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Abstract: Virtual screening (VS) approaches have been constantly increasing their applications into hit discovery process.

In the last few years, we have performed an intensive screening campaign using different in silico strategies and combin-
ing them with a biochemistry validation. In the present work, using a consensus docking approach, we have identified a
small family of novel protein kinase A (PKA) inhibitors. In particular, an anthraquinone derivative (compound 11) has
shown an interesting inhibitory activity versus PKA with an ICs, value of 27 uM.
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INTRODUCTION

Discovering new drug candidates through virtual screen-
ing (VS) of large chemical databases targeting protein struc-
tures has shown great promise [1]. With the dramatic in-
crease of pharmaceutical targets in recent years arising from
the human genome project and high-throughput crystallogra-
phy efforts, virtual screening will undoubtedly play a crucial
role in identifying novel ligands for the new coming thera-
peutically relevant protein targets [1].

There are two fundamental approaches to virtually screen
molecular databases: a ligand-based (pharmacophore-driven)
virtual screening, and a structure-based (3D target-driven)
virtual screening. The power of pharmacophore-driven
methods for lead generation lies in their ability to suggest a
diverse set of compounds potentially possessing a desired
biological activity but which has totally different chemical
scaffolds. Structure-based VS searches a database for com-
pounds that fit into the binding site of the target, based on
their chemical feature matching and shape complementarity.
However, structure-based studies require 3D knowledge of
the target. Molecular docking represents the heart of a struc-
ture-based VS procedure. It has to solve two distinct, but
highly correlated problems: the prediction of the most favor-
able inhibitor conformation (pose) inside the target struc-
ture’s active pocket and the prediction of its corresponding
binding affinity. The two faces of the same coin are the ex-
haustive exploration of the ligand conformational space in-
side the protein cleft and the estimation of the different en-
ergy contributions to the free energy of binding [2].

Nowadays, several virtual screening protocols have been
proposed. For docking programs, the primary criteria to
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assess their performance are docking accuracy (RMSD to
known pose), scoring accuracy (prediction of the absolute
binding free energy), screening efficiency (discrimination of
active hits from random compounds), and computational
speed (time needed to perform the conformational sampling).
Computational speed that is strongly dependent on the dock-
ing algorithm used is vital in virtual screening. Only those
able to dock a flexible ligand within a reasonable time scale
(100-200s) are suitable for virtual screening purpose [3-7].
Unfortunately, none of the present methods is able to satis-
factorily fulfill all these requirements, i.e. to offer a robust,
accurate, and fast solution to the docking problem.

In the last few years, we have performed an intensive
screening campaign using different in silico strategies and
combining them with a biochemistry validation [8,9]. In the
presented paper, we have focused our attention on protein
kinase A (PKA) due to its key role in cancer [10]. Following
some recent successful examples of new kinase inhibitors
discovered by high-throughput docking (HTD) [8], we have
performed a virtual screening experiment targeting the ATP
binding site of PKA by browsing our in house molecular
database (MMSINC) [11].

MATERIAL AND METHODS

Generally speaking, HTD approach could represent a
good strategy to prioritize compounds for chemical synthesis
and biological screening. In our virtual screening protocol,
we have used a combination of different HTD protocols in
tandem with a consensus scoring strategy, as summarized in
Fig. (1). Each step will be described in more detail in the
following sections.

Preparation of Protein Structures

Nine different PKA structures in complex with different
ligands were obtained from the Protein Data Bank [12] (PDB
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Fig. (1). Flowchart of the high-throughput consensus docking.

codes are summarized in Table 1). Water molecules, ions
and the ligands were removed and only the main PKA cata-
lytic domain chain was kept. Hydrogen atoms were added
reflecting the protonation state at physiological pH using
MOE suite [13], and the resulting structures were carefully
checked for missing connectivity or inconsistent protonation
states.

Protein structures were energy-minimized in MOE using
Amber 99 force field and freezing the coordinates all protein
heavy atoms.

Preparation of PKA Inhibitors and Molecular Database
(MMSsINC)

Ligand structures were energy-minimized using the
MMFF94x force field in MOE, and then refined with the
LigPrep [14] utility available in Maestro (Schrédinger Inc.),
predicting the most probable tautomeric and ionic forms of
each ligand structure at pH= 7.

Consensus Scoring Functions

Consensus scoring methods have been previously re-
ported to be an alternative and valid approach to balance the
contributions of different scoring functions, thus, improving
their overall performance [15, 16]. In this approach, we in-
vestigated the performance of three different consensus scor-
ing functions.

NCS: a classical rank-by-rank approach. The score of
this function for a given molecule is obtained by av-
eraging the ranks r;, it obtains from all the scoring
functions.

a)

ir,-(x)—l

NCS(x) = E—
n

b) LCS: a rank-by-score function. The score is calculated

by averaging the contribution of each scoring func-

Table 1.  PDB Entries Used in the Docking Validation
PDB Code Resolution (A) Co-Crystallized Ligand
IRES8 2.1 1
ISTC 2.3 2
1Q8T 2.0 3
1Q8U 1.9 4
1Q8W 2.2 5
1SZM 2.5 6
1YDR i 22 7
1YDS 22 8
1YDT 2.3 9




tion's score Sj(x) after normalizing to the same inter-
val [0, 1]. The score is then multiplied by the number
of entries in the database N minus one for direct com-
parison with NCS results.

iM,—S,(x)

Mi—mi
n

LCS(x) == (N ~1)

Where M; and m; are the best and worst scoring function
values of scoring function i for the database, respectively.

c) FiTk: This function represents the number of scoring
functions, for which a certain molecule is scored
among the top k% of the database.

FiTk(x) = if(x)

r—1

o 1if ‘_le [0,:5]

.
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Scoring Functions

In the present work, a collection of 8 empirical scoring
functions has been selected. Six of them are implemented in
FRED docking suite [17], such as Chemgauss and Chem-
gauss2, Screenscore, Zapbind, Chemscore [18], and PLP
[19]. Moreover, MOE-score [13] and X-Score [20] have also
been also utilized as originally implemented in each docking
program [21, 22].

Docking Algorithms
GOLD

GOLD [23], is among the most widely-used docking pro-
tocol. It implements a genetic algorithm in which the popula-
tion is separated in groups (“islands™). Each island evolves

OH O OH OH (0] OH OH O OH
a b
OO
o] NO, O o)
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independently of the others. A migration operator allows an
individual to move from island to island with a certain prob-
ability. Standard parameter settings have been used.

PLANTS

The protein-ligand docking algorithm PLANTS [24, 25]
is based on a class of stochastic search algorithms called Ant
Colony Optimization (ACO). An artificial ant colony is em-
ployed to search for high quality protein-ligand conforma-
tions with respect to the given scoring function by mimick-
ing the pheromone trail laying behavior of real ant colonies
searching for food. PLANTS use an empirical scoring func-
tion called CHEMPLP. The default values of 20 ants, 0.25
pheromone evaporation factor and 1.0 sigma scaling factors
were used as proposed in Korb er al. [24, 25].

MOE-Dock

We used the genetic docking algorithm implemented in
MOE-Dock protocol of MOE suite [13]. Standard parame-
ters settings have been used in each docking run.

GLIDE

Glide implements a systematic algorithm based on a hi-
erarchical series of filters [26]. Conformations that success-
fully go through the last filter are energy-minimized and
returned as solutions. We used the XP (extra precision) set-
ting since its performance appeared to be significantly higher
than the others (data not shown).

eHiTS

The search algorithm in eHiTS [27] is based on a divide
and conquer approach. Each rigid fragment of a molecule is
separately docked, and then a solution is build from high-
score fragment poses. Different protonation states of ligand
and protein are tested. Standard parameters have been used
in each docking run.

Chemistry

The nitro-anthraquinone derivative (15) [28] was ob-
tained by mild nitration of the corresponding 1,8-hydroxyl-

NH,
10

Scheme 1. a) CH;COOH, KNO;, 50°c for 157, then rt overnight; b) H,, Pd/C, CH;0H, rt, 4h.
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Scheme 2. a) EtsN, DMAP; DMF, rt, 4h; b) TFA/water, t, 4h.
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anthraquinones available as commercial product. Then, the
amino derivative (10) was obtained from a catalytic reduc-
tion of the nitro group, as reported in Scheme 1. Compound
11 was obtained from aloe emodin (16) and the Boc-Ile-OSu
derivative. The Boc protecting group was removed using a
standard procedure, as reported in Scheme 2. Compound 12
was obtained from juglone 17 and resorcinol, as shown in
Scheme 3. The structure of the product was confirmed by
NMR. Compound 13 was obtained by nucleophilic substitu-
tion of bromine in a previously obtained compound 18 with
potassium phthalimide (Gabriel synthesis, Scheme 4) [29].
Finally, the synthesis of 5,9-di-hydroxybenzo[b]naphtho[2.1-
d]furan (14) was accomplished by means of a literature pro-
cedure [30] used for the preparation of 19 (Scheme 5). The
two products were separated and (14) was characterized too.

Melting points were determined in capillary tubes and are
uncorrected. Nuclear magnetic resonance (NMR) spectra
were recorded on a Bruker Avance AMX 300 spectrometer
and 1H NMR spectra were run using CDCl;, CD;0D,
(CD3),CO or (CD;),S0O as solvent and the solvent peak was
used as internal standard. Chemical shifts (8) are expressed
in parts per million relative to tetramethylsilane (ppm), and
spin multiplicities are indicated as an s (singlet), br s (broad
singlet), d (doublet), dd (double doublet), t (triplet), and m
(multiplet) and the values expressed in Hz. Analytical thin-
layer chromatography (TLC) was carried out on precoated
silica gel plates (Merck 60F254), and spots were visualized

(0]
OH
SORNs T
OH
OH O

17

Scheme 3. a) H;PO,, CH3;COOH, rt, 2h under argon atmosphere.

with a UV light at 254 nm. Column chromatography was
performed using Merck silica gel (230-400 mesh). All start-
ing materials not described below, the solvents, and the deu-
terated solvents were purchased from commercial sources,
mainly Aldrich and Fluka. All reagents and solvents were
used as received from commercial sources without additional
purification, unless differently stated. Elemental analysis
(CHN) was within 0.4% of the calculated values and was
performed on a Carlo Erba 1016 elemental analyser. High
resolution mass spectra (HRMS) were obtained using a
MarinerTM  API-TOF  (Perceptive Biosystems Inc.-
Framingham MA 01701 USA).

4,5-dihydroxy-1-nitroanthraquinone (15) [28]

KNO; (3.2 g, 0.032 mol) was added to a solution of 1,8-
dihydroxyanthraquinone (5.0 g, 0.021 mol) in glacial acetic
acid (400 ml). The reaction mixture was heated to 50°C for
15 minutes, then cooled and stirred at room temperature for
12 hours. Water (250 ml) was added to the mixture and the
resulting precipitate was filtered out and purified by column
chromatography on silica gel (toluene/cyclohexane = 1:1).
The residue after evaporation of the solvent was again puri-
fied by column chromatography (toluene/ethyl acetate = 9:1)
to give the pure title compound (2.0 g, 33% yield). mp
244°C; 'H, (CD;),S0: § 12.38 (br s, 1H), 11.69 (br s, 1H),
8.07 (d, J = 9.0 Hz, 1H), 7.82 (dd, J = 9.0 Hz, J = 8.0 Hz,
1H), 7.63 (d, J = 9.0 Hz, 1H), 7.51 (d, J = 9.0 Hz, 1H), 7.41
(d, J = 8.0 Hz, 1H); HRMS calculated for C;4HsNO4 [M
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Scheme 4. a) Potassium phthalimide, DMA, rt, 4h.
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Scheme 5. a) H,SO,, CH3;COOH, rt, 2h.
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+H]" 286.2150, found 286.1627. Elemental analysis (%)
calculated for C;4H;NOg: C 58.96, H 2.47, N 4.91; found C
59.11, H 2.48, N 4.90.

I-amino-4,5-dihydroxyanthraquinone (10)

Pd/C (9 mg) was added to a solution of 1-nitro-4,5-
dihydroxyanthraquinone (1.0 g, 3.5 mmol) in methanol (25
ml). The reaction mixture was stirred at room temperature
under hydrogen. After 4 hours the catalyst was filtered out
and the resulting solution was concentrated to dryness under
reduced pressure to afford the title compound (878 mg, 98%
yield). mp 269-271 °C; 'H, (CD;),SO: & 12.81 (br s, 1H),
12,20 (br s, 1H), 8.42 (br s, 2H), 7.80 (q, /= 7.7 Hz, J = 7.6
Hz, 1H), 7.76 (dd, J = 7.6 Hz, J = 1.7 Hz, 1H), 7.38 (d, J =
9.4 Hz, 1H), 7.28 (dd, J = 7.7 Hz, J= 1.7 Hz, 1H), 7.27 (d, J
= 9.4 Hz, 1H); HRMS calculated for C,4H;(NO, [M +H]"
256.0604, found 256.0421. Elemental analysis (%) calcula-
ted for C;4HoNO,: C 65.88, H 3.55, N 5.49; found C 65.91,
H 3.54,N 5.51.

L-Isoleucine,  (9,10-dihydro-4,5-dihydroxy-9,10-dioxo-2-
anthracenyl)methyl ester (11)

Triethylamine (0.2 ml, 1.48 mmol), Boc-Ile-OSu (486
mg, 1.48 mmol) and dimethylaminopyridine (18 mg, 0.148
mmol) were added to a solution of aloe emodin (16) (200
mg, 0.74 mmol) in dimethylformamide (20 ml),. The reac-
tion mixture was stirred at room temperature for 4 hours, and
then water was added. The precipitate was filtered and the
crude product was purified by column chromatography on
silica gel. TFA 90% was added to the yellow solid obtained
and the solution was stirred for 1 hour at rt, the trifluoroace-
tate salt was precipitated adding diethyl ether (1,5 ml) to the
reaction mixture at 0°C. The title product was isolated as
yellow solid (112 mg, yield 40%). Mp 187-189 °C; 'H,
CD;0D: 511.88 (br s, 2H), 7.81 (dd, J = 7.4 Hz, J = 1.7 Hz,
1H), 7.79 (d, J = 2.1 Hz, 1H), 7.78 (dd, J = 7.5 Hz, J = 7.4
Hz, 1H), 7.36 (dd, /= 7.5 Hz, J = 1.7 Hz, 1H), 7.34 (d, J =
2.1 Hz, 1H), 5.41 (s, 2H), 4.15 (d, /= 4.0 Hz, 1H), 2.15-1.95
(m, 1H), 1.60-1.30 (m, 2H), 1.06 ( d, J = 7.0 Hz, 3H), 1.01
(t, J = 7.4 Hz, 3H); HRMS calculated for C,;H,,NO¢ [M
+H]" 384.1308, found 384.1442. Elemental analysis (%)
calculated for C;;HyoNOg. C,F;0,: C 55.54, H 4.46, N 2.82;
found C 55.53, H 4,47, N 2.82.

5-hydroxy-2-(2,4-dihydroxyphenyl)-1,4-naphthoquinone
(12)

A solution of resorcine (76 mg, 0.69 mmol) in acetic acid
(2 ml), and then 0.5 ml of phosphoric acid was added to a
solution of 5-hydroxy-1,4-naphtoquinone (17) (200 mg, 1.15
mmol) in acetic acid (10 ml). The reaction mixture was
stirred at room temperature for 2 hours under argon atmos-
phere.

After that the mixture was diluted with water, and then
neutralized with 5% sodium bicarbonate, and then extracted
with ethyl acetate (3 x 15 ml).

The combined extracts were dried over sodium sulfate
and evaporated to dryness. Purification of the residue by
column chromatography on silica gel (eluent: hexane/ethyl
acetate = 7:3 v/v), gave 200 mg of a solid (yield: 62%): mp
201-204 °C; 'H (CD;),CO: & 11.99 (s,1H), 8.54 (br s, 2H),
7.63 (dd, J = 8.3 Hz, J = 7.2 Hz, 1H), 7.46 (d, J = 7.2 Hz,
1H), 7.18 (d, J = 8.3 Hz, 1H), 7.07 (d, J = 8.4 Hz, 1H), 6.89
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(s, 1H), 6.39 (d, J = 2.1 Hz, 1H), 6.34 (dd, J = 8.4 Hz, J =
2.1 Hz, 1H); HRMS calculated for C;sHoOs [M + H]”
281.2501; found 281.2551. Elemental analysis (%) calcula-
ted for C¢H,00s: C 68.09, H 3.57; found C 67.96, H 3.58.

Synthesis  of  3-(w-phthalimido-acetamido)-4 -meth ylp-
soralene (13) [29]
02 g (0.6 mmol) of 3-(w-bromoacetamido)-4 -

methyIpsoralen (18) and a solution of 0.14 g (0.76 mmol) of
potassium phthalimide in 10.20 ml (109 mmol) of N,N-
dimethylacetamide was stirred at room temperature for 4
hours (TLC: dichloromethane/ethyl acetate = 96:4 v/v).
Then, 0.5 ml of glacial acetic acid was added and the mixture
was stirred overnight.

The following morning a precipitate of a white solid was
found in the solution. This was filtrated and washed with
ethylic ether, and then dried to gave 201 mg of a pure white
solid (yield: 83%): mp 312 °C; 'H CDCl;: & 8.77 (s, 1H),
8.65 (s, 1H), 7.95-7.92 (m, 2H), 7.80-7.73 (m, 2H), 7.52 (s,
1H), 7.46 (d, J = 1.4Hz, 1H), 7.43 (d, J = 1.4Hz, 1H), 4.58 (s,
2H), 2.25 (s, 3H); HRMS calculated for Cp,H;sN,Oq [M +
H]™ 403.0925; found 403.0991. Elemental analysis (%) cal-
culated for C22H|4N206: ® 65.67, H 3.51, N 696, found C
65.65, H3.52, N 6.99.

Synthesis of 5,9-di-hydroxybenzo[blnaphtho[2.1-d|furan
(14) and of 2-(2,4-Dihydroxyphenyl)-1,4-naphthoquinone
(19) [30].

A solution of resorcinol (139 mg, 1.26 mmol) in acetic
acid (5 ml) was added to a solution of 1,4-naphthoquinone
(400 mg, 2.53 mmol) in acetic acid (15 ml). Then, 2M sul-
phuric acid (1 ml) was added and the mixture was stirred at
room temperature for 2 hours.

After that the mixture was diluted with water, and then
neutralized with 5% sodium bicarbonate. and extracted with
ethyl acetate (3 x 15 ml). The combined extracts were dried
over sodium sulfate and evaporated to dryness. Compounds
(19) and (14) were separated by column chromatography on
silica gel (eluent: hexane/ethyl acetate = 6:4 v/v) and the
separated spots were (19) (120 mg, 36%) and (14) (6 mg,
2%).

'H (14) (CD5),CO: & 8.36 (d, ] = 8.3Hz, 1H), 8.26 (d, ] =
8.3Hz, 1H), 7.81 (d, J=8.6Hz, 1H), 7.67-7.63 (m, 1H), 7.56-
7.50 (m, 1H), 7.41 (s, 1H), 7.16 (d, J = 1.7Hz, 1H), 6.93 (dd,
J=8.6Hz and J = 1.7Hz, 1H), 2.25 (s, 3H); HRMS calcula-
ted for C,¢H;,05 [M + H]" 251,2563; found 251,2651. Ele-
mental analysis (%) calculated for C,¢H;oO5: C 76.79, H
4.03; found C 76.76, H 4.02.

'H (19) (CD;),S0: & 9.68 (br s, 2H), 8.03-7.96 (m, 2H),
7.88-7.82 (m, 2H), 7.05 (d, J = 8.4Hz, 1H), 7.00 (s, 1H), 6.38
(d, J = 2.2Hz, 1H), 6.30 (dd, J = 8.4Hz and J = 2.2Hz, 1H);
HRMS calculated for C;¢H,,04 [M + H]" 267,2678; found
267,0651. Elemental analysis (%) calculated for C,sH,004: C
72.18, H 3.79; found C 72.15, H 3.82.

PKA Activity Assay

PKA activity was routinely assayed in the presence of 50
mM Tris-HCI pH 7.5, 12 mM MgCl,, 0.02 mM [*P-ATP]
(500-1000  cpm/pmol), 1 pM cAMP, and using
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Table 2.

Docking Validation: Root Mean Square Deviation (RMSD, A) of the Coordinates of the Best Scoring Docked Pose Rela-

tive to the Crystallographic Pose (Only Heavy Atoms have been Considered)

# GOLD Glide eHiTS MOE PLANTS
1 5.58 8.17 7.98 6.69 2.07
2 0.93 0.50 10.53 3.10 0.59
3 7.08 1.50 2.25 2.89 0.88
4 213 0.33 3.07 221 2.67
S 0.83 1.12 3.81 2.34 0.97
6 2.66 5.03 5.31 3.12 5.96
7 3.18 0.78 4.21 3.23 1.48
8 1.02 2.80 1.35 2.52 2.67
9 2.29 1.65 3.02 311 1.53

ALRRASLGAA as synthetic peptide substrate, either in the
absence or in the presence of increasing concentrations of
inhibitors. Inhibition data for a range of concentrations of
each competitive inhibitor at a constant concentration of the
nucleotide phosphate donor were plotted against inhibitor
concentrations to give the ICs, value.

RESULTS AND DISCUSSION
Protein Structure Selection

The nine protein structures were superposed and visual
inspected carefully. With the only exception of 1SZM and
ISTC structures, the rotamers of the active site residue side
chains are conserved. Among the seven conserved structures,
we selected the one with the best resolution (PDB code:
1Q8U). In particular, the sequence of 1Q8U is referred to a
bovine PKA and it was compared to the human isoform
(Swiss Prot access number P17612), resulting in a 98% resi-
due identity. Moreover, all the residues of the catalytic
pocket are conserved between the two sequences. The struc-
ture was therefore used in the docking experiments without
further modifications.

Docking Phase Optimization

Due to the relative independence of the docking and scor-
ing processes in virtual screening, we decided to optimize
each step separately. The choice of the docking performance
criteria depends on the amount and on the quality of infor-
mation available on the protein target. In our case, the choice
was rather straightforward, since the availability in the Pro-
tein Data Bank of several crystallographic structures com-

plexed with different inhibitors. We assessed the ability of

different docking approaches to reproduce the experimen-
tally observed ligand conformations.

An ideal docking strategy for the virtual screening of
medium to large sized databases has to be fast and able to
retrieve the correct pose of a certain molecule as the top-
scored predicted structure.

Table 2 shows the root mean square deviation (RMSD)
between the heavy atom ligand coordinates of the best
docked structure compared with the crystal structure. We

chose 2.0 A as a threshold for the RMSD value, considering
a docking successful if the resulting RMSD was lower than
2.0 A. Glide was identified as the best performing algorithm
in this experiment, with six successes. Plants showed a com-
parable performance, with 5 successes and one result very
close to the threshold (2.07). They were therefore, both se-
lected to generate poses for the database molecules to be
used in the scoring function optimization process.

Scoring Phase Optimization

The database was constructed to contain the structures of
the 9 co-crystallized inhibitors (Fig. 2), resulting in a final
size of 467 molecules. These structures were docked with
both the best-performing docking protocols, and the resulting
poses were scored with the 11 scoring functions described
earlier. For each docking-scoring combination receiver oper-
ating characteristic (ROC) and enrichment curves were gen-
erated, to assess its performance.

Table 3 summarizes the values of the integral of ROC
curves for each docking-scoring pair. The integral value cor-
responds to the probability of an active molecule being
scored better than a random molecule from the database.

As expected, the three consensus scoring schemes
showed an overall good performance in combination with
Fit10 generally performing best. Moreover, this performance
was confirmed by the application of the protocol to other
molecular databases, while the occasional better performance
of some of the single functions appears to be highly data-
base-dependent (data not shown).

Fig. (3) shows the enrichment curves for the three con-
sensus functions applied with both docking procedures. De-
spite the lower ROC integral values, PLANTS shows a better
enrichment profile, with a maximum enrichment factor in the
top 10% of 6.7 (5.6 for GLIDE). The top 10% lists of both
docking programs with the Fitl0 consensus rescoring were
visual inspected for the final hit selection. Five candidates
were selected on the basis of the best topological and chemi-
cal complementarity with the ATP-binding cleft and cover-
ing the highest chemical diversity among the other high
ranking molecules.
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Fig. (2). PKA inhibitors used in the docking validation step.
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Table 3.  Scoring Validation: Integrals Values for the ROC Curves Relative to each Scoring Function on the Test Database (Prob-

ability of the Scoring Function Giving a Better Score to a known Active Compound than to a Random One)

Scoring Function Glide Plants
Fitl0 0.87 0.75
NCS 0.85 0.72
LCS 0.82 0.74
PLP 0.84 0.69

Chemgauss 2 0.81 0.73
MOEscore 0.80 0.58
Chemgauss 0.78 0.76
Screenscore 0.74 0.67

X-Score 0.72 0.59
Zapbind 0.71 0.50
Chemscore 0.65 0.61
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Fig. (3). Enrichment curves for NCS (blue), LCS (yellow) and Fit10 (red) consensus functions. The top figure refers to poses generated with

GLIDE, the bottom one to poses generated with PLANTS.

The five molecules were tested in vitro for their inhibi-
tory activity against PKA and are displayed in Table 4,
where the ICs, values for their inhibition are also reported. It
can be seen that the first four compounds do not inhibit PKA
activity at concentrations below 40 uM. Interestingly, the
anthraquinone derivative 11 displays an ICso value around
27uM. A comparison between the compounds listed in Table
1 is showed in Fig. (4) where the dose-dependent curves of
PKA inhibition are reported.

Table 4.
# Inhibition ICsy(LM)"
10 >60
11 27
12 50
13 47
14 45
19 >60

“The values of IC50 represent the means of at least three independent experiments with
SEM never exceeding 15%.

Fig. (4). Dose dependent inhibition of protein kinase PKA. The
activity of PKA was determined by incubation, as described in the
experimental section.

In particular, according to our docking model, derivative
11 interacts with the hinge region of the kinase through three
hydrogen bonds: firstly with the backbone carbonyl and ni-
trogen of Vall23, secondly with the backbone carbonyl of
Glul21 (Fig. 5). On the other hand, the fused ring system is
engaged in several hydrophobic interactions (Val57, Ala70,
Vall04, Vall23, Leul73). The binding mode and the inter-
action network of the anthraquinone moiety is very close to
the one observed for adenine in the binding of ATP. Addi-
tionally, the alpha amine of the isoleucine tail forms a salt
bridge with the side chain of Glu91 and the sec-butyl is in
close proximity with hydrophobic residues such as Phe54
and Val57.

Finally, we have also tested these new PKA inhibitors
against a very small panel of other kinases, such as protein
kinase CK2, the protein kinase CK 18, and GSK3p, and all of
them shown an ICs, values higher than 100 M. Further in-
vestigations are carrying out in our laboratories to better de-
scribe their selectivity profiles and to improve their binding
affinities against PKA.

CONCLUSION

Computational methods such as ligand-docking have
nowadays become almost routine techniques in medicinal
chemistry, and are widely used in both the lead-discovery
and the lead-optimization phases in rational drug design. An
accurate estimation of the docking free energy remains the
most difficult task. To speed up the calculation of the free
energy, most docking programs implement approximated
scoring functions of various kinds. Nevertheless, it has been
widely shown that such scoring functions have a limited reli-
ability. A possible solution is to use the consensus-scoring
approach and we have reported an encouraging application
of this strategy in discovering a novel class of protein kinase
A inhibitors. Further investigations are in progress in our
laboratories to extend and verify the applicability of this ap-
proach against other therapeutically interesting drug targets.
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