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Abstract—Recent studies indicate that the potency and agonist or antagonist activity of steroid hormone ligands are dependent,
in part, on ligand–receptor binding affinity as well as the conformation of the ligand–receptor complex. The binding of ligands to
hormone receptors is thought to involve interactions by which shapes of both the receptor and ligand are modified in the formation
of the ligand–receptor complex. As a consequence, it is essential to explore the significance of ligand flexibility in the development
of screening-level structure–activity relationships. In this review, examples are provided of techniques used to generate and screen
ligand conformers in the development of quantitative structure–activity relationships and active analogue search algorithms. The
biological endpoint modeled was binding affinity of natural ligands and xenobiotics to the aryl hydrocarbon, estrogen, and androgen
receptors. These approaches may be useful in future studies to evaluate relationships between ligand structure, receptor binding
affinity, and, ultimately, transactivational events associated with receptor interactions with DNA response elements and associated
proteins. An improved understanding of ligand–receptor interactions in the context of well-defined effector systems will enhance
the development of credible predictive models that can be used to screen large sets of chemicals for potential agonist or antagonistic
activity.
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opment and use of SARs in ecotoxicology and steroid hormone
receptor pharmacology is provided. This background section
is followed by a summary of recent research efforts to develop
exploratory quantitative structure–activity relationships
(QSARs) and active analogue search algorithms, in which the
influence of three-dimensional (3D) flexibility of ligands was
assessed when predicting receptor binding affinity.

INTRODUCTION

Recent reports that a wide variety of natural and synthetic
compounds are capable of acting as hormonal agonists and
antagonists serve as timely examples of the need to advance
mechanistically based screening techniques to support human
health and ecological risk assessments [1,2]. Structure–activity
relationships (SARs) could serve as screening tools to help
prioritize untested compounds that act as hormone agonists or
antagonists and thereby trigger more intensive and costly empirical evaluations [2]. The need for SAR development arises,
in part, from the reality that there are not sufficient resources
to perform in vitro or in vivo assays to screen all of the existing
70,000 industrial organic chemicals (not including pharmaceuticals and pesticides) and the 1,500 to 2,000 new industrial
chemicals submitted each year in the United States for evaluation under the Toxic Substances Control Act [3]. In response
to the need for screening approaches, a wide variety of SARs
have been developed to predict hormone binding affinity (e.g.,
see Waller [4]), under the assumption that information concerning ligand binding is a useful endpoint in the problem
formulation and hazard identification stages of ecological and
human health risk assessments, respectively.
In this review, brief background information on the devel-

BACKGROUND

Conceptual role of SARs and ecotoxicology
In the field of environmental toxicology, SARs and QSARs
have developed as scientifically credible tools for predicting
the ecological effect and fate of chemicals when little or no
empirical data are available. Coupled with the use of these
models is the use of analogue selection techniques in which
data associated with structurally similar chemicals are used to
estimate risk levels of compounds for which no data are available [5]. The proper application and continued acceptance of
these predictive toxicology techniques require that scientifically credible methods or models be used to systematically
assign chemicals to appropriate QSARs or analogues. This
fundamental process in the use of predictive techniques addresses a major area of uncertainty in prospective ecological
risk assessments for chemical stressors [6,7].
Traditionally, the selection of structural analogues or QSARs
has been based on the implicit assumption that compounds from
the same chemical class should behave in a toxicologically similar
manner. Although this working hypothesis seems reasonable, the
delineation of chemical classes is problematic, and research com-
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pleted over the past several years has challenged the notion that
typical chemical classification schemes necessarily reflect any
similarity in mode of toxic action [8,9]. As a consequence, QSAR
development and application have been evolving from a chemical
class perspective to one that is more consistent with assumptions
regarding modes of toxic action. Incorporation of this philosophy
in QSAR development requires a fundamental understanding of
both toxic mechanisms and the critical structural characteristics
and properties that govern a chemical’s action via a specific mechanism.
To develop a toxicologically credible approach for predicting potency and biological character from chemical structure requires the establishment of a knowledge base that contains ‘‘training sets’’ of chemicals whose modes of toxic action
and potency are well defined. In developing these predictive
models, it is critical that the mode of action domain for a
specific application be clearly defined. In particular, it is essential that the domain be defined for exposure regime, biological model and endpoint, and a range of chemical properties
[8,9]. Failure to adequately specify a knowledge base across
the various discrete and continuous variables associated within
each of these three conceptual dimensions of the mode of
action domain can lead to toxicologically meaningless information and statistically inadequate mode of action prediction
schemes and QSARs. The use of this conceptual approach to
develop mode of action classification schemes, and associated
QSARs, for the prediction of 96-h median lethal concentration
values (LC50s) in the fathead minnow (Pimephales promelas)
has been described previously [8–10].

SARs and the prediction of endocrine disruption
The need to precisely define the toxicological domain for
SAR development and application to predict the potential for
a xenobiotic to disrupt the endocrinology of an organism is
essential. As discussed in a number of workshops and symposia, endocrine disruption can result from a wide array of
mechanisms. For example, Kavlock et al. [1] defined an endocrine disrupter as ‘‘an exogenous agent that interferes with
the production, release, transport, metabolism, binding, action,
or elimination of natural hormones in the body responsible for
the maintenance of homeostasis and regulation of developmental processes.’’ This definition incorporates a bewildering
number of possible mechanisms of endocrine disruption that
must be experimentally resolved if there will be any hope of
developing credible predictive toxicology models. Lists of putative endocrine-disrupting chemicals have been developed
that, even for a given response (e.g., estrogenicity), represent
an impressive range of structural characteristics that have led
some to claim that there is no apparent chemical similarity
underlying these effects. The data upon which some of these
claims are based need to be carefully examined to ensure that
the conclusions are not derived from attempts to discern chemical similarity among chemicals whose mechanisms of action
are dissimilar (i.e., one would not expect similarity in chemical
structure among xenobiotics with different modes of toxic action). By carefully defining mechanisms of endocrine disruption and potency in terms of specific endpoints and experimental models (see ‘‘Overview of Steroid Hormone Receptor
Pharmacology’’), the basic assumption behind SAR development, which holds that structurally similar chemicals should
have biologically similar activity, should be operative. A significant challenge, however, is to develop the toxicological
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knowledge bases from which biological similarity can be defined and chemical similarity quantified.
In attempting to apply SAR techniques to predict biological
activity, it will also be critical to differentiate those processes
and endpoints that can reasonably be expected to be related
to chemical structure from those that cannot. For example, it
is highly likely that binding affinity for specific receptors and
associated transactivational endpoints can be related to chemical structure. Similarly, predictions concerning the binding of
xenobiotics to transport proteins (e.g., Rickenbacher et al. [11])
and aspects of enzyme-mediated xeniobiotic metabolism (e.g.,
de Groot et al. [12]) are not unreasonable to anticipate. However, the prediction of endpoints associated with increasingly
complex processes that are dependent on cascading events that
incorporate tissue and organismal-level physiology are far less
likely to be predictable from chemical structure alone. Predictions of in vivo dose–response relationships and interspecies responses will invariably require the use of physiologically based toxicokinetic and biologically based dose–response
models in addition to mode of action and potency predictions
derived from SARs.

Overview of steroid hormone receptor pharmacology
Katzenellenbogen et al. [13] have proposed that steroid
potency and agonist versus antagonist activity within different
in vivo and in vitro models can be viewed in terms of ligandbased, receptor-based, and effector-site-based mechanisms of
selectivity. Ligand-based selectivity concerns the toxicokinetics and metabolism of hormones, which may contribute to
differential responses at the tissue or cellular level. Receptorbased selectivity concerns the differential composition of receptors (concentration, subtypes, isoforms, and variants) in
different tissues and cells, which can be responsible for tissueselective or cell-selective action elicited by the same hormone.
Effector-based selectivity is invoked to resolve those cases in
which differential activity in tissues or cells is observed when
there is no apparent difference in ligand toxicokinetics and a
single receptor is involved. In these instances, even though the
hormone, tissue, cell, and gene type are the same, differential
activity can be elicited as a result of differences in the aggregate of coactivators, corepressors, and transcription factors
(effector sites) with which the ligand–receptor complex interact. Consequently, Katzenellenbogen et al. [13] proposed that
the pharmacology of nuclear hormone receptors should be
viewed as a tripartite system involving the ligand, receptor,
and effector. Within this model it is generalized that the potency of a ligand is determined through its interaction with
the receptor (receptor binding), whereas agonistic or antagonistic activity is determined through the interaction of the receptor–ligand complex and the effector components. Varying
activity is related to different conformational shapes of the
receptor–ligand complex, which affects the nature of receptor–
effector coupling. Thus, the activity, and to some degree the
potency, of a ligand must be assigned within the context of a
specific response–effector interaction [13].
Both the bipartite (i.e., a model that does not invoke the
coupling of the receptor to the effector) and tripartite views
of receptor pharmacology require that the ligand cause a conformational change in the receptor that reflects the shape and
structure of the ligand [13]. In the tripartite model, ligands of
different structure acting on the same receptor should give rise
to conformationally different ligand–receptor complexes with
the potential to differentially react with the suite of effector
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systems, ultimately resulting in different patterns of gene regulation and expression [13]. The assumption that receptors
undergo a progressive and substantial conformational change
upon binding to ligands was recently confirmed [14–17] and
suggests that receptor–ligand binding reflects an induced fit,
where the receptor adapts to the shape of the ligand, whereas
the ligand’s conformation is altered to that of the ligand binding
pocket [13,15].
SARs FOR RECEPTOR BINDING AFFINITY:
EXPLORING THE ROLE OF LIGAND FLEXIBILITY

With conventional 3D SAR methods, the molecular structure of each chemical under investigation is represented by a
single lowest energy conformer, as defined by quantum chemical or force-field methods. However, the most stable conformations may be less likely than other conformations to interact
with a solvent or macromolecule [18]. To systematically evaluate conformer flexibility within the context of relevant biological environments and reactions (e.g., partitioning within a
complex solution, substrate–receptor complex formation), a
dynamic SAR approach [19] was incorporated in the studies
summarized in this review. This approach assumes that in the
complex reaction environments of biological systems, a molecule exists as a variety of conformers, with solvation and
binding interactions capable of compensating for energy differences among the conformations. Biological activity is subsequently modeled as an electronic property for specifically
selected conformers (or a set of conformers) rather than as a
property derived from the single lowest-energy gas-phase conformer. Exploratory investigations using distributions of energetically reasonable ligand conformations in SARs for receptor binding affinity were undertaken because, as described
above, it is likely that hormone receptor–ligand interactions
reflect a continuum of conformational character, which in turn
may be related to activity and potency.

The dynamic SAR approach: Conformer generation and
selection
The dynamic SAR method combines an exhaustive conformer generation routine [20] with conformer screening algorithms that can be adapted to explore relationships between
specific electronic properties and the biological activity under
investigation [19]. The conformer generation technique is described by Ivanov et al. [20], which the reader is encouraged
to consult for a detailed presentation of the approach. Essentially, the technique is a combinatorial procedure that initiates
from molecular topology and generates all conformers in the
context of steric constraints and expert rules. A unique aspect
of the approach is that it incorporates the conformational flexibility of saturated cyclic molecular fragments, as opposed to
other conformational analysis techniques, which explore conformational space formed by rotations around acyclic single
bonds only [20].
Various screening paradigms can be used to remove conformers from subsequent analyses, including an initial screen
to eliminate energetically unreasonable conformations. Conformers associated with the prevailing minimum and maximum
ranges for the screening parameters are selected and organized
in correlation samples. Within each sample, conformers derived from the same compound are considered as distinct structural representatives of the chemical (i.e., each conformer has
different electronic parameters), but each conformer is associated with the toxicological value (dependent variable) for
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the ‘‘parent’’ two-dimensional (2D) compound. The identification of proposed ‘‘active’’ conformers is based on an evaluation of the regression statistics associated with QSARs derived using the different conformation samples. Finally, recent
dynamic QSAR studies on the toxicity of unsaturated alcohols
[19], semicarbazides [21], and a-terthienyls [22] indicated that
models based on nonoptimized conformer geometries are not
qualitatively different from those based on optimized structures when nonstrained chemicals are analyzed.
In developing and interpreting SAR models, there is always
the challenge of assessing whether statistically significant correlations are based solely on chance. Obviously, the possibility
of deriving statistically significant correlations by chance increases as the number of descriptors in the initial parameter pool (data
matrix) used for deriving relationships increases. Although it is
impossible to ever categorically declare that a SAR is not based
on chance, regardless of the limited number of descriptors evaluated, the likelihood that a relationship is reasonable increases if
the descriptors chosen for study can be based on a plausible
hypothesis or set of hypotheses developed from a mechanistic
understanding of the processes under consideration. For example,
in the studies summarized here, the possibility of generating statistically robust but biologically meaningless correlations was
minimized by restricting the choice of steric, physicochemical,
and electronic descriptors to those hypothesized to be important
for ligand binding to the aryl hydrocarbon receptor (AhR), the
estrogen receptor (ER), and the androgen receptor (AR), based
on previously published research. Another potential means of
generating chance correlations concerns the number and nature
of the conformer screens. As described in the subsequent sections,
screens were primarily based on descriptors of steric bulk, interatomic distances, and electron-donating or -accepting capabilities because these attributes had previously been reported to be
related to ligand binding to the AhR, ER, and AR. Thus, it is
important to note that initial data sets based on all possible conformers and all possible descriptors were not used. Rather, specific
conformer sets were evaluated individually with SARs derived
from a restricted set of mechanistically plausible descriptors.

QSARs for AhR binding affinity
Our first evaluation of the dynamic QSAR method in terms
of receptor–ligand interactions focused on binding of halogenated aromatic compounds to the AhR [23]. The relative
affinity for the AhR of individual congeners of polychlorinated
biphenyls (PCBs), polychlorinated dibenzofurans (PCDFs),
and polychlorinated dibenzo-p-dioxins (PCDDs) is strongly
correlated with the induction of hepatic cytochrome P4501A1mediated activities and a variety of toxic responses, including
thymic atrophy, body weight loss, immunotoxicity, and acute
mortality [24–31]. Hence, accurate prediction of the affinity
of chemicals for the AhR is key to assessing potential toxicity.
Numerous attempts to develop both SARs and QSARs for
predicting AhR binding affinity have been made. The most
simple of these consists of a model that presumes the structural
characteristics necessary for binding to the receptor are planarity and the ability to occupy a 3- 3 10-Å rectangle [24].
More sophisticated modeling efforts have focused on quantitative analysis of the effects of ligand substitutents on receptor
binding (e.g., in charge–transfer interactions) and dispersion
interactions between the receptor and aromatic xenobiotics
[32–35]. However, virtually all modeling of binding of halogenated aromatic chemicals to the AhR has focused, implicitly
or explicitly, on minimum energy conformers. Although this
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Table 1. Observed aryl hydrocarbon receptor binding affinities for 14
polychlorinated biphenyls and key electronic descriptors associated
with the most planar conformers of each chemical
Parameters

No.

Compound

1
2
3
4
5
6
7
8
9
10
11
12
13
14

3,39,4,49-Tetrachlorobiphenyl
2,3,4,49-Tetrachlorobiphenyl
3,39,4,49,5-Pentachlorobiphenyl
29,3,39,49,5-Pentachlorobiphenyl
2,3,39,4,49-Pentachlorobiphenyl
2,39,4,49,5-Pentachlorobiphenyl
2,3,4,49,5-Pentachlorobiphenyl
2,3,39,4,495-Hexachlorobiphenyl
2,39,4,49,5,59-Hexachlorobiphenyl
2,3,39,4,49,5-Hexachlorobiphenyl
2,29,4,49-Tetrachlorobiphenyl
2,29,4,495,59-Hexachlorobiphenyl
2,3,4,5-Tetrachlorobiphenyl
2,39,4,49,59,6-Hexachlorobiphenyl

a
b

Observed ELUMOb
log(1/ (eV)
EC50)a Eqn. 1
6.15
4.55
6.89
4.85
5.37
5.04
5.39
5.15
4.80
5.33
3.89
4.10
3.85
4.00

0.906
0.816
1.020
0.935
0.925
0.951
0.946
1.045
1.052
1.029
0.812
0.807
0.807
1.040

E(HOMOb
LUMO)

(eV)
Eqn. 2
8.225
8.328
8.181
8.286
8.286
8.240
8.250
8.203
8.208
8.243
8.319
8.164
8.394
8.199

Data from Safe et al. [27] and Bandiera et al. [25,26].
ELUMO and EHOMO-LUMO values for the most planar, optimized conformers of each chemical.

likely is not of great concern for structurally rigid molecules
such as PCDFs and PCDDs, in the case of the relatively flexible
PCBs, we hypothesized that consideration of specific conformers as the active conformers might result in QSARs superior to those that previously had been developed [23].
Our study focused on two groups of structurally dissimilar
PCBs and sets of PCDFs and PCDDs, first as discreet groups,
then as a combined set of all the chemicals [23]. For illustrative
purposes, here we describe the modeling results obtained with
only one of the sets of PCBs. The AhR binding data for 14 PCB
congeners with varying chlorination patterns on the two phenyl
rings were obtained from Safe et al. [27] and Bandiera et al.
[25,26]. The test chemicals and AhR binding data, expressed as
the log(1/EC50), are shown in Table 1. Here, the EC50 is defined
as the concentration of the test chemical necessary to reduce
specific binding of 2,3,7,8-[3H]tetrachlorodibenzo-p-dioxin to
50% of the maximal value obtained in the absence of the competitor. Affinity of the PCBs for the AhR spans nearly three orders
of magnitude and includes very potent agonists (e.g., 3,39,4,49,5pentachlorobiphenyl) as well as relatively nontoxic congeners
(e.g., 2,29,4,49-tetrachlorobiphenyl). Conformers for the PCBs
were generated as described previously; for the 14 congeners we
found 102 conformations using a torsional resolution of 308 and
a nonbonded cutoff of 1.8 Å. Screening and computation of
molecular descriptors of interest were performed after geometry
optimization or by direct single-point (1SCF) calculations of the
nonoptimized confirmations.
Because of the demonstrated importance of planarity in
some binding interactions with the AhR, we used a steric parameter for planarity (P1) to screen both the optimized and
nonoptimized PCB conformers before modeling (for the definition of P1, see Mekenyan et al. [23]). This planarity parameter was not intended to be used as an independent variable
in developing QSARs but as a basis for screening conformers
with respect to their possibility of assuming a planar or nearly
planar conformation. Following identification of the most planar conformations, structures were further screened to retain
only those that were within 20 kcal/mol of the lowest-energy

Fig. 1. Variation of observed arylhydrocarbon receptor (AhR) binding
affinity versus energy of the lowest unoccupied molecular orbital
(LUMO) (ELUMO) for the most planar, optimized conformers of 14
polychlorinated biphenyl congeners (see Table 1 for compound names;
modified from Mekenyan et al. [23]). EC50 5 concentration of test
chemical that reduces specific binding of 2,3,7,8-[3H] tetrachlorodibenzo-p-dioxin to 50%.

conformation for a given congener. For the studies described
in this review [23,36,37], DH0f values for the energy minima
for both the unoptimized and optimized conformers were typically within 5 to 15 kcal/mol, which is presumed to be within
the free energy of binding of ligands to nuclear steroid receptors (e.g., 212.1 kcal/mol for the binding of E2 to the ER; see
Wiese and Brooks [38]).
In the complete analysis, described by Mekenyan et al. [23],
we generated several robust mono- and biparametric models for
this set of PCBs using different electronic and steric descriptors
representative of different aspects of binding of aromatic xenobiotics to the AhR [23]. For the sake of brevity we present only
the monoparametric models, which highlight the necessity of
considering conformational flexibility of ligands in QSAR derivation. In selecting regressors for generating these models, we
considered that it has been shown that chemicals that have greater
ability to accept electron density through charge–transfer interaction should bind to the AhR with greater affinity than those
with lower electron acceptor properties [33–35,39]. We hypothesized, therefore, that stronger electron acceptors would have
lower energy of unoccupied and occupied frontier orbitals (ELUMO
and EHOMO, respectively) and a lower energy difference in these
frontier orbitals (EHOMO-LUMO) that can be related to molecular
reactivity [40,41]. Thus, consistent with mechanistic assumptions
in previous studies, two of the key electronic descriptors calculated for the QSAR modeling effort were ELUMO and EHOMO-LUMO
(Table 1).
In a reference analysis, we evaluated models with the optimized, lowest-energy conformers of the 14 PCBs (i.e., those
geometries that typically would be used for conventional
QSAR modeling); coefficients of determination (r2) for these
models with ELUMO and EHOMO-LUMO were quite low (0.38 and
0.41, respectively). As hypothesized, marked improvement in
the correlation between AhR binding and ELUMO (Eqn. 1; Fig.
1) and EHOMO-LUMO (Eqn. 2) was noted when P1 was used to
select the most planar, optimized conformers:
log(1/EC50) 5 2.01 (60.32) 2 3.79 (60.41) ELUMO

n 5 36 (14),

r2 5 0.715,

s2 5 0.152,

F 5 85.11
(1)
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Table 2. Observed estrogen receptor binding affinities for 12 hydroxylated polychlorinated biphenyls and key electronic descriptors associated
with the most polarizable conformers of each chemical
Descriptors

Compound

Observed pEC50
(Meq)a

LogP
Eqn. 5

AFb
(f HOMO)
(a.u.)
Eqn. 5

21.63
21.98
21.95
22.59
22.70
23.00
23.13
23.40
23.59
23.70
24.00
24.00

5.22
5.81
3.37
4.63
4.63
5.22
5.14
4.04
4.04
3.33
2.66
3.33

0.300
0.249
0.300
0.300
0.300
0.140
0.138
0.158
0.167
0.257
0.156
0.190

2,4,6-Trichloro-49-biphenylol
2,3,4,5-Tetrachloro-49-biphenylol
2-Chloro-4,49-biphenyldiol
2,6-Dichloro-49-biphenylol
2,5-Dichloro-49-biphenylol
3,4,5-Trichloro-4-biphenyldiol
3,39,5,59-Tetrachloro-4,49-biphenydiol
2-Chloro-4-biphenydiol
49-Chloro-4-biphenylol
2,3,5,6-Tetrachloro-4,49-biphenyldiol
4,49-Biphenydiol
4-Biphenylol
a
b

D2
Eqn. 6

EHOMO-LUMOb
(eV)
Eqn. 6

4.007
4.141
3.995
3.795
0.899
4.146
4.339
3.697
3.979
4.136
3.979
3.683

8.866
8.889
8.652
8.995
8.910
8.394
8.298
8.844
8.446
8.504
8.429
8.610

Negative log of the EC50 for displacing [3H] estradiol from mouse cytosolic uterine estrogen receptor (observed data from Korach et al. [52]).
Mean values of AF( f HOMO) and EHOMO-LUMO are provided for the most polarizable conformer sets. Note that AF( f HOMO) values are derived from
unoptimized conformers (Eqn. 5).

log(1/EC50) 5 25.8 (62.23) 2 2.48 (60.26) EHOMO-LUMO

n 5 36 (14),

r2 5 0.721,

s2 5 0.149,

F 5 87.85
(2)

where n is the cardinality of the correlation sample (i.e., the
number of conformers associated with the PCBs), r2 is the
variance, s2 is the standard error of the estimate, and F is the
Fisher criterion.
We also modeled receptor binding of the PCBs using nonoptimized structures to generate acceptable models based on
both ELUMO and EHOMO-LUMO:
log(1/EC50) 5 0.39 (60.65) 2 6.14 (60.84) ELUMO

n 5 17 (14),

r2 5 0.781,

s2 5 0.167,

F 5 53.39
(3)

log(1/EC50) 5 38.4 (64.81) 2 3.89 (60.56) EHOMO-LUMO

n 5 17 (14),

r2 5 0.762,

s2 5 0.182,

F 5 48.04
(4)

This particular result is noteworthy in that the correlations
derived using the nonoptimized, but energetically reasonable,
planar PCB conformations yielded models comparable to those
obtained using optimized conformers, which requires a more
computationally intensive approach.

QSARs for predicting ER binding affinity
The ER has demonstrated considerable structural tolerance
for ligands [42–46]. Besides the natural hormone (estradiol,
E2) and related steroidal analogues [38,42,47], many different
structural classes of nonsteroidal compounds have high ER
binding affinity, such as bibenzyls, stilbenes, triarylethylenes,
phenylindoles, phenylindenes, coumarins, and lactones [46].
The development of mechanistically based SARs, however, is
hampered by a lack of knowledge concerning the 3D structure
of the ER. In the absence of a well-defined 3D structure for
the ER, a determination of the steric and electronic requirements for binding of E2 derivatives is starting to provide the
means to assess the receptor’s characteristics [42]. However,
the influence of an aqueous environment on ligand and ER
geometry and the potential conformational flexibility of ER

ligands [38] create challenges to mapping the estrogen binding
domain. Ligands can also induce alterations in the tertiary
structure of the ER binding complex, which in turn may alter
binding to estrogen hormone responsive elements and subsequent transactivational events [13,48–51].
As discussed previously, PCB conformations were found
to be critical in evaluating SARs for their binding to the AhR.
To further study the role of PCB conformer flexibility on biological activity, the multiple conformer SAR method was
used to model ER binding affinity of a series of hydroxylated
PCBs (PCHBs) [36], previously investigated by Korach et al.
[52] and Waller et al. [45]. Based on experimental and theoretical findings for the involvement of hydrogen bonding [42]
and a negative isopotential surrounding the E2 A ring in ER
binding [38,47,50,51] and the assumption that there are cationic sites (protonated amino acid residues) associated with ER
ligand binding domain [42,53,54], we hypothesized that
PCHBs with greater binding affinity should have higher electron-donating abilities associated with their corresponding
phenolic ring. Such chemicals should have higher donor and
lower acceptor superdelocalizabilities and frontier charges on
the HOMO and LUMO orbitals, respectively, as well as larger
negative charges on the phenolic oxygen and the aromatic
carbons in the A ring.
The 12 PCHBs that were studied are listed in Table 2.
Cytosolic uterine ER binding affinities from ovariectomized
mice, as reported by Korach et al. [52], were expressed as the
concentration (in molar equivalents) of competitor required to
displace 50% of ER-bound [3H] estradiol (EC50). The observed binding affinity values, expressed as the negative log
of the EC50s (pEC50s), are presented in Table 2. Seventy-two
nonoptimized conformations were derived for the 12 PCHBs.
During optimization, some of the PCHB conformations
quenched into the same energy minima, which reduced the
number of conformers to 29. The DH0f values for the energy
minima for these unoptimized and optimized conformers were
within the free energy of binding for E2 to the ER (212.1 kcal/
mol; see Wiese and Brooks [38]).
Global electronic parameters used in screening conformers
or assessed as potential regressors in the QSAR analyses in-
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Fig. 2. Plot of observed versus calculated estrogen receptor binding
affinities for the most polarizable hydroxylated polychlorinated biphenyl nonoptimized congeners (see Table 2 and Eq. 5 in the text;
modified from Bradbury et al. [36]). pEC50 5 negative log of chemical concentration required to displace 50% of E2 from the ER.

cluded EHOMO, ELUMO, EHOMO-LUMO, and volume polarizability
(VolP). Volume polarizability (VolP , 0) is defined as a sum
of atomic self-polarizabilities and, thus, the averaged ability
of a compound to change electron density at its atoms during
chemical interactions [55,56]. Lower absolute values of VolP
reflect higher-charge localizations and more polarizable (less
lipophilic) molecules [55]. Atomic charges (qi), bond orders
and f iLUMO), and acceptor
(pij), frontier atomic charges ( f HOMO
i
and donor superdelocalizability indices (SEi and SNi ), and frontier donor and acceptor superdelocalizability indices, as well
as atomic self-polarizabilities (pi), were calculated as local
electronic indices (I denotes a specific atom in a molecule;
e.g., with the local electronic descriptors of SEO3 and SE3 , O3
and 3 correspond to the phenolic oxygen and its neighboring
aromatic carbon atom in the E2 A ring analogue). To investigate
the hypothesized impact of the phenolic A ring on ER binding,
the generation of the above-mentioned local reactivity indices
was restricted to this fragment. In addition, the averaged sums
of the local electronic indices (lei) over the aromatic fragment
atoms were calculated. These fragment indices were denoted
as AF(lei).
Using the dynamic SAR method to isolate the most active
PCHB conformers, the most statistically robust models (confidence level of 99%) were obtained when conformers having
the lowest absolute values for VolP (more polarizable 3D structures) were incorporated in the correlation samples. In general,
the most polarizable unoptimized PCHBs conformers tended
to have lower conjugation and lower planarity than the lowestenergy gas-phase conformers. The apparent greater affinity of
the more polarizable conformers to the ER under the in vitro
conditions of the assay may be reflective of partitioning and
distribution characteristics of the lipophilic PCHBs in the
aqueous buffer [36].
Regressions for the most polarizable nonoptimized PCHB
conformers (i.e., those conformers with the lowest absolute
VolP values) can be summarized by Equation 5 (see Fig. 2
and Table 2):
pEC50 5 26.46 (60.32) 1 0.51 (60.063) log P
1 5.65 (61.04) AF( f HOMO)

n 5 30 (12),

r2 5 0.79,

s2 5 0.11,

F 5 51.58
(5)

Significant regressions also were obtained when log P was
HOMO (r2 5
(r2 5 0.79, s2 5 0.12), 1 f O3
combined with 1 f HOMO
3

0.78, s2 5 0.12), 2 f LUMO
(r2 5 0.75, s2 5 0.13), 2 f LUMO
(r 2
3
O3
2
LUMO
2
2
5 0.74, s 5 0.13); 2AF( f
) (r 5 0.74, s 5 0.13), and
2AF(SN) (r2 5 0.67, s2 5 0.17), where a negatively correlated
parameter is denoted by 2, and 1 indicates a positively correlated parameter. As can be seen in these analyses, for the
most polarizable, nonoptimized conformers, the frontier charges on the HOMO and LUMO orbitals, related to the ability of
the phenolic fragment to exchange or donate electrons, appeared in most of the regressions. To provide a point of reference, the best regression derived with the lowest-energy gasphase PCHB conformers was based on log P and SEO3 and had
an r2 of 0.60.
Optimization of the PCHB conformers resulted in a set of
3D structures that were inherently more polarizable than the
original set of nonoptimized compounds [36]. Thus, after geometry optimization, the range of VolP values for the conformers of a given PCHB congener tended to shift toward less
negative values. Consistent with this observation, the differences in specific torsional angles for the most polarizable optimized conformers compared with the lowest-energy gasphase conformers were not as large as those noted with the
unoptimized conformers. However, a general tendency of increased polarizability and decreased planarity was noted when
the lowest-energy gas-phase and most polarizable optimized
conformers were examined.
Based on the results obtained with nonoptimized conformers, the optimized PCHB conformers were subsequently
screened to select those 3D geometries associated with the
most polarizable structures. The regression with the highest
correlation for the polarizable subset of optimized PCHB conformers is summarized in Equation 6 (see Table 2):
pEC50 5 243.6 (66.2) 1 3.13 (60.58) D2
1 3.25 (60.52) EHOMO-LUMO

n 5 18 (12),

r2 5 0.74,

s2 5 0.16,

F 5 21.42
(6)

where D2 is the Balaban mean square distance topological
index. This index reflects structural characteristics such as molecular size and branching; high values of D2 correspond to
large molecular size and a low degree of branching [57]. D2
was correlated with log P, which is consistent with commonly
acknowledged relationships between size, degree of branching,
and hydrophobicity. With this data set, it appears that
EHOMO-LUMO is representing an integral descriptor associated
with the electron-donating character of the conformers (see
Bradbury et al. [36]). These findings also suggest that comparable results could be obtained when using optimized or
unoptimized conformations of PCHBs to model ER binding
affinity.
The trends of reactivity parameters in the QSARs derived
in this study supported the hypothesis that PCHBs with greater
binding affinity should have higher electron-donating abilities
associated with their corresponding phenolic ring. These results are consistent with an electrostatic modeling study of E2
and related derivatives by VanderKuur et al. [50] that suggested a requirement for a distinct negative isopotential pattern
around C2 and C3 oxygens of estratrienes and the C3 oxygen
of androstane, and with a hypothesis for the existence of electrophilic sites (protonated amino acid residues) in the ER receptor cavity [53,54]. In keeping with these conclusions, Anstead et al. [42] has proposed that residues in the hydrophobic
ligand binding site likely interacts with the A ring of E2 through
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predominately hydrogen bonding and weak polar interactions
with a slightly positively charged receptor residue.

An active analogue algorithm based on conformational
flexibility: AR binding affinity
Analogue selection techniques are used when screening untested industrial organic chemicals for possible testing [5]. In
addition, analogue selection, or chemical similarity, techniques
aid in selection of mode-of-action-specific QSARs [9]. Chemical similarity assessment approaches, if linked to a toxicodynamically credible knowledge base, help reduce effect characterization uncertainties that can be propagated through the
selection of incorrect QSARs [6,7,9]. Because QSAR models
required to predict biological activity associated with hormone
receptors invariably require 3D analyses and, as a result, intensive computational resources, it is also necessary to devise
computationally efficient 2D and 3D similarity assessment
techniques to initially identify those chemicals with a low
probability of being highly active. With such techniques, large
numbers of compounds can be screened to establish smaller
data sets that can then be subjected to more rigorous and
computationally intensive QSAR analyses.
Typical approaches to quantify 3D similarity in the context
of ligand–receptor interactions encompass pharmacophore
search methods and receptor-site mapping. The pharmacophore search method attempts to quantify the essential 3D
arrangement of functional groups that a molecule must possess
to be recognized by the receptor of concern [58]. Field-based
approaches, such as comparative molecular field analysis
(CoMFA) [59,60] represent the lowest-energy gas-phase shape
of the pharmacophore implicitly (e.g., steric and electrostatic
interaction energies derived from a probe atom). In a related
search method, the active analogue approach developed by
Marshall [61] can be used as an implicit description of the
ligand-binding site. Receptor-site models are more specific
than pharmacophore approaches in that they rely on assumptions of the complementary relationship between the shape
and properties of the receptor and active ligands [62]. Recently,
receptor surface models have also been developed to explicitly
represent the receptor’s shape [58,63].
Pharmacophore search methods and receptor-site mapping
face significant challenges, including selection of appropriate
conformations and obtaining appropriate template alignments.
A number of good techniques for superimposing molecules
[64–67] are available, but developing a robust alignment model is not trivial. Typically, hundreds of alignments are explored
to reach an optimal outcome, which must be carefully evaluated and explained in the context of a presumed set of ligand–
receptor interaction mechanisms. As discussed previously, the
use of the lowest-energy conformers to model hormone–ligand
interactions may be inappropriate, which is also of direct concern to pharmacophore search/receptor-site mapping exercises
[37]. In an attempt to address the issue of conformational
flexibility, Prendergast et al. [68] described an approach to
identify specific conformers of ligands acting as antagonists
to angiotensin II by assessing interatomic distances. In their
study, all geometrically reasonable conformers were assessed;
however, conformational energies were not evaluated, and energy minimization was not performed during the search. In a
sense, the methodology developed by Prendergast et al. [68]
can be viewed as an augmented version of the active analogue
approach because it accounts for conformational flexibility and
eliminates the necessity of conformer alignment.
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Recently, we reported a technique to further generalize the
use of multiple conformers in an active analogue approach
[37]. The approach circumvents the problems of conformer
alignment and selection, and initial assumptions concerning
specific atoms or fragments in a pharmacophore (e.g., identification and assignment of A and/or D rings in steroid derivatives) are not an obligatory step. In addition, interatomic
distances are considered as only one of many components of
molecular stereoelectronic structure. The principle steps of the
algorithm can be summarized as follows.
Step 1: Definition of the training set of chemicals. A defined subset of chemicals in the reaction series under investigation is selected as the training set. The training set can
include either the most or least active chemicals, as defined
by a user-imposed threshold of biological activity. This initial
step establishes the extent of biological similarity among the
chemicals from which stereoelectronic similarity will be discerned in the subsequent steps of the algorithm. Conformations
for each of the compounds are then generated; note that the
term ‘‘molecule’’ in steps 2 and 3 denotes a set of energetically
reasonable conformations for each compound.
Step 2: Evaluation of stereoelectronic parameters hypothesized to be associated with biologically similar compounds. A restricted set of parameters, hypothesized to be
associated with biological activity, are evaluated on the basis
of the normalized sum of dynamic similarity indices between
each pair of molecules in the training set (see Mekenyan et
al. [69] for a detailed description of the similarity indices used).
The stereoelectronic parameters that provide the maximal measure of similarity among the chemicals in the training set are
assumed to be most closely associated with the activity under
consideration and are used in the subsequent step of the algorithm. Again, to minimize the potential for creating chance
similarity relationships, or similarity relationships that are
unique to the training set, the algorithm does not evaluate all
possible stereoelectronic parameters but only those with a
mechanistically plausible basis.
Step 3: Recognition of the common reactivity pattern. For
each stereoelectronic parameter identified in step 2, the conformer distributions of the compounds from the training set
are superimposed, and the parameter ranges common for conformers from all of the compounds are identified. The distribution intersections (i.e., commonly populated parameter ranges) can be either discrete or continuous. The collection of
common stereoelectronic parameter ranges define the common
reactivity pattern. In the context of local stereoelectronic ranges, it is essential to subsequently elucidate the associated specific atom types, fragments, and interatomic distances.
To illustrate the algorithm, the stereoelectronic requirements associated with the binding of a diverse set of ligands
to the AR were defined. The AR ligands examined in this
study consisted of nine steroids, two synthetic steroids, and
17 nonsteroids (Fig. 3) Androgen receptor binding affinities
were obtained from Kelce et al. [70] and Waller et al. [71]
and are based on a competitive binding assay using [3H]RI881
(a radiolabled synthetic androgen; see Kelce et al. [70]). The
pKi values are also provided in Figure 3.
After establishing training sets (step 1) based on the four,
six, and eight most active ligands and the eight least active
ligands as defined by pKi values (see Fig. 3), pairwise similarity was assessed between chemicals within each training set
(step 2). This analysis suggested that the most active and inactive AR ligands have the greatest similarity to members
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Fig. 3. Structures of ligands, with experimental binding affinities [71], used as training and validation sets to elucidate stereoelectronic requirements
for androgen receptor binding affinity. The structures within the boxes were used to define the common reactivity patterns associated with
andogren receptor ligands with pKi values greater than or equal to 1.82 or 0.70 (modified from Mekenyan et al. [37]).

within each respective training subset in terms of distributions
of charges (qi), steric distances (dij), donor and acceptor de)
localizabilities (SEi , SNi ), frontier charges on HOMO ( f HOMO
i
and LUMO ( f LUMO
), and atom polarizabilities (pi).
i
Previous modeling studies [e.g., 36,42,45,53,71] and structural studies [e.g., 14–17,72] of nuclear steroid receptors have
indicated the importance of steric constraints and size in predicting and interpreting ligand binding. For example, Waller
et al. [71] reported that with steroid derivatives, increases in
steric bulk (size) in the vicinity of the B ring off the C6 and

C7 atoms, the C ring off the C11 and C12 atoms, and the D
ring off the C17 atom are associated with increased AR binding
affinity. Consistent with these observations, 3D models of steroid receptor ligand-binding domains suggest specific spatial
arrangements of amino acid residues thought to be associated
with A and D ring ligand interactions [14–17,72]. Thus, our
finding that interatomic distances are similar for active ligands
likely is associated with size constraints in the binding domain
and/or indirectly associated with local steric characteristics
[37]. The observation that active AR ligands have specific local
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electronic descriptor parameter ranges associated with greater
negative charge [37] is also consistent with previous research
for steroid receptors. For example, analyses by Waller et al.
[71] suggested that increased negative charge in the vicinity
of the C3 atoms of the A ring and C17 substituents of the D
ring are associated with increased ligand AR binding affinity
of steroidal compounds. These findings are consistent with
those of Bradbury et al. [36] and VanderKuur et al. [50], which
indicated similar characteristics in ER ligands. Although recent
structural studies of the ligand-binding domains of nuclear
receptors suggest that these sites are largely hydrophobic [14–
17,72], there is also evidence of specific residues that may be
associated with hydrogen bonding and weak polar interactions
[16,42]. In turn, different residues within the binding pockets
of different nuclear receptors are presumed to be responsible
for determining ligand specificity [16].
Once appropriate descriptors were identified (step 2), common reactivity patterns based on the conformer frequency distributions of the AR ligands in training sets were then examined (step 3). The reactivity patterns described below were
derived from interatomic distances and atomic charges. Common reactivity patterns based on the analyses of the four and
six most active ligands identified two distance ranges due to
oxygen–oxygen interatomic distances. A less restrictive range
of 10.2 to 11.1 Å was derived from the six most active ligands,
whereas a more restrictive range of 10.7 to 11.0 Å was derived
from the four most active ligands. These distance ranges were
combined with the charge requirements for the oxygen atoms
associated with ranges derived from the six or four most active
ligands. A less restrictive charge range of 20.333 to 20.303
atomic units (a.u.) was derived from the set of the six most
active ligands, whereas a range of 20.324 to 20.304 a.u. was
derived from the four most active ligands.
With the simultaneous fulfillment of these criteria, our objective was to determine whether the algorithm could identify
ligands within validation sets with pKi values less than 20.48
or 22.00, respectively. All distance and charge ranges were
assessed against ‘‘wild card’’ atoms in the validation sets (i.e.,
atom types were not specified in the compounds when performing the screenings), even though these parameter ranges
were associated with oxygen–oxygen distances, or oxygen
charges. A screening based on wild card atoms was undertaken
to illustrate the ability of the algorithm to assess similarity
without the need to predetermine a pharmacophore or to establish an alignment against a lead, or template, molecule. An
initial evaluation of the ability of the algorithm to screen unknown compounds for AR binding affinity was obtained
through an analysis of compounds 9 through 21 in Figure 3.
These 13 compounds were divided into two subsets. The first
subset included compounds 9 through 13 (pKi values of 20.48
to 21.61) and was represented by 45 conformers. The second
subset was comprised of compounds 14 through 21 (pKi values
of 22.00 to 22.70) and was represented by 157 conformers.
A one-step screening that simultaneously incorporated charge
and distance components of the reactivity patterns was used.
After applying the less restrictive screens for the distances
and charges (i.e., which determined whether there are two wild
card atoms within the range of 20.333 to 20.303 a.u. and
within an interatomic distance range of 10.2 to 11.1 Å) to
compounds 9 through 13, no conformers were identified, which
is consistent with the observed pKi values for these ligands.
By applying the same distance and charge requirement to the
second set of compounds (14–21), one conformer was iden-
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tified for compound 17 (pKi 5 22.70). However, use of the
more restrictive distance and charge ranges eliminated this
conformer.
The reactivity-pattern-based screening approach was also
assessed against an external validation set comprised of seven
compounds, including vinclozolin, linuron, and methoxychlor
metabolites, as well PCB 153 and its hydoxylated analogue
(pKi values of 21.63 to 22.54 for the seven compounds). The
conformer generation routine and subsequent quantum chemical optimization produced 132 conformers for the seven compounds (all within 20 kcal/mol of the lowest-energy geometries). None of these compounds were identified when the less
restrictive distance and charge range requirements were imposed. Thus, all seven compounds were properly identified as
ligands likely to exhibit a pKi of less than 0.70.
SUMMARY AND CONCLUSIONS

Assuming that conformational flexibility could be of importance in ligand–receptor interactions, we used a dynamic
SAR method to model the relative AhR, ER, and AR binding
affinity of a series of diverse ligands. As opposed to conventional SAR methods, the exploratory approaches reviewed here
do not assume a priori that 3D molecular structures represented
by single lowest-energy gas-phase conformers are appropriate
to model physicochemical properties, toxicological endpoints,
or the interactions of xenobiotics with receptors in a solvated
environment. Use of this approach permits a systematic assessment of the conformational space associated with the compounds and endpoints of interest, either in the context of testing
specific hypotheses or as a means of exploring possible ligand–
receptor interactions. Research in progress with more diverse
chemical structures will evaluate the predictability of this
method when applied to large data sets of industrial organic
chemicals.
Because the energy for transitions among certain conformations of a ligand can be less than the free energy of binding
to a receptor, and because the electronic characteristics across
conformers of a molecule can vary widely, hypotheses concerning the role of specific electronic properties in predicting
binding affinities of xenobiotics should be tested with careful
attention to the appropriate use of specific geometries. In addition, ligand binding to a receptor can alter the geometry or
energy of these components in the resulting activated complex
and modulate subsequent effects (see Katzenellenbogen et al.
[13] and references cited therein). Thus, reports that the regulation of estrogenic responses by E2 derivatives [38,49–51]
and PCHBs [73] is not directly related to ER binding affinity
may reflect, at least in part, the role of ligand flexibility [38,49–
51], the geometry and energy of the activated ER–ligand complex, and associated cooperative conformational changes, and
the resulting interactions of the receptor with the effector [13].
In the context of developing SARs for nonsteroidal compounds, the ability to assess conformational flexibility also
appears to be critical, not only for predicting hormone binding
affinity but also for predicting coupling of the receptor with
nuclear effectors and the subsequent induction of products
from responsive genes.
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