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Structure-activity relationship (SAR) and quantitative structure-activity relationship (QSAR), collec-
tively referred to as (Q)SARs, play an important role in ecological risk assessment (ERA) of organic
chemicals. (Q)SARs can fill the data gap for physical-chemical, environmental behavioral and
ecotoxicological parameters of organic compounds; they can decrease experimental expenses and
reduce the extent of experimental testing (especially animal testing); they can also be used to assess
the uncertainty of the experimental data. With the development for several decades, (Q)SARs in envi-
ronmental sciences show three features: application orientation, multidisciplinary integration, and in-
telligence. Progress of (Q)SAR technology for ERA of toxic organic compounds, including endpoint
selection and mathematic methods for establishing simple, transparent, easily interpretable and
portable (Q)SAR models, is reviewed. The recent development on defining application domains and
diagnosing outliers is summarized. Model characterization with respect to goodness-of-fit, stability and
predictive power is specially presented. The purpose of the review is to promote the development of

(Q)SARSs orientated to ERA of organic chemicals.

(Q)SARs, ecological risk assessment, application domain, stability, predictive power

1 Ecological risk assessment of syn-
thetic organic compounds

It is estimated that there are currently more than 80000
synthetic organic compounds in common use, and the
number is increasing yearly by 500—1000. In fact, by
the end of 2007, more than 33 million of chemicals had
been registered in Chemical Abstracts Service (CAS:
http://www.cas.org), and most of which are synthetic
organic compounds. The pollution caused by synthetic
organic chemicals has brought about severe lessons to
human beings. Persistent toxic substances (PTS) in the
environment have become an important issue affecting
the survival and development of human in the 21st cen-
tury. It is evident that ecological risk assessment (ERA)
for the synthetic organic compounds can provide a pre-

caution against the pollutionm. ERA includes three pri-
mary phases as defined by U.S. Environmental Protec-
tion Agency (US EPA): problem formulation, analysis,
and risk characterization'™. It is obvious that data on
physicochemical properties, environmental behavior and
ecotoxicology of organic compounds, are indispensable
for the ERA. However, the data have three aspects of
problems:

(1) Lack of the data®!. For example, for more than
80% of the common used synthetic organic chemicals,
their environmental behavioral and ecotoxicological data
are currently not available. Experimental determination
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of the parameters is time-consuming, lags behind the
regulatory needs, and cannot meet the “precautionary
principle” for chemicals management.

(2) Large expense of testing!”. According to the esti-
mation by the “Registration, Evaluation and Authoriza-
tion of Chemicals (REACH)” legislation that has been
brought into effect since June 2007, the testing fee for a
single chemical was about 85000 euros, while the full
test for a new chemical cost about 570000 euros. In ad-
dition to the high expense, comprehensive testing of all
the chemicals does not accord with the principle and
trend of reducing testing (especially animal testing).

(3) Uncertainty in data®’. For instance, the scientists
in U.S. Geological Survey found variations of up to 4
orders of magnitude in the reported octanol-water parti-
tion coefficient (Kow) values for DDT and its metabolite
DDE. The large uncertainty in the physicochemical data
will inevitably lead to high uncertainty of ERA results.

Molecular structures are internal factors governing
the physicochemical properties, environmental behavior
and ecotoxicology of organic compounds'®. Compounds
with similar molecular structures should have similar
physicochemical properties, environmental fate and
ecotoxicological effects, i.e., there are inherent relations
between molecular structures and their physicochemical
properties, environmental behavioral and ecotoxicologi-
cal parameters'®. The relations can be characterized as
mathematical models, termed as structure-activity rela-
tionships (SARs) or quantitative structure-activity rela-
tionships (QSARs), collectively referred to as (Q)SARs.
Thus, (Q)SARs can fill the data gap for physicochemical,
environmental behavioral and ecotoxicological parame-
ters of organic compounds; they also can decrease ex-
perimental expenses and reduce the extent of experi-
mental testing (especially animal testing). Furthermore,
(Q)SARs can be used as supporting tools to evaluate the
adequacy of the available empirical data of organic
compounds, which is also one of the four specific func-
tions of (Q)SARs for ERAL For example, interho-
mologue consistency for physicochemical properties of
polychlorinated biphenyls (PCBs) was illustrated with
simple (Q)SARs that use molar mass and the number of
chlorine substitutions in ortho-positions as descriptors™™.
Thus (Q)SAR technology is of greate importance to
ERA of organic compounds.

2 Principles, methods and development
of (Q)SARs

2.1 Principles and methods of (Q)SARs

It has long been realized that there are inherent relation-
ships between molecular structures of organic chemicals,
and their physicochemical properties or biological ac-
tivities. In 1930s, Hammett et al.”"'% established the lin-
ear free energy relationships (LFERs) and brought for-
ward Hammett substituent constants o, which laid a
thermodynamic foundation for (Q)SARs. In the 1950s,
Taft!""! further developed LFERs by introducing steric
substituent constants Es. LFERs are extra-thermody-
namics, which means that the objective relations be-
tween thermodynamic parameters and molecular activi-
ties cannot be deduced by thermodynamic theories!'.
The LFER theory has been successfully employed to
model partition coefficients!*'*! and reaction rate con-
stants!>'? of organic pollutants in different environ-
mental media.

As shown in Figure 1, establishment of (Q)SAR
models consists of several steps. It is of fundamental
importance to obtain and select appropriate molecular
structural descriptors to characterize molecular struc-
tures. There are two general methods for selecting
molecular structural descriptors. The first method relys
on experience, the observable or perceivable characters
of the studied molecules, and the possible underlying
mechanism. For example, photohydrolysis is a main
pathway for photolysis of halogenated aromatic
compounds, thus various quantum chemical descriptors
characterizing the C-X bonds were computed and
employed for QSARs development on photolysis
quantum yields of halogenated compounds''”'*!. The
second method relies on the established models. There
are four types of models that have been commonly used
in QSARs development: the Hansch model, the linear
solvation energy relationship (LSER) model, the
Free-Wilson model"”, and the 3-dimensional (3D) ana-
lytical method, such as the comparative molecular field
analysis (COMFA) model?*2"/.

Hansch extended the use of QSARs to biological ac-
tivity based on the LFER theory, and suggested that
electronic (o), steric (Es) and hydrophobic effects of
given substituents govern biological activities!”> **.
These effects can be added with each other independ-
ently to form different linear or non-linear Hansch mod-
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Figure 1 Flow diagram for establishing (Q)SAR models.

els?**1 which were widely used to establish QSAR
models!***7),

The LSER model developed by Kamlet et al 28731
employed cavity term, polarizability, hydrogen-bonding
acidity, and hydrogen-bonding basicity, represented by
solvatochromic parameters, to describe molecular prop-
erties relevant to solvation/partition processes. Abraham
developed new LSER parameter scales®”. Using
theoretical molecular structural descriptors to replace the
empirical solvatochromic descriptors, Wilson and
Famini"***¥ developed the theoretical linear solvation
energy relationship (TLSER) models. The LSER or
TLSER models were successfully used to estimate water
solubility (Sw)**), octanol-water partition coefficients
(Kow)P**", high performance liquid chromatography
retention factors”>), and nonreactive toxicity of organic
compounds***",

The Free-Wilson model'” was advanced that the ac-
tivities of series of chemical analogs change with the
amount, the specific side chain arrangements and the
performance characteristics. This approach is easy to be
performed but only
chemicals.

The CoMFA is a typical three-dimensional (3D)
QSAR technique that ultimately allows one to design
and predict activities of molecules, for which the foun-
dation is that interaction force fields of series bioactive
molecules with the same receptor are similar?*?". Even

suitable for multi-substituted

3D structures of receptors are unclear, one can deduce

the properties of receptors, design new chemicals and
quantitatively estimate activities of chemicals by study-
ing circumambient interaction force fields of bioactive
molecules and quantifying bioactivities. CoMFA has
been widely used in quantitative drugs and pesticides
design®*"!. In ecotoxicology, COMFA has been mainly
used to predict toxicity of organic pollutants, such as
estrogenic activities of endocrine disrupting chemi-

calst 04,

2.2 Development of (Q)SARs

In the early time, (Q)SAR was mainly studied in the
field of drug design. Since the 1970s, (Q)SAR technol-
ogy has been introduced into environmental science to
meet the need of ERA for numerous and ever-increasing
number of organic chemicals. The steady development
of (Q)SAR technique in the last three decades presents
the following three features.

(1) Objective-oriented characteristics and applica-
bility. In the field of environmental science or engi-
neering, (Q)SAR study mainly concentrated on exposure
assessment (transfer and transformation of organic
pollutions in multimedia environment) and effect
assessment (mainly ecotoxicological effects). Some
early QSAR models mainly focused on properties

related with environmental partitioning (such as Sy,

Kow"*?*!'* bioconcentration factors (BCF)™*!, oc-

44,45 .
44451 and soil or

46’47]) and acute

tanol-air partition coefficients (Koa)
sediment adsorption coefficients (Koc)'
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toxicity to aquatic organisms (median lethal con-
centration (LCso)*® or median effect concentration

(ECso)™). Later, QSARs studies were extended to

50— 52]

environmental endocrine disruptor activity! , and

reaction kinetics of organic pollutants, such as biode-

[54]

gradability’®*!] photolysis rate constants®™ or quantum

yields!'"'®] reduction rate constants by zero-valent
iron'"), oxidation rate constants by hydroxyl radicals!®,
etc.

In 1993, the journal SAR and QSAR in Environ-
mental Research started publication in France. Since
1984, international workshop on QSARs in environ-
mental sciences has been held biyearly®®. In 2003, 23
reviews on QSARs were published by the journal
Environmental Toxicology and Chemistry (vol. 22, no.
8), which covered physicochemical properties, environ-
mental behavior, biological activity and ecotoxicological
effects of organic chemicals. Progress and applications
of QSARs in environmental field were reviewed
concentratively and detailedly by the monograph,
indicating that (Q)SARs in environmental sciences are
in the ascendent.

(2) Interdisciplinary integration. (Q)SAR is an
interdisciplinary research field, converging many
disciplines such as chemical informatics (chemometrics,
computational chemistry), physical chemistry, biochemi-
stry, toxicology, computer science and mathematics, etc.

From the point of view of molecular structure
characterization, the aforetime empirical descriptors,

22,24,56] 10,57,58]

such as hydrophobic (7)! , electronic (o)

and steric (ES)[“’59761] constants and solvatochromic

[28730’62’63], have evolved into theoretical de-

parameters
rived molecular descriptors such as topological
indexes®*®! and quantum-chemical descriptors'®! that
are widely used nowadays. As an example, the software
Dragon can be used to calculate various molecular
structural descriptors describing compound structural
diversity, representing 0—3 dimension molecular struc-
tures and containing information on atom and bond
types, connectivity, partial charges and atomic spatial
coordinates. More than 1000 descriptors, including con-
stitutional (atom and group counts) descriptors, func-
tional groups, atom-centered fragments, topological de-
scriptors, molecular walk counts, BCUT descriptors,
Galvez topological charge indices, 2D autocorrelations,
charge descriptors, aromaticity indices, Randic molecu-
lar profiles, geometrical descriptors, radial distribution

function (RDF) descriptors, 3D-MoRSE descriptors,
WHIM descriptors, and GETAWAY descriptors, can be
computed by this software!”. It is thus the
interdisciplinary intergration that drives the evolvement
of molecular structural characterization, which lays a
beneficial foundation for development of (Q)SAR
models.

As to the methods for establishing QSAR models,
early QSAR studies mainly employed various linear

68—70]

regression technologies! , and subsequent multiva-

riate analysis methods including factor analysis,

principal component analysis (PCA)[m, discriminant

T2 cluster analysis! !

analysis! , and partial least
squares (PLS)!"" regression analysis. In recent decades,
various nonlinear analysis methods!””, such as artificial
neural network (ANN)"*) and support vector machine
(SVM)""7] were also adopted in establishing QSAR

WS were used for

models. Genetic algorithms (GA
vairable selection to obtain optimal QSAR models.
Some combined algorithms, such as GA—PLS[SI’SZ], GA-
SVM™! GA-BP®Y, SVM-PLS™!, etc., were brought
forward for the ease of establishing QSAR models. All
the machine learning methods gradually improve the
model establishment technology of QSARs. Meanwhile,
the progress in biochemistry, toxicology and other
relevant subjects has deepened the understanding of the
modes of toxicity action and promoted the development
of (Q)SAR technology.

(3) Intelligence. In recent years, many intelligent,
distinctive, user-friendly and user-oriented softwares for
development and application of (Q)SARs have been
exploited by different goverments, companies and
research institutes due to the development of computer
technology. The Organization for Economic Cooperation
and Development (OECD) surveyed the (Q)SAR soft-
wares for regulatory purposes of chemicals, and found
there were more than 40 software copyrights for
America, 3 for England, 6 for France, 8 for Canada, 1
for Bulgaria. Considering the (Q)SAR softwares for
miscellaneous purposes, the number is conservatively
estimated to be larger than 200.

One key direction of (Q)SAR development in the fu-
ture is related to decision support systems™. The
systems should incorporate validated (Q)SAR models
that meet the consensus of (Q)SAR criteria, have
transparent databases with flexible search engines, be
web based, and have user friendly interfaces. Such
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decision support shystems can facilitate non-(Q)SAR
developers for the selection and application of the
models in management and decision-making processes.

3 Current development and application
of (Q)SARs all over the world

As (Q)SARs can contribute to implementing the “pre-
cautionary principle” of organic chemicals management,
reducing animal tests, and decreasing testing fee, they
have been widely studied and applied to ERA and regu-
lation of toxic organic chemicals in many countries' 7.
By 2002, countries like America, Canada, Australia,
Germany, Denmark, Japan, and Holland applied
(Q)SARs in various degrees to predict physicochemical
properties, environmental fate and toxicity to aquatic
organisms[gg], and the endpoints include Kow, Koc, Sw,
the boiling point (B8,), the melting point (A,), the vapor
pressure (P), the Henry’s law constant (Ky), the
oxidation rate constant by hydroxyl radical, the
biodegradation rate constant, the BCF, the hydrolysis
rate constant, ete. 88,

REACH legislation prescribes 3 principles for
chemicals management”: a) “No data, no market”.
Chemicals companies must provide information about
their safety before the new chemicals are manufactured
and put on market. b) Reducing testing, in particular,
refining, reducing or replacing animal testing. On one
hand, this can reduce testing fee; on the other hand, it
can meet the proposal of protecting animal welfare. c)
Application of (Q)SAR technology.

According to the REACH, results of (Q)SARs may be
used instead of testing when the following conditions
are met'**): a) results should be derived from a (Q)SAR
model whose scientific validity has been established; b)
the substance should fall within the applicability domain
of the (Q)SAR model; c) results should be adequate for
the purpose of classification, labelling and risk
assessment; d) adequate and reliable documentation of
the applied method should be provided. Four specific
applications of (Q)SARs, including data evaluation,
decision for further testing, estimating specific
parameters, and identifying data needs on effects of
potential concern, were identified in the comprehensive
technical guidance document (TGD) of EU in 19967,

The European Chemicals Bureau (ECB) (http://ecb.
jre.it/) is the focal point for data and the assessment
procedure on dangerous chemicals, which plays an

important role in the development of the new legislation
on chemicals, i.e. in the establishment of REACH. In
recent years, ECB has implemented a lot of research
central to the development and application of (Q)SARs,
including: a) reporting format, validation and assessment
of (Q)SAR models, b) classification technologies of
chemicals, c¢) analogue or read-across technologies of
physicochemical properties, environmental behavioral
and toxicology parameters, which are involved in the
regulatory uses of (Q)SARs for different purposes.

OECD also carried out research on safety of chemi-
cals and application of (Q)SARs. In November 2004,
OECD put forward a set of five principles for (Q)SAR
validation®”. In February 2007, OECD issued a guid-
ance document on (Q)SAR validation"). In addition,
OECD organized case studies on regulatory uses of
(Q)SARs in the assessment of existing and new chemi-
cals in the member countries including Australia, Can-
ada, Czech Republic, Denmark, Italy, Germany, Japan,
Holland, America, England and EU Commission. The
report of the case studies was published in August
20067,

In the U. S., many government organizations develop
and apply (Q)SAR technologies™. The organizations
include US EPA, the U. S. Air Force, the Agency for
Toxic Substances and Disease Registry (ATSDR), the
Toxic Substance Control Act Interagency Testing
Committee, the National Oceanic Atmospheric
Administration (NOAA), Consumer Product Safety
Commission (CPSC), Food and Drug Administration
(FDA), National Cancer Institue (NCI), and National
Toxicology Program, etc.

In Fiscal Year 2002, the U. S. Congress directed the
EPA to provide funds for the research and development
of alternatives to traditional toxicological testing proce-
dures on chemicals screening and priority pollutants
identification, mainly referring to (Q)SARs technology.
The national center for computational toxicology
(NCCT) was founded as a part of EPA’s Office of
Research and Development (ORD) to implement EPA’s
research in the field of computational toxicology. Over
the years, the budget for computational toxicology has
been increased gradually in the U.S.

US EPA and Syracuse Research Corporation
developed the software EPI Suite "™ (http://www.epa.

gov/oppt/exposure), which includes subprograms for
predicting Kow, Koc, H, Sw, B,, M,, P, BCF, biode-
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gradability, hydrolysis rate constants, removal efficiency
in wastewater treatment plants, etc. US EPA also used
QSARs to predict biological effects of high production
volume (HPV) chemicals and premanufacture notifi-
cation (PMN) chemicals, including absorption, distribu-
tion, metabolism, excretion, acute toxicity effect, irrita-
tion, sensitization, chronic/sub-chronic toxicity effects,
reproduction effect, developmental toxicity, carcino-
genicity, mutagenicity, etc. Moreover, US EPA
developed QSAR models to predict estrogenic effects of
chemicals. Information on the research, development
and application of QSARs in other countries can be
found in the references!™**",

There are more papers than patents for presenting
research results of (Q)SARs. A search performed in the
end of 2006 using “QSAR” as keywords in titles and
abstracts resulted in 22 patents in the Worldwide
Database of European Patent Office (EPO), 11 patents in
the database of World Intellectual Property Organization
(WIPO), and 8 patents in database of United States
Patent and Trademark Office (USPTO).

To summarize, the developed countries have paid
much more attention to the research, development and
application of (Q)SAR technology for ERA and
regulatory purposes. In China, the national natural
science foundation has ratified a few research projects
relevant with the development of QSARSs in the field of
environmental chemistry. There are several research
groups that mainly concentrate on (Q)SARs for ERA
and regulatory purposes, including those from the
Nanjing University”>*, Dalian University of Techno-
logy'”>®", Hunan University"””,
sity’”™ Changchun Institute of Applied Chemistry
(Chinese Academy of Sciences)®™ and Northeast
Normal University[loo]. However, the (Q)SAR studies
implemented in China were not as systematic and
thorough as those in the developed countries. In China,
more studies are specially necessary in the practical

Lanzhou Univer-

application aspects of (Q)SARs.

4 New progress and perspectives on
(Q)SARs

The practical application of (Q)SAR technologies in
ERA involves many factors. The workshop held in
Setubal in March 2002 was designed to develop more
definitive guidance on the use and development of
(Q)SARs. The so-called “Setubal principles” proposed

that (Q)SARs
associated with the following information'

for regulatory purposes should be
786891 ) g
defined endpoint, b) an unambiguous algorithm, c) a
defined domain of applicability, d) appropriate measures
of goodness-of-fit, robustness and predictivity, and e) a
mechanistic interpretation, if possible. These were
officially defined as guidance principles on the
development and application of (Q)SARs by OECD in
2004 The (Q)SAR models that meet the principles
can thus be used in a much broader scope, including
ERA, chemical screening, and priority setting!®**".
Centering on the above principles, the related works are
reviewed as follows.

4.1 Environmental endpoints of (Q)SAR models

Environmental endpoints of (Q)SARs are defined as any
physicochemical, environmental behavioral and
ecological parameters that can be measured or predicted.
These endpoints can be determined by normative
experiments in standard conditions. The (Q)SAR models
with unambiguous endpoints may help to judge if the
predicted values are fit for specific ERA.

It is well known that high-quality experimental data
are essential for the development of high quality
(Q)SAR models!"®. In terms of environmental
endpoints, ideally such data should be measured by a
single standardized protocol, in the same
laboratory and by the same workers''®?. The variability
in the data, as a result of interlaboratory testing, can
introduce errors and unknown bias into (Q)SAR mod-
els!!%, Meanwhile, efforts should be made to ensure
structural diversity of chemicals, both between and
within chemical classes. Such structural diversity allows
for development of more robust (Q)SAR models!®*.
However, due to the limitation of experimental data,
endpoint values from different literature sources were
usually collected for developing (Q)SAR models, which
can expand data range, increase structural diversity, but
also lead to inaccurate predictions. Consequently, the
experimental error must be considered in (Q)SAR
modelling so as to assure that the goodness-of-fit is
within the variation of determined values to prevent
over-fitting.

4.2 Algorithm of QSAR models

The best algorithms of QSARs modelling are those that
are simple, transparent, easily interpretable, and easily
portable. A transparent model can be defined as one that
is based on fundamental physicochemical properties

cven
102
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with a clear and unambiguous statement of how the
model has been formulated""). Such a model is capable
of mechanistic interpretation and portability from one
user to another, preferably without the requirement for
specialist software!'*?. Meanwhile, it allows the user to
examine and understand how the environmental
endpoint is modeled. The transparent characteritics are

usuallly achieved by proper mathematical algo-
rithms!'*,
Different statistical techniques vary in their

transparency that relates to the amount of processed
informaton obtainable from the statistical methodol-
ogy!"™. Generally, the transparency of different
statistical methodology follows the order: multiple
regression analysis (MLR) > principal component analy-
sis and partial least square regression (PCA & PLS) >
artificial neural network (ANN) > genetic algorithm
(GA)!" 1 Nevertheless, the performance of a QSAR
model is also related to its robustness. The term
robustness means the range of the method’s applicability
and hence the relative freedom from conditions and its
order is just contrary to that of transparency!'"%.
Therefore, the selection of statistical techniques for
(Q)SARs development should consider the environ-
mental endpoint, the purpose of application, the

requirement of transparence and robustness.
4.3 Mechanism of (Q)SAR models

The establishment of (Q)SARs should be based on the
proper analysis and understanding of mechanisms, and
vice versa, the well-established (Q)SAR models should
facilitate mechanism interpretations. Mechanisms can
make clear the molecular structural factors determining
the endpoints needed for ERA. The mechanism of
(Q)SAR models can be related with the following two
aspects:

(1) Molecular structural descriptors used in (Q)SARs
should be capable of mechanistic evaluation. In other
words, a (Q)SAR model should be interpretable in terms
of the parameters employed'*"'%. For example,
compared with molecular connectivity indicies and other
topological indices, the fundamental physicochemical
properties (such as molecular weight) and quantum
chemical descriptors are easier to be interpreted' .

(2) Interdisciplinary integration with subjects like
biochemistry and toxicology can deepen the under-
standing of the modes of toxicity actions, and then
improve mechanistic interpretabilities of (Q)SAR

models.
4.4 Application domain of (Q)SAR models

(1) Characterizing application domain

Characterizing application domains (AD) of (Q)SAR
models is one of the main difficulties in practical
application of the models in ERA. Regardless of the di-
versity of the training data used, it is important to realize
that (Q)SAR models are only valid in the domain they
were trained and validated. Extrapolation is dangerous
and can lead to grossly erroneous model predictions!' ..
The concept of the AD is closely related to the term
model validation. The latter is defined as the “substan-
tiation that a model within its domain of applicability
possesses a satisfactory range of accuracy within the
intended application of the model”!"'”’. Thus the AD can
be defined as “the group of chemicals for which the
model is valid”!"'"!, Practically, it requires an operational
and computerized quantitative procedure to define the
AD of (Q)SAR models!"'?.

The AD can be initially defined on the basis of the
descriptors used to establish (Q)SAR models, which can
be termed as the descriptor domain!"'*). Thus the method
for selection of training set affects the descriptor do-
main.

Secondly, the structural domain can be obtained by
taking into consideration of structural similarity of
chemicals in the training set and the test set!"" The
chemicals with the highest molecular structural similar-
ity to the training set are the best predicted"*. Some-
times, structural similarity is determined by empirical
knowledge or assumed action modes'''. Therefore, it
may result in different structural domains with different
methods for definitions of molecular structural similar-
ity.

That the molecular descriptors are within the descrip-
tor space and the molecular structures are similar to
those of the training set are prerequisites for differenti-
ating whether a compound is within the AD!"'®). Fur-
thermore, for reliability and validity of predictions, the
mechanistic domain was also introduced'®. The defini-
tion of the mechanistic domain is often achieved by the
definition of substructures, with the assumption that
substances that are chemically similar have a similar
mechanism of toxic action''®!. It is the most critical cri-
terion for accuracy and confidence of (Q)SAR models.

Finally, if metabolic activation of the chemicals is a
part of the (Q)SAR model, the reliability of simulated
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metabolism (metabolites, pathways, and maps) should
be taken into account in assessing the reliability of the
predictions, leading to the metabolism domain"",

To sum up, the most conservative AD of (Q)SAR
models is the intersection determined by the descriptor
space, structural similarity, mechanistic domain, and
metabolism domain. Practically, depending on the ulti-
mate use of the model predictions and the consequences
of a wrong decision, some of the components defining
the model domain can be bypassed"'”’. This will expand
the model application domain but will reduce the confi-
dence level of the predictions[”O].

(2) Outlier detection

It is very important to detect outliers as they may af-
fect QSAR model performance. An outlier of a model
can be defined as a compound that is in some way dif-
ferent from the rest of the substances used to establish
the model and for which the model is not valid. The
reasons may be mechanism differences, or chemical di-
versities, even error data. From multivariate statistics
point of view, outliers can be classified into three types:
X outliers, Y outliers and X/Y outliers'”). Briefly, a
substance is an X outlier if the molecular descriptors for
this substance do not conform to the “pattern” (covari-
ance structure) of the training data. Y outliers are sub-
stances for which the reference value of the response is
invalid. X/Y outliers are substances for which the rela-
tionship between the descriptors (X variables) and the
environmental property (Y variable) is not the same as
in the (rest of the) training data, e.g. due to different
toxicity mechanisms!'®”).

Outlier detection is of great importance to determin-
ing AD of QSAR models accurately. As Y outliers need
to be judged by experience and X/Y outliers cannot be
detected directly, more attention should be paid to the
diagnosis of X outliers. Two methods for diagnosing X
outliers are available: Hotelling’s 7> and DModX!"'".
Hotelling’s 7° is a multivariate generalization of Stu-
dent’s t-test!'"™®. DModX represents the distances of a
chemical to the model in X space. From the distances
and the corresponding distances in the training set, it is
possible to calculate an approximate probability that a
(new) substance belongs to the model domain''®. The
two methods are usually used jointly, and the difference
between them lies in the fact that Hotelling’s 7° is
founded with the explained variances while DModX is
derived from the unexplained X-variances (residuals)[
Through the diagnostics it is also possible to discrimi-
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nate between strong (Hotelling’s 72) and moderate
(DModX) outliers, depending on which tool is used for
their detection!''”. In addition, standard residuals of re-
gression analysis can be used as simple criteria for iden-
tifying outliers.

It should be noted that outliers of QSARs abound for
endpoints, and have actually been extremely useful in
their development"'®"!. The analysis of outliers proved to
be the spur for the further analysis and identification of
mechanisms of action!'*'). There should be valid reasons
for outlier removal to improve modelling performance.
Further, to assess the effects of excluding outliers,
QSAR models should be examined before and after the
removal. If outliers are merely statistical artifacts, then
the models will not change significantly following their
removall'®!,

4.5 Characterization of QSAR models

To characterize established QSAR models, the quality of
goodness-of-fit should be statistically assessed, internal
validation should be performed to assess the model sta-
bility or robustness, and external validation should be
implemented to assess the predictive power!''”).

(1) Measure of goodness-of-fit

The traditional parameters used for the measure of
goodness-of-fit are as follows:

a) Determination coefficient (R*)/adjusted determina-
tion coefficient (Radjz): R? is a measure of the quality of
fit between model-predicted and experimental values.
However, some high R® values resulting from low
degrees of freedom due to excessary predictor variables
involved in the model may lead to a poor predictor for
its QSAR model”. Thus the adjusted R by the
freedom degree (Radjz) should be adopted. The higher the
Radj2 value, the better is the goodness-of-fit.

b) Summary square error (SSE): this index reflects
the deviation of predicted values from observed values,
and depends on the number of data points™'"®’.

¢) Root mean square error (RMSE), mean absolute
residual (MAR), and standard error (SE)/standard
deviation (SD) are commonly used to indicate the
precision of prediction. They are dependent on the
endpoint data range and scatter, and can be affected by
outliers!"”’.

d) F-test: It is a variance test method of the overall
significance level and is only applicable to QSAR
models derived from multivariate linear regression
(MLR)!"),
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The above-mentioned indices can simply measure
goodness-of-fit, but cannot identify over-fitting or un-
der-fitting. The termed under-fitting means that a model
does not fully reveal the relationships between the inde-
pendent variables and predictor variables, which will
reduce the predictability. Over-fitting means that some
of the relations that appear statistically significant are
actually just noise. A model with over-fitting does not
replicate well and does a lousy job of predicting envi-
ronmental endpoints. It may occur in the way of too
many variables included in the final model. Over-fitting
is a common problem in development of QSAR models,
especially for non-linear models!'?!. Stability analysis
can be used to determine and solve the over-fitting
problem.

(2) Stability analysis and internal validation of QSAR
models

Stability analysis of QSAR models is closely linked
to the problem of model over- or under-ﬁtting[m’]zz].
Usually, model instability is analyzed, which can be
defined as the sensitivity of a model, with respect to
individual and subsets of compounds in the training set.
If predicted values go beyond the confidence interval of
a model, the corresponding compounds can lead to
model instability!"'. There were very few studies on
quantitative measures of model instability, except that
Kolossov and Stanforth"'*! introduced Model Instability
Coefficient (MIC) and Model Value Instability
Coefficient (MVIC) by considering model descriptors
and predicted values, respectively. If the two values are
lower than 100%, the model is considered to be stable,
otherwise, it is unstable.

Instability of QSAR models is often indirectly meas-
ured by internal validations. The following internal
validation methods can estimate the degree of instability
more or less.

a) Leave-many-out cross-validation (LMO—CV)[IZO]: n
objects of original data set are divided in G cancellation
groups of qual size m (=n/G). A large number of models
are developed with each of the n - m objects in the
training set and m objects in the validation set. For each
corresponding model, m objects are predicted and the
cross-validation coefficient O is computed. O is
considered as an indicator of the robustness and
predictive power of the model!'*”. Generally, a O* > 0.5
can be regarded as good and a 0*> 0.9 as excellent!"".

b) Leave-one-out cross-validation (LOO-CV): just a

single object is removed (G = n), and the other steps are
the same with LMO-CV. Statistical theory predicts that
LMO-CV performs better in variable selection than
LOO-CVH#'? Compared with LMO-CV with medium
size of m, LOO-CV and LMO-CV with very low values
of m tend to overfit the data and decrease the predictive
ability due to inclusion of more variables or latent
variables''**,

¢) Bootstrapping!?*'*): the basic premise of this
method is that the data set is representative of the
population from which it was drawn. In a typical
bootstrap validation, G groups of m objects are
generated by a repeated random selection of n objects
from the original dataset. The model obtained on the m
objects randomly selected is used to predict the target
properties of the exluded samples. As in LMO-CV
validation, a high Q® in bootstrap validation is a
demonstration of the model robustness.

d) Y-randomization test"'*": this is a widely used
technique to estimate the robustness of a QSAR model.
The dependent variable (Y-vector) is random shuffled
and a new model is developed using the original
predictor variable matrix. The process is repeated 50—
100 times. It is expected that the resulting models should
generally have low Radj2 and low cross-validation
coefficient 0% values. If all models obtained in the
Y-randomization test have relatively high Radj2 and QZ, it
implies that an acceptable QSAR model cannot be
obtained for the given data set by the current modeling
methods.

Usually Radj2 > QZ, and the differences (Radj2 - QZ) do

117

not exceed 0.3!"'7. A substantially larger difference in-

dicates an over-fitting model, presence of irrelevant X
variables, or outliers in the data"”.

(3) Assessing predictive power

Predictive power of QSARs relies on the good-
ness-of-fit and robustness, and highly depends on its AD.
The most demanding way to assess the predictive power
is external validation that can be performed in the fol-
lowing two ways.

a) Using independent external data set for validation
is the most standard method to assess model predictive
power. It is also recommended for the strongest evalua-
tion of model applicability for prediction in new chemi-
cals, which can guarantee the application of the model
for ERA. However, generally it depends on whether the
data set is large enough to permit an independent exter-
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nal validation set!"!”",

b) In view of the difficulty of finding independent
external validation dataset, an alternative method is to
split the original data set into a training set, used for es-
tablishing QSAR models, and a test set, for external
validation"®”. The underlying goal in this method is to
ensure that both the training and testing sets separately
span the whole descriptor space occupied by the entire
data set and the chemical domains in the two sets are not
too dissimilart'*’!. Practicable approaches for creating
training and test sets span from straightforward random
selection 226! through systematic clustering techniques
(neural network)"**'*" to experimental design
(D-Optimal)!'2*!1%¥,

Performance of external validation is indicated by
cross-validation coefficient O* and determination coeffi-
cient R* between the predicted and observed environ-
mental endpoints for an external test set. However, it has
been shown that there exists no correlation between O
and R’ It must be stressed that the high value of O
appears to be the necessary but not the sufficient
condition for the model to have a high predictive
powerl12%130]

In summary, goodness-of-fit, robustness, and predi-
ctive power are necessary to defining the quality of
QSAR models. Based on the three aspects of assessment,
Kolossov and Stanforth!' proposed an overall statisti-
cal quality index for QSAR models. Only the QSAR
models with high statistical quality can be used for
screening, management and ERA of organic chemicals.
Further efforts on QSAR characterization and validation

. 119,131,132
are still necessary!''"?!132,

5 Registration and application criterion
of (Q)SAR models

To promote the development and application of
(Q)SARs, registration and regulation rules of current

1 Macleod M, Mckone T E, Foster K L, Maddalena R L, Parkerton T F,
Mackay D. Applications of contaminant fate and bioaccumulation
models in assessing ecological risks of chemicals: A case study for
gasoline hydrocarbons. Environ Sci Technol, 2004, 38(23): 6225—
6233

2 U. S. Environmental Protection Agency. Guidelines for ecological
risk assessment. In: Risk Assessment Forum. Washington: U. S.
Environmental Protection Agency, 1998, 63(93): 26846 —26924

3 Verhaar HJ M, Solbe J, Speksnijder J, Van Leeuwen C J, Hermens J L
M. Classifying environmental pollutants: Part 3. External validation

(Q)SAR models are required. According to Cronin et
al.l"" all the environmental endpoint data used to build
(Q)SAR models should be reported in the publications,
which can establish the transparency of the (Q)SAR
models and ensure that it cannot be abused through
extrapolation, also allow others to use the data!'®'!. All
significant physico-chemical descriptors used in the
(Q)SAR modelling should also be listed!"*". The
reported (Q)SARs should accompany with a full
description of the chemical structures, either in terms of
IUPAC name, SMILES, or CAS numbers!""". More
importantly, the goodness of fit, stability, and predictive
power of the (Q)SAR model should be assessed. The
registered (Q)SARs can only be used within the
application domain of compounds. Application of the
(Q)SARs should balance between accuracy and AD of
the models, and consider the purpose of usages by
defining acceptable uncertainty levels that depend on the
variance of the existing experimental data.

6 Conclusion

For the ERA of toxic organic chemicals, (Q)SARs play
an important role in filling the data gap of environmental
endpoints, decreasing experimental expense, reducing
and replacing testing (especially animal testing), and
assessing the uncertainty of experimental data. The
development of (Q)SAR technology shows the features
of application-orientation, interdisciplinary integration,
and intelligence. The developed countries have paid
much more attention to the research, development and
application of (Q)SAR technology for ERA and
regulatory acceptance. REACH regulation prescribed
detailed principles for its application. The further de-
velopment of the technology should pay attention to its
applicability, application guidelines for ERA, and par-
ticularly the methods for characterization, validation and
registration of (Q)SARs.
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