority of the neural networks implement some form of “learning rule”
which transforms the weights of the connections.

Many different types of learning rules have been developed and are currently
being used. However, the delta rule is the most often used one. It refers to the
architecture of a special class of neural networks (backpropagation neural
networks or BPNN) which permanently monitor the error at the output and send
a feedback which is used to adjust the weights. For ANNs using backpro-
pagation the “learning” is a supervised process repeated multiple times until the
difference between the output and the input (the error) reaches some predefined
minimum. When a backpropagation ANN is presented with the input data it
makes an initial random guess by assigning random weights to the trans-
formation function. When the answer is generated the BPNN compares it
against the input and makes appropriate adjustments to its connection weights
so that the next cycle will produce an answer that matches better the input.
BPNNs perform a gradient descent within the solution’s hyperparaboloid space
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towards the global minimum. The error at the global minimum is the lowest
possible error. As the parametric space of the solution is not necessarily smooth,
to prevent the ANN from settling down in a local minimum a large number of
individual runs may be required.

Input layer Hidden layer Output layer

Y (Target)

——— y (Prediction)

Error backpropagation

Figure 3. Architecture of a backpropagation neural network.

There are several approached developed with the aim of avoiding local minima.

Most ANN algorithms implement routines controlling the “speed” (Beta-

coefficient) and the “momentum” of learning’’. The speed of learning affects

the rate of convergence between the current solution and the global minimum,
while the momentum helps the network to avoid local minima in the error
surface. Once the global minimum is found the already trained network can be
used in forward propagation mode to predict the activities of unknowns.

There are two important factors that have to be taken into consideration
when using neural networks:

i) The architecture of the network is of critical importance — if too many
hidden neurons are used the network will simply memorize the data. If fewer
than the optimal number of neurons is used, the network will become
unstable, thus unable to generalize.

ii) The number of training cycles must be considered — if excessive number of
training cycles is used the network may become over-trained and less likely
to predict unknowns correctly.

4.4.3. Validation techniques. Most QSA(P)Rs are built for prediction. Hence,

measures based on the statistical quality of fit (R% s, F, etc.) are regarded as
insufficient for estimating the predictive power of a QSA(P)R model. Therefore
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several approaches aimed at providing reliable estimates about the predictive
performance of QSA(P)R models have been developed. The general principle of
validation is to predict the activity of compounds that have not been used to
develop the model. Depending on the type of data that is used, two validation
procedures are possible: internal and external validation. The internal validation
sets aside a given number of compounds to be used as a test set in an iterative
procedure that is repeated a certain number of cycles. The external validation
ideally uses compounds which activity was reported by a different lab, thus
insuring interlab transferability of data and giving a real estimate of the pre-
dictive power of a QSA(P)R model.

The simplest form of internal validation is the so called cross-validation **. It
omits either one (leave-one-out or LOO) or several (leave-many-out or LMO)
compounds from the initial set and uses the remaining compounds to build a
model. Once the model is built, the activity of the left-out compound(s) is
predicted and the cross-validated coefficient of determination (q°) is calculated.
The value of q° is calculated using the following formula:

qz —1- Z(yi _)A}i)z
Z(yi _y)z .

In this formula, y;, )71. and Yy are respectively, the measured, predicted, and aver-

aged values of the dependent variable (the endpoint). As a general rule, the
difference between the actual R” for the QSA(P)R model and q° should be less
than 0.3%. However, high q° is not always indicative of the proper behavior of
the model when an external set of compounds is being predicted .

Bootstrapping ®' is a type of validation in which the initial data set is
randomly split multiple times into training and test subsets. Bootstrapping
resembles LMO cross-validation. However, in LMO each compound is omitted
only once, whereas in bootstraping a compound may be excluded once, multiple
times or never. On each bootstrap run a QSA(P)R model is generated, which as
in LMO is then used to predict the data for excluded compound. It is re-
commended that between 20 and 30 percent of the compounds should be
excluded to form a test set. As these compounds should be representative of the
general population, the szootstrappmg should oscillate around the “real” R* within
reasonable ranges.

A randomization procedure aimed at testing models for potential chance
correlations is the so-called Y-scrambling. This procedure randomizes the
dependent variable vector, by assigning endpoint values to compounds to which
they do not belong. A model relating the permuted dependent variable to the in-
dependent variables is then built and R?,., of this model is compared to the
actual R? using the original (unpermuted) response data. If the two coefficients
of determination are close to each other, the model is a result of chance
correlation.
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The most stringent form of validation is the external validation. The true
external validation uses compounds never seen by the model, which in the most
ideal case should have not been a part of the original dataset. The prediction is
then carried out and R’ for the external test set is compared to the R? for the
model. In case of data collected from different sources significant differences
between these two R* should be expected. An important rule when designing
external test sets is to make sure that the compounds in the test set are
representative of the compounds used to develop the model (i.e. belong to the
applicability domain of the model) and to cover approximately the same
chemical and activity space. Many algorithms have been developed for this
purpose, with most based on similarity ® or random selection through activity
sampling®.

4.4.4. Identification of outliers. Outliers are atypical compounds with un-
expected endpoint values which do not fit well in a QSA(P)R model. This
usually happens when: i) a compound acts by a different mechanism, ii) inter-
acts with the target in a different mode®, iii) interacts via metabolite products,
not taken into account® or iv) it is affected by a random or a systematic
experimental error having little effect on the other chemicals. In statistical terms
an outlier is a data point which has a high absolute standardized residual com-
pared to the other compounds in the data set. Because, the coefficients and the
intercept of the regression line are highly sensitive to the presence of outliers it
is desirable that any such points should be removed. When dealing with outliers
it is crucial to: i) make sure that the original data has been entered correctly, ii)
generate QSA(P)R models with and without the outliers and estimate their
effect on the parameters of the regression line, iii) generate models including
explanatory variables that may be essential for explaining the variance
attributed to the presence of outliers and iv) if necessary to remove try to find a
chemical/biological reasons for the outlier’s peculiarity.

Several methods for identification of outliers have gained a widespread
application. The most frequently used one is based on the point’s deviation from
the regression line — if it exceeds 2 standard deviations the point is usually
considered an outlier and removed from the model. A plot of the leverage (h) vs
the standardized residuals is another approach that can identify not only outliers,
but also influential observations (points that may lay on the regression line, but
are far away from any of the remaining points and have a huge impact on the
parameters of the model if removed). Alternative approach proposed by
Tenekedjiev and Radojnova® relies on a procedure similar to the cross-
validation — each point is excluded once from the model and its Studentized
residual is calculated from the regression model of the remaining observations.
At the end, all data points with Studentized residuals outside of the confidence
interval (95% significance) are considered outliers and removed.

When identifying and removing outliers one has to bear in mind that
although the statistical parameters of the model may improve essential infor-
mation about the data may be lost. The presence of outliers may provide useful
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insights about important structural characteristics affecting activity, different
mechanisms and modes of actions or suggest improvements in the experimental
bioassay design.

4.4.5. Domain of Applicability. After a QSA(P)R model is built and properly
validated it can then be used to predict the activities/properties of unknowns.
However, because the data sets used to build and validate models are finite and
necessarily have a limited structural diversity it is to be expected that their
applicability to query chemical will be also limited®’. Hence, reliable predic-
tions are usually confined to chemicals that are structurally similar to the ones
used to build the model®®. The portion of the chemical or activity space in which

a model produces reliable predictions is termed Applicability Domain (AD). If

an unknown lies outside of the AD of a model it is unlikely that a reliable

prediction will be produced. A defined AD provides the following benefits: 1)

identifies the type of compounds for which reliable predictions can be obtained,

i1) determines the degree of generalization of a QSA(P)R model and iii) gives
an idea about the interpolation and extrapolation power of a model (the extra-
polation of often limited to +20% beyond the minimum and the maximum
values of the endpoint).

Several methods for determining ADs of models have been proposed:

i) Descriptor range based methods — consider either the range of the original
descriptors used by the model or their PCA projections;

ii) Geometric method — the AD is defined by the smallest convex area
enveloping the training set;

iii) Distance based method — measures the distance (Euclidean, Mahalanobis,
Hotelling, Leverage, etc.) between the query chemical and a specified point
lying within the cluster formed by the compounds used to build the model;

iv) Probability density function — based on the density distribution of the
descriptor values for the compounds used to build the model;

v) Others — based on Tanimoto similarity, KNN, Decision forests, Stepwise
approaches, etc.

It should be emphasized that the AD is not intended for resolving problems with

models that are not well-founded. For example, the AD can not be used to

circumvent the deficiencies of models utilizing collinear descriptors. A better
solution would be first to rebuild the models and then to apply ADs.

4.4.6. Model selection. Because the QSA(P)R models are statistical constructs
(as opposed to the physical or chemical laws), many possible relationships
between the independent and dependent variables can be established. Although,
a large number of models may be statistically relevant only a fraction of them
would be biologically/chemically sound. Thus, various criteria have to be con-
sidered when selecting a final model among the many possible alternatives:
1) The model should be biologically and/or chemically relevant. For example
if modeling the toxicity of non-polar narcotics, which effect depends on
their nonspecific interaction with the cell membranes it can be expected that
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logP (or any surrogate descriptors related to hydrophobicity) should play a
major role. Subsequently, models containing descriptors related to hydro-
phobicity should be considered more relevant than those containing descrip-
tors that are difficult or impossible to interpret or are unrelated to hydro-
phobicity.

i1) Preference for parsimonious models. The parsimony principle introduced
by William of Occam states that among a set of equally good explanations
for a given phenomenon, the simplest explanation tends to be the right one.
In the context of QSA(P)R themodels should have as few parameters as
possible and should be trimmed down until they are minimally adequate.
The parsimony principle was extended by FEinstein who added that “A
model should be as simple as possible. But no simpler” .

iii) Models with superior predictive power. As the majority of QSA(P)Rs are
built for prediction, models able to predict correctly external data should be
preferred. Although, an inter-lab data compatibility even if using SOPs is
not always granted a model which can predict equally well data coming
from several different sources should be preferred.

4.4.7. Interpretation. In general there are two types of QSA(P)R models: 1)
models that are built with the sole purpose of predicting an endpoint of interest
to fill gaps in the data and 2) models built to pursue a better understanding of
the underlying biochemical/chemical/physico-chemical phenomena’ ”'. When
dealing with the second type of QSA(P)R models, the first and major step in
their interpretation is the ability to interpret the individual descriptors. Con-
siderable attention has to be paid, since a preconceived notion of the physical
interpretation of the descriptors included in the final model may result in mis-
understanding of the underlying structure-activity relationship’’.

The problem concerning the descriptors’ interpretation is a subject of an
increasing attention, due to the high level of abstraction of the theories used for
defining new descriptors”. For the QM derived descriptors this problem is
somewhat mitigated, due to their conceptual proximity to certain physico-
chemical concepts such as interaction energies, dipole moments, surface areas,
etc.

Although, in most cases the effect of a single molecular descriptor on the
endpoint expressed in terms of variation of physicochemical or structural
characteristics may be interpretable, the same does not always hold true for
models involving multiple descriptors’. In such cases, it is the combined effect
of all included descriptors that can model the endpoint, and the interpretation of
these models cannot be thought of as a simple mechanical unification of the
interpretation of the individual descriptors. Moreover, the regression coeffi-
cients of the descriptors may not always be straightforward related to their
importance and some descriptors may in fact be a surrogate measure for struc-
tural features not accurately enough characterized by other more intuitive
descriptors.

25



In most ideal cases the interpretation of a model would include: i) inter-
pretation of the individual descriptors, ii) determination of the importance of
each descriptor, iii) understanding how the effects of one descriptor may
balance that of another and iv) specific examples from the training and the test
sets that highlight the structure-activity relationship encoded by individual
descriptors’".
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5. EXAMPLES OF QSAR/QSPR
FOR REGULATORY PURPOSES

5.1. QSPR modeling of flash points: An update

Atrticle I proposes MLR and ANN models for the flash points of a diverse set of
758 organic compounds. The flash points are often used in regulation to deter-
mine the fire and air pollution hazards of flammable and combustible materials.
The Environmental Protection Agency and the US Department of Transpor-
tation as well as their analogues in other countries set standards for the storage,
handling and transporting of compounds in bulk quantities based on flash point
data.

Using the implemented in CODESSA Pro BMLR approach the following
relationship between the structure and the property was established:

FP=0.651(+0.011) x BP + 4948.53(£194.41) x HA dependent HDCA-1/TMSA
(Zefirov PC) + 60.704(£5.467) x HASA-1/TMSA (Zefirov PC) (all) +
300.245(£30.508) x Relative number of triple bonds + 30.185(+4.49)

BMLR: n = 758; R” = 0.849; R%, = 0.846; s* = 18.9; avg. Rining = 0.861;
avg. thold—out test — 0.808

Of the above descriptors the boiling point (BP) was a composite descriptor
calculated using the following equation:

BP =65.8 x /G, + 18470 x HDSA(2)

In this equation /G, is the cubic root of the gravitational index and HDSA(2)

is the area-weighted surface charge of the hydrogen bonding donor atoms.

The HA dependent HDCA-1/TMSA (Zefirov PC) descriptor determines the
compounds’ ability to form hydrogen bonds. Due to the positive regression
coefficient of this descriptor it was concluded that compounds with smaller
hydrogen donor charged surface area would be highly flammable.

The third descriptor (HASA-1/TMSA (Zefirov PC) (all)) encodes the size of
the solvent-accessible surface area of H-bonding acceptor atoms as a part of the
total molecular surface area. Again, due to its positive regression coefficient
compounds with smaller HASA-1 will be easily flammable.

The last descriptor in the QSPR model is the relative number of triple bonds.
It plays the role of a correction factor explaining the flammability of compounds
having triple bonds in their molecules.

This BMLR model was validated using 2 different strategies: i) cross-
validation and ii) a separation of the initial test into training (2/3 of the total)
and hold-out test sets (1/3 of the total). The small difference between thraining
and R% q.0u st indicates excellent stability and predictive power of the model.
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The proposed QSPR can be used for the prediction of flash points for a wide
range of organic compounds with an average error of 13.9 K.

The use of back-propagation fully-connected artificial neural network with
4 input nodes, 3 neurons in the hidden layer and 1 producing the output resulted
in the following statistical parameters:

ANN (4-3-1 architecture): Nygining = 600; Niest = 158; R irzining = 0.878; R = 0.824

While 3 of the descriptors used for the ANN modeling overlapped with those
used in BMLR, the “relative number of triple bonds™ descriptor was displaced
by a topological descriptor — the Balaban J index. As the Balaban index depends
on the type of bonds connecting the atoms in a molecule such substitution is not
surprising. It was found that the ANN model slightly outperforms the BMLR
model and resulted in an average error of prediction of 12.6 K.

5.2. Application of the QSPR Approach
to the Boiling Points of Azeotropes

Article II presents a model for the boiling points of a large dataset of 426 azeo-
tropic mixtures including alcohols, esters, alkanes, amines, ketones, ethers, and
halogeno and nitro compounds. The regulatory agencies use boiling points to
rank compounds that can be potential hazardous air pollutants. According to
Modified Hazardous Air Pollutant Prioritization System (MHAPPS), com-
pounds of great concern are those produced in quantities exceeding 1 million
pounds per year and have a vapor pressure > 100 mm Hg and boiling points <
80°C. Hence methods for estimating of the boiling points are highly sought.
This is especially true in the case of the azeotropic mixtures, which for a long
time were out of scope of the traditional QSPR, which predominantly deals with
the properties of pure compounds.

Two different approaches to calculate the descriptors for the mixtures were
used: i) to calculate them as averages of the corresponding molecular descrip-
tors for each individual component (centroid approximation) and ii) to scale
each descriptor using weighting factors proportional to the molar fraction of
each component in the mixture (weighted-contribution-factor approximation).

X(WF) X(CA) X(WFCS) X(CACS) Descriptor name
166.8 166.8 170.8 168.9  intercept
0.358 0.3801 0.3541 0.3703  gravitation index (all bonds)

4059 4581 3972 4220  HA-dependent HDCA-1/TMSA (Zefirov PC)
(all)

1.131 09487 1.153 0.9546 DPSA2 difference in CPSAs (PPSA2-
PNSA2) (Zefirov PC)

17.01 11.52 16.73 12.43  PPSA3 atomic-charge-weighted PPSA
(Zefirov PC)

WF — weighted contribution factors; CA — centroid approximation; WFCS — weighted contri-
bution factors for the complete set; CACS — centroid approximation for the complete set.
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The statistical parameters of the above presented models were as follows:

WEF: training set: n = 320, test set: n= 106, thrammg =0.750, chv =(.740,
R%e = 0.683, F = 235.7, s = 23.40

CA: training set: n = 320, test set: n= 106, R?ining = 0.755, R%, = 0.744,
R’ = 0.693, F =242.2, s = 23.16.

WFCS: n=426,R*=0.732, R%, =0.723, F = 287.0, s = 23.94

CACS: n=426,R*=0.738, R’,, =0.730, F = 297.1, s = 23.64

As can be seen all models have similar performance and are characterized by
stable regression equations, which coefficients vary insignificantly from model
to model. A Y-scrambling procedure performed 20 times resulted in stcrambhng
of less than 0.06, which indicates lack of random correlations.

All models are in complete agreement with the Clausius-Clapeyron equation
expressing the boiling points as a function of the enthalpy (heat) of vaporization
(AHy,p). The enthalpy of vaporization itself depends on: i) the nonspecific or
van der Waals attractions between the molecules composing the mixture, ii) the
distribution of the electron density causing induced dipole-dipole interactions,
and iii) the ability to form hydrogen bonds.

In terms of AH,,,, the gravitation index is related to the van der Waals
attractions between the molecules.

The second by order of importance descriptor in all models is the “HA-
dependent HDCA-1/TMSA (Zefirov PC) (all). It is defined by the hydrogen
bond acceptor-dependent hydrogen bond donor charged surface area as a
fraction of the total molecular surface area. It is related to the hydrogen-bond
formation ability of the components of the azeotropic mixtures, describing the
third term of AH,,,. Both the gravitation index and the HA-dependent HDCA-
1/TMSA descriptors have positive regression coefficients, and respectively their
increase would lead to an increase in the boiling points. The “DPSA?2 difference
in CPSAs (PPSA2-PNSA2) (Zefirov PC)” (for which PPSA represents the
partial positively charged surface area and PNSA represents the partial
negatively charged surface area) and “PPSA3 atomic-charge-weighted PPSA
(Zefirov PC)” descriptors are related to the second component of the AH,,, and
are a measure of the charge redistribution within a molecule. The charge
redistribution itself determines the ability of molecules to participate in induced
dipole-dipole interactions.

5.3. Quantitative Structure-Property Relationship Studies
on Ostwald Solubility and Partition Coefficients
of Organic Solutes in lonic Liquids

Article III proposes QSPR models for the correlation of Ostwald solubility
coefficients (logl) and partition coefficients (logP) of organic solutes in eight
ionic liquids for datasets ranging in size from 30 to 60 compounds (a total of 92
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organic solutes). Both Ostwald solubility and LogP have an immense value for
the regulatory agencies. The Ostwald solubility is often used to for assessing
occupational exposures, while LogP is used to set water quality standards and to
regulate ecotoxicants.

The majority of the investigated ionic liquids were imidazoliums, with the
only exception being ionic liquid #8 (with available data for 38 organic solutes)
containing a pyridinium ring. For ionic liquids #1 to #5 the anion was
bis(trifluoromethylsulfonyl)imide, for #6 and #8 was tetrafluoroborate and last-
ly for #7 was hexafluorophosphate counterion.

For each of these eight ionic liquids and for all 92 organic solutes, the
Ostwald solubility coefficients were calculated using the following equation:

RT
logL =1o .
g g( - V)

1

In the above equation y;° is the infinite dilution activity coefficient; p is the

vapor pressure of the solute at the system temperature; and V is the molar
volume of the ionic liquid solvent.

The partition coefficients logP for the solutes in the eight ionic liquids were
calculated by the following equation:

logP = IOgL - lOng.

In this equation logLy is the logarithm of the Ostwald coefficient of the solute
in water.

Separate QSPR models for logl and logP for each of the 8 ionic liquid
solutions were developed (for a total of 16 models). To achieve a level of
performance similar to that of logP, the logl models needed twice as many
descriptors (2 for logP vs 4 for loglL). Coefficients of determination ranging
from 0.913 to 0.992 and s* ranging from 0.012 to 0.069 for the training sets
were obtained. All models were validated using cross-validation and a hold-out
test sets.

The most important descriptors involved in the logl models, namely the
“Area weighted surface charge of hydrogen bonding donor atoms” and the
“Difference between atomic charge weighted partial positive and negative
surface areas” are related to the charge distribution within the molecules. The
charge distribution is a major factor describing the electrostatic interactions
between the solute and the ionic liquid. The proposed QSPR models also
emphasize the role of the hydrogen donor-acceptor interactions in ionic liquid
solutions. It was found that in general logL increases with the increase of the
hydrogen donor/acceptor ability of the solute. Other descriptors with high
frequency of occurrence were “average complementary information content”,
the “Randic index”, and the “Gravitational index” all related to the size and
shape of the molecules. Similar charge related descriptors (“DPSA2 difference
in CPSAs (PPSA2-PNSA2) Zefirov PC” and “Minimum partial charge (Zefi-
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rov) for all atom types”) emphasizing the significant role of the solvent-solute
interactions were involved in the LogP QSPRs.

5.4. Quantitative Structure - Activity Relationship
(QSAR) Modeling of EC;, of Aquatic Toxicities for
Daphnia Magna

Article V proposes a QSAR model for the aquatic toxicity of 130 benzoic acids,
benzaldehydes, phenylsulfonyl acetates, cycloalkane-carboxylates, benzanilides,
and other esters to Daphnia magna. Daphnia magna is used extensively in bio-
assays monitoring the health of aquatic ecosystems, because it is both an im-
portant primary consumer of algae, bacteria and detritus and itself a major food
source in the food chain.

Since the majority of the earlier published models report significant single
descriptor correlations with logP, our initial hypothesis was that such a relation-
ship may also exist for the current diverse dataset. For this purpose the
KOWWIN logP program, part of the EPI Suite package (v. 3.12) was used to
calculate the values of the octanol-water partition coefficients. The calculated
logP values for all 130 compounds were then correlated to their corresponding
log(1/ECso) values. A statistically insignificant correlation (R* = 0.097), in-
dicated that factors beyond hydrophobicity play a substantial role in aquatic
toxicity to Daphnia magna for this dataset. That is, published models reporting
significant single parameter correlations with logP may have benefited from the
use of highly homogeneous datasets, for which other structural features con-
tributing to toxicity were not varied.

Due to the lack of significant correlation between the log(1/ECsg) values
and LogP the following model using the implemented in CODESSA BMLR
algorithm was developed:

log(1/ECsp) = 1.227(£0.094) x count of H-acceptor sites [Zefirov’s PC] —
0.248(+0.025) x Number of aromatic bonds — 1.929(+0.214) x Balaban index +
0.332(+0.053) x LogP — 280.3(%46.21) x HA dependent HDCA-2/TMSA
[Semi-MO PC] + 8.968(+0.713)

n=130; R>=0.712; R%, = 0.676; F = 61.3; s> = 0.600

Two outliers (cyclohexyl 2-(4-nitrophenylsulfonyl)propanoate and isopropyl
tetradecanoate) were identified and were subsequently removed from the model.
After their removal the following model was obtained:

log(1/ECsp) = 1.226(+0.086) x count of H-acceptor sites [Zefirov’s PC] —
0.268(£0.023) x Number of aromatic bonds — 2.054(+0.199) x Balaban index +
0.377(%£0.052) x LogP —273.4(%42.24) x HA dependent HDCA-2/TMSA
[Semi-MO PC] + 9.382(+0.664)
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n=130; R>=0.759; R%, = 0.728; F = 77.0; s* = 0.499

These models were validated using internal cross-validation, hold-out test (1/3
of the total) and Y-scrambling. As a result of these procedures an average R st
of 0.64 and an average stcrambhng of 0.192 (ranging 0.176 to 0.223) were
obtained.

Due to the positive regression coefficient of the “count of H-acceptor sites
[Zefirov’s PC]” descriptor the higher the number of H-acceptor sites, the greater
the toxicity. Usually these acceptor sites are associated with the presence of
heteroatoms (mainly N, O, S). Both the “Number of aromatic bonds” and the
“Balaban index” descriptors are characterized by negative regression coeffi-
cients. The Balaban index is a function of the size of molecule, degree of
branching, and the degree of unsaturation. Therefore, bulkier and more
branched molecules will be less toxic, probably due to their lower membrane
penetration abilities. The “Number of aromatic bonds” descriptor is related to
the degree of aromaticity of a compound, and thus to its relative stability.
Therefore, the lower degree of saturation will result in compounds which are
less toxic. The octanol/water partition coefficient (logP) accounts for hydro-
phobicity and in agreement with earlier publications its increase would lead to
an increased toxicity. The least significant in the above models is the “HA
dependent HDCA-2/TMSA” descriptor, which represents the hydrogen-
bonding-dependent hydrogen donor charged surface area. This descriptor plays
a complementary role to the “Count of H-acceptor sites [Semi-MO PC]”
descriptor. Its negative sign suggests that compounds with high toxicity would
act mainly as hydrogen bond acceptors, as opposed to compounds with low
toxicity, which would predominantly act as hydrogen bond donors.

Furthermore, a meta-analysis of the data suggested a strong relationship
between the lethal and sublethal effects on Daphnia magna. The log(1/LCs)
and log(1/ECs) values were found to correlate with R* of 0.98. Hence, the
applicability of the carried out model for log(1/ECsp) can be extended and used
for prediction of the lethal concentrations of unknowns.

5.5. Correlation of the Photolysis Half-Lives
of Polychlorinated Dibenzo-p-dioxins and
Dibenzofurans with Molecular Structure

Article VI describes a QSPR model for the photolysis half-life of 70 polychlo-
rinated dibenzo-p-dioxins (PCDDs) and dibenzofurans (PCDFs). These com-
pounds are byproducts of a variety of industrial processes and their high lipo-
philicity and chemical stability cause rapid accumulation in organisms, organic
phase of soils and sediments making them persistent organic pollutants. The
accumulation of PCDDs and PCDFs in vertebrates is known to lead to thymic
atrophy, reproductive changes, weight loss, impairment of immune response,
and disruption of the endocrine system, etc. Their rate of photodegradation
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(photolysis half-life (#,,,)) is used often for assessment of the environmental risk
of these chemicals.

A linear free energy relationship (LFER) was established between the
logarithm of the PCDDs and PCDFs half-lives and a set of quantum mechanical
descriptors calculated by CODESSA PRO.

t1, =-0.746 (£0.070) x total molecular 2-center resonance energy/no. of atoms
+ 0.555 (£0.155) x min resonance energy for bond C-O + 0.0633(+0.0213) x
min e-n attraction for bond C-C — 35.80(£7.11)

n=70; R>=0.720; R, = 0.687; F = 56.62; s* = 0.003

This model was validated using cross-validation, hold-out test set (1/3 of the total
number of compounds) and Y-scrambling procedures. The average R idout WS
0.712, whereas stmmbling was 0.194 (ranging from 0.174 to 0.0.207). The signi-
ficant difference between R .on and stcrambhng indicates the stability of the
model, its statistical significance and the lack of chance correlations.

According to the Student’s 7 test the significance of the descriptors in the
proposed model decreases in the following order: total molecular two-center
resonance energy/ no. of atoms > min resonance energy for bond C-O >
minimum e-# attraction for bond C-C.

In this model the “total molecular two-center resonance energy/no. of
atoms” descriptor emphasizes the importance of resonance energy and bond
order for the photolysis process. This descriptor is as a measure of stability of
the aromatic system of PCDDs and PCDFs, which depends on the number and
orientation of the Cl substituents. The remaining two descriptors, namely the
“min resonance energy for bond C-O” and the “min e-n attraction for bond C-
C” are related, respectively, to the C-O and C-C bond strengths. The positive
regression coefficients of these two descriptors are a consequence of the direct
dependence of the photolysis half-lives on the stability of the C-O and C-C
bonds. The presence of the “minimum resonance energy for bond C-O”
descriptor in the proposed QSPR model supports the hypothesis of Dulin et al.
(Environ. Sci. Technol. 1988, 20, 72) that C-O rather than C-Cl cleavage is the
major route for the photodegradation of PCDDs.

The currently proposed has several advantages: i) it is general — describes
the photolysis half-lives of both PCDDs and PCDFs; ii) it is simple — involves
only 3 quantum chemical descriptors in a multilinear model; iii) it is easy inter-
pretable — the descriptors have clear physicochemical meaning related to the
nature of photolysis; (4) it is robust — the model was validated using three
different procedures to confirm its stability and that the observed correlation did
not arise by chance.
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5.6. Computational Chemistry Approaches
for Understanding how Structure Determines Properties

Article IV provides a short review of QSAR and QSPR models for a variety of
physical, physicochemical and biological endpoints. It emphasizes the signi-
ficance of the computational modeling approaches for understanding how the
molecular structure of compounds determines their properties.

The manuscript gives a brief overview of the QSA(P)R approach and lists
some frequently used software products. It discusses the application of valida-
tion techniques with an application to QSA(P)Rs derived from large descriptor
pools that are aimed at avoiding chance correlations. Further, linear and non-
linear QSA(P)R models for various properties and biological activities such as
UV spectral absorbance, critical micelle concentrations of non-ionic, anionic
and cationic surfactants, flash points, duration of protection of mosquito repel-
lents, milk-to-plasma concentration ratios and others are described. The quality
of all models is discussed and a brief interpretation in terms of structural charac-
teristics determining the observed effect is provided.

The manuscript concludes that the QSA(P)R techniques have a huge poten-
tial of expansion into areas involving modeling of increasingly complex end-
points and to provide new insights on how molecular structure determines the
properties of chemicals.
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6. CONCLUSIONS

Linear and non-linear MLR and ANN QSA(P)R approaches were successfully
applied to build highly accurate models for biological and physico-chemical
endpoints of a great importance for the regulatory agencies. An extension of the
standard QSA(P)R approach allowed building of predictive models for
mixtures, thus demonstrating the applicability of the chemometric methods for
modeling of complex processes. Various methods of validation such as cross-
validation, hold-out test set validation and Y-scrambling were utilized to build
reliable QSA(P)R models adhering to the OECD principles. Meta-analysis of
the data for overlapping sets of compounds allowed transferability of the mo-
deling results from one endpoint to another (e.g. Log(1/ECso) and Log(1/LCsy)).
Due to the specific nature of the utilized molecular descriptors (most originating
from the quantum chemistry) the majority of models (except for those based on
ANN) were accompanied by a mechanistic interpretation pointing to specific
molecular characteristics affecting the modeled endpoints. It was demonstrated
that QSA(P)R approach can be used for making regulatory decisions solely on
the basis of computational models, avoiding lengthy and expensive testing.
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9. SUMMARY IN ESTONIAN
Valideerimine QSAR / QSPR reguleerimise eesmargil

Lineaarseid ja mittelineaarseid MLR ja ANN QSA(P)R ldhenemisi rakendati
edukalt tdpsete mudelite arendamiseks erinevatele bioloogiliste ja fiisiko-
keemiliste omadustele, mis omavad suurt tdhtsust regulatiivses kasutuses.
Traditsioonilise QSA(P)R ldhenemise tdiendamine vdimaldas luua prognoos-
mudelid segude jaoks, mis iihtlasi nditas ka kemomeetriliste meetodite raken-
datavust keeruliste siisteemide modelleerimiseks. Erinevaid valideerimise
meetodeid, nende hulgas ristvalideerimine, vilise valideerimisseti kasutamine ja
Y-scrambling, rakendati kooskdlas OECD printsiipidega usaldusviirsete
QSA(P)R mudelite loomiseks. Kattuvate kemikaalide alamhulkade metaanaliiiis
voimaldas modelleerimise tulemusi iile kanda iihelt omaduselt teisele, naiteks
Log(1/ECsg) ja Log(1/LCsp) vahel. Kasutatud molekulaardeskriptorite spetsiifi-
line olemus (enamasti kvantkeemiast tuletatud) vdimaldas lisada enamusele
mudelitele, vdlja arvatud ANN meetodil pShinevatele, mehhanistliku inter-
pretatsiooni, mis niitas spetsiifiliste molekulaarsete karakteristikute seoseid
modelleeritud omadustega. Néiidati, et QSA(P)R ldhenemine on rakendatav
regulatiivsete otsuste tegemiseks, kusjuures arvutusmudelite kasutamine v3i-
maldab viltida ajamahukaid ja kalleid laboratoorseid katseid.
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