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Here, we report on the development of a novel methodology to aid in design of Hsp90 inhibitors, using
molecular docking combined with artificial neural network (ANN) modelling. Inhibitors are first docked
into the ATPase site of the Human Hsp90a crystal structures and the thermodynamic properties of the
complexes together with various physical-chemical properties of the ligands are used as input to train

a simple feed-forward, back propagation ANN, to predict the inhibitors’ pICses. For an objective test set
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of 60 known Hsp90 inhibitors for which there are no crystallographic data available, the trained ANN
is shown to give pICsos accurate to within 1 log unit, and the predictions are sufficiently good as to allow
the majority of the inhibitors to be ranked correctly according to their potency.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Heat shock proteins (HSPs) represent a major family of molecu-
lar chaperone proteins, present in both prokaryotes and eukary-
otes.!? They serve a variety of different roles but are generally
concerned with maintaining the integrity and correct functioning
of a cell’s protein machinery.? They are intimately involved in pro-
tein turnover and, in some cases, assist in the de novo folding of
nascent polypeptides, and in guiding the translocation of proteins
through membranes.

The chaperone Hsp90 plays a fundamental role in the control of
cell growth and development, and hence is essential for cell sur-
vival. Under physiological conditions, it is found associated with
a wide variety of proteins including calmodulin, actin, tubulin,
numerous kinases and several sorts of receptors.* Most signifi-
cantly, it plays a crucial role in stabilizing and maintaining the ac-
tive conformations of steroid hormone receptors.>* In recent years
Hsp90 has been considered a promising target for the treatment of
a variety of human diseases. Many of the proteins assisted by
Hsp90 are regulators of cell growth and so the enzyme presents
an attractive target for cancer chemotherapy,® with the expecta-
tion that tumour-targeted inhibition of the enzyme would lead
to an accumulation of incorrectly folded proteins, inducing the
ubiquitin—proteasome system to destroy the abnormal proteins
and thereby stimulate apoptosis in the cancer cells.”~® Recent stud-
ies have also shown that Hsp90 may provide a target for treatment
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of cardiovascular conditions,’®!! and neurodegenerative diseases

such as Alzheimer’s disease,'? Parkinson’s disease,!*> and Amyotro-
phic Lateral Sclerosis.!*

Most of the inhibitors so far developed against Hsp90 have been
shown to effect their inhibition through binding in the ATP/ADP
binding site in its 25 kDa N-terminal ATPase domain.'>!® Early suc-
cesses were obtained as a result of serendipitous discovery through
large-scale phenotypic screening; inhibitors identified by this means
include the benzoquinone ansamicine antibiotics geldanamycin,
herbimicin B and radicicol.'” The subsequent determination of
Hsp90 crystal structures later afforded the opportunity for struc-
ture-based empirical design programmes, ultimately yielding inhib-
itors based on a purine scaffold,’®2° and resorcinolic pyrazole
compounds.?!

The use of Hsp90-inhibitor co-crystal structures has also now
allowed virtual screening studies, but the hits so far identified by
this means have exhibited only modest (micromolar) activity in
inhibition of cancer cell proliferation.??23 There are various clinical
trials in progress to assess the utility of selected (second genera-
tion) Hsp90 inhibitors in the treatment of solid tumours and hae-
matological malignancies, but research into new designs of
inhibitors is ongoing and active.

Here, we report on the development of a novel methodology to
aid in design of Hsp90 inhibitors, using molecular docking com-
bined with artificial neural network (ANN) modelling. Inhibitors
are first docked into the ATPase site of the Human Hsp90a crystal
structures and the thermodynamic properties of the complexes to-
gether with various physical-chemical properties of the ligands are
used as input to train a simple feed-forward, back propagation
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ANN, to predict the inhibitors’ pICsgs. For an objective test set of 60
known Hsp90 inhibitors for which there are no crystallographic
data available, the trained ANN is shown to give plCsos accurate
to within #1 log unit, and the predictions are sufficiently good as
to allow the majority of the inhibitors to be ranked correctly
according to their potency.

2. Methods

Atomic co-ordinates for Hsp90-inhibitor complexes were
downloaded from the Protein Data Bank (PDB, http://www.pdb.
org/),>* with entries initially selected on the criteria that the struc-
tures were solved by means of X-ray crystallography and involved
only the N-terminal domain (Hsp90a) from Homo sapiens. Further
restrictions of the dataset were then imposed by selecting only
those complexes where data were available on the inhibitor activ-
ity expressed as the half maximal inhibitory concentration (ICsg)
determined using either the Malachite green assay for ATPase
activity,?® or the fluorescence polarisation (FP) assay for Hsp90
inhibitors.?® The inhibitor activity data were obtained from the
Binding Database (BDB, http://www.bindingdb.org/).?”-2°

In order to permit an objective analysis of the prediction meth-
odology, a further 60 ligands were selected, this objective test set
comprising inhibitors with known ICso but with no crystallo-
graphic data available for their complexes with Hsp90o. The re-
quired structural data for complexes involving these inhibitors
were generated by means of docking using the software Molegro
Virtual Docker (MVD).2° The ICsqs for each inhibitor included in
this set were obtained from the studies reported by Brough
et al.>132

The Hsp90a-inhibitor complexes selected for use here show a
good variation in inhibitor physical-chemical properties. The inhib-
itors considered include the first discovered antibiotic of the ansam-
icine class, geldanamycin (GA) (PDB: 1YET),!” and its derivative 17-
desmethoxy-17-N,N-dimethylaminoethylamino-geldanamycin (17
-DMAG) (PDB: 10SF).3 There are also 9 crystallographic complexes
involving purine-based inhibitor derivatives (PDB: 1UY6; 1UY8;
1UY9; 1UYC; 1UYF; 1UYG; 1UYH; 1UYI; 1UYK).?? The other ligands
taken into account were: pyrazoles with pendant aryl groups (PDB:
2BSM);3*  3-(5-chloro-2,4-dihydroxyphenyl)-pyrazole-4-carbox-
amides derivatives (PDB: 2BYH; 2BYI);*® piperazinyl, morpholino
and piperidyl derivatives of pyrazole-based inhibitors (PDB:
2CCS;3® 2CDD?®); 8-arylsulfanyl adenines (PDB: 2FWY; 2FWZ;
2H55);37 3,4-diarylpyrazole resorcinol pyrazole amide analogues
(PDB: 2UWD);3® 4,5-diarylisoxazole scaffold based structures
(PDB: 2VCI; 2V(J);** 2-aminothieno[2,3-d]pyrimidine scaffold
based structures (PDB: 2WI2; 2WI4; 2WI5; 2WI6; 2WI7);3! benzis-
oxazole derivatives (PDB: 3BM9; 3BMY);*° quinazoline scaffold
based structures (PDB: 3FT5; 3FT8);4? the resorcinol and triazolothi-
one scaffold based structures (PDB: 3HHU).*!

A Windows© based version of the Pulmonary Drug Delivery
Learning engine (PUDDLE)*? was used for training and testing the
artificial neural networks. The ANNs considered used multi layer
perceptron network topology and comprised a single input layer,
one or more hidden layers, and a single output layer.**> Networks
were trained and tested on a (3.00 GHz; 2.99 GHz) Duo Processor
PC equipped with 2.00 Gb RAM.

A set of 10 molecular descriptors was used as ANN inputs. These
included properties of the ligands, specifically their volumes, topo-
logical polar surface areas (TPSA),** and numbers of rotatable
bonds (NRTB), together with various computed interaction ener-
gies for their complexes with Hsp90q, viz. the H-bonding energy,
water-ligand interaction energy, internal ligand interaction en-
ergy, external ligand interaction energy, and total energy. They also
included the root mean square difference (RMSD) in atomic co-

ordinates following least squares superposition of the binding site
residues in the complexed and uncomplexed enzyme, and a binary
flag to distinguish the assay employed in determination of the
inhibitor ICso (for Malachite green assay for ATPase activity:2> 0;
and for fluorescence polarisation assay for Hsp90 inhibitors:26 1).

The ligand volume, TPSA, and NRTB were obtained using the
web tool Molecular Properties Calculator from Molinspiration
Cheminformatics (http://www.molinspiration.com/). The mea-
surement of RMSD was carried out by means of the in-house soft-
ware, Movement (Barlow, unpublished data). Thermodynamic
molecular descriptors were calculated for each Hsp90a-inhibitor
complex using Molegro Virtual Docker (MVD).2° Data were ob-
tained for each complex using the ligand energy inspector tool
implemented in MVD, which provides energies computed with
both the MolDock and ReRank scoring functions.

All ANN input parameters i were normalised prior to training
as:

jy — L tmin_ )
Imax — Imin

where iy and imax are the minimum and maximum for each input

parameter i, respectively, and i, is the normalised input.

The docking of the inhibitors in the ATP-binding cavity of the N-
terminal Hsp90 domain was carried out with MVD?® setting a dis-
tance constraint to the key aspartic acid residue (Asp93) between
2.30 and 3.60A for hydrogen donor atoms in the ligand. The
Hsp90a, ATPase site was defined using the MVD cavity detection
algorithm and the partial charges, bond orders, and flexible tor-
sions for both the protein and the ligand were assigned using the
program'’s preparation tool. The scoring function used was Mol-
Dock Score [GRID] with a grid resolution of 0.20 A. The docking
sphere was centred to the detected cavity and the radius set be-
tween 8 and 10 A, depending on the dimensions of the ligand to
be docked. MolDock SE was chosen as the search algorithm with
the number of runs set to 30. Poses were constrained to the de-
tected cavity and H-bonds optimised after pose prediction. The
pose chosen as the best in each case was selected according to
the best ReRank Score and the associated interaction energies ob-
tained via the ligand energy inspector.

The 3D structures of the objective test set ligands were built
using the Molecular Operative Environment (MOE 2009.10, Chem-
ical Computing Group Inc.) drawing tool, and structure optimisa-
tions and partial charge assignments were performed using the
MMFF94x force field.

3. Results and discussion

The ANN for use in predicting the pICsgs of Hsp90 inhibitors was
trained using the data obtained for a total of 32 inhibitors for
which crystal structures were available for their complexes with
Human Hsp90a. A comprehensive list of the inhibitors together
with their associated molecular descriptors and pICsgs is given in
Table 1. The entire set of inhibitors covers a wide range of activity,
with ICsps spanning 350 puM to 7 nM. The inhibitors’ chemical
diversity is such that it includes the four main classes recently re-
viewed by Janin,*> with compounds categorised according to their
central structural motif and binding mode; in addition to the
ansamicine class the set includes resorcinols, (benz)-amides, ami-
no pyr(im)idines, phenols, and purines. For the purposes of ANN
training the data set was divided with 26 structures used for net-
work training, and 6 structures used for cross validation (to safe-
guard against overfitting).

The choice of molecular descriptors to use as ANN input was
made so as to cover all possible contributory factors. Given the
large gap between the steric effects of geldanamycin (522.1 A3)
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Table 1

The molecular descriptors of each Hsp90 inhibitor used in training and cross validation of the ANN: 10 parameters were selected as inputs, including physico-chemical descriptors
such as the ligand molecular volume, and topological polar surface area (TPSA), the protein conformational change induced in Hsp90 upon ligand binding, the inhibitor flexibility,

and thermodynamic descriptors

Compound  Vol. TPSA RMSD® NRTB® H-bond En.¢ Wat.-lig. inter. Internal ligand inter.!  External ligand inter.  Tot. energy? Assay®
(A%) (A?) (kJ mol™1) (kj mol™1) (kj mol™1) (kJ mol™") (kJ mol™1)
10SF 588.48 169.529 2.409 8 —12.024 —46.631 7.772 —196.398 —188.626 0
3FT5 161.272 51.807 0.22 0 —-1.98 —18.163 5.159 —-74.111 —68.952 0
2WI2 134.113 64.699 0.297 1 —-1.98 —18.848 5.081 —66.106 —61.026 0
2WI5 298.055 141.058 0.411 4 -6.2 7.842 14.516 —37.682 —23.166 0
1YET 522.114 163.498 2.409 5 —8.955 —19.782 20911 —152.242 —-131.332 0
2H55 366.041 100.128 1.411 7 —2.347 —47.962 14.717 -161.979 —147.262 0
1UYF 368.2 97.335 1.362 8 -2.375 —34.493 21.137 —158.352 —-137.215 1
2CCS 247.404 84.404 0.204 2 -3.187 —28.22 6.037 —-121.761 -115.724 0
2V(] 393.528 108.058 0.377 6 —6.005 —-13.47 23.302 —142.087 —118.786 0
2Wi4 276.012 76.535 1.347 3 -3.323 —18.585 12.593 —33.803 -21.21 0
2V(Cl 429.942 108.058 0.324 7 —6.548 —20.341 21.209 —173.988 -152.778 0
1UYK 296.259 88.101 1.295 5 —-2.24 —8.089 12.658 —98.687 —86.029 1
2CDD 314.381 87.607 0.245 3 -3.421 —15.891 15.727 —135.035 —-119.308 0
2FWY 356.331 100.128 1.564 7 -2.27 —-27.333 17.572 —-133.971 —-116.399 0
1UYG 256.073 98.958 1.23 4 -2.834 -36.927 19.229 —139.512 —120.283 1
2WI17 396.689 93.377 1471 7 —4.272 -27.807 16.662 —135.363 —-118.701 0
3BMY 330.567 90.987 1.348 5 —-3.932 -18.774 21.963 —119.969 —98.006 0
3HHU 378.096 109.506 0.431 7 —4.326 —26.126 17.323 —154.116 —136.794 0
2WI6 284.952 80.905 1.746 3 -3.208 —13.295 6.874 —114.438 —107.565 0
1UY6 344.036 97.335 1452 8 -2.66 —40.521 22.629 —155.231 —132.602 1
1UY8 292.944 78.867 1.336 6 —-2.224 —33.257 19.071 —129.579 -110.508 1
1UYC 318.49 88.101 1.316 7 —2.647 —39.942 19.784 —145.408 —125.624 1
1UYH 323.421 88.101 1.236 7 -2.399 —-37.973 17.001 —148.183 —-131.183 1
2BYI 328.169 158.402 1.653 5 —7.794 —42.368 13.277 —165.086 —151.809 0
3BM9 218.794 86.716 0.204 1 —6.349 -30.332 8.936 —120.541 —111.606 0
3FT8 318.04 97.291 1.361 2 -2.32 —46.251 14.992 —-165.017 —150.025 0
2UWD 324.138 104.82 0.337 5 -5.28 —44.026 10.815 —-169.823 —159.008 0
2FWZ 362.436 100.128 1.566 7 -2.632 —38.239 14.97 —144.925 —129.955 0
1UY9 291.328 88.101 1.421 5 —2.248 —42.457 13.674 —144.395 —130.721 1
2BYH 304.192 115.308 1.815 4 —6.797 -41.6 10.692 —151.844 —141.152 0
2BSM 327.556 107.471 0.281 5 —-7.212 —24.637 12.59 —152.61 —140.02 0
1UYI 329.119 88.101 1.387 7 -2.8 —40.353 19.359 —157.248 —137.889 1

2 Topological polar surface area of a molecule defined as the surface sum over all polar atoms, including the surface area of attached hydrogens.

Number of rotable bonds.

o a2 n T

(PDB code 1YET) and a small inhibitor like 4-methyl-6-(meth-
ylsulfanyl)-1,3,5-trazin-2-amine (134.1 A3) (PDB code 2WI2), and
also given the wide gap between their activities (0.020 uM and
350 pnM, respectively), the introduction of molecular volume as in-
put was considered appropriate. In view also of the fact that
Hsp90a ligands are shown to require a H-bond donor group in or-
der to mimic the endogen ADP, with other crucial interactions
involving the key conserved aspartic acid residue (Asp93), and
the network of water molecules at the bottom of the ATPase cavity,
it was clearly essential too to have ANN inputs quantifying the pro-
tein-ligand H-bonding Energy and polar surface area (TPSA). Since
the N-terminal domain of Hsp90 undergoes significant conforma-
tional changes when ligands bind,*® the edge of the hydrophobic
pocket being flexible and the accommodation of larger groups
made possible by the movement of the loop between Ile104 and
Ala111,2 it was also deemed important to have ANN inputs to
quantify the extent of conformational change in the ligand and
protein. For the protein, we considered the conformational changes
in residues within 4 A of any ligand atom comparing against the
positions of the same residues in the uncomplexed protein (PDB
code 1UYL).?? The results were expressed as the all atom root mean
square deviation (RMSD in A) for the entire set of binding site res-
idues. To quantify ligand flexibility we used an ANN input of the
number of rotatable bonds (NRTB).

The topology of the ANN was determined by trial and error,
manually optimising the number of hidden neurons, the network
momentum, the learning rate, and noise level. For the final trained

Energy descriptors obtained by Molegro Virtual Docker, see Section 2 for details.>°
Input 1 for Malachite green assay for ATPase activity,?> input 0 for fluorescence polarisation assay for Hsp90 inhibitors.2®

Root mean square difference in the atomic positions for the atoms of proteins residues within 4 A of the bound inhibitor.

network we settled on a topology of 10 input nodes, nine hidden
nodes, and one output (overall structure 10-9-1). This network
was found to give best results, considering the mean square errors
in pICsq predictions made for the training, and cross validation data
sets.

Considering the plCso predictions made for the training and
cross validation data sets using the crystallographic data as inputs
(Table 2), it is clear that the ANN was successfully trained and the
problem of overfitting avoided; regression of the predicted on the
measured pICsps gives a strong positive correlation, with a slope
and intercept not significantly different from 1 and 0, respectively
(Fig. 1). The pICsq predictions made for the same set of 32 ligands,
using ANN inputs furnished through MVD re-dockings, gave
equally encouraging results (Table 2).

Considering the predictions made for the training and cross val-
idation data sets using re-docking data as inputs, the regression of
the predicted on the measured plCsos again gives a strong positive
correlation, with a slope and intercept not significantly different
from 1 and 0, respectively (accepting significance as P, < 0.05).

For the 60 inhibitors in the objective test set the pICso predic-
tions are not as accurate (Table 3) but the ranking of the predicted
pICses is more or less correct (giving a Spearman’s rank Correlation
Coefficient, R = 0.84, with P, < 0.01).

The ICsq for the most potent inhibitors are predicted with higher
accuracy than those for weak inhibitors, and the general trend is
for the ANN to overestimate the potency of the objective test set
inhibitors. On average, the predicted ICsos are in error by around
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Table 2

The actual and the predicted pICsq of each inhibitor used to train and cross validation of the network. The final ANN configuration adopted is (10-9-1)
Compound IC50° (nM) Actual pICs® Predicted pICs, crystal input (Err.) Predicted pICso ReDock input (Err.)
10SF 24 7.62 7.68 (—0.06) 7.58 (—0.04)
3FT5 15,000 482 4.87 (—0.04) 5.08 (—0.26)
2WI2 350,000 3.46 3.48 (—0.03) 3.74 (-0.28)
2WI5 900 6.05 6.1 (—0.05) 6.85 (—0.8)
1YET 20 7.7 7.72 (—-0.02) 7.45 (0.25)
2H55 80 7.1 7.11 (-0.01) 6.84 (0.26)
1UYF 1500* 5.82 5.82 (0) 5.53 (0.3)
2CCS 2000 5.7 5.78 (—0.08) 6.39 (—0.69)
2v(] 21 7.68 7.86 (—0.18) 7.65 (0.03)
2WI4 1560 5.81 5.88 (—0.07) 6.47 (—0.67)
2vdl 7 8.15 8.23 (—0.08) 7.98 (0.18)
1UYK 17,100* 4.77 4.81 (-0.04) 5.45 (—0.68)
2CDD 148 6.83 6.78 (0.05) 6.97 (—0.14)
2FWY 205 6.69 6.82 (—-0.14) 6.46 (0.23)
1UYG 53,500" 427 435 (—0.07) 461 (-0.34)
2WI17 58 7.24 7.49 (—0.26) 7.44 (-0.2)
3BMY 30 7.52 7.38 (0.15) 6.97 (0.55)
3HHU 41 7.39 7.26 (0.13) 7.97 (-0.59)
2WI6 230 6.64 6.68 (—0.04) 6.74 (—0.11)
1UY6 1000* 6 5.85 (0.15) 5.46 (0.54)
1UY8 75,000 4.12 4.02 (0.11) 3.66 (0.46)
1UYC 41,000* 439 4.89 (-0.5) 4,73 (-0.34)
1UYH 14,300* 484 475 (0.1) 452 (0.32)
2BYI 461 6.34 6.46 (—0.12) 6.05 (0.28)
3BM9 190 6.72 6.64 (0.08) 6.56 (0.16)
3FT8 30 7.52 7.59 (—0.06) 7.62 (—0.1)
Compound ICs” (NM) Actual pICso® Predicted pICsq crystal input® (Err.) Predicted pICs, ReDock input? (Err.)
2UWD 28 7.55 7.35(0.2) 7.02 (0.53)
2FWZ 50 7.3 6.99 (0.31) 6.9 (0.41)
1UY9 15,300 482 4.59 (0.23) 445 (0.37)
2BYH 258 6.59 7.07 (-0.48) 7.16 (—0.57)
2BSM 25 7.6 7.6 (0) 7.33(0.27)
1UYI 4100* 5.39 5.55 (—0.16) 6.07 (—0.68)

2 Values marked with * referred to Malachite green assay for ATPase activity,?> values not marked with * referred to fluorescence polarisation (FP) assay for Hsp90
inhibitors.2®

b The activity is expressed as a function of the negative logarithm of molar concentration: pICso = —log;o ICso.

¢ Input data from the crystallographic structure of the protein-inhibitor PDB complex.

4 Input data from the best re-docked pose by MVD.>°
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Figure 1. Correlation between the observed pICses and the predicted pICsos for the training, cross validation and objective test data sets.
51% which should be judged in the context of experimental uncer- Analysis of the ANN connection weights indicates that nine of
tainties that are frequently also of this magnitude, cf., the error of the ten inputs have similar influence in determining the inhibitor
+47% quoted for inhibitor 4-bromo-6-(6-hydroxy-1,2-benzisoxaz- activity. The exception is NRTB (the number of rotatable bonds in

ole-3-yl)benzene-1,3-diol (PDB: 3BM9).26:363° the ligand) which is about two thirds as important as the other
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Table 3

The actual and the predicted pICsp of each inhibitor of the objective test set. The final ANN configuration adopted is (10-9-1)

Compound ICso (NM) Actual pICso® Predicted pICsq (Err.) Compound 1Csp (NnM) Actual pICso® Predicted pICsg (Err.)
1 5700 5.24 6.06 (—0.82) 31 914 6.04 6.74 (-0.7)
2 720 6.14 6.21 (-0.07) 32 1660 5.78 6.9 (-1.12)
3 340 6.47 6.51 (—0.04) 33 21 7.68 7.64 (0.04)
4 300 6.52 6.43 (0.1) 34 14 7.85 6.97 (0.89)
5 56 7.25 6.77 (0.48) 35 39 7.41 7.54 (-0.13)
6 64 7.19 6.6 (0.6) 36 64 7.19 7.26 (-0.07)
7 47 7.33 6.32 (1) 37 19 7.72 7.55 (0.17)
8 127 6.9 6.55 (0.34) 38 28 7.55 7.38 (0.17)
9 80 7.1 7 (0.1) 39 39 741 7.24 (0.17)

10 29 7.54 6.56 (0.98) 40 18 7.74 6.95 (0.79)

11 80 71 6.52 (0.58) 1 127 6.9 7.06 (—0.16)

12 176 6.75 6.95 (-0.2) 42 343 6.46 7.19 (-0.73)

13 87 7.06 7.02 (0.04) 43 239 6.62 7.57 (—0.95)

14 102 6.99 6.97 (0.02) 44 32 7.49 7.63 (-0.14)

15 84 7.08 6.17 (0.9) 45 29 7.54 7.59 (—0.05)

16 58 7.24 7.27 (-0.03) 46 13 7.89 7.49 (0.39)

17 146 6.84 7.22 (-0.38) 47 20 7.7 7.75 (—-0.05)

18 115 6.94 7.41 (-047) 48 26 7.59 7.59 (0)

19 35 7.46 6.97 (0.49) 49 26 7.59 7.57 (0.01)

20 27 7.57 7.55 (0.02) 50 22 7.66 6.97 (0.68)

21 37 7.43 7.31 (0.13) 51 14 7.85 7.35 (0.5)

22 57 7.24 7.29 (-0.04) 52 39 741 6.98 (0.43)

23 142 6.85 7.15 (-0.3) 53 14 7.85 7.65 (0.2)

24 222 6.65 7.57 (-0.91) 54 36 7.44 7.7 (-0.25)

25 1000 6 7(-1) 55 35 7.46 7.63 (-0.17)

26 231 6.64 6.77 (-0.13) 56 8 8.1 7.64 (0.46)

27 2630 5.58 6.61 (—1.03) 57 11 7.96 7.92 (0.04)

28 728 6.14 6.75 (-0.61) 58 6 8.22 7.76 (0.47)

29 1290 5.89 7.09 (-1.2) 59 6 8.22 8.13 (0.1)

30 431 6.37 7.12 (-0.75) 60 74 713 6.5 (0.63)

@ The activity is expressed as a function of the negative logarithm of molar concentration: pICsg = —log;¢ ICso.

inputs. It is also worthy of note here that the type of assay was re-
quired as an ANN input, thus confirming the reported difference in
sensitivity of the Malachite green and fluorescence polarisation
assays.2®

As widely reported, Hsp90 plasticity is a key factor in its binding
of ligands and the necessity to include the All at. RMSD as input is
thus not unexpected.”® The poorer quality of the pICso predictions
for the objective test set ligands may be readily attributed there-
fore, to approximations made as regards the extent of the confor-
mational changes induced by the ligand binding. This could be
quantified for the training and cross validation data set inhibitors,
by comparing the structures of the complexed and uncomplexed
enzymes. For the objective test set inhibitors, however, the re-
quired RMSD could be obtained only by allowing MVD freedom
to alter the conformations of binding site residues during the dock-
ing. With such freedom allowed, however, the results obtained
were very poor (and the pICso predictions correspondingly highly
inaccurate). We performed the docking on the Apo structure of
Hsp90a (PDB: 1UYL) allowing displacement of water molecules in-
side the cavity and sidechain conformational changes, by means of
MVD displacement water and MVD sidechain flexibility functions,
respectively. Even employing these optional algorithms the dock-
ing returned unacceptable thermodynamic values, due to high en-
tropy and clash penalty, and poor prediction results with these
inputs presented to the ANN. An alternative strategy was thus
adopted to dock the objective ligand in the target taken from the
crystallographic complex of the inhibitor belonging to the same
chemotype class (target from PDB complex 2VCI! to dock objec-
tive ligands 1-16, and PDB complex 2WI732 to dock objective li-
gands 17-60). This permitted to overcome the poor simulation of
protein conformational change taking advantage of the conforma-
tional state induced by the crystallized inhibitor. We also per-
formed the docking recruiting the MVD displacement water and
MVD sidechain flexibility functions but the ANN returned poor
quality results.

A comparison of the prediction quality between input provided
by MolDock and ReRank scoring functions was performed. We no-
ticed that thermodynamic descriptors obtained by means of Re-
Rank scoring function led to higher accuracy in plCsq predictions
than data given by MolDock scoring function.

Inhibitor 3FT8 gave a predicted plICsq error of (—0.06) when the
prediction was made using crystallographic data, and a predicted
pICsq error of (—0.10) when the best re-docked pose’s thermody-
namic data were used as input. Inhibitor 2WI5 gave a predicted
plCsp error of (—0.06) when the prediction was made using crystal-
lographic data by means of crystallographic data as input, and a
predicted pICso error of (—0.08) if the prediction was made on
the basis of the best re-docked pose data. The investigation of such
a variety in prediction quality led to the analysis of poses gener-
ated by the re-docking engine. The RMSD from the reference ligand
was found to be 0.256 for 3FT8 (Fig. 2a), while the RMSD for 2WI5
was found to be 6.660 from reference ligand (Fig. 2b). This sheds
light on the importance of the docking quality, and with the previ-
ously made observation on the ineffective sidechain flexibility tool,
it is easy to understand that the limit as regards the accuracy of
pICso predictions is not determined by the ANN method itself but
by the quality of input data provided through the simulation of li-
gand docking.

4. Conclusion

Developing new operating schemes as tools for scoring the
activities of novel compounds is a major challenge in drug discov-
ery research. Through interaction with multiple substrates, Hsp90
provides a bridge between the cell and its environment, allowing
the integration of the stress response to the normal transductional
and transcriptional processes. The experimental work detailed
here has demonstrated that an artificial neural network of the
proper type and configuration can be trained to predict the half
maximum inhibitory concentration of Hsp90 inhibitors with
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Figure 2. (a) Shows the different orientation in the cavity for the crystallographic structure 3FT8 (green) and for the best re-docked pose of the same ligand according to
ReRank Scoring function (yellow); (b) shows the different orientation in the cavity for the crystallographic structure 2WI5 (green) and for the best re-docked pose according
to ReRank Scoring function (yellow). The RMSD from the reference ligand was found to be 0.256 for 3FT8 associated to an error in prediction of (—0.05), and 6.660 for 2WI5

associated to an error in prediction of (—0.80).

considerable success. The reliability of the method is limited pri-
marily by the quality of the ANN input data furnished through
molecular docking. The model here presented may provide a useful
tool for investigating the potential Hsp90 inhibitory activities of
novel compounds—of chemotypes represented within the existing
(Hsp90) crystallographic data set—in order to accelerate and im-
prove the discovery of new drug leads. Such modelling might be
extended to any molecular target for which there is sufficient crys-
tallographic data, and whose inhibitory mechanism can be param-
eterized as it was for Hsp90.
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Supplementary data (the input data for the objective test set,
the input data obtained by means of re-docking for training and
cross validation sets, and the SMILE entry for each inhibitor struc-
ture included in the objective test set with the activity value) asso-
ciated with this article can be found, in the online version, at
doi:10.1016/j.bmc.2011.10.069. These data include MOL files and
InChiKeys of the most important compounds described in this
article.
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