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Heat shock protein (Hsp90R) has been recently implicated in cancer prompting several attempts to discover
and optimize new Hsp90R inhibitors. Toward this end, we explored the pharmacophoric space of 83 Hsp90R
inhibitors using six diverse sets of inhibitors to identify high-quality pharmacophores. Subsequently, genetic
algorithm and multiple linear regression analysis were employed to select an optimal combination of
pharmacophoric models and 2D physicochemical descriptors capable of accessing a self-consistent quantitative
structure-activity relationship (QSAR) of optimal predictive potential (r67

2 ) 0.811, F ) 42.8, rLOO
2 )

0.748, rPRESS
2 (against 16 external test inhibitors) ) 0.619). Three orthogonal pharmacophores emerged in

the QSAR equation suggesting the existence of at least three binding modes accessible to ligands within the
Hsp90R binding pocket. Receiver operating characteristic (ROC) curves analysis established the validity of
QSAR-selected pharmacophores. We employed the pharmacophoric models and associated QSAR equation
to screen the national cancer institute (NCI) list of compounds and our in-house-built drugs and agrochemicals
database (DAC). Twenty-five nanomolar and low micromolar Hsp90R inhibitors were identified. The most
potent were formoterol, amodaquine, primaquine, and midodrine with IC50 values of 3, 5, 6, and 20 nM,
respectively.

1. INTRODUCTION: HEAT SHOCK PROTEIN

Hsp90R belongs to a family of molecular chaperones that
play a pivotal role in the conformational maturation, stability
and function of protein substrates within the cell.1 The
interaction of ATP with its binding domain in Hsp90R leads
to autophosphorylation of certain tyrosine residues, thus
activating this chaperon, and provides the necessary energy
for refolding of denatured “client” proteins.1

Among the client proteins of Hsp90R are many oncogenes
essential for the survival, proliferation, invasion, metastasis
and angiogenesis of tumors. In fact, 48 oncogenic proteins
have been shown to be dependent upon Hsp90R for confor-
mational activation, including telomerase, Her2 (erbB2), Raf-
1, focal adhesion kinase, and the steroid hormone receptors.2

The validity of Hsp90R as anticancer target for drug
discovery was established by emerging clinical trials em-
ploying potent Hsp90R inhibitor 17-allylaminogeldanamycin
and the natural Hsp90R inhibitors geldanamycin and
radicicol.3-7

However, despite the high cellular activity and clinical
progression of 17-allylaminogeldanamycin,8 it has several
limitations, for example, poor solubility, hepatotoxicity, and
extensive metabolism. These issues have led to significant
efforts to identify novel rationally designed small molecular
inhibitors of Hsp90R.9

The main focus of recent efforts toward the development
of new Hsp90R inhibitors concentrate on structure-based
ligand design10-13 and high-throughput screening,14 with a
few ligand-based examples.15,16 To date, several human
Hsp90 X-ray complexes are documented in the Protein Data

Bank (e.g., PDB codes 1YET, 2CCS, 2FWY, 2CDD, 2CCU,
2CCT, 1YER, 1YES, 1YC3, 1UYM, 1UYC, 1UY8, 1OSF,
1BYQ, and 2H55 with resolution range 1.50-2.7 Å).
However, although considered the most reliable structural
information that can be used for drug design, crystallographic
structures are limited by inadequate resolution17 and crystal-
lization-related artifacts of the ligand-protein complex.18-20

Moreover, crystallographic structures generally ignore struc-
tural heterogeneity related to protein anisotropic motion and
discrete conformational substrates.21

The continued interest in designing new Hsp90R inhibitors
and lack of adequate ligand-based computer-aided drug
discovery efforts combined with the drawbacks of structure-
based design and the significant induced fit flexibility
observed for Hsp90R22 prompted us to explore the possibility
of developing ligand-based three-dimensional (3D) pharma-
cophore(s) integrated within a self-consistent quantitative
structure-activity relationship (QSAR) model. This approach
avoids the pitfalls of structure-based techniques; furthermore,
the pharmacophore model(s) can be used as 3D search
queries to discover new Hsp90R inhibitory scaffolds. We
previously reported the use of this innovative approach
toward the discovery of new inhibitory leads against
glycogen synthase kinase-3�,23 bacterial MurF,24 protein
tyrosine phosphatase,25 DPP IV,26 hormone-sensitive li-
pase,27 �-secretase,28 influenza neuraminidase,29 and cho-
lesteryl ester transfer protein.30

We employed the HYPOGEN module from the
CATALYST software package31 to construct plausible
binding hypotheses for a diverse list of Hsp90R inhibitors.32-34

Subsequently, genetic function algorithm (GFA) and multiple
linear regression (MLR) analyses were employed to search
for an optimal QSAR that combines high-quality binding
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pharmacophores with other molecular descriptors and is
capable of explaining bioactivity variation across a collection
of diverse Hsp90R inhibitors. The optimal pharmacophores
were subsequently used as 3D search queries to screen the
national cancer institute (NCI) list of compounds and our
in-house-built structural database of established drugs and
agrochemicals (DAC) for new Hsp90R inhibitory leads.

CATALYST models drug-receptor interaction using
information derived only from the ligand structure.
HYPOGEN identifies a 3D array of a maximum of five
chemical features common to active training molecules, which
provides a relative alignment for each input molecule consistent
with their binding to a proposed common receptor site. The
chemical features considered can be hydrogen bond donors and
acceptors (HBDs and HBAs), aliphatic and aromatic hydro-
phobes (Hbic), positive and negative ionizable (PosIon and
NegIon) groups, and aromatic planes (RingArom). The con-
formational flexibility of training ligands is modeled by creating
multiple conformers, judiciously prepared to emphasize repre-
sentative coverage over a specified energy range. CATALYST
pharmacophores have been used as 3D queries for database
searching and in 3D-QSAR studies.23-30,35,36

2. RESULTS AND DISCUSSION

CATALYST enables automatic pharmacophore construc-
tion by using a collection of molecules with activities ranging
over a number of orders of magnitude. CATALYST phar-
macophores (hypotheses) explain the variability of bioactivity
with respect to the geometric localization of the chemical
features present in the molecules used to build them. The
pharmacophore model consists of a collection of features
necessary for the biological activity of the ligands arranged
in 3D space (hydrogen bond acceptors and donors, hydro-
phobic regions, etc.).

Different hypotheses were generated for a series of
Hsp90R inhibitors. A total of 83 compounds were used
in this study (Figure 1 and Table A in Supporting
Information).32-34 Six training subsets were selected from
the collection (Table C in Supporting Information). Each
subset consisted of inhibitors of wide structural diversity.
The biological activity in the training subsets spanned from
3.5 to 4.0 orders of magnitude.

2.1. Data Mining and Conformational Coverage. The
literature was surveyed to collect many reported structurally
diverse Hsp90R inhibitors (1-83, see Table A in Supporting
Information and Figure 1).32-34 The 2D structures of the
inhibitors were imported into CATALYST and converted
automatically into 3D single conformer representations. The
structures were used as starting points for conformational
analyses and in the determination of various molecular
descriptors for QSAR modeling.

The conformational space of each inhibitor was extensively
sampled utilizing the poling algorithm employed within the
CONFIRM module of CATALYST.31 Conformational cov-
erage was performed employing the “Best” module to ensure
extensive sampling of conformational space. Pharmacophore
generation and pharmacophore-based search procedures are
known for their sensitivity to inadequate conformational
sampling within the training compounds prompting our
extensive conformational sampling.37

2.2. Exploration of Hsp90r Pharmacophoric Space.
The fact that we have an informative list of 83 Hsp90R
inhibitors of evenly spread bioactivities over more than 3.5
orders of magnitude prompted us to employ CATALYST-
HYPOGEN to identify possible pharmacophoric binding
modes assumed by Hsp90R inhibitors.32-34

HYPOGEN implements an optimization algorithm that
evaluates a large number of potential binding models for a
particular target through fine perturbations to hypotheses that
survived the constructive and subtractive phases of the
modeling algorithm (see section 4.1.4 and Supporting In-
formation).38 The extent of the evaluated pharmacophoric
space is reflected by the configuration (Config.) cost calcu-
lated for each modeling run. It is generally recommended
that the Config. cost of any HYPOGEN run not exceed 17
(corresponding to 217 hypotheses to be assessed by
CATALYST) to guarantee thorough analysis of all models.39

The size of the investigated pharmacophoric space is a
function of training compounds, selected input chemical
features, and other CATALYST control parameters.39

Restricting the extent of explored pharmacophoric space
should improve the efficiency of optimization via allowing
effective evaluation of a limited number of pharmacophoric
models. On the other hand, rigorous restrictions imposed on
the pharmacophoric space might reduce the possibility of
discovering optimal pharmacophoric hypotheses, as they
might occur outside the “boundaries” of the pharmacophoric
space.

Therefore, we decided to explore the pharmacophoric
space of Hsp90R inhibitors under reasonably imposed
“boundaries” through 24 HYPOGEN automatic runs and
employing six carefully selected training subsets: subsets
I-VI in Table B of the Supporting Information. The training
compounds in these subsets were selected in such a way to
guarantee maximal 3D diversity and continuous bioactivity
spread over more than 3.5 logarithmic cycles. We gave
special emphasis to the 3D diversity of the most active
compounds in each training subset (Table B, Supporting
Information) because of their significant influence on the
extent of the evaluated pharmacophoric space during the
constructive phase of HYPOGEN algorithm (see section
4.1.4 and Supporting Information).38

Guided by our rationally restricted pharmacophoric ex-
ploration concept, we restricted the software to explore

Figure 1. The chemical scaffolds of training compounds. The
detailed structures are in Table A, Supporting Information.
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pharmacophoric models incorporating from zero to one
PosIon feature and from zero to three HBA, Hbic, and
RingArom features instead of the default range of zero to
five, as shown in Table C of the Supporting Information.
Furthermore, we instructed HYPOGEN to explore only four-
and five-featured pharmacophores, that is, ignore models of
lesser number of features, in order to further narrow the
investigated pharmacophoric space and to represent the
feature-rich nature of known Hsp90R ligands (as shown in
Table C of the Supporting Information).

In each run, the resulting binding hypotheses were
automatically ranked according to their corresponding “total
cost” value, which is defined as the sum of error cost, weight
cost, and configuration cost (see section 4.1.5).31,36,38-41

Error cost provides the highest contribution to total cost and
it is directly related to the capacity of the particular
pharmacophore as 3D-QSAR model, that is, in correlating
the molecular structures to the corresponding biological
responses.31,38-41 HYPOGEN also calculates the cost of the
null hypothesis, which presumes that there is no relationship
in the data and that experimental activities are normally
distributed about their mean. Accordingly, the greater the
difference from the null hypothesis cost (residual cost, Table
1) the more likely that the hypothesis does not reflect a
chance correlation. An additional validation technique based
on Fischer’s randomization test42 was recently introduced
into CATALYST: Cat. Scramble.31 In this test, the biological
data and the corresponding structures are scrambled several
times, and the software is challenged to generate pharma-
cophoric models from the randomized data. The confidence
in the parent hypotheses (i.e., generated from unscrambled

data) is lowered proportional to the number of times the
software succeeds in generating binding hypotheses from
scrambled data of apparently better cost criteria than the
parent hypotheses (see section 4.1.5).31,36,38-41

Eventually, 240 pharmacophore models emerged from 24
automatic HYPOGEN runs, out of which only 221 models
illustrated Cat. Scramble confidence levels g85%. These
successful models were clustered and the best representatives
(25 models, Table C of the Supporting Information, see
section 4.1.6) were used in subsequent QSAR modeling.
Clearly from Table 1, the representative models shared
comparable features and acceptable statistical success criteria.
Emergence of several statistically comparable pharmacophore
models suggests the ability of Hsp90R ligands to assume
multiple pharmacophoric binding modes within the binding
pocket. Therefore, it is quite challenging to select any
particular pharmacophore hypothesis as a sole representative
of the binding process.

2.3. QSAR Modeling. Despite pharmacophoric hypoth-
eses providing excellent insights into ligand-macromolecule
recognition and being useful to mine for new biologically
interesting scaffolds, their predictive value as 3D-QSAR
models is limited by steric shielding and bioactivity-
enhancing or -reducing auxiliary groups.23-30 This point
combined with the fact that pharmacophore modeling of
Hsp90R inhibitors furnished several binding hypotheses of
comparable success criteria prompted us to employ classical
QSAR analysis to search for the best combination of
pharmacophore(s) and other 2D descriptors capable of
explaining bioactivity variation across the whole list of col-
lected inhibitors (1-83, Table A, Supporting Information,

Table 1. Success Criteria of Representative Pharmacophoric Hypotheses (Cluster Centers)a

RUNb hypothesesc features
Config.

cost
total
cost

null
hypothesis

residual
costd Re global Rf F-statg

Cat.
Scramble

(%)

1 7h 2x HBD, Hbic, RingArom 18.88 112.3 163.0 50.7 0.950 0.690 73.61 95
9 HBA, HBD, 2xHbic 18.88 112.5 163.0 50.5 0.945 0.653 60.12 95

3 8 HBD, 2xHbic, PosIon, RingArom 16.74 81.91 113.12 31.20 0.967 0.674 67.59 95
4 10 HBD, 2xHbic, PosIon, RingArom 15.66 82.38 113.12 30.74 0.957 0.734 94.74 95
5 8 3xHBD, Hbic 19.46 98.39 130.5 32.11 0.917 0.506 27.85 90

10 2xHBD, Hbic, PosIon 19.46 98.57 130.5 31.93 0.918 0.750 104.1 90
7 9 HBA, HBD, 2xHbic, PosIon 17.44 97.62 130.5 32.88 0.905 0.748 103.2 90
8 8 HBD, 2xHbic, PosIon, RingArom 16.35 96.38 130.5 34.12 0.904 0.756 107.7 95
9 1 2xHBD, Hbic, RingArom, 2xExVol 17.26 87.05 103.5 16.45 0.938 0.403 15.68 90

7 HBA, HBD, Hbic, RingArom, 7xExVol 17.26 89.05 103.5 14.45 0.911 0.430 18.40 85
12 1 HBA, HBD, 2xHbic, PosIon, 2xExVol 10.57 87.58 103.5 15.92 0.84 0.670 66.14 95

2 2xHBD, 2xHbic, PosIon 16.63 87.68 103.5 15.82 0.85 0.589 42.97 95
13 4 HBA, HBD, Hbic, PosIon 21.30 80.32 128.9 48.58 0.974 0.576 40.20 95

5 HBA, 2xHBD, Hbic 21.30 80.41 128.9 48.49 0.974 0.682 70.45 95
14 4 HBD, PosIon, 2xRingArom 18.30 81.81 111.0 29.19 0.952 0.575 40.05 95

8 HBD, PosIon, 2xRingArom 18.30 83.00 111.0 28.00 0.939 0.419 17.29 95
16 1 HBA, 3xHbic, RingArom 17.79 79.46 111.0 31.54 0.954 0.737 96.57 95
17 7 HBA, HBD, 2xHbic, PosIon 19.29 85.41 109.8 24.39 0.933 0.498 26.75 95
18 7 HBD, 2xHbic, PosIon, RingArom 18.34 84.17 109.8 25.63 0.927 0.468 22.75 90
20 7 HBA, HBD, 2xHbic, PosIon 16.32 82.84 109.8 26.96 0.921 0.6897 73.48 95

10 HBA, 2xHbic, PosIon, RingArom 16.31 83.01 109.8 26.79 0.919 0.666 64.79 95
21 9 HBA, HBD, Hbic, RingArom 18.58 123.9 162.3 38.4 0.902 0.725 89.69 90
23 1 2xHBD, 3xHbic 16.61 117.1 147.2 30.1 0.896 0.722 88.07 90

3 HBA, HBD, 2xHbic, PosIon 16.61 123.4 147.2 23.8 0.848 0.742 99.65 90
6 HBD, 2xHbic, PosIon, RingArom 16.61 123.6 147.2 23.6 0.846 0.707 81.02 90

a Bolded pharmacophores appeared in the best QSAR equations. b Correspond to runs in Table C of Supporting Information. c High ranking
representative hypotheses (in their corresponding clusters, see section 4.1.6). d Difference between total cost and the cost of the corresponding
null hypotheses. e Correlation coefficients between pharmacophore-based bioactivity estimates and bioactivities of corresponding training
compound (subsets in Table B of Supporting Information). f Correlation coefficients between pharmacophore-based bioactivity estimates and
bioactivities of all collected compounds. g Fisher statistic calculated based on the linear regression between the fit values of all collected
inhibitors (1-83, Table A of Supporting Information) against pharmacophore hypothesis (employing the “best fit” option and eq C, Supporting
Information) and their respective anti-HSP90 bioactivities (log(1/IC50) values). h Ranking of hypotheses is as generated by CATALYST in each
automatic run.
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and Figure 1). We employed genetic function approximation
and multiple linear regression QSAR (GFA-MLR-QSAR)
analysis to search for an optimal QSAR equation(s).

The fit values obtained by mapping representative hy-
potheses (25 models) against collected Hsp90R inhibitors
(1-83, Table A, Supporting Information, and Figure 1) were
enrolled, together with around 100 other physicochemical
descriptors, as independent variables (genes) in GFA-MLR-
QSAR analysis (see section 4.1.7).23-30,43,44 However, since
it is essential to access the predictive power of the resulting
QSAR models on an external set of inhibitors, we randomly
selected 16 molecules (marked with double asterisks in Table
A, Supporting Information, see section 4.1.7) and employed
them as external test molecules for validating the QSAR
models (rPRESS

2). Moreover, all QSAR models were cross-
validated automatically using the leave-one-out cross-valida-
tion in CERIUS2.43,44

Equation 1 shows the details of the optimal QSAR model.
Figure 2 shows the corresponding scatter plots of experi-
mental versus estimated bioactivities for the training and
testing inhibitors.

where r67
2 is the correlation coefficient against 67 training

compounds, rLOO
2 is the leave-one-out correlation coefficient,

rBS
2 is the bootstrapping regression coefficient and rPRESS

2 is
the predictive r2 determined for the 16 test compounds.43,44

Hypo1/7, Hypo8/8, and Hypo9/1 represent the fit values of
the training compounds against these three pharmacophores
(bolded models in Table 1 and Figures 3-5) as calculated
from eq C, Supporting Information. Jurs-RPCS describes the
relative positive charge surface area (calculated by dividing
the solvent-accessible surface area of the most positive atom
over the relative positive charge of that atom),43 AtypeN73
is an atom-type-based AlogP descriptor that encodes for the
presence of aromatic NH (e.g., in pyrazole rings) and SsOH
is an electrotopological state descriptor for hydroxyl groups43

(See Table D in Supporting Information).

The emergence of three orthogonal pharmacophoric mod-
els, that is, Hypo1/7, Hypo8/8, and Hypo9/1, of cross-
correlation r2e 0.41 (Table 2) in eq 1 suggests they represent
three complementary binding modes accessible to ligands
within the binding pocket of Hsp90R, which means that one
of the pharmacophores can optimally explain the bioactivities
of some training inhibitors, while the others explain the
remaining inhibitors. Similar conclusions were reached about
the binding pockets of other targets based on QSAR
analysis.23-30

Figure 2. Experimental versus (A) fitted (67 compounds, rLOO
2 )

0.748) and (B) predicted (16 compounds, rPRESS
2 ) 0.619) bioac-

tivities calculated from the best QSAR model, eq 1. The solid lines
are the regression lines for the fitted and predicted bioactivities of
training and test compounds, respectively, whereas the dotted lines
indicate 1.0 log point error margins.

log(I/IC50) ) -1.47 + 2.24 × 10-2(Hypo1/7)2 +

1.215 × 10-2(Hypo8/8)2 + 2.7 × 10-2(Hypo9/1)2 -
9.0 × 10-4(SsOH)2 - 0.5446(AtypeN73)2 +

8.3 × 10-2(Jurs-RPCS)2 r67
2 ) 0.811,

F-statistic ) 42.8 rBS
2 ) 0.811,

rLOO
2 ) 0.748, rPRESS(16)

2 ) 0.619 (1)

Figure 3. (A) Co-crystal structure of training compound 36 (IC50

) 35.0 nM, Table 1) complexed within Hsp90R (PDB code 2VCI,
resolution 2.00 Å´). (B) Pharmacophoric features of Hypo1/7: HBD
as pink vectored spheres, Hbic as blue spheres, RingArom as
vectored orange spheres. (C) Hypo1/7 fitted against 36 employing
rigid mapping (i.e., without allowing conformational flexibility).
(D) Chemical structure of 36.
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Figures 3-5 show Hypo1/7, Hypo8/8, and Hypo9/1 and
how they map 36 (IC50 ) 35 nM), 83 (IC50 ) 30 nM), and
4 (IC50 ) 27 nM), respectively. The X, Y, and Z coordinates
of the three pharmacophores are illustrated in Table 3.

The quadratic format of the pharmacophore models in eq
1 suggests that ligand/Hsp90R affinity is more sensitive to
fitting the pharmacophoric models at higher fit values
compared with lower values, that is, minor misalignments
among attracting moieties within the complex drastically
reduces ligand-Hsp90R affinities.

Emergence of the electrotopological state index SsOH in
conjunction with negative regression coefficient in eq 1
suggest that presence of hydroxyl groups negatively influ-
ences affinity, probably by promoting compound hydration,
that is, by competing with binding. A similar explanation
holds for the emergence of AtypeN73 in association with
negative slope in eq 1. Interestingly, Jurs-RPCS emerged in
eq 1 in association with significant positive contribution
suggesting that molecules of diffuse positive charges over
wider surface areas (i.e., larger atoms or fragments) illustrate
better anti-Hsp90R bioactivities compared with molecules
of focused positive charges on smaller-sized fragments. This
behavior is probably because of the presence of three
negatively charged carboxylate moieties in the binding
pocket, namely, Asp54, Asp93, and Asp102, which favor
positively charged ligands albeit without detrimental interfer-

ences from hydration associated with localized charges on
smaller fragments.

2.4. Addition of Exclusion Volumes. Although ligand-
based pharmacophores serve as excellent tools to probe
ligand/macromolecule recognition and can serve as useful
3D QSAR models and 3D search queries, they suffer from
a major drawback: they lack steric constraints necessary to
define the size of the binding pocket. This liability renders
pharmacophoric models rather promiscuous in some cases.29

Therefore, we decided to complement the optimal pharma-
cophores with exclusion spheres employing the Hip-Hop-
Refine module implemented within CATALYST.31 Excluded

Figure 4. (A) Docked structure of training compound 83 (IC50 )
30.0 nM, Table 1) into Hsp90R binding pocket (PDB code 1YET,
resolution 1.9 Å´). (B) Pharmacophoric features of Hypo9/1: HBD
as pink vectored spheres, Hbic as blue spheres, RingArom as
vectored orange spheres. (C) Hypo9/1 fitted against 30. (D)
Chemical structure of 30.

Figure 5. (A) Docked structure of training compound 4 (IC50 )
27.0 nM, Table 1) into Hsp90 (PDB code 1YET, resolution 1.9
Å´). (B) Pharmacophoric features of Hypo8/8: HBD as pink
vectored spheres, Hbic as blue spheres, RingArom as vectored
orange spheres, PosIon as red spheres. (C) Hypo8/8 fitted against
4. (D) Chemical structure of 4.

Table 2. The Cross Correlation between the Successful Hypotheses
in Equation 1

Hypo1/7 Hypo8/8 Hypo9/1

Hypo1/7 1
Hypo8/8 0.409 1
Hypo9/1 0.273 0.0508 1
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volumes resemble sterically inaccessible regions within the
binding site (see section 4.1.8).45

Two structurally diverse training subsets were selected for
Hip-Hop-Refine modeling (Table E in Supporting Informa-
tion): subset VII for Hypo1/7 and Hypo9/1, and subset VIII
for Hypo8/8. The training compounds were selected in such
away that the bioactivities of weakly active compounds are
explainable by steric clashes within the binding pocket.
Figure 6B,D,F shows sterically refined versions of Hypo1/
7, Hypo8/8, and Hypo9/1, respectively.

2.5. Receiver Operating Characteristic (ROC) Curve
Analysis. To further validate the resulting models (both
QSAR and pharmacophores), we subjected our QSAR-
selected pharmacophores to receiver operating curve (ROC)
analysis. In ROC analysis, the ability of a particular
pharmacophore model to correctly classify a list of com-
pounds as actives or inactives is indicated by the area under
the curve (AUC) of the corresponding ROC, as well as other
parameters, namely, overall accuracy, overall specificity,
overall true positive rate, and overall false negative rate (see
section 4.1.9 for more details).46-49

Table 4 and Figure 7 show the ROC results of our QSAR-
selected pharmacophores. Hypo1/7 and Hypo9/1 illustrated
good overall performances with AUC values of 82.5% and
82.3%, respectively. On the other hand, Hypo8/8 exhibited
excellent performance with AUC value of 99.5%. This is
not unexpected, because the presence of positive ionizable
and HBD features in Hypo8/8 enhance its selectivity
compared with Hypo1/7 and Hypo9/1.

Clearly, the performances of sterically refined versions of
Hypo1/7 and Hypo9/1 improved significantly as reflected by
their ROC-AUC values, which shifted from 82.50% to
94.10% and from 82.3% to 93.8%, respectively. Unsurpris-
ingly, the performance of the refined Hypo8/8 is comparable

to the unrefined counterpart (ROC-AUC shifted from
99.50% to 100%).

2.6. Comparison of Pharmacophore Model with the
Active Site of Hsp90r. To further emphasize the validity
of our pharmacophore/QSAR modeling approach, we com-
pared the crystallographic structure of 36 complexed to
Hsp90R (IC50 ) 35.0 nM, PDB code 2VCI)32 with Hypo1/
7. Figure 3 shows the chemical structure of the ligand and
compares its Hsp90R complex with the way it maps to
Hypo1/7 employing rigid mapping, that is, fitting the ligand’s
bound state against the pharmacophore without conforma-
tional adjustments. Mapping the amidic NH and resorcinolic
OH of 36 against two HBDs in Hypo1/7 (Figure 3C)
corresponds to hydrogen-bonding interactions tying the NH
and OH with the peptidic carbonyl of Gly97 and carboxylate
side chain of Asp93 (Figure 3A), respectively, in the
crystallographic complex. Similarly, in the crystallographic
structure, the isopropyl moiety of 36 is positioned in a
hydrophobic pocket comprised of the side chains of Leu107
and Phe138 (figure 3A) corresponding to mapping this group
against Hbic feature in Hypo1/7 (Figure 3C). Finally,
mapping the resorcinolic aromatic ring of 36 against Rin-
gArom feature in Hypo1/7 (Figure 3C) seems to correspond
with stacking against the amidic side chain of Asn51 (Figure
3A) in the complex.

Furthermore, we compared the pharmacophoric features
of Hypo8/8 and Hypo9/1 and how they map 83 and 4,
respectively, with optimal docked poses of the two com-
pounds. The docking experiments were conducted employing
LigandFit docking engine and through default docking
settings.60 Figures 4 and 5 show the pharmacophores, docked
poses, and corresponding mapped conformers.

Mapping the two resorcinolic hydroxyls of 83 (IC50 ) 30.0
nM, Table A in Supporting Information) with two HBDs in

Table 3. Pharmacophoric Features and Corresponding Weights, Tolerances and 3D Coordinates of Hypo1/7, Hypo8/8, and Hypo9/1

chemical features

model definition HBD HBD RingArom Hbic

Hypo1/7a weights 2.32 2.32 2.32 2.32
tolerances 1.60 2.20 1.60 2.20 1.60 1.60 1.60
coordinates X 8.776 10.955 5.975 6.665 3.946 4.752 0.519

Y 2.619 0.570 -3.595 -6.229 -3.313 -3.649 -3.106
Z 1.279 1.045 1.314 0.055 2.170 5.040 4.402

chemical features

model definition HBD RingArom Hbic Hbic PosIon

Hypo8/8b weights 2.06 2.06 2.06 2.06 2.06
tolerances 1.60 2.20 1.60 1.60 1.60 1.60 1.60
coordinates X -0.134 -2.754 3.001 0.550 5.20 -1.186 -2.576

Y -0.661 0.136 -1.852 -3.505 -0.574 1.225 3.451
Z 4.195 5.421 1.895 2.405 7.114 1.461 -0.699

chemical features

HBD HBD RingArom Hbic ExVol ExVol

Hypo9/1c weights 1.97 1.97 1.97 1.97 1.97 1.97
tolerances 1.60 2.20 1.60 2.20 1.60 1.60 1.60 1.20 1.20
coordinates X -5.378 -6.332 -0.923 -2.90 0.933 1.525 2.860 -1.646 0.26

Y 0.646 3.490 2.468 3.889 -1.142 1.712 0.060 -3.202 -3.469
Z -0.027 -0.003 1.735 3.488 1.490 2.199 -0.340 3.103 -2.678

a Hypo1/7 is the seventh pharmacophore hypothesis generated in the first HYPOGEN run (Table 1). b Hypo8/8 is the eighth pharmacophore
hypothesis generated in the eighth HYPOGEN run (Table 1). c Hypo9/1 is the first pharmacophore hypothesis generated in the ninth
HYPOGEN run (Table 1).
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Hypo9/1 (Figure 4B,C) agrees with hydrogen-bonding
interactions connecting both hydroxyls with the carboxylate
side chain of Asp54 in docked pose (Figure 4A). On the
other hand, positioning the benzene ring of the benzisoxazole
moiety of 83 between the hydrophobic side chains of Leu107
and Met98 in the docked pose (Figure 4A) agrees with
mapping this moiety against the Hbic feature in Hypo9/1
(Figure 4C). Similarly, mapping the isoxazole fragment of
83 against the RingArom feature in Hypo9/1 (Figure 4C)
correlates with stacking this group against the amidic side
chain of Asn51 in the docked pose (Figure 4A).

Similar analogies can be drawn between the docked
conformer of 4 (IC50 ) 27.0 nM, Table A in Supporting
Information) and the way it maps to Hypo8/8, as shown in
Figure 5. Mapping the amino functionality of 4 against the
PosIon feature in Hypo8/8 (Figure 5C) agrees with an
electrostatic attraction connecting this group and the car-
boxylate of Asp102 in the docked pose (Figure 5A).
Likewise, positioning the resorcinolic chloro substituent of
4 within a hydrophobic pocket comprised of the side chains
of Leu107 and Phe138 in the docked pose (Figure 5A) agrees
with mapping this moiety against the Hbic feature in Hypo8/8
(Figure 5C). Similarly, mapping the central phenyl linker of
4 against the Hbic feature in Hypo8/8 (Figure 5C) correlates
nicely with fitting this group into a hydrophobic pocket

consisting of side chains of Ala55, Ile96, and Met98 (Figure
5A). Equally, mapping the resorcinolic OH of 4 against a
HBD in Hypo8/8 (Figure 5C) points to a hydrogen-bonding
interaction connecting this group with the peptidic carbonyl
of Asn51 in the docked pose (Figure 5A). Finally, mapping
the pyrazole ring of 4 against a RingArom feature in Hypo8/8
(Figure 5C) agrees with stacking this electron-deficient ring
against the carboxylate side chain of Asp54 in the docked
pose (Figure 5A).

Clearly from the above discussion, Hypo1/7, Hypo8/8, and
Hypo9/1 represent three valid binding modes assumed by
ligands within Hsp90R. Furthermore, these models point to
a limited number of critical interactions required for high
ligand-Hsp90R affinity in each of the binding modes. In
contrast, crystallographic or docked complexes reveal many
bonding interactions without highlighting critical ones.
Incidentally, Figures 3A-5A only show interactions corre-
sponding to pharmacophoric features, while other binding
interactions were hidden for clarity.

2.7. In Silico Screening and Subsequent in Vitro
Evaluation. Sterically refined Hypo1/7, Hypo8/8, and Hy-
po9/1 were employed as 3D search queries against the NCI
(238 819 structures) and DAC (3002 compounds) libraries
using the “Best Flexible Database Search” option imple-
mented within CATALYST. Compounds that have their
chemical groups spatially overlap (map) with corresponding
features of the particular pharmacophoric model were
captured (hits). Table 5 summarizes the numbers of captured
hits by sterically refined versions of the pharmacophores.

NCI hits were filtered based on Lipinski’s and Veber’s
rules,50,51 while DAC hits were left unfiltered. We believe
loosening Lipinski’s and Veber’s prefilters in the DAC case
allows reasonable structural diversity among hit molecules
particularly under the combined restrictions of three orthogo-
nal searching pharmacophores and selection via a QSAR
model. Lax in drug-likeness prefilters is not unreasonable
because it is highly unexpected that such studies (i.e., in silico
screening followed by in Vitro evaluation) can identify drugs
or even drug candidates. Nevertheless, enforcing some kind
of drug-likeness prefilters should help in finding hits more
amenable for subsequent optimization into leads, which
explains our adherence to Lipinski’s and Veber’s rules in
the NCI hits case.

Surviving hits were fitted against Hypo1/7, Hypo8/8, and
Hypo9/1 (without exclusion volumes), and their fit values,
together with other relevant molecular descriptors, were
substituted in QSAR eq 1 to predict their anti-Hsp90R IC50

values. The highest-ranking available hits, 18 drugs and 82
NCI compounds, were evaluated in Vitro against human
recombinant Hsp90R via an established malachite green-
based assay that measures the amount of inorganic phosphate
released by the ATPase activity of human Hsp90R.57,58,64

Although human Hsp90R is known to have low ATPase
activity,62,63 we decided to evaluate our hits against this
chaperon because it provides a more realistic and relevant
platform for future testing against cancer, that is, compared
with yeast Hsp90R. Furthermore, we implemented a reported
bioassay procedure that incubates Hsp90R, ATP, and the
particular inhibitor over 24 h, which should compensate for
the slow ATPase bioactivity of human Hsp90R. To validate
our bioassay settings, that is, the use of human Hsp90R and
malachite green, we determined the IC50 value of standard

Figure 6. (A, B) Hypo1/7 fitted against hit 84 (IC50 ) 3.3 nM,
Table 1) without and with steric refinement, respectively, (C, D)
Hypo8/8 mapped against 85 (IC50 ) 5.0 nM) without and with steric
refinement, respectively, and (E, F) Hypo9/1 mapped against 87
(IC50 ) 20 nM) without and with steric refinement.
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inhibitor geldanamycin under the same conditions. Our
conditions determined the IC50 value of geldanamycin to be
273 nM, which is within the reported literature range of 282
( 9.7 nM (determined by fluorescence polarization).61

Initially, hits were screened at 10 µM concentrations;
subsequently, compounds of anti-Hsp90R inhibitory percent-
ages g60% at 10 µM were further assessed to determine
their IC50 values. Table 6 and Figure 8 show active hits and
their corresponding estimated and experimental anti-Hsp90R
bioactivities.

Clearly from Table 6 and Figure 8, formoterol (a long-
acting �2-adrenergic agonist used in the management of
asthma and chronic obstructive pulmonary disease) illustrated
the highest anti-Hsp90R activity with IC50 value of 3 nM,
while the aminoquinolines amodiaquine and primaquine
came next with experimental IC50 values of 5 and 6 nM,
respectively. These results agree with reported observations
about unexplained antileukemic actions of formoterol53 and
the Hsp90R inhibitory properties of some miscellaneous
aminoquinolines (other than amodiaquine and primaquine).59

Interestingly, midodrine (an R1-adrenergic agonist), which
illustrated an anti-Hsp90R IC50 of 20 nM, is not reported to
possess any anticancer properties and, therefore, warrants
future research in this direction. Figure 6 shows how
formoterol, amodiaquine, and midodrine map to Hypo1/7,
Hypo8/8, and Hypo9/1, respectively.

Finally, in Vitro testing showed that 20 NCI high-ranking
hits possess nanomolar to micromolar inhibitory profiles
against Hsp90R (Table 6, Figure 8), while the rest were found
to be weakly active or inactive.

It remains to be mentioned that although QSAR predictions
were rather accurate with some hit compounds, for example,
102, 107, 108, 109, and 120, they deviated by a maximum
of two logarithmic cycles with most hits (Figure 9). We
believe these errors are because training compounds used in
QSAR and pharmacophore modeling are significantly struc-
turally different from hit molecules (see Table 7 and section
2.8), which limits the extrapolatory potential of the QSAR
equation. Furthermore, the fact that we implemented a
bioassay method different from that used for training
compounds can also explain part of the predicted-to-
experimental differences in hit bioactivities. Additionally,
QSAR-based predictions have their errors; in fact an rPRESS

2

of 0.619 suggests a certain level of uncertainty in predictions.
2.8. Similarity Analysis between Training Compounds

and Active Hits. We employed three library comparison
methods implemented in Discovery Studio 2.5 to assess the
structural similarity/diversity between the modeled com-
pounds (1-83, Figure 1 and Table A in Supporting Informa-
tion) and other reported Hsp90 inhibitors52,67-69 (library A)

compared with active hits (84-121, library B), namely,
Murcko assemblies, Bayesian model, and global fingerprints.

In Murcko assemblies, the algorithm breaks the ligands
of each library into unique occurrences of molecular rings,
ring assemblies, bridge assemblies, chains, Murcko as-
semblies, or any combination of these. Murcko assemblies
are contiguous ring systems plus chains that link two or more
rings.65 The two libraries are compared using a Tanimoto
similarity of the assemblies based on the fragments that are
common and unique to each library.66

On the other hand, in the Bayesian model approach, two
Bayesian models were built, one to learn library A and one
to learn library B. Finally, it scores all ligands using both
models. A distance is computed as eq 2:

where ScoreAA is the average score of library A molecules
scored by the Bayesian model that learned library A
molecules, while ScoreBB is the average score of library B
molecules scored by the Bayesian model that learned library
B. ScoreAB and ScoreBA are the average scores of libraries
A and B molecules scored by the Bayesian models that
learned libraries B and A, respectively. The higher the
distance, the more dissimilar the libraries are.66

Finally, the global fingerprint comparison algorithm gener-
ates a global fingerprint for all ligands in the training list
and all ligands in the hits list and then computes a Tanimoto
similarity coefficient between the two libraries.66

Table 7 shows the results of the three similarity/diversity
assessment procedures. Clearly, the three methods suggest
minimal structural similarity between known Hsp90 inhibi-
tors and our active hits.

3. CONCLUSIONS

Hsp90R inhibitors are currently considered to be potential
treatments for cancer. The pharmacophoric space of Hsp90R
inhibitors was explored via six diverse sets of inhibitors and
using CATALYST-HYPOGEN to identify high-quality
binding model(s). Subsequently, genetic algorithm and
multiple linear regression analysis were employed to access
an optimal QSAR model capable of explaining anti-Hsp90R
bioactivity variation across 83 collected Hsp90R inhibitors.
Three orthogonal pharmacophoric models emerged in the
QSAR equation suggesting the existence of at least three
distinct binding modes accessible to ligands within the
Hsp90R binding pocket. The QSAR equation and the
associated pharmacophoric models were experimentally
validated by the identification of several Hsp90R inhibitors

Table 4. ROC Curve Analysis Criteria for QSAR-Selected Pharmacophores and Their Sterically Refined Versions

pharmacophore model ROCa-AUCb ACCc SPCd TPRe FNRf

Hypo1/7 0.825 0.9260 0.9324 0.857 0.068
Hypo8/8 0.995 0.9269 0.9562 0.556 0.044
Hypo9/1 0.823 0.9268 0.9323 0.857 0.0677
refined Hypo1/7 0.941 0.9260 0.9374 0.794 0.063
refined Hypo8/8 1.00 0.9269 0.9575 0.540 0.043
refined Hypo9/1 0.938 0.9269 0.9411 0.746 0.0588

a Receiver operating characteristic curve. b Area under the curve. c Overall accuracy. d Overall specificity. e Overall true positive rate.
f Overall false negative rate.

Distance ) ScoreAA + ScoreBB - ScoreAB - ScoreBA
(2)
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retrieved via in silico screening, out of which four established
drugs illustrated nanomolar potencies: amodiaquine, pri-
maquine, midodrine, and formoterol. Our results suggest that
the combination of pharmacophoric exploration and QSAR
analyses can be a useful tool for finding new diverse Hsp90R
inhibitors.

4. EXPERIMENTAL SECTION

4.1. Molecular Modeling. 4.1.1. Software and Hardware.
The following software packages were utilized in the present
research: CATALYST (Version 4.11), Accelrys Inc. (www.
accelrys.com), San Diego, CA; CERIUS2 (Version 4.10),
Accelrys Inc. (www.accelrys.com), San Diego, CA; CS

Figure 7. ROC curves of (A) Hypo1/7, (B) sterically refined Hypo1/7, (C) Hypo 8/8, (D) sterically refined Hypo8/8, (E) Hypo9/1, and (F)
sterically refined Hypo9/1.
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ChemDraw Ultra 6.0, Cambridge Soft Corp. (http://www.
cambridgesoft.com), Cambridge, MA; Discovery Studio 2.5,
Accelrys Inc. (www.accelrys.com), San Diego, CA.

Pharmacophore and QSAR modeling studies were per-
formed using CATALYST (HYPOGEN module) and

CERIUS2 software suites from Accelrys Inc. (San Diego,
California, www.accelrys.com) installed on a Silicon Graph-
ics Octane2 desktop workstation equipped with a dual 600
MHz MIPS R14000 processor (1.0 GB RAM) running the
Irix 6.5 operating system. Structure drawing was performed
employing ChemDraw Ultra 6.0, which was installed on a
Pentium 4 PC.

4.1.2. Data Set. The structures of 83 Hsp90R inhibitors
(1-83, Table A in Supporting Information, Figure 1) were
collected from recently published literature.32-34 Although
the in Vitro bioactivities of the collected inhibitors were
gathered from three separate articles, they were determined
employing the same bioassay methodologies. The bioactivi-
ties were expressed as the concentrations of the test
compounds that inhibited the activity of Hsp90R by 50%
(IC50, µM). The logarithm of measured IC50 (µM) values
was used in the three-dimensional quantitative structure-
activity analysis (3D-QSAR), thus correlating the data
linearly to the free energy change.

Table 5. Numbers of Captured Hits by Sterically-Refined Versions
of Hypo1/7, Hypo8/8, and Hypo9/1

pharmacophore models

3D
databasea

post-screening
filteringb

sterically
refined

Hypo1/7

sterically
refined

Hypo8/8

sterically
refined

Hypo9/1

NCI before 3392 623 1766
after 2380 175 1360

DACc 42 9 115

a NCI is National Cancer Institute list of available compounds
(238 819 structures); DAC is our in-house list of established drugs
and agrochemicals (3002 structures). b Using Lipinski’s and Veber’s
rules. Two Lipinski’s violations were tolerated. c No post-screening
filtering.

Table 6. Predicted and Experimental Bioactivities of High-Ranking Hit Molecules

best fit valuesc

predicted
IC50 (nM)d

experimental
IC50 (nM)ehitsa nameb Hypo1/7 Hypo8/8 Hypo9/1

84 formoterol 7.32 0 5.28 290 3 (0.98)f,g

85 amodiaquine 5.31 5.81 4.42 802 5 (0.99)g

86 primaquine 7.90 4.51 6.33 42 6 (0.96)g

87 midodrine 7.77 0.52 6.26 134 20 (0.99)g

88 terfenadine 8.70 0 4.70 351 3467 (0.96)g

89 famotidine 4.95 0 5.23 1510 4970 (0.82)g

90 isoxsuprine 4.91 0 5.46 578 59%h

91 diaveridine 4.85 0 5.53 1010 52%h

92 bromodiolone 7.61 0 5.74 507 50%h

93 betaxolol 1.70 0 5.22 2330 50%h

94 bumbuterol 3.55 0 5.17 3280 49%h

95 clobenprobit 8.58 0 5.39 82 49%h

96 bicalutamide 4.74 0 5.82 1350 47%h

97 nicardipine 0 7.61 3.81 5799 43%h

98 chlorhexidine 8.16 0.29 5.94 104 39%h

99 chlorbufam 4.62 0 3.46 3120 36%h

100 trimethoprim 4.53 0 5.09 1640 26%h

101 atenolol 0.54 0 5.32 5420 3%h

102 NSC159885 5.74 0 6.76 59 66 (0.99)
103 NSC335504 6.16 0 6.29 2130 87 (0.99)
104 NSC14710 6.14 9.02 7.84 5 100 (0.92)
105 NSC74819 8.81 0 6.45 40 125 (0.92)
106 NSC674003 8.47 0 6.49 61 128 (0.97)
107 NSC88001 4.62 0 7.95 139 137 (0.99)
108 NSC340303 7.29 0 7.42 285 149 (0.95)
109 NSC191952 3.5 0 2.99 548 272 (0.98)
110 NSC139029 7.5 0 2.99 0.2 629 (0.99)
111 NSC56628 8.14 4.63 4.39 7 648 (0.90)
112 NSC56621 6.26 9.08 8.06 10 759 (0.93)
113 NSC657681 8.69 0 4.87 4 781 (0.99)
114 NSC1761 3.99 0.818 2.91 14 783 (0.99)
115 NSC680410 7.55 0 6.2 3 947 (0.99)
116 NSC138756 5.4 0 6.34 4 970 (0.99)
117 NSC380303 6.3 0 6.6 56 983 (0.94)
118 NSC201560 6.67 0 6.05 355 1038 (0.90)
119 NSC56642 8.34 4.91 4.76 7 1170 (0.99)
120 NSC128439 8.27 0 5.64 1165 1410 (0.97)
121 NSC608048 6.39 0 3.99 12 1740 (0.99)
GMC geldanamycini 273 (0.93)

a Chemical structures shown in Figure 8. b Chemical or generic name or NCI number. c Fit values calculated against respective hypotheses
using eq C in Supporting Information. d Predicted IC50 in nM according to QSAR eq 1. e Experimental IC50 values determined at 10, 1, 0.1,
and occasionally at 0.01 and 0.001 µM inhibitor concentrations. f Values in brackets represent the correlation coefficients of the corresponding
dose-response line. g These values represent average results of duplicate measurements. h Percent inhibition at 10 µM inhibitor concentration.
i Reported IC50 ) 281 nM.61
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In a few cases where the IC50 values of some compounds
were expressed as being higher than 20 µM, we assumed
that their IC50 values were equal to 200 µM (4 logarithmic
cycles away from the most potent inhibitor (i.e., 56, 79, and
82). These assumptions are necessary to allow pharmacoph-
ore modeling, statistical correlation, and QSAR analysis. The
logarithmic transformation of IC50 values should minimize
any potential errors resulting from such assumptions.

The two-dimensional (2D) chemical structures of the inhibitors
were sketched using ChemDraw Ultra and saved in MDL-molfile
format. Subsequently, they were imported into CATALYST,
converted into corresponding standard 3D structures, and energy-
minimized to the closest local minimum using the molecular
mechanics CHARMm force field implemented in CATALYST.
The resulting 3D structures were utilized as starting conformers
for CATALYST conformational analysis.

Figure 8. Chemical structures of active hits.

Figure 9. Experimental versus predicted bioactivities of captured hits as calculated from QSAR model eq 1. The solid lines are the regression
lines for the fitted and predicted bioactivities of training and test compounds, respectively, whereas the dotted lines indicate 1.0 log point
error margins. Only hit compounds having known IC50 values were included in this plot. Hits that illustrate Hsp90 inhibition percentage of
50% ((1%) at 10 µM were assumed to have IC50 values of 10 µM.

Table 7. Results of Similarity Analysis between Training Compounds and Active Hits

Murcko assembliesa Bayesian modelb global fingerprintsb,c

number of total assemblies 81 average LibA score of library
A ligands

5.23 number of total global
fingerprint bits

1729

number of common assemblies 0 average LibB score of library
A ligands

-66.14 number of common global
fingerprint bits

179

number of assemblies only in
library Ad

53 average LibA score of library
B ligands

-26.85 number of global fingerprint
bits only in library A

856

number of assemblies only in
library Be

28 average LibB score of library
B ligands

26.58 number of global fingerprint
bits only in library B

694

similarity score between the
two libraries

0 Bayesian distance between the
two libraries

124.8 similarity score between the
two libraries

0.104

a See section 2.8 and ref 65. b See section 2.8 and ref 66. c Done by implementing the fingerprint descriptor FCFC_6, which correspond to
functional-class extended-connectivity fingerprint count up to diameter 6.66 d Library A list includes all training and testing compounds
employed in pharmacophore and QSAR modeling (1-83, Figure 1 and Table A in Supporting Information) in addition to 84 Hsp90 inhibitors
reported in the literature,67-69 including geldanamycin,67 17-allylamino-17-demethoxygeldamycin,32 and radicicol.67 The total library contains
167 inhibitors (an sd file of this list is provided as Supporting Information). e Library B includes active hits (84-121, Figure 8 and Table 6).
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4.1.3. Conformational Analysis. The molecular flexibilities
of the collected compounds were taken into account by
considering each compound as a collection of conformers
representing different areas of the conformational space
accessible to the molecule within a given energy range.
Accordingly, the conformational space of each inhibitor
(1-83, Figure 1 and Table A in Supporting Information)
was explored adopting the “best conformer generation”
option within CATALYST31 based on the generalized
CHARMm force field implemented in the program. Default
parameters were employed in the conformation generation
procedure of training compounds and screened libraries (NCI
and DAC), that is, a conformational ensemble was generated
with an energy threshold of 20 kcal/mol from the local
minimized structure at which has the lowest energy level
and a maximum limit of 250 conformers per molecule.31

4.1.4. Pharmacophoric Hypotheses Generation. All 83
molecules with their associated conformational models were
regrouped into a spreadsheet. The biological data of the
inhibitors were reported with an “Uncertainty” value of 3,
which means that the actual bioactivity of a particular
inhibitor is assumed to be situated somewhere in an interval
ranging from one-third to three-times the reported bioactivity
value of that inhibitor.39,40 Subsequently, six structurally
diverse training subsets, sets I, II, III, IV, V, and VI in Table
B of the Supporting Information, were carefully selected from
the collection for pharmacophore modeling. Typically,
CATALYST requires informative training sets that include
at least 16 compounds of evenly spread bioactivities over at
least three and a half logarithmic cycles. Lesser training lists
could lead to chance correlation and thus faulty models.

The selected training sets were utilized to conduct 24
modeling runs to explore the pharmacophoric space of
Hsp90R inhibitors (Table C in Supporting Information). The
exploration process included altering the interfeature spacing
parameter (100 and 300 pm) and the maximum number of
allowed features in the resulting pharmacophore hypotheses,
that is, they were allowed to vary from 4 to 5 for first and
second runs and from 5 to 5 for third and fourth runs of
each training set, as shown in Table C of the Supporting
Information.

Pharmacophore modeling employing CATALYST pro-
ceeds through three successive phases: the constructive phase,
subtractive phase, and optimization phase (see CATALYST
Modeling Algorithm in Supporting Information).31,36,38-41

4.1.5. Assessment of the Generated Hypotheses. When
generating hypotheses, CATALYST attempts to minimize
a cost function consisting of three terms: Weight cost, Error
cost and Configuration cost (see CATALYST Cost Analysis
in Assessment of Generated Binding Hypotheses in Sup-
porting Information).

An additional approach to assess the quality of CATALYST-
HYPOGEN pharmacophores is to cross-validate them using
the Cat-Scramble program implemented in CATALYST.
This validation procedure is based on Fischer’s randomiza-
tion test.42 In this validation test, we selected a 95%
confidence level, which instructs CATALYST to generate
19 random spreadsheets by the Cat-Scramble command.
Subsequently, CATALYST-HYPOGEN is challenged to use
these random spreadsheets to generate hypotheses using
exactly the same features and parameters used in generating
the initial unscrambled hypotheses. Success in generating

pharmacophores of comparable cost criteria to those pro-
duced by the original unscrambled data reduces the confi-
dence in the training compounds and the unscrambled
original pharmacophore models.31,42,54 Based on Fischer
randomization criteria; only 221 pharmacophores exceeded
the 85% significance threshold for subsequent processing
(clustering and QSAR analyses).

4.1.6. Clustering of the Generated Pharmacophore Hypoth-
eses. The successful models (221) were clustered into 25
groups utilizing the hierarchical average linkage method
available in CATALYST. Subsequently, the highest-ranking
representatives, as judged based on their significance F-
values, were selected to represent their corresponding clusters
in subsequent QSAR modeling. Table 1 shows information
about representative pharmacophores including their phar-
macophoric features, success criteria, and differences from
corresponding null hypotheses. The table also shows the
corresponding Cat. Scramble confidence levels for each
representative pharmacophore.

4.1.7. QSAR Modeling. A subset of 67 compounds from
the total list of inhibitors (1-83, Table A in Supporting
Information and Figure 1) was utilized as a training set for
QSAR modeling; the remaining 16 molecules (ca. 20% of
the data set) were employed as an external test subset for
validating the QSAR models. The test molecules were
selected as follows: the 83 inhibitors were ranked according
to their IC50 values, and then every fifth compound was
selected for the test set starting from the high-potency end.
This selection considers the fact that the test molecules must
represent a range of biological activities similar to that of
the training set. The selected test inhibitors are marked with
double asterisks in Table A of the Supporting Information.

The logarithm of measured 1/IC50 (µM) values was used
in QSAR, thus correlating the data linearly to the free energy
change. The chemical structures of the inhibitors were
imported into CERIUS2 as standard 3D single conformer
representations in SD format. Subsequently, different de-
scriptor groups were calculated for each compound employ-
ing the C2.DESCRIPTOR module of CERIUS2. The cal-
culated descriptors included various simple and valence
connectivity indices, electrotopological state indices, and
other molecular descriptors (logarithm of partition coefficient,
polarizability, dipole moment, molecular volume, molecular
weight, molecular surface area, etc.).43 The training com-
pounds were fitted (using the best-fit option in CATA-
LYST)31 against the representative pharmacophores (25
models, Table 1), and their fit values were added as additional
descriptors. The fit value for any compound is obtained
automatically via eq 5.31

Genetic function approximation (GFA) was employed to
search for the best possible QSAR regression equation
capable of correlating the variations in biological activities
of the training compounds with variations in the generated
descriptors, that is, multiple linear regression modeling
(MLR). GFA techniques rely on the evolutionary operations
of “crossover and mutation” to select optimal combinations
of descriptors (i.e., chromosomes) capable of explaining
bioactivity variation among training compounds from a large
pool of possible descriptor combinations, that is, chromosome
populations. However, to avoid overwhelming GFA-MLR
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with a large number of poor descriptor populations, we
removed lowest-variance descriptors (20%) prior to QSAR
analysis.

Each chromosome is associated with a fitness value that
reflects how good it is compared with other solutions. The
fitness function employed herein is based on Friedman’s
“lack-of-fit” (LOF).43

Our preliminary diagnostic trials suggested the following
optimal GFA parameters: explore linear, quadratic, and spline
equations at mating and mutation probabilities of 50%;
population size ) 500; number of genetic iterations )
30 000; lack-of-fit (LOF) smoothness parameter ) 1.0.
However, to determine the optimal number of explanatory
terms (QSAR descriptors), it was decided to scan and
evaluate all possible QSAR models resulting from 4 to 10
explanatory terms.

All QSAR models were validated employing leave-one-
out cross-validation (rLOO

2), bootstrapping (rBS
2), and predic-

tive r2 (rPRESS
2) calculated from the test subsets. The

predictive rPRESS
2 is defined as in eq 3:

where SD is the sum of the squared deviations between the
biological activities of the test set and the mean activity of
the training set molecules and PRESS is the squared
deviations between predicted and actual activity values for
every molecule in the test set.

4.1.8. Addition of Exclusion Volumes. To account for the
steric constraints of the binding pocket, we decided to
decorate Hypo1/7, Hypo8/8, and Hypo9/1 with exclusion
volumes employing the Hip-Hop-Refine module of
CATALYST. Hip-Hop-Refine uses inactive training com-
pounds to construct excluded volumes that resemble the steric
constraints of the binding pocket. It identifies spaces occupied
by the conformations of inactive compounds and free from
active ones. These regions are then filled with excluded
volumes.25-27

Since each pharmacophore resembles a separate binding
mode, it was decided to select two separate training subsets
for constructing appropriate exclusion spheres. Subset VII
was used to construct exclusion spheres around Hypo1/7 and
Hypo9/1, while subset VIII was used to construct exclusion
spheres around Hypo8/8, as in Table E of the Supporting
Information.

In Hip-Hop-Refine, the user defines how many molecules
must map completely or partially the particular hypothesis
via the Principal and Maximum Omitted Features (Max-
OmitFeat) parameters. Active compounds are normally
assigned a MaxOmitFeat parameter of zero and principal
value of 2 to instruct the software to consider all their
chemical moieties in pharmacophore modeling and to fit
them against all the pharmacophoric features of a particular
hypothesis. On the other hand, inactive compounds are
allowed to miss one (or two) features by assigning them a
MaxOmitFeat of 1 (or 2) and principal value of zero.

We decided to consider 20 µM as an appropriate activity/
inactivity threshold. Accordingly, inhibitors of IC50 values
<20 µM were regarded as “actives” and were assigned
principal and MaxOmitFeat values of 2 and 0, respectively,
On the other hand, inhibitors of IC50 > 20 µM were
considered inactive and were assigned principal values of

zero.31 However, each inactive compound was carefully
evaluated to assess whether its low potency is attributable
to missing one or more pharmacophoric features, that is,
compared with active compounds, or related to possible steric
clashes within the binding pocket, or due to both factors and
accordingly the MaxOmitFeat parameter was set to 1 or 2.
Hip-Hop-Refine was configured to allow a maximum of 100
exclusion spheres to be added to the generated pharmacoph-
oric hypotheses. Table E, Supporting Information, shows the
training compounds employed in this step and their corre-
sponding principal and MaxOmitFeat parameters.

4.1.9. ReceiVer Operating Characteristic (ROC) CurVe
Analysis. Selected pharmacophore models (i.e., Hypo1/7,
Hypo8/8, and Hypo 9/1) were validated by assessing their
abilities to selectively capture diverse Hsp90R active com-
pounds from a large testing list of actives and decoys.

The testing list was prepared as described by Verdonk and
co-workers.46,47 Briefly, decoy compounds were selected
based on three basic one-dimensional (1D) properties that
allow the assessment of distance (D) between two molecules
(e.g., i and j): (1) the number of hydrogen-bond donors
(NumHBD); (2) number of hydrogen-bond acceptors (Num-
HBA); (3) count of nonpolar atoms (NP, defined as the
summation of Cl, F, Br, I, S, and C atoms in a particular
molecule). For each active compound in the test set, the
distance to the nearest other active compound is assessed
by their Euclidean distance (eq 4):

The minimum distances are then averaged over all active
compounds (Dmin). Subsequently, for each active compound
in the test set, around 30 decoys were randomly chosen from
the ZINC database.48 The decoys were selected in such a
way that they did not exceed Dmin distance from their
corresponding active compound.

To diversify active members in the list, we excluded any
active compound having zero distance (D(i,j)) from other
active compound(s) in the test set. Active testing compounds
were defined as those possessing Hsp90R affinities ranging
from 0.0006 to 6.0 µM. The test set included 33 active
compounds and 989 ZINC decoys.

The test set (1022 compounds) was screened by each
particular pharmacophore employing the “Best flexible
search” option implemented in CATALYST, while the
conformational spaces of the compounds were generated
employing the “Fast conformation generation option” imple-
mented in CATALYST. Compounds missing one or more
features were discarded from the hit list. In silico hits were
scored employing their fit values as calculated by eq C in
Supporting Information.

The ROC curve analysis describes the sensitivity (Se or
true positive rate, eq 5) for any possible change in the number
of selected compounds (n) as a function of (1 - Sp). Sp is
defined as specificity or true negative rate (eq 6).47,49

rPRESS
2 ) SD - PRESS/SD (3)

D(i, j) )

�(NumHBDi - NumHBDj)
2 + (NumHBAi - NumHBAj)

2 +

(NPi - NPj)
2

(4)

Se ) Number of selected actives
Total number of actives

) TP
TP + FN

(5)
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where TP is the number of active compounds captured by
the virtual screening method (true positives), FN is the
number of active compounds discarded by the virtual
screening method, TN is the number of discarded decoys
(presumably inactives), and FP is the number of captured
decoys (presumably inactive).47,49

If all molecules scored by a virtual screening (VS) protocol
with sufficient discriminatory power are ranked according
to their score (i.e., fit values), starting with the best-scored
molecule and ending with the molecule that got the lowest
score, most of the actives will have a higher score than the
decoys. Since some of the actives will be scored lower than
decoys, an overlap between the distribution of active
molecules and decoys will occur, which will lead to the
prediction of false positives and false negatives.47,49 The
selection of one score value as a threshold strongly influences
the ratio of actives to decoys and therefore the validation of
a VS method. The ROC curve method avoids the selection
of a threshold by considering all Se and Sp pairs for each
score threshold.47,49 A ROC curve is plotted by setting the
score of the active molecule as the first threshold. Afterward,
the number of decoys within this cutoff is counted and the
corresponding Se and Sp pair is calculated. This calculation
is repeated for the active molecule with the second highest
score and so forth, until the scores of all actives are
considered as selection thresholds.

The ROC curve representing ideal distributions, where no
overlap between the scores of active molecules and decoys
exists, proceeds from the origin to the upper-left corner until
all the actives are retrieved and Se reaches the value of 1.
In contrast to that, the ROC curve for a set of actives and
decoys with randomly distributed scores tends toward the
Se ) 1 - Sp line asymptotically with increasing number of
actives and decoys.47,49 The success of a particular virtual
screening workflow can be judged from the following criteria
(shown in Table 4): (1) Area under the ROC curve
(AUC).47,49,55 In an optimal ROC curve an AUC value of 1
is obtained; however, random distributions cause an AUC
value of 0.5. Virtual screening that performs better than a
random discrimination of actives and decoys retrieves an
AUC value between 0.5 and 1, whereas an AUC value lower
than 0.5 represents the unfavorable case of a virtual screening
method that has a higher probability to assign the best scores
to decoys than to actives.47,49 (2) Overall accuracy (ACC)
describes the percentage of correctly classified molecules by
the screening protocol (eq 7). Testing compounds are
assigned a binary score value of zero (compound not
captured) or one (compound captured).47,49,56

where N is the total number of compounds in the testing
database and A is the number of true actives in the testing
database. (3) Overall specificity (SPC) describes the percent-
age of discarded inactives by the particular virtual screening
workflow. Inactive test compounds are assigned a binary
score value of zero (compound not captured) or one
(compound captured) regardless to their individual fit

values.47,49,56 (4) Overall true positive rate (TPR or overall
sensitivity) describes the fraction percentage of captured
actives from the total number of actives. Active test
compounds are assigned a binary score value of zero
(compound not captured) or one (compound captured)
regardless of their individual fit values.47,49,56 (5) Overall
false negative rate (FNR or overall percentage of discarded
actives) describes the fraction percentage of active com-
pounds discarded by the virtual screening method. Discarded
active test compounds are assigned a binary score value of
zero (compound not captured) or one (compound captured)
regardless of their individual fit values.47,49,56

4.1.10. In Silico Screening for New Hsp90R Inhibitors.
The sterically refined versions of Hypo1/7, Hypo8/8, and
Hypo 9/1 were employed as 3D search queries to screen two
3D flexible structural databases, NCI and DAC. The screen-
ing was done employing the “Best Flexible Database Search”
option implemented within CATALYST. NCI hits were
filtered according to Lipinski’s50 and Veber’s51 rules.
Remaining hits were fitted against the three pharmacophores
using the “best fit” option within CATALYST. The fit values
together with the relevant molecular descriptors of each hit
were substituted in the optimal QSAR eq 1. The highest
ranking molecules based on QSAR predictions were acquired
and tested in Vitro. Table 6 shows active hits and their QSAR
predictions and experimental bioactivities.

4.2. In Vitro Experimental Studies. 4.2.1. Materials. All
of the chemicals used in these experiments were of reagent
grade and were obtained from commercial suppliers. Hit
compounds formoterol, amodiaquine, primaquine, midodrine,
terfenadine, famotidine, isoxsuprine, diaveridine, bromodi-
olone, betaxolol, bumbuterol, clobenprobit, bicalutamide,
atenolol, nicardipine, chlorhexidine, chlorbufam, and trime-
thoprim were purchased from Sigma-Aldrich (Germany) and
were of purity >98%. NCI samples were kindly provided
by the National Cancer Institute and were of purity >95%.
Recombinant human Hsp90R (BIOQUOTE, York, U.K.),
ATP 100× solution (BIOQUOTE, York, U.K.), geldana-
mycin (BIOQUOTE, York, U.K.), Quantichrome ATPase/
GTPase Kit (BioAssay Systems, Hayward, CA), water for
bioanalysis (Sigma, St. Louis, MO), DMSO for bioanalysis
(Sigma, St. Louis, MO).

4.2.3. Preparation of Hit Compounds for In Vitro Assay.
The tested compounds were provided as dry powders in
variable quantities (5-500 mg). They were initially dissolved
in DMSO to give stock solutions of 0.2 M. Subsequently,
they were diluted to the required concentrations with
deionized water for enzymatic assay.

4.2.4. Quantification of Hsp90R ActiVity in a Spectropho-
tometric Assay. The ATPase activity of Hsp90R was quanti-
fied by colorimetric measurement of released inorganic
phosphate. Bioassays were performed by mixing Hsp90R
solution (6 µL, 25 µg/mL in assay buffer), 24 µL of assay
buffer, and 5 µL of the particular tested compounds to yield
final inhibitor concentrations of 100, 10, 1, and 0.1 µM per
well (in some cases 0.01 µM). The final concentration of
DMSO did not exceed 1.0%. The mixtures were incubated
for 30 min at 37 °C in an ELISA plate shaker, and then
ATP solutions (5 µL, 4 mM in assay buffer) were added to
each mixture. Blank was prepared as above except 5 µL of
distilled water was used instead of inhibitor solution. The
mixtures were equilibrated to 37 °C and incubated for 24 h.

Sp ) Number of discarded inactives
Total number of inactives

) TN
TN + FP

(6)

ACC ) TP + TN
N

) A
N

Se + (1 - A
N)Sp (7)
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The enzymatic reaction was terminated by the addition of
80 µL of malachite green ammoniummolybdate-tween 20
solution in 0.27 M H2SO4 and 10 µL of 34% sodium citrate.
Color was allowed to develop at room temperature for 30
min, and sample absorbances were determined at λmax ) 620
nm using a plate reader (Bio-Tek instruments ELx 800,
Winooski, VT). Inhibition of Hsp90R was calculated as
percent activity of the uninhibited ATPase control. Geldana-
mycin was tested as positive control,61 while negative
controls were prepared by adding the substrate after reaction
termination.57,58,64
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