SIFT DESK

SDRP Journal of Computational Chemistry & Molecular Modelling (ISSN: 2473-6260)

Insight into binding mode of nitrile inhibitors of Plasmodium falciparum Falcipain-3, QSAR and
Pharmacophore models, virtual design of new analogues with favorable pharmacokinetic profiles

DOI: 10.25177/JCMP.2.1.5 RESEARCH

Author: Akori Esmel September 2017

Received Date: 16" Aug 2017

Accepted Date: 24" Sep 2017 _ N : _
Published Date: 04" Oct 2017 terms of Creative Commons Attribution 4. O International License.

Copy rights: © This is an Open access article distributed under the

AKkori l?smr(]el, 2] Melalie Keita, ™! Eugene Megnassan, ™" Beguemsi Toi,"” Vladimir Frecer,'®¢ and Stanislav
Miertus'® ®

a.Laboratoire de Physique Fondamentale et Appliquée, University of Abobo Adjamé (now University Nangui Abrogoua),
Abidjan, Cote D’Ivoire

a.Laboratoire de Chimie Organique Structurale et Théorique, University of Cocody (now Félix Houphouét-Boigny),
Abidjan , Cote D’Ivoire

a.ICS-UNIDO, Area Science Park, Padriciano 99, Trieste [-34012, Italy

b.Faculty of Pharmacy, Comenius University, Bratislava SK-83232, Slovakia

c.International Centre for Applied Research and Sustainable Technology, Bratislava SK-84104, Slovakia

d.Faculty of Natural Sciences, University of SS. Cyril and Methodius, Trnava SK-91701, Slovakia

CORRESPONDENCE AUTHOR
Eugene Megnassan

University of Abobo Adjamé (now University Nangui Abrogoua), UFR SFA, Laboratoire de Physique Fondamentale et
Appliquée, 02 BP 801, Abidjan 02, Cote D’Ivoire
Email: megnase@yahoo.com

CONFLICTS OF INTEREST
There are no conflicts of interest for any of the authors.

ABSTRACT

We have carried out computational optimization of antiparasitic azadipeptide nitrile inhibitors (AZN) of falci-
pain-3 (FP3) of Plasmodium falciparum (Pf), a cysteine protease of the papain superfamily, using structure-
based drug design and computer-assisted combinatorial chemistry. Three-dimensional (3D) models of complex-
es of inhibitor - FP3 for a training sets of published AZN analogs with experimentally determined inhibitory
potencies were prepared by in situ modification of the crystal structure of PfFP3 inhibited by K11017 (Protein
Data Bank entry 3BWK). We have used molecular mechanics, conformational searching and implicit solvation
model to compute Gibbs free energies of inhibitor - FP3 receptor complex formation and built quantitative
structure-activity relationships (QSAR) model by correlating the experimental inhibitory potencies with the
computed binding affinities. The model was able to explain 97% of the FP3 inhibition data variation and was
further validated with help of 3D-QSAR pharmacophore model generation (PH4). Structural information ob-
tained from the 3D models of the AZN - FP3 complexes and the PH4 guided us in designing virtual combinato-
rial libraries of novel AZN analogs. Comparative analysis of the active site interactions directed us in the selec-
tion of building blocks used in the libraries. The initial virtual library was focused by means of computationally
predicted oral bioavailability and subsequently in silico screened with the PH4 pharmacophore models to identi-
fy new AZN inhibitor candidates. Their inhibitory activities predicted by the QSAR model fall into the low na-
nomolar concentration range.

Keywords: Azadipeptide nitrile, FP3 inhibitors, in silico screening, Malaria, Molecular Modeling, Phar-
macophore, QSAR model, Virtual Combinatorial Library.
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INTRODUCTION
According to the World Health Organization (WHO)

the year 2000 6th Millennium Development Goals
(MDGs) to improve the state of the world by 2015,
namely by reducing the number of malaria cases by
50% by 2015 [1] has been achieved. This “job half-
done” picture is much more a statistical success than a
great achievement. The other 50%, the one in the need
of “malaria resistance overcoming” treatment, remains
poised on a knife-edge. Indeed as resistance occurring
against artemisinin combined therapy (ACT) has been

reported [2,3], our world is kept in a crucial need of

efficient and resistance overcoming treatment. This
picture is worsened in sub-Saharan Africa where the
most defeating and resistant parasite, P. falciparum (Pf)
strains are prevalent.

The development of new orally bioavailable, resistance
overcoming and low cost antimalarial is subordinated
to deep constrain. First, address attractive new target;
second, proceed through a rational drug design ap-
proach; third, screen large, diverse library of com-
pounds and finally come out with an almost perfect
pharmacokinetic profile and multi-target compound.

Proteases have been identified as eligible and interest-
ing targets and gathered global funding to address HIV/
AIDS, opening the gate to the same family enzymes for
malaria and tuberculosis [4]. Further, comparative
studies initiative has been carried out to get insight into
S2° pocket fitting at Pf and HIV aspartic proteases’
active sites for inhibition with compounds such as KNI
-10006 containing a norstatine core [5]. Several Pf pro-
teases: Aspartyl Proteases (plasmepsins I, II, IV-X and
HAP), zinc metallopeptidases (Falcilysin), dipeptidyla-
minopeptidase 1 (DPAP1), aminopeptidases and Cyste-
ine Proteases (falcipains: FP1, FP2A, FP2B, FP3), have
been reported in enzyme inhibition studies [6,7]. Falci-
pains have drawn great interest due to their central role
in the life cycle of Pf through hemoglobin degradation
[8]. FP3, differently from FP2 looks more attractive
since its inhibition is lethal to Pf [9,10]. Importantly,
due to the difference in nature of Pf cysteine proteases
and their human orthologues, PfFP2-3 inhibitors will
be selective over hFP making in this way PfFP of great
interest for antimalarial development [11].

This research study focuses on falcipain 3 (FP3) inhibi-
tion since no approved drug against FP-3 is available.
Reversible and irreversible inhibitors of falcipains have
been reported. Among them, reversible inhibitors,
namely azadipeptides nitrile (AZN) [12] are of interest.

WWW.SIFTDESK.ORG 2

AZNs structurally helped in FP2/3 pockets filling de-
spite their poor ADME profile, are really potent against
both Plasmodium chloroquine-sensitive (3D7), and
chloroquine-resistant (Dd2) strains.

The availability of crystal structure of FP2/3 alone or
FP2/3:Inhibitor complexes [13,14,15,16] opened the
gate for knowledge and structure based approaches to
widen the candidate population taking benefit from the
large number of combinatorial libraries built in anti
HIV design projects.

Very high FP3 inhibition increase is obtained from pre-
ferred interaction between the cyano group
(electrophile) with the active site cysteine residue, pre-
cisely the thiol and the nitrogen atom in the P1 position
of dipeptide nitriles [17,18,19]. For this reason we re-
tain the peptidic AZN with the goal to identify best
candidates through Quantitative Structure-Activity Re-
lationship (QSAR) process and derive the FP3 inhibi-
tion pharmacophore which will further orientate the
design of more potent non peptidic FP3 inhibitors.

In this work, we have built Hansch-type 'complexation’
QSAR FP3 inhibition models in order to explain the
biological activity variation versus the relative Gibbs
free energy upon FP3: AZN complex formation’s re-
spectively according to Molecular Mechanics —
Poisson-Boltzmann (MM-PB) in silico approach. The
robustness of the built one descriptor QSAR models
was confirmed by a five features 3D-QSAR pharmaco-
phore models (PH4) [20], which were prepared with
help of bound conformations of the training sets of
AZNs. In the next step virtual combinatorial libraries
of AZN analogues respectively have been built with
the aim to virtually design more potent orally bioavail-
able PfFP3 inhibitors. Starting from initial diversity
libraries, computed ADME-related properties helped to
identify subsets of predicted orally bioavailable AZN
analogues to undergo screening by the PH4 pharmaco-
phore models to yield best fit analogues. Based on the
in silico complexation QSAR models we were able to
predict the activities and select the best analogues with
the highest predicted inhibitory potencies. Finally,
computed ADME profiles of the best designed ana-
logues were compared with those of the antiamalarials
currently in use.
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MATERIALS AND COMPUTATIONAL METHODS  cover a broad range of half-maximal inhibitory concen-
The workflow describing the steps of the whole process {;ations (110 < IC5,™® < 50000 nM), in order to allow

of virtual design of novel AZN analogues is presented . ctruction of QSAR models. The training sets of

AZN contained 7 inhibitors taken from the reference

pfFP3::AZN,.; Com- [12]-
plexes

in scheme 1.

2.2 Model building by in situ modification
Three dimensional (3D) molecular models of enzyme-
l inhibitor complexes FP3-AZNx, free enzyme FP3 and

free inhibitors AZNx were constructed from high-
resolution (2.42 A) X-rays crystal structure of the in-

MM - PB Complexa- hibitor K11017 (Mu-Leu-Hph-VSPh where VSPh: phe-
tion QSAR --model nyl vinyl sulfone; Hph: homophenylalanyl; Mu: mor-
PKi =a AAGcom + b pholino urea:) bound to the plasmodial FP3 (Protein
Data Bank (PDB) [21] entry code 3BWK [20] ) using

l Insight-II molecular modeling program [22].

The structures of FP-3 and enzyme-inhibitor (E:I) com-
plexes were considered in the computations to be at the
pH of 7 with neutral N- and C-terminal residues. All
protonizable and ionizable residues were charged. All

crystallographic water molecules were removed from
l the model. The inhibitors were built from the reference

structure 3BWK [20] by in situ modification of derivat-

HypoGen, Catalyst
[pfFP3 inhibition
Pharmacophore

854 802 ized groups in the molecular scaffold of the co-
crystallized inhibitor K11017. An exhaustive confor-
AZN Analogs mational search was carried out over all rotatable bonds
of the replacing function groups coupled with a careful

gradual energy-minimization of the modified inhibitor

5O . . . .
@ 9 § and active site residues of the FP3 located in the close
§ § vicinity of the inhibitor (< 5 A). This process helped to

identify low-energy bound conformations of the modi-
fied inhibitor leading to various low-energy structures
78 of the E:I complexes which were then carefully refined
by minimization of the whole complex. This procedure
has been successfully used to build viral, bacterial and

l protozoal enzyme-inhibitor complexes models and de-
sign of peptidomimetic, hydroxynaphthoic, thymidine,
78 Novel AZN analogs triclosan and pyrrolidine-based enzyme inhibitors

[23,24,25,26,27,28,29,30,31].

with Complexation pre-

2.3 Molecular mechanics

Modeling of inhibitors, FP3 and E:I complexes was
carried out in all-atom representation using CFF91
force field [32] atomic and charge parameters. In the
enzyme a dielectric constant of 4 was retained for all

Scheme 1: workflow describing the multistep

approach to virtually design novel AZN ana- molecular mechanics (MM) calculations in order to
logues with higher predicted potency against FP- take into account the dielectric shielding effect in pro-
3. teins. Energy Minimizations of the E:I complexes, free

E and I were carried out by relaxing the structures
gradually, starting with the added hydrogen atoms, fur-
ther with inhibitor heavy atoms, followed by residue
.. oy . . S side chains and concluded with protein backbone relax-
of training and validation sets of azadipeptide nitrile ation and alpha carbons. In all the geometry optimiza-
(AZN) inhibitors of pfFP3 studied here were taken tion process, a sufficient number of steepest descent
from literature [12]. The potencies of these compounds followed by conjugate gradient iterative cycles were

2.1 Training sets
Chemical structures and biological activities (ICs5o™")
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used while the convergence criterion for the average
gradient was set to 0.01 kcalxmol <A™,

2.4 Conformational search

Free inhibitor’s conformations were obtained from
their bound conformations in the E:I complexes by
gradual relaxation to the nearest local energy mini-
mum. Then a Monte Carlo (< 50000 iterations) low-
energy conformations search over all rotatable bonds
except those in the rings was performed using Discov-
ery Studio 2.5 (DS 2.5) molecular modeling program
[33]. Two hundred inhibitor unique conformations
were generated after randomly varying torsion angles
of the last accepted conformer by +15 © at 5000 K fol-
lowed by subsequent energy minimization. During the
minimization a dielectric constant e = 80 was used to
approximately take account of for the dielectric screen-
ing effect of hydration. The conformer with the lowest
total energy was selected and re-minimized at ¢ = 4.

2.5 Solvation Gibbs free energies

The electrostatic component of solvation Gibbs free
energy that includes also the effects of ionic strength
via solving nonlinear Poisson-Boltzmann equation
[29,30] was computed by the DelPhi module in Dis-
covery Studio [33]. The program treats the solvent as a
continuous medium of high dielectric constant
(e, = 80) and the solute as a cavity of low dielectric
(e; = 4) with boundaries linked to the solute’s molecu-
lar surface, which encloses the solute’s atomic charges.
The program uses a finite difference method to numeri-
cally solve for the molecular electrostatic potential and
reaction field around the solute. DelPhi calculations
were carried out on a (235 x 235 x 235) cubic lattice
grid for the E:I complexes and free E and
(65 x 65 x 65) grid for the free I with full coulombic
boundary conditions. Two subsequent focusing steps
(starting at 50% and reaching 70%) led in both cases to
a similar final resolution of about 0.3 A per grid unit at
70 % filling of the grid by the solute. Physiological
jonic strength of 0.145 molxdm™, atomic partial charg-
es and radii defined in the CFF force field parameter
set [33] and a probe sphere radius of 1.4 A were used.
The electrostatic component of the Poisson Boltzmann
solvation Gibbs free energy was calculated as the reac-
tion field energy [34,35,36,37,38].

2.6 Calculation of binding affinity and QSAR model
Inhibition constant (K;) of a reversible inhibitor I is
related to the standard Gibbs free energy (GFE) change
upon formation of the enzyme-inhibitor (E:I) complex-
es (AGeomp) In a solvent. Thus prediction of K; value
from the complexation GFE as InK; = -AGomy/R7, is
achievable assuming the following equilibrium:

{E}aq + {I}aq < {E:I}aq (H
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where {}aq indicates solvated species. Half-maximal

inhibitory concentration ICs, is for tight binding com-

petitive inhibitors proportional to K;:
ICs0 = KiX(S/Kiy + 1) + E/2 2)

where S is the substrate concentration, K, represents

the Michaelis constant and E means the free enzyme

concentration [39]. The standard GFE change of the

reaction (1) can be derived by molecular simulations of

the complex and the free reactants:
AGeomp = G{E:I} - G{E} - G{I} 3)

In this work we approximate the exact values of stand-

ard GFE for larger systems such as enzyme-inhibitor
complexes by the expression [23, 24, 25]:

G{E:1} = Eym{E:1} + RT - TSy {E:I} + Gy {E:I}  (4)

where Eyv{E:I} stands for MM total energy of the
complex (including bonding and non-bonding contribu-
tions), Gsow{E:1} is the solvation GFE and T'Sy{E:1} is
the entropic term:

&)

TSw{E:1} = TSyan{E:1} + TS {E:1} + TSy {E:I}
composed of the sum of contributions arising from
translational, rotational and vibrational motions of E:I.
Assuming that the tran and rot terms for the complex
E:I and free enzyme E are approximately equal, we
obtain:

AGeomp = [EmviEd} - EqmiE} - Evmil}] + [Goon{ET} -
Gsolv {E} - Gsolv {I}] +
+ TStran{I} + TSrut{I} - [Twa{EI} - TSvib{E} - TSVIb{I}] =
= AI—IMM + TStran{I} + TSrut{I} - ATSvib + AC;solv (6)

where TSuan{l} and TS, {1} describe the translational
and rotational entropy terms of the free inhibitor and
DTS, represents a simplified vibrational entropy
change upon the complex formation: DT'S.i, = T'Syin {1}
E - TSyip{I} [40,41]. In the same way DDH)y is the
relative enthalpic contribution to the GFE change relat-
ed to the intermolecular interactions in the enzyme-
inhibitor complex derived by MM.

Relative changes in the complexation GFE of different
inhibitors with respect to a reference inhibitor, IL.f,
were computed assuming ideal gas behavior for the
rotational and translational motions of the inhibitors:

AAGcomp = AC’wcomp (I) - AC’wcomp (Iref) = AAI—[MM -
AATSvib + AAC;solv (7)

Vol-2 Issue-1



SIFT DESK

This evaluation of relative changes is preferable as a
way to partial cancellation of errors originated from the
approximate nature of the MM method, solvent and
entropic effects description as well.

Quantitative structure-activity relationships (QSAR)
model, in which a linear relationship between the com-
puted relative GFE of the FP3-AZN complex formation
AAG,omp for the receptor structure and observed inhibi-
tory potencies ICsy™" specific to pf, is assumed accord-

ing to egs. (1) and (2):

pICso™ = -log;oICso™*" = ax AAGeomp + b (8)
was prepared by linear regression for both training set
using AAGeomp quantities calculated via eq. (7), a and b
are regression coefficients. These QSAR models (a tar-
get-specific scoring function) was then employed for

prediction of inhibitory potencies (ICse™®) of newly
designed and modeled AZN analogues (section 2.1).

2.7 Interaction energy

The MM interaction energy (E;,) protocol available in
DS 2.5 [33] computes the non-bonded interactions (van
der Waals and electrostatic terms) between enzyme
residues and the inhibitor. The calculations were per-
formed using CFF force field [32] with a dielectric con-
stant of 4. The breakdown of E;,; into active site residue
contributions reveals the significance of individual in-
teractions and allows a comparative analysis, which
leads to identification of affinity enhancing and unfa-
vorable AZN substitutions.

2.8 Pharmacophore generation

Pharmacophore modeling assumes that a set of struc-
tural features in a molecule is recognized at the recep-
tor site and is responsible for biological activity of the
compound. Bound conformations of inhibitors taken
from E:I complexes were considered for constructing
3D-QSAR pharmacophore based on Catalyst HypoGen
algorithm implemented in DS 2.5 [33]. The top scoring
pharmacophore hypothesis was built up in three stages
(constructive, subtractive and optimization step) from a
set of the most active inhibitors while inactive ones
served for definition of the excluded volume. During
the pharmacophore generation, maximum number of
five features allowed by the HypoGen algorithm was
selected according to the AZN scaffold and substitu-
ents, namely: hydrophobic aromatic (HYdAr), hydro-
phobic aliphatic (HYd), hydrogen-bond donor, (HBD),
hydrogen-bond acceptor (HBA) and ring aromatic (Ar)
feature. Default values of adjustable parameters of the
protocol were kept except the uncertainty on the activi-
ty and the minimum inter-feature distance, which were
set to 1.25 and 0.5 A (for small ligand). This parameter
choice was intended to bring the uncertainty interval of
experimental activity from a wide span alCsy/3,
3xICsoi to a relatively narrow one 4a4xICsy/5,

WWW.SIFTDESK.ORG 5

5xICsp/41, taking thus account of the accuracy and ho-
mogeneity of the measured inhibitory activities since
they are coming from the same laboratory [12]. During
generation of 10 pharmacophores the number of miss-
ing features was set to 0. The best pharmacophore mod-
els were selected.

2.9 ADME properties

Properties that determine the pharmacokinetics profile
of a compound, besides octanol/water partitioning coef-
ficient, aqueous solubility, blood/brain partition coeffi-
cient, Caco-2 cell permeability, serum protein binding,
number of likely metabolic reactions and eighteen more
descriptors related to adsorption, distribution, metabo-
lism and excretion (ADME properties) of the inhibitors
were computed by the QikProp program [42] based on
the methods of Jorgensen [43,44,45]. According to
those methods, experimental results of more than 710
compounds among which about 500 drugs and related
heterocycles were correlated with computed physico-
chemical descriptors resulting in an accurate prediction
of molecule’s pharmacokinetic profile. Drug likeness
(#stars) - the number of property descriptors that fall
outside the range of values determined for 95 % of
known drugs out of 24 selected descriptors computed
by the QikProp [42], was used as an additional ADME-
related compound selection criterion.

2.10 Virtual Combinatorial library generation

The analogue model building was performed with Mo-
lecular Operating Environment (MOE) program []. The
library of analogues was enumerated by attaching R-
groups (fragments, building blocks) onto AZN scaffold
using the Quasar CombiDesign module of MOE [46].
Chemical reagents considered in this study were taken
from the directories of chemicals available from the
commercial suppliers of chemicals []. Each analogue
was built as a neutral molecule in the MOE program
[46] and its molecular geometry was refined by MM
optimization using smart minimizer of Discovery Stu-
dio [33] with high convergence criteria (energy differ-
ence of 10* kcalxmol ™, R.M.S. displacement of 107 A)
and a dielectric constant of 4 using class II consistent
force field CFF [32] as described in the Molecular me-
chanics section 2.3.

2.11 ADME-based library focusing

Twenty four pharmacokinetic molecular descriptors
available in QikProp [42], which characterize a wide
spectrum of molecular properties as described in sec-
tion 2.9. such as molecular mass, total solvent-
accessible molecular surface, hydrophobic portion of
the solvent-accessible molecular surface, total volume
of molecule enclosed by solvent-accessible molecular
surface, number of non-trivial non-hindered rotatable
bonds, estimated number of hydrogen bonds that would
be donated by the solute to water molecules in an aque-
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ous solution, estimated number of hydrogen bonds that
would be accepted by the solute from water molecules,
logarithm of partitioning coefficient between n-octanol
and water phases, logarithm of predicted aqueous solu-
bility, logarithm of predicted binding constant to hu-
man serum albumin, logarithm of predicted brain/blood
partition coefficient, apparent Caco-2 cell membrane
permeability in Boehringer-Ingelheim scale, number of
likely metabolic reactions, percentage of human oral
absorption in gastrointestinal tract, etc. Optimum rang-
es of the 24 descriptors were defined in terms of upper
and lower bounds, and average values according to
QikProp [42]. Drug likeness was used as ADME-
related compound selection criterion. Only compounds
with predicted drug likeness #stars equal to zero were
selected for the focused library of drug like analogues.

2.12 Pharmacophore-based library focusing

The pharmacophore models (PH4) described in section
2.8. was derived from the bound conformations of
AZNs at the active site of FP3. The enumerated and
ADME-focused virtual library was further focused by
using the ligand pharmacophore mapping protocol
available of Discovery Studio [33]. Within this proto-
col, each generated conformer of the analogues was
geometry optimized by means of the CFF forcefield for
a maximum of 500 energy minimization steps and sub-
sequently aligned and mapped to the PH4 model in
order to select the top ranking overlaps. Twenty best-
fitting conformers were saved and clustered into ten
conformational families according to their mutual
r.m.s. deviations by means of Jarvis-Patrick complete
linkage clustering method []. The best representative of
each cluster was considered in the virtual screening of
analogues.

2.13 In silico screening

The conformer with the best mapping on the PH4 phar-
macophore in each cluster of the focused library subset
was selected for virtual screening by the complexation
QSAR model. The GFE of E:I complex formation in a
water DDGomp Was computed for each selected new
analogue and then used for prediction of FP3 inhibitory
potencies (IC5™) of the focused virtual library of
AZN and AZN analogues by inserting this parameter
into the target-specific scoring function, eq. (9). The
scoring function, which is specific for the FP3 receptor
of Pf: pIC50pred[F P3] = axDDGomp + b, was parameter-
ized using the QSAR model described above, section
2.6

RESULTS AND DISCUSSION

In this study, a training set was selected from two ho-
mogeneous series of pfFP-3 inhibitors. The training set
is composed of 7 Azadipeptide Nitrile (AZN), Table 1.
Their chemical structures and experimental inhibitory
concentrations ICsy™ reported respectively by Reik
Loser et al. [12], cover a concentration range suffi-
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ciently wide to serve well for building two reliable
QSAR models of pfFP-3 inhibition.

Table 1. Training set (AZNx) of FP-3 inhibitors
[12] used in the preparation of quantitative struc-
ture-activity relationships (QSAR) model of inhib-
itor binding.

o) R4
o M y
N
T TS
R, Y
_Train- R, R, x v IC50P
ing Set (nM)
AZN 1 —CH; —CH,—Phe N —CH; 18000
AZN 2 —CH; —i—But N —CH; 1900
AZN 3 —Phe —CH,—Phe N —CH; 1600
AZN 4 —C,H,—Phe —CH,—Phe N —CH; 300
AZN 5 —(CH,),—CH; | —CH,—Phe N —CH; 110
AZN 6 —CH; —CH,~Phe C -H 16000
AZN 7 —CH; —CH,—Phe C —CH; 50000

3.1 Quantitative Structure-Activity Relationships
(OSAR) Model

The relative Gibbs free energy of the non-covalent en-
zyme-inhibitor (E:I) complex formation was computed
for the FP3-AZNx complexes prepared by in situ modi-
fication of the inhibitor K11017 within the binding site
of FP-3 of the refined crystal structure (PDB entry
code 3BWK [16]), as described in the section 2.6. Ta-
ble 3 and 4 lists computed values of complex formation
Gibbs free energies (AAG.omp) and its components,
Equation (7) for the training sets AZNs.

Since the AAGcomp, Was computed in an approximate
way, the relevance of the binding model is evaluated
through a correlation with the experimental activity
data (ICsy™", [12]) by linear regression, eq. (8). For this
training set, a correlation equation obtained for the
Gibbs free energy (GFE) of enzyme-inhibitor complex
formation AAGeom, is shown in Table 3 together with
the relevant statistical data (see Figure 1 for the corre-
lations plots). Relatively high values of the regression
coefficient and the statistical significance Fischer F-test
of the correlations involving AAGeomp, €q. (A), indicate
that there is a strong relationship between the binding
mode and the observed inhibitory potencies of the
training set.

Vol-2 Issue-1
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Table 2. Complexation Gibbs free energy (binding
affinity) and its components for the training set of FP3
inhibitors AZN1-7

y VA Il el et DYYCR O
Training M Iv b
Set (§~m0 (kca}]~ (kca}]~ (kca}]~ gkcal~m01 (M)
™ mol) | mol') | mol™) )
AZN 1 366 0.00 0.00 0.00 0.00 18000
AZN 2 332 -1.67 1.56 3.54 3.64 1900
AZN 3 443 -7.20 2.13 -1.10 -3.96 1600
AZN 4 457 8.67 3.14 245 7.98 300
AZN 5 423 10.24 2.78 2.05 -9.51 110
AZN 6 351 -3.38 1.35 -0.55 -1.49 16000
AZN 7 365 0.24 0.57 -0.03 0.84 50000

* for the chemical structures of the training set of inhib-
itors see Table 1;

® M,, is the molecular mass of inhibitors;

© AAHyy is the relative enthalpic contribution to the

Gibbs free energy change related to enzyme-inhibitor
(E:I) complex formation derived by MM: AAH\ U
[EmmiE: L} — Evmmili}] = [EmmiELrer} — Emmileer) ], Trer
is the reference inhibitor AZN 1;

d AAGy,, is the relative solvation Gibbs free energy

contribution to the Gibbs free energy change of E:I com-

plex formation: AAGy,, = [GwniEL} — Geon{l}] —
[Gsolv{E:Iref} - Gso/v{Iref}];

© —AATS,;, is the relative entropic contribution of inhib-
itor I; to the Gibbs free energy related to E:I complex
formation: AATSVib = [AATSVlb{IX}E - AATSVlb{IX}] -
AATSVib{Iref}E - AATSVib{Iref}];

AAGcomp 1is the relative Gibbs free energy change
related to E:I; complex formation: AAGcomp 1 AAHm
+ AAGSO[V - AATSvib;
£ ICs™ is the experimental half-maximal inhibition
concentration of FP3 inhibition obtained from reference
[12].

The robustness of this one descriptor QSAR model is
assessed through the components of GFE namely the
enthalpic Hyw, solvation Gy, and the loss of vibration-
al entropy upon the AZN binding 7'S,i,. The relevance
of the enthalpic contribution to GFE is well confirmed
by the quality of the regression coefficient 0.81, the
cross validated R, of 0.68 and the F-test of 21 .54,

the lack of validation set (VS), due to the small number
of provided AZNs experimental values is not detri-
mental, because the validation of the QSAR model is
much more performed through the high predictive
quality of the PH4 model derived from it than the VS,
provided that it is based on the bound conformation of
the AZNs (see figure 5 and table 6).

Therefore, the correlation equation (B) and computed
AAG omp quantities can be used for prediction of inhibi-
tory potencies ICso”™ against pfFP-3 for novel AZN
analogues (AZNA) respectively, provided that they
share the same binding mode as their corresponding
training set.

Table 3. Regression analysis of computed binding
affinities AAG omp, its component AAHyy, and experl-
mental half- rnaxunal inhibitory concentrations pICs™"

= -log;o(IC5c™*/10°) [12] of AZNs towards pfFP3.

Statistical Data of Linear
(A) B)

Regression

pICso™® = —0.20726 xAAHwm +

1.6330  (A)

PICso™® = —0.24871%AAGeomp +

1.6342  (B)

Number of compounds n 7 7

Squared correlation coefficient

of regression R?

LOO cross-validated squared

correlation coefficient R%,

Standard error of regression s 0.47

Statistical significance of

21.54 194.02

regression, Fisher F-test

Level of statistical significance
>95%
a

Range of activities ICso™" [nM] 110-50000

3.2 Binding mode of inhibitors

indicating that in gas phase a large part (some 80%) of Beside the robustness of the QSAR model, the

the variation of the ICsy is explained by that of Hyp.
Adding to Hyv the solvation contribution in order to

analysis of the interactions between AZNs and FP3
is expected to reveal key interactions justifying

come closer to the biological medium, kept the level of AZN::FP3 affinity such as hydrogen bonds (HBs),

strong relationship between the experimental data and
the simulation results. Finally the likeliness of the mod-
el is increased by the loss of the vibrational entropy
TS.i, to explain some 97% of the variation of ICs, by
that of GFE. This last contribution is one of the most
reliable indicators of the predictive power of the QSAR
model as reported by Freire et al. [49]. For this reason

WWW.SIFTDESK.ORG

van der Waals (vdW), hydrophobic contacts, etc.
As displayed in Figure 2, the binding mode of
AZNs at FP3 active site of the best active AZN 5,
and AZN 4 in 2D and 3D is supported by the fol-
lowing interactions: ©-7 stacking with Tyr 93, HB
with Trp 52, Gly 92 and hydrophobic contacts. All
interactions involving the catalytic and other key
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residues particularly Gly 92 are conserved. In order to verify whether other interesting interactions not
displayed have to be taken into account in the description of AZN binding mode at FP3 active site for
the design of new analogues, interaction energy (IE) between each active site residue and AZNXx is
computed. The peptidic structure of AZN shed light on the structural features for binding affinity and
opened the gate to the design of non peptidic FP3 inhibitors taking benefit from S1 to S3 pockets fill-
ing. As displayed in Figure 4 the breakdown of IE diagram into each FP3 S1-3 pocket residue contri-
bution for AZNs indicated a particular behavior of P1 comparatively to P2-3. The focus on S1 pocket
comes from the fact that substitutions were mainly performed at P1 position of the AZNs during the
SAR performed by Reik Loser et al. [12] (see table 1). This is also confirmed by the good correlation
between P1 interaction energy with the FP3 and AZNs ICs, noticed in Figure 3. The major role of S1
pocket in the inhibition of FP3 is also confirmed by Falgun Shah et al. [50]. Unfortunately the lack in
the training set of detailed SAR information involving other FP3 pockets justifies the low correlation
between S2 and S3 contribution to IE with pICsg. In such case the unique IE diagram analysis cannot
guide precisely in the choice of the R-groups in S1, S2 and S3 pockets as we were able to do for de-
signing thymine-like inhibitors of thymidine monophosphate kinase [47]. Usually in such case, a large
and diverse combinatorial virtual library (VL) of AZNs has to be built with the purpose to screen it
with our 3D pharmacophore (PH4) of FP3 inhibition, based on the complexation one descriptor QSAR
model. This approach successfully has been used to design pyrrolidine carboxamide inhibitors of My-
cobaterium tuberculosis InhA [31].

Figure 1. (Left) Plot of corre-

450 450
E § lation equation between pICs,™®?
40 {1 o 4.00 . . .
and the relative enthalpic contri-
250 350 | . .
bution to the Gibbs free energy
.00 2,00 4
o o % of PfFP3-AZNx complex for-
250 250 1 mation AAHym (Eq. 6); (Right)
2.00 200 S Similar plot for relative com-
o . . .
150 150 - plexation Gibbs free energies of
)
o0 ° o i . i i . the PfFP3-AZNx complex for-
4100 900 700 500 300 100 100 00 B0 600 AW 200 00 20 ation AAG o of the training
BAGCOMp . 1
A8Hmm set, all in kcal.mol ™.
A a2
ASN M
& aly
91
PRO
o) 18t o
@ 1SSE§ TRP Tyr 93
| 52 Leu 47
Q Ny GLY ‘
HN \\ & Glu 243 Js
\ GLN °
TYR93 H 5
° 5 aoN His " lle 94 . Sy 51 e Ala 46
182) 183 Ala 184
ALA CYs el
184 51 Ser158 - 2 His 183
Pro181  aen 182 ﬂ
Charged (negative) Polar Distance — Salt bridge Trp 215
Charged (positive) Q Unspecified residue > H-bond (backbone) Solvent exposure
Glycine Water > Hebond (sidechain)
irophobic iration site ~— Metal coordination Asn 213
o ma\‘"wb X :yygra:on s::e (displaced) o :»: Istack:\g : =" X
?357" GLY Asn 87 % Tyroo
91 4

’ y,
Tyr o3 . % /
v < \ Leu 47
¢ 50 N vs 48
y A

Glu 243

~ . . Ser 56
N N\ GIn45 AR 46
\CH lle 94 Ala 184 Cys 51 =

| -
oS Ser 158 < His 183
Pro 181 Asn 182
Trp 215
Charged (negative) Polar Distance — Saltbridge
Charged (positive) Q Unspecified residue > Hbond (backbone) Solvent exposure
Giycine Water > Hbond (sidechain) Asn 213
Hydrophobic Hydration site — Metal coordination
O Metal X Hydration site (displaced) e Pi-Pi stacking

Figure 2. (Top) Left: 2D schematic interaction diagram of the most potent inhibitor AZN 5 at the active site of PfFP3. Right. 3D structure
of the active site with bound inhibitor AZN 5. (Bottom) Left: 2D schematic interaction diagram of the most potent inhibitor AZN 4 at the active
site of PfFP3. Right. 3D structure of the active site with bound inhibitor AZN 4.
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Table 4. Interaction energy (IE) contribution
between each part of inhibitor versus FP3.

pICs

Compd Scaffold® P1® p2° p3¢ IE°
0

AZN 1 -5.06 9.46 -16.38 -11.59 4249 | 1.74
AZN 2 -4.02 9.78 -11.03 -11.57 -36.40 | 2.72
AZN 3 -3.27 -13.67 -15.12 -12.16 4422 | 2.80
AZN 4 -3.85 -16.46 -15.24 -11.20 -46.75 | 3.52
AZN 5 -3.73 -13.93 -15.11 -12.08 -44.85 | 3.96
AZN 6 -10.85 -1.83 -15.98 -11.00 -39.66 | 1.80
AZN 7 -12.57 -1.98 -16.30 -12.12 -42.97 | 1.30

* Scaffold contribution to total IE (kcal.mol™);

®P1 (including nitrile fragment) contribution to total IE (kcal.mol™);
¢ P2 contribution to total IE (kcal.mol™);

4P3 contribution to total IE (kcal.mol");

¢ Total IE (kcal.mol™).

P1
4.5
y=-0.1457x+2.53
4 © R*=0.7354
3.5
3 (o]
o
g 25
s
2 4
o o
15
o
1
-7.5 -5 -2.5 0 2.5 5 7.5
AEint
Gly 49
4.5 y
4 o y = -3.3001x + 2.3458
R2=0.8123
3.5
3
g 25
=
2
1.5
1
-0.5 0.25 o] 0.25 0.5
AEin(
TYR 90
45
y=-0.5571x+ 1.8101
4 o R?=0.6488
3.5
g 3
g o o
225
2
1.5
(@]
1
-35 25 ap -15 -0.5 0.5

Figure 3. Plot of correlation between pICsy™"
and P1, Gly 49 and Tyr 90 contribution to the
intermolecular interaction energy of PfFP3-
AZNx

WWW.SIFTDESK.ORG

AZN P1vs FP-3

Gly 49 Cys 89 Tyr 90 Gly 91
0.00 u_'_'"
-2.00
-3.00
-4.00 -

BAZN5 BAZNS BAZN3 EAZN2 WAZN6 WAZNL WAZN7
Figure 4. Breakdown of FP3-AZN interaction
energy into each active site residue contribution
at S1 pocket.

3.3 Ligand-Based 3D-QSAR Pharmacophore Model
of Inhibitory Activity

The 3D-QSAR pharmacophore generation process fol-
lowed three main steps: (i) the constructive step, (ii)
the subtractive step, and (iii) the optimization step. The
constructive phase of HypoGen automatically selected
the most active compounds for which ICs5*™P <
1.25 x 110 nM as leads. Thus, the most active AZN 5
(IC5o™ = 110 nM) alone was used to generate the
starting PH4 features. Only those features were re-
tained which matched this lead. Next, in the subtrac-
tive phase inactive compounds with are used to re-
move those pharmacophoric features that were present
in more than 50 % of these compounds, while pharma-
cophores which contained all features were retained.
None of the training set com%)ounds was found to be
inactive (ICso™ > 110 x 10*> nM = 347 850.5 nM).
During the final optimization phase, the score of the
pharmacophoric hypotheses was improved. Hypothe-
ses are scored according to errors in activity estimates
from regression and complexity via a simulated an-
nealing approach. At the end of the optimization the
top scoring 10 unique pharmacophoric hypotheses (see
Table 5) were kept, all displaying four features.

The generated pharmacophore models were then as-
sessed for their reliability based on the calculated cost
parameters. The overall costs ranged from 36.7 (Hypo
1) to 136.9 (Hypo 10). The relatively small gap be-
tween the highest and lowest cost parameter corre-
sponds well with the homogeneity of the generated
hypotheses and the consistency of the training set. For
this PH4 model the fixed cost (19.8) is lower than the
null cost (321.0) by a difference A =301.2. This differ-
ence is a major quality indicator of the PH4 predicta-
bility (A > 70 corresponds to an excellent chance or a
probability higher than 90% that the model represents
a true correlation) [33]. To be statistically significant
the hypotheses have to be as close as possible to the
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fixed cost and as far as possible from the null cost. For
the set of 10 hypotheses, the difference A > 184.2 at-
tests the high quality of the pharmacophore model. The
standard indicators such as the root-mean-square devi-
ations (RMSD) between the hypotheses ranged from
2.083 to 5.717 and the squared correlation coefficient
(R falls to an interval from 0.98 to 0.79. The first
PH4 hypothesis with the best RMSD and R* was re-
tained for further analysis. The statistical data for the
set of hypotheses (costs, RMSD, Rz) are listed in Table
6.

The geometry of the Hypo 1 pharmacophore of FP3
inhibition is displayed on Figure 5. The regression
equation for pICse™ vs. pICse"* estimated from Hypo
1: pICsy™ = 0.9926x pICse™* + 0.0187 (see Table 6

Statistical Data of Linear Regression for HYPO 1

pPICs™® = 0.9926- pICso™ +0.0187

Number of compounds n 7
Squared correlation coefficient of regression R? 0.95
LOO cross-validated squared correlation coefficient R 0.91
Standard error of regression s 0.24
Statistical significance of regression, Fisher F-test 96.73
Level of statistical significance a >95
Range of activities ICs5,™" [nM] 110-50000

Table 7. Computed the ratio of predicted and observed
activities (pICso™%/pICs,P) for the training set

for its statistical data) is also plotted in Figure 5. The - o — Ip——
N . N . Compounds plCso pICsg pICso™/ pICsp
regression equation coefficient is close to one and the
intercept close to zero indicating that the ratio of pre- AN 0.83
dicted and observed activities (pICso™%/pICse™) for L74 210
the training is relatively close to one (table 7) except | /x> ' 238 1.14
for AZN1. Moreover, the statistical data in table 6 such ' '
as R? and R%,, greater than 0.9 and a significance F-test AZN 3 2.80 269 1.04
of 96.73 document substantial predictive power of this o
regression for the best PH4 model. AZN 4 3.52 3.44 0
Table 5. Output parameters of 10 generated PH4 3.26 211
pharmacophoric hypotheses for FP-3 inhibitors after | ,, 6 180 - 0.98
CatScramble validation procedure. ' '
1.00
Hypothesis RMSD *? R*® Total Costs ° AZN 7 1.30 1.30
Hypo 1 2.083 0.98 36.68
Hypo 2 4.187 0.90 82.04
Hypo 3 4171 0.90 85.54
Hypo 4 4.817 0.86 102.82
PIC5™ vs pICsered
Hypo 5 5.186 0.83 114.84 40
35
Hypo 6 5.131 0.84 116.00 ¢ 30
‘s [e]
725
Hypo 7 5.491 0.81 128.12 L .
Hypo 8 5.602 0.80 131.37 -
. i i 2
(-]
Hypo 9 5.663 0.80 132.35 b e
Hypo 10 5.717 0.79 136.86 o e
Fixed Cost 0.0 1.0 19.82 LY
° %
Null Cost 9.391 0.0 321.04
* root mean square deviation; ° squared correlation co- < d

efficient; © overall cost parameter of the
PH4 pharmacophore.

Table 6. Regression analysis of experimental half-
maximal inhibitory concentrations pIC50exp [12] and
computed half-maximal inhibitory concentrations

pIC50pred of AZNs towards pfFP-3.

WWW.SIFTDESK.ORG

Figure 5. (a,b) Coordinates of the Hypo 1 pharmacophore of
PfFP3 inhibiton, (c) features of the pharmacophore of PfFP3
inhibition and (d) pharmacophore mapping with AZN 1
(IC5,™™=18000 nM) (purple) and the best fit hit 21-70-166
(IC5"™*=1.1 nM) (yellow). The correlation plot of experimental vs.
predicted inhibitory activity is displayed at the left. The features
are colored blue for hydrophobic aliphatic (HYd), green for hydro-
gen-bond acceptor (HBA) and purple for hydrogen-bond donor
(HBD). The arrows represent the projection for donor and acceptor
features.
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The randomization validation of the PH4 model was
carried out by the CatScramble algorithm of the Cata-
lyst for 49 random runs corresponding to a 98 % confi-
dence level. This procedure created 10 valid hypothe-
ses for each run. However, none of them was as predic-
tive as the Hypo 10, the hypothesis with the highest
cost of the ten best hypotheses generated and shown in
Table 5. Thus there is a 98% probability that the best
selected hypothesis Hypo 1 represents a pharmaco-
phore model for inhibitory activity of AZNs with a
similar level of predictive power as the complexation
QSAR model, which relies on the 3D structures of the
FP3-AZNx complexes and computed Gibbs free ener-
gies of enzyme-inhibitor binding DDGmp. The main
information provided by the PH4 is the relative coordi-
nates of the three hydrophobic features (Figure 5 a, b)
for an accurate filling of the active site pockets. Since it
has been built from the active conformation of AZNs,
this PH4 is suitable for an efficient screening of AZN
analogues virtual library.

Therefore we have performed computational
design and selection of new AZN analogues with in-
creased inhibition potencies against FP3 of Pf. The de-
sign strategy relied on the mapping to the hydrophobic
features included in the best PH4 pharmacophore mod-
el at the position of P1, P2 and P3 substitutions (PH4
hypothesis Hypo 1 in Figure 5).

3.4. Library design and ADME focusing

We have built a virtual libraries of new azadipeptide
nitriles compounds with a variety of substitutions in
free positions (P1, P2 and P3) with the goal to identify
more potent orally bioavailable inhibitors of the pfFP3.
During the virtual library enumeration the R-groups
listed in Table 8 were attached in positions R' to R? of
the AZN scaffold to form a combinatorial library of the

size: R! x R? x R® = 167 x 167 x 52 = 1,450,228
AZNA.

To design a more focused library of a reduced size
and increased content of drug-like and orally bioa-
vailable molecules, we have introduced a set of fil-
ters and penalties, which can help to select smaller
number of suitable AZNs which can undergo in
silico screening. The initial virtual library was then
filtered in an ADME-based focusing step to re-
move compounds with expected poor oral bioavail-
ability and low drug-like character. Only analogues
with high predicted percentage of human oral ab-
sorption in the gastrointestinal tract HOA larger
than 80% [43, 44] and compounds satisfying the
Lipinski's rule of five [51] computed for the entire
virtual library using QikProp software [42], were
kept. This focusing has reduced the size of the ini-
tial library to 819,642 AZNA less than 60% its
original number size.

3.5. In silico screening of AZNs virtual library
The library of AZN analogues was further screened for
molecular structures matching to the 3D-QSAR PH4
pharmacophore model Hypo 1 of FP3 inhibition. From
the reduced libraries few thousands of AZNA mapped
to at least 2 features, 150 AZNA of which mapped to 5
features of the pharmacophore. Out of then, only 78
AZNA best fitting analogues (PH4 hits) have been re-
tained and submitted to virtual evaluation with the help
of the complexation QSAR model: their Gibbs free
energy (GFE) upon complex formation with pfFP3 was
computed along with its component and their predicted
half-maximal inhibitory concentration ICs,"™ was esti-
mated with the correlation equation (B) (Table 3). All
the results are given in Table 9.

Table 8. R-groups (fragments, building blocks, substituents) used in the design of the initial diversity li-

brary of azadipeptide nitriles analogues (AZNA).

Ry

R' R?and R*-Groups *°

1 -F 2. | -ci 3. | -Br

4. | -cH, 5. | -SCHs, 6. | -CH.F

7. | —cH.l 8. | -cH.Br 9. | —C.Hs

10. | —(CHa).F 1. | =(CH,).CI 12. | =(CHa).Br
13. | —(CH,).CHs 14, | —(CH,)F 15. | —(CH,):Cl
16. | —(CHa)sBr 17. | n-butyl 18. | ~(CH.)F

WWW.SIFTDESK.ORG
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19. —(CH>)4Cl 20. —(CH,)4Br 21. n-pentyl

22. | —(CHy)sF 23. —(CH>)sCl 24, —(CH_y)sBr

25. | —(CH)sCHs 26. —(CHz)eF 27. —(CH_y)sCl

28. —(CHy)sBr 29. i-prop 30. i-butyl

31. | =(CH2).CH(CHs), 32. —(CHz)sCH(CHs) 33. —(CH2)sCH(CHs)

34. | —(CH2)sCH(CHs), 35. —CH(CHj3)s 36. —CH,CH(CHs);

37. | —(CH).CH(CHs)s 38. —(CH2)sCH(CHs)3 39. —(CH2)sCH(CHs)3

40. | —(CH2)sCH(CHjs)s 41. sec-butyl 42. —CH,CH(CH3;)CzHs

43. | —=(CH2)2.CH(CH3)C,Hs 44, —(CH3)3CH(CH3)C2Hs 45. —(CH2)4CH(CH3)C2Hs

46. | —(CH2)sCH(CH3)CoHs 47. —CH(C,Hs5)C2Hs 48. —CH,CH(C2H5)C2Hs

49. | —(CH)2CH(C2Hs)C2Hs 50. —(CHz)3CH(C2Hs)CoHs 51. cyclopropyl

52. —CH,—cyclopropyl 53. —(CH,),—cyclopropyl 54. —(CH3);—cyclopropyl

55. —(CH3)4—cyclopropyl 56. —(CH,)s—cyclopropyl 57. cyclobutyl

58. —CHz—cyclobutyl 59. —(CH,),—cyclobutyl 60. —(CHy);—cyclobutyl

61. —(CH3)s—cyclobutyl 62. —(CH,)s—cyclobutyl 63. cyclopentyl

64. —CH,—cyclopentyl 65. —(CH,),—cyclopentyl 66. —(CH,);—cyclopentyl

67. —(CH3)s—cyclopentyl 68. —(CH,)s—cyclopentyl 69. cyclohexyl

70. —CH,—cyclohexyl 71. —(CH),—cyclohexyl 72. —(CH3);—cyclohexyl

73. —(CH3)s—cyclohexyl 74. —(CH,)s—cyclohexyl 75. 4-methylcyclohexyl

76. cyclopropenyl 77. 2-methyl-2-cyclopropenyl 78. 2,3-dimethyl-2-cyclopropenyl
79. 1-methyl-2-cyclopropenyl 80. 1,2-dimethyl-2-cyclopropenyl 81. 1,2,3-trimethyl-2-cyclopropenyl
82. (2-cyclopropenyl)methyl 83. (2-cyclopropenyl)ethyl 84. (2-cyclopropenyl)n-propyl
85. (2-cyclopropenyl)n-butyl 86. 2-methyl-1,3-cyclopropadienyl 87. 1,3-cyclopropadienyl

88. 3-methyl-1,3-cyclopropadienyl 89. 2,3-dimethyl-1,3-cyclopropadienyl 90. 2,4-dimethyl-1,3-cyclopropadienyl
91. 2,3,4-trimethyl-1,3-cyclopropadienyl 92. (1,3-cyclopropadienyl)methyl 93. (1,3-cyclopropadienyl)ethyl
94. (1,3-cyclopropadienyl)n-propyl 95. (1,3-cyclopropadienyl)n-butyl 96. 2-methylcyclopentyl

97. 3-methylcyclopentyl 98. 2,2-dimethylcyclopentyl 99. 3,3-dimethylcyclopentyl

100 2-oxacyclopentyl 101 (2-oxacyclopentyl)methyl 102 (2-oxacyclopentyl)ethyl

103 (2-oxacyclopentyl)n-propyl 104 (2-oxacyclopentyl)n-butyl 10 (2-oxacyclopentyl)n-pentyl
106 3-oxacyclopentyl 107 (3-oxacyclopentyl)methyl 108 (3-oxacyclopentyl)ethyl

109 (3-oxacyclopentyl)n-propyl 110 (3-oxacyclopentyl)n-butyl 1 2-oxacyclohexyl

12 3-oxacyclohexyl 113 4-oxacyclohexyl 14 2-cyclopentenyl

115 3-furanyl 116 @S " 2-furanyl

18 |~ ® 19 | 120

. @ . @/ . 4-methyl-2-oxapenta-3,5-dienyl
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121 5-methyl-2-oxapenta-3,5-dienyl 122 3:5-d|methyl-2-oxapenta-3,5- 123 3:4-d|methyl-2-oxapenta-3,5-
dienyl dienyl
. s s
124 | 3,4,5-trimethyl-2-oxapenta-3,5- 125 126 )
dienyl \ / Q
~ S AR S
s -
127 @/ 128 ) 129 EZ/
N s
130 ‘ﬂ/ 131 ’\Q 132 /\@
s s
133 m 134 | o /\@ 135 \Gs
136 ‘ \QO 137 198 p-fluorophenyl
139 p-chlorophenyl 140 p-bromophenyl 141 p-methylphenyl
142 m-fluorophenyl 143 m-chlorophenyl 144 m-bromophenyl
145 m-methylphenyl 146 o-fluorophenyl 147 o-chlorophenyl
148 o-bromophenyl 149 o-methylphenyl 150 p-hydroxyphenyl
151 p-methyloxyphenyl 152 p-hydroxybenzyl 153 p-methyloxybenzyl
154 benzyl 195 p-fluorobenzyl 156 p-chlorobenzyl
157 p-bromobenzyl 198 p-methylbenzyl 159 3,5-dimethylbenzyl

* fragments 1-167 were used in R' to R?
group; ” dashed bonds indicates the attachment points of individual fragments.

-groups; fragments 115-119, 137-158 and 164-193 were used in R3-

The selected libraries subset then underwent virtual screening by means of their corresponding PH4 pharmaco-
phore models of AZN inhibitory activity towards pfFP3.

Table 9. Complexation Gibbs free energies and their components for the top 78 scoring virtually designed analogue AZNA. The analogue

numbering concatenates the index of each substituent R1 to R3 with the substituent numbers taken from Table 8.

Substituents
= I5)
Substituents ~°§ °§ U;; g E
AZNA  |Substituents w5 S e
< jl | g Q
< Ll
R’ R? R®
AZN 1
—CH, —CH,Phe —OCH,Phe o o o [0 |18O0000
(4-154-166)
e N 422, :
2245115 |~(CH,)sF —(CH2):CH(CH5)CoHs 222 |71 [2:31|7.04 [ g5 [26.30
g 479,
26-149-117 |~(CH,)eF o-methylphenyl 1) 379 |-5.80 |0.74 |-1.01[-3.25 |3618.15
. S
126-49-117 Q QM) CH(C-s) 1) 216 |7.62 [1.35 |0.64 |-6.91 |443.84
215
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0 430. -
129-33-117 w —(CH5)sCH(CHs), @ 230- f.8.99 {0.76 [1.92 [, 44 [69.16
e 394
26-30-119 | ~(CHy)eF i-butyl @/ 394 |-3.30 [2:39 |5.72 |-6.72 |496.13
e O 436
26-33-119 | ~(CHy)oF —(CH5)sCH(CHs) @/ 236 [-4.36 |2.99 [8.03 |-9.40 |106.50
. s
~. 0,
1 430.
126-33-119 / —(CH5):CH(CHs), () 230 |-8.82 |0.67 |1.82 [-0.97 |77.05
. s
126-49-119 |\ / ~(CH2),CH(C2Hs) f 430. | .8.01 [3.42 [2.11 |-6.70 [499.60
C2Hs / 6
I . 400.
123-30-138 / i-butyl 200- [.6.08 |2.16 | 1.68 [-5.61 |934.742
12333138 | 1) —(CH2)«CH(CHa) 422 - 1163 |3.19 [ 16.30
2)a 3)2 IR I FERPY KRl Rl XY
126-49-138 | |/ ~(CH2)oCH(CzHs) ‘ 444. 1 8 44 |1.96 |1.67 |-8.15 [218.00
CoHs s
26-30-141 | ~(CHy)eF butyl 4041185 |7 .. |6.40 [ 73.83
(CHa)e outy 5 8514791640 10.04 |73
446. -
26-33-141 | ~(CHy)eF —(CH5)«CH(CHs), 246 [-8.19 |16 |9.02 [15 5 |28
: ST 390,
25-30-142 |~(CH2)5CH3 -butyl ~ 390- |-3.36 |2.86 |5.36 |-5.86 |810.44
e " 4s0.
25-127-142 |~(CH,)sCHs W 290 |-8.26 [2.30 [-2.82-3.05 [4058.20
25-145-142 |~(CH,)sCHs m-methylphenyl ©/ 059 |-8.35 [2.00 |0.33 |-6.68 [506.36
ST (462,
26-145-142 |~(CHy)oF m-methylphenyl P o7 [-8.84 |2.06 |-1.94|-4.84 |1455.03
s A
123-30-142 w i-butyl | P 45100. -6.47 [2.11 [1.67 |-6.03 |735.27
12333142 | 1 J ~(CH,):CH(CHs) 442 |- 1.75 |3.27 [ 14.08
2)a 3)2 5 [11.42 175327 1204 |1+
22-120-147 |~(CHy)sF Q o-chiorophenyl 324 |-7.61 [1.81|-2.30|-3.41 [3207.05
21-9-166  |n-pentyl —CoHs —OCH,Phe 200 1053 [1.22 |3.92 [-3.23 [3644.94
21-36-166 |n-pentyl —CH,CH(CHa)s _OCH,Phe 402 |-535 |- |788 | [5.91
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21-69-166 n-pentyl cyclohexyl —OCH,Phe 414. |-6.48 10.87 |7.80 |- 10.79
428. |- -
21-70-166 n-pentyl —CHy—cyclohexyl —OCH,Phe 6 10.97 1.37 17.83 17.43 1.07
428. 10.3 |-
21-75-166 n-pentyl 4-methylcyclohexyl |-OCH,Phe 6 -7.83 |1.90 7 16.30 2.05
436. |- - -
21-158-166 |n-pentyl p-methylbenzyl —OCHyPhe 6 10.86 11.37 4.37 16.59 1.73
21-160-166 |n-pentyl phenylethyl —OCHPhe 436. |-7.23 |2.77 |3.35 [-7.81 |265.59
22-20-166  |—~(CHy)sF —(CH,)4Br —OCHPhe 501. [-9.47 |2.73 13.34 |- 72.27
25-20-166 | —~(CH2)sCHs —(CHz)4Br —OCHPhe 481. |-8.28 |2.32 |5.51 |- 32.67
32-30-166  |-(CH2)3CH(CH3)2 i-butyl —OCHyPhe 402. |-6.65 |8.48 |7.90 |-6.07 |718.12
32-154-166 |—(CH.);CH(CHj3)2 benzyl —OCH,Phe 436. |-9.75 |5.45 15.30 [-9.60 [95.31
450. |- -
32-158-166 |—(CH.);CH(CHjs)2 p-methylbenzyl —OCHPhe 6 12.85 1.19 15.39 17.05 1.34
38-30-166  |-(CH2)3CH(CH3)3 i-butyl —OCHPhe 416. |-3.90 |3.42 |8.83 [-9.32 |111.72
38-154-166 |—(CH.);CH(CHzs)s benzyl —OCHPhe 450. [-9.14 |0.35 |6.50 |- 3.66
66-30-166  |—(CH.)3-cyclopentyl i-butyl —OCHPhe 428. |-0.47 |4.48 |10.0 [-6.07 |716.80
A~ s 468.
66-135-166 |—(CH.)scyclopentyl g —OCHPhe 6 -2.22 10.24 17.32 |-9.30 [112.97
71-114-166 |—(CH;).—cyclohexyl 2-cyclopentenyl —OCH,Phe 438. |0.38 ]0.14 |6.64 |-6.12 |696.75
S~ s 468. -
71-135-166 |—(CH,).—cyclohexyl - —OCHPhe 6 -0.05 0.21 6.20 |-6.46 |575.35
. 442, 111
72-30-166  |—(CH,)s—cyclohexyl i-butyl —OCHPhe 6 -3.28 |7.80 6 -6.65 |516.46
456. 12.7 |-
72-36-166  |—(CH,)s—cyclohexyl —CH,CH(CHs); —OCHPhe 6 -4.46 |3.72 > 13.46 10.43
72-154-166 |—(CH,)s—cyclohexyl benzyl —OCH_Phe 476. |-9.23 |2.26 |8.34 |- 3.62
436. - -
160-36-166 |phenylethyl —CH,CH(CHs); —OCHPhe 6 -4.93 0.36 7.69 12.97 13.77
160-69-166 |phenylethyl cyclohexyl —OCHPhe 448. |-5.50 |1.41 |4.99 [-9.07 |128.53
462. |- -
160-70-166 |phenylethyl —CHax—cyclohexyl —OCH,Phe 6 10.58 1.39 |7.56 16.74 1.59
160-75-166 |phenylethyl 4-methylcyclohexyl |-OCH,Phe 462. |-7.60 |1.85 |4.41 |- 69.38
160-154-166 |phenylethyl benzyl —OCH,Phe 470. |-8.95 |2.16 |2.33 [-9.12 |124.93
470. |- - -
160-158-166 |phenylethyl p-methylbenzyl —OCH,Phe 6 11.70 lo.43 3.36 15.49 3.26
160-160-166 |Phenylethyl phenylethyl —OCHPhe 470. |-6.98 |3.77 |1.05 [-4.26 |2020.69
464. |- -
164-70-166 |phenyloxymethyl —CH,—cyclohexyl —OCHPhe 6 12.28 0.33 |4.25 16.19 2.18
164-154-166 |phenyloxymethyl benzyl —OCH,Phe 298 1, g2 [2:14 |0.15|-0.63 [93.33
472. |- - -
164-158-166 |phenyloxymethyl p-methylbenzyl —OCH,Phe 5 14.30 |1.79 0.45 16.54 1.79
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p-methyl 472. |-
165-154-166 benzyl ~O0CHPhe  [87% |7, 44 |2:28 |-0.06]-8.81 [149.70
phenyloxymethyl :
165-158-166 " thylbenzyl OCH,Ph 486 1= |- lossl|, ., 446
- - -me enz — e -U. .
phenyloxymethyl P yibenzy 2 6 |14.31[1.48 14.94
19-22-167  |~(CHa)CI —(CH2)5F A@ 328|861 |3.28 |2.85 |-8.17 [215.92
19-23-167  |~(CHa)CI —(CH2)5CI A@ 27> 030 |2.85 |2.27 |-8.72 [157.05
20-22-167  |~(CH,)sBr —(CH2)5F A@ 2031861 |3.08 |2.37 |-7.90 |251.81
19-22-168  |~(CH,).Cl —(CHy)sF _OCH,Phe-(p) |475. |-0.01 |3.57 |2.06 |-7.50 [316.01
19-23-168  |~(CH,).Cl ~(CHy)sCl —OCH,Phe-(p) |491. |-0.49 |3.25 |1.76 |-8.00 [237.69
21-23-169  |n-pentyl ~(CHy)sCl —OCH,Phe-(p) |515. |-9.32 |3.31 |3.54 |-0.55 [07.86
. N\
\
- 411,
19-22174  |~(CH,).ClI —(CHy)sF o1 |-8.44 [3.75 |0.97 [-5.67 [905.38
"~ 428.
19-23-174  |~(CH).ClI ~(CH2)sCl \ 225 |-8.37 |3.06 |0.26 |-5.57 [955.96
-
TS 472,
19-24-174  |~(CH,).ClI —~(CH,)sCBr | o> |07 250 |-0.31|-5.26 [1138.96
-
TS 472,
20-23-174  |~(CH,).Br ~(CH2)Cl \ o> |7.39 [2.83 |-0.47[4.00 [2232.38
-
e "~ 399.
21-127-174 | n-pentyl W \ 399 1517 [1.34 |-1.14|-2.60 [4078.67
-
I SN 413.
21-129-174  |n-pentyl / \ 213 |-6.39 [2.48 [-0.01[-3.90 [2482.25
-
{ "~ 425,
25-124-174  |~(CH,)sCHs ) \ 2% |-6.84 [1.80 |2.94 [-7.98 |240.26
-
S SN 413.
25127174 |~(CH2)sCHs W | 2% |6.73 |1.32 [-1.85[-3.56 [3016.43
-
Re SN 441.
25-130-174  |~(CH,)sCHs ) [ et |-5.82 [1.95 |3.95 [-7.81 [264.99
S 407.
25-138-174  |~(CH2)sCHs p-fluorophenyl \ 207 1.6.44 [1.17 [3.40 [-8.67 [161.94
-
S 427.
25-145-174  |~(CH2)sCHs m-methylphenyl \ o2 |7.58 [1.16 |-0.72[-5.70 [888.44
-
"~ 472.
25-149-174  |~(CH,)sCHs o-methylphenyl | 7% |65 |1.27 |-1.15]4.13 [2181.02
-
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67-30-174 |~(CH2)4—cyclopentyl i-butyl me a1 |-0.96 |2.64 |9.22 |-7.55 [308.25
=
TS 439. -
67-54-174 |—(CH,)s;—cyclopentyl —(CHy)s—cyclopropyl | 6 -7.77 11.98 18.78 14.58 5.51
P .
4-methyl-2-oxapenta-3,5- TS 411. -
120-33-174 [0 —(CH2)4CH(CHa), [ 211|854 0.96 |5.02 [, 4 [17.02
e 4-methyl-2-oxapenta-3,5- —(CH3),CH(C2Hs) TN 411. | -
120-49-174 [0 o [ a1 |-6.28 [1.74 [5.80 [, 55 [62:53
4-methyl-2-oxapenta-3,5- TS 409. -
120-60-174 [0 —(CHy)s—cyclobutyl [ 209 |-8.94 [1.04 |3.02 [ g [44.54
18-30-181 |~(CH2)4F i-butyl 212 |-4.85 [3.50 [4.18 |-5.53 |o76.82
446.
18-138-181 |~(CHa).F p-fluorophenyl 240 |0.88 |2.96 |0.36 |-7.28 [358.97

M., is molecular mass of the inhibitor;

DDHwuw is the relative enthalpic contribution to the Gibbs free energy change related to the FP3-AZN complex formation DD Geom, (for
details see footnote of Table 2);

DDG;.y is the relative solvation Gibbs free energy contribution to DD Geomp;

DDTS.i, is the relative entropic (vibrational) contribution to DD Gcomp;

DDGcomp is the relative Gibbs free energy change related to the enzyme-inhibitor FP3-AZN complex formation DDGcomp @ DDHum +
DDGsolv - DDTSyip.

ICs"™ is the predicted inhibition constant towards pfFP3 calculated from DD Geomp Using correlation equation (B), Table 3;

9 |Cs™ is given for the reference inhibitor AZN1 instead of 1C5".

For 33 AZNA out of the 78, the estimated inhibitory potency shown in Table 9 is better than that for the
most active training set compound AZN 5 (IC5o™” = 110 nM [12]). In fact, the best designed AZN analogues 21-
70-166 (1.1 nM) display predicted inhibitory potency about 100 times higher than the AZN 5 (21-154-166).

3.5 Analysis of new inhibitors

To identify which substituents on R-positions of AZN scaffold (Table 8) lead to new inhibitor candidates with
the highest predlcted poten01es towards the FP-3 of Pf, we have prepared histograms of the absolute frequency
of occurrence of R'to R® groups in the 78 PH4 best fit hits AZNAs selected from the focused virtual library
shown in Table 9 (Figures 6).

R! groups R? groups R groups

. 14 4

w1 10 4 |

10 4 |
!, I §
) & ' 1 6 fg ]

Figure 6. Histograms of absolute frequency of occurrence of individual R', R%, R*-groups in the 78 best-selected analogues mapping to the five

features of the PH4 pharmacophore hypothesis Hypo 1 (for fragment’s structure and number see Table 8).

From the histograms in Figure 6 it comes out that R' groups numbered 19 (7), 21 (10), 25 (10), 26 (6), and
160 (7) are almost equally represented with the highest occurrence in the AZNs subset. The R? groups contain
preferentlally 22 (4),23(5),30(11),33(7),36(3),49 (4),70 (3), 127 (3), 145 (3), 154 (6) and 158 (5) while the
R’ groups include chiefly fragments 142 (6), 166 (33), and 174 (17). The top scoring virtual hits are AZN ana-
logues: 21-70-166 (1.1 nM), 32-158-166 (1.3 nM), 160-70-166 (1.6 nM), 21-158-166 (1.7 nM) 164-158-166
(1.8 nM).

WWW.SIFTDESK.ORG 17 Vol-2 Issue-1



SIFT DESK

Figure 7 displays the 3D interaction depiction of the best designed AZNA 21-70-166 at FP3 active site (right). The Connolly surface of
the active site (left) shows the conserved pentyl (P1) and the P3 benzyloxy of the AZN 5. The cyclohexyl substituted to the benzene ring
in P2 resulted in a high increase of potency due to a better filling of the lipophilic S2 pocket and a stabilizing subsequent hydrophobic
contact. This structural information is confirmed by the reported experimental results on FP2 and FP3 pyrimidinecarbonitrile inhibitors []
attesting the quality of the FP3 inhibition PH4 and its ability identify novel FP3 inhibitors.

Figure 7. (Left): Connolly surface of the active site of P/ FP-3 with bound predicted most active AZN inhibitor 21-70-166. The binding site surface is
colored according to residue hydrophobicity: red - hydrophobic, blue - hydrophilic and white - intermediate. (Right): Close up of the best virtual hit 21-70-

166 at the active site of FP-3. Carbon atoms of interacting residues’s side chains are colored light green and those of ligand are shown in yellow color.

3.6 ADME profiles of designed AZNs

ADME-related properties fully described in section 2.9 were computed. The values for the best active designed
AZNs are compared with those computed for drugs used for treatment of malaria alone or in Artemisinin com-
bined therapy (ACT) or currently undergoing clinical trials, Table 10. The best designed analogues all display
#stars equal to zero meaning that the optimal “value range of drug likeness” descriptor was violated. One of the
main requirements about new antimalarials, as stated by WHO, is their oral bioavailability. The last column of
the table displays a high level drug likeness descriptor: the percentage of human oral absorption in gastrointesti-
nal tract (HOA). None of the designed AZN analogues is outside the range of good oral bioavailability (<25% -
poor, >80% high). In the same way most of currently in use antimalarials (see the lowest part of Table 9) display
a percentage greater than 80%. Interestingly the #stars is equal to O for the designed AZN analogues oppositely
to those of most of the ACT antimalarials.

Table 10. Predicted ADME-related properties of the best designed AZN analogues and known anti-malaria
agents either in clinical use or currently undergoing clinical testing, as computed by QikProp [42].

< "o
< — | < — ~ - I
= P’ — 3 < - 2 — < £ °
Ana- % g ;ﬁ- A S ) s g [2 |8 |2 | S| = g % “
- ; — = — om O o < ) o
logues®| @ | =2 g =12 |z @ % %, cg) % |2 |8 £ ) 2 Q
o =
z o | g > x |T o |2 ke} g N
s a o
o
1055.
0 405 |761.0
26-30-141 488.0 l1a15.4 f12 Jo2s Jes |so [75 Jos |-112 |3 2 73.83 |3 100.0
0 403 |7253
21-36-166 4383 |13s78 f12 fo3 Jes Jas [78 Jos |14 6347 [2 59 |3 100.0
0 415 |7445
21-69-166 4626 14072 f11 Jo3 68 46 [s0 Jos |13 |e608 |2 108 |3 100.0
0 429 7767
21-70-166 4844 J14686 f12 Jo3 68 |50 [79 o7 |15 |5767 |2 L1 |3 100.0
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21-75-166 0 429 7708 Nygsg Jiaess fi1 los les  [so ls1 oz |14 Jess2 |2 21 |3 94.0
21-158-166  |° BT 7823 3665 f1a7a2 10 oz les  |s2 fss  Jos s |s975 |4 17 |3 94.1
32-158-166 0 451 |808.7 l3g70 15312 |12 03 les s [s9  foo |14 7001 |4 13 |1 100.0
38-154-166 0 451 |766.1 |3083 [1491.2 |12 0.3 6.8 s4 |90 fos |14 |e159 |3 37 I3 953
72-36-166 0 457 |778.3 |s065 |1532.8 |12 0.3 6.8 5.5 78 Joo  J-14 Jeor1 |2 104 |3 96.8
160-36-166 0 437 738.6 1308.7 |1441.9 |11 0.3 6.8 5.1 9.0 0.7 -12 7372 |3 138 |3 95.1
160-70-166 0 463 802.1 ]354.6 ]1531.0 |11 0.3 6.8 5.6 9.3 0.9 .14 le3rs |3 1.6 1 100.0
160-158-166  |° 4707987 |hurs 15263 |11 03 les Is8  lioo Joo |13 |74 |s 33 | 100.0
164-70-166 0 465 |7847 3426 |1497.0 |11 0.3 7.5 5.0 9.9 0.7 14 ]590.7 13 22 3 93.0
164-158-166  |° 473 1790.0 12372 |1499.7 |11 0.3 7.5 5.2 108 lo7 |14 629 |s 18 |3 94.4
165-158-166  |° 487 |814.1 3159 |1555.6 |11 0.3 7.5 5.5 104 Jo.s 14 Jes23 e 45 1 97.0
120-33-174 0 41217764 4000 |1410.6 |11 0.3 8.3 4.0 102 Jo2 15 Js749 |4 170 |3 100.0
pyrimethamine | 249 |4674 |1155 |778.4 |4 4 3.0 1.8 28 |03 o6 [sses |1 - 3 86.7
Dapsone 1 236 |431.6 oo 6879 |2 0 70 |04 Jos 13 09 J289.1 Jo - 2 63.8
Trimethoprim | % 272 15002 17339 8359 |5 0 65 los  [-15 f-00 |12 [2828 |3 - 3 743
Quinine 0 324 5220 J301.0 [990.1 |s 1 5.5 3.3 29 o1 02 |e283 |4 - 3 96.3
1 294 |594.1
Chloroquine 188.9 [982.9 |6 0 30 a6 |53 Joa  fooa 37181 0 - 3 100.0
Amodiaquine ]! 334 16032 11317 |1018.7 |6 0 5.0 36 |44 Joo 04 ]1689.0 |0 - 3 100.0
Mefloquine 2 362 ]533.1 oo 9251 |2 0 40 |41 49 o 0.5 2903.1 Jo - 3 100.0
Primaquine 0 259 |s28.1 |2427 |909.6 |7 3 38 |20 J2s5 |o1 o2 3713 6 - 3 84.9
Pamaquine 0 316 16548 4434 ]1148.1 |9 1 4.8 4.0 38 |04 0.2 14752 |5 - 3 100.0
Sulfametopyra-
Py 268 |473.4
zine 779 7733 |4 0 90 |10 Jo2 |17 |13 Jiess | - 2 61.9
Tetracycline |3 42216045 1731 [1111.8 |2 0 160 |34 1o |25 |26 |68 5 - 1 21.8
Quinacrine 0 370 16805 r688 |1163.6 |7 0 3.5 5.6 6.5  |os 0.1 44357 |1 . 1 100.0
Atovaquone 0 367 16206 11369 ]1099.8 |1 1 48 4.1 60 Joe |04 Jo175 |3 - 3 100.0
Proguanil 1 238 4782 |1253 |768.6 |6 0 6.0 1.1 15 |10 o7 |s3as o - 3 85.6
Clindamycin ~ Jo 425 |7215 |s5342 13073 |10 4 118 f20 23 fos o7 1392 |6 - 3 77.1
Halofantrine |5 470 17854 li60.2 13518 |s 0 3.0 76 |99 lis o2 |2s441 o - 1 100.0
Sulfadoxine 1 296 |510.6 |1523 |849.5 |s 0 9.5 08 |01 J17 |14 Joza |2 - 2 64.0
Hydroxychloro-
yeroxy 310 [609.5
quine 119.5 {1006.5 |6 0 50 34 fas o1 |07 Ji0237 )0 - 3 100.0
Bulaquine 0 370 5602 |360.2 |1097.8 |9 1 5.8 3.6 |30 o 04 3097 |7 - 3 100.0
Lumefantrine |5 497 |s19.1 |160.7 14375 |7 0 30 |83 100 |17 Jo2 o 43372 )0 - 1 100.0
Artemether | 208 |490.6 4655 9017 |1 0 s7 |23 24 |03 o3 5729.0 |0 - 3 100.0
Artesunate 0 384 6441 Jaes.1 11558 |4 1 80 |25 |44 o1 |14 |s0a |2 - 3 72.0
Arteether | 312 5311 Js06.0 9702 |2 0 s7 o7 |30 o2 fo2  Ismis]o - 3 100.0
Dihydroartemis-
284 4774
inine 3957 |864.6 |1 1 5.7 1.8 |29 o1 |01 Jiesa9 |o - 3 95.4
Doxyeycline |4 422 1602.2 1740 11042 |2 0 173 |40 |17 29 |25 Joo2 |4 - 1 20.8
Artemisinin 0 282 |456.6 |380.6 |848.4 o 0 5.3 17 |21 J03 Jooor Jisss |1 - 3 95.8
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*  best designed AZN analogues, Table 9;

drug likeness, number of property descriptors (from 24 out of the full

list of 49 descriptors of QikProp, ver. 3.7, release 14) that fall outside

ofthe range of values for 95% of known drugs;

molecular weight in g.mol™ (range for 95% of drugs: 130 - 725 g.mol™)

[43];

total solvent-accessible molecular surface, in A? (probe radius 1.4 A)

(range for 95% of drugs: 300 - 1000 A%);

hydrophobic portion of the solvent-accessible molecular surface, in A?

(probe radius 1.4 A) (range for 95% of drugs: 0 - 750 A?);

total volume of molecule enclosed by solvent-accessible molecular

surface, in A* (probe radius 1.4 A) (range for 95% of drugs: 500 —

2000 A%);

¢ number of non-trivial (not CX3), non-hindered (not alkene, amide,

small ring) rotatable bonds (range for 95% of drugs: 0 - 15);

estimated number of hydrogen bonds that would be donated by the so

lute to water molecules in an aqueous solution. Values are averages

taken overa number of configurations, so they can be non-integer

(range for 95% of drugs: 0.0 - 6.0);

estimated number of hydrogen bonds that would be accepted by the

solute from water molecules in an aqueous solution. Values are average

es taken over a number of configurations, so they can be non-integer

- (range for 95% of drugs: 2.0 - 20.0);

I logarithm of partitioning coefficient between n-octanol and water phas

es (range for 95% of drugs: -2 - 6.5);

logarithm of predicted aqueous solubility, log S. S in mol.dm™ is the

concentration of the solute in a saturated solution that is in equilibrium

with the crystalline solid (range for 95% of drugs: -6.0 - 0.5);

logarithm of predicted binding constant to human serum albumin

(range for 95% of drugs: -1.5 - 1.5);

logarithm of predicted brain/blood partition coefficient. Note: QikProp

predictions are for orally delivered drugs so, for example, dopamine

and sero tonin are CNS negative because they are too polar to cross the

blood-brain barrier (range for 95% of drugs: -3.0 - 1.2);

predicted apparent Caco-2 cell membrane permeability in Boehringer-

Ingelheim scale, in [nm/s] (range for 95% of drugs: <25 poor, > 500

great);

number of likely metabolic reactions (range for 95% of drugs: 1 - 8);

P predicted inhibition constants ICs,"™ (nM). IC5,™" was predicted from
computed DDG,np using the regression equation shown in Table 3;

9 human oral absorption (1 - low, 2 - medium, 3 - high);

percentage of human oral absorption in gastrointestinal tract (<25% -

poor, >80% high);

star indicating that the property descriptor value falls outside the range

of values for 95% of known drugs.

4 Conclusions

Structural information from the crystal structure of FP3
-K11017 complex guided us during elaboration of reli-
able QSAR models of non-covalent inhibition of the
FP3 of P. falciparum by azadipeptide nitrile (AZN)
inhibitors, which correlated computed Gibbs free ener-
gies of complex formation with observed inhibitory
potencies [12]. In addition to this QSAR model, we
have derived a 3D QSAR pharmacophore models for
AZN inhibitors. Analysis of interactions between the
FP3 and AZNs in the enzyme active site directed us in
our effort to design an initial diversity virtual combina-
torial library of new AZN analogues with multiple sub-
stitutions. The design strategy was based predominant-
ly on the presence of the hydrophobic features included
in the best PH4 pharmacophore models at the P1 to P3
positions of AZNs. The focused library filtered by a set
of ADME-related descriptors and screened by match-
ing of the analogues to the PH4 pharmacophore per-
mitted selection of a library subset of orally bioavaila-
ble AZN. The subset of 78 best virtual hits was submit-
ted to GFE computation of predicted inhibitory poten-
cies by the complexation QSAR model derived from
the training set. The best analogues reached predicted
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activities in the low nanomolar concentration range.
The best designed AZN analogues, 21-70-166 (1.1
nM), 32-158-166 (1.3 nM), 160-70-166 (1.6 nM), 21-
158-166 (1.7 nM) 164-158-166 (1.8 nM), Table 10, are
recommended for synthesis and subsequent activity
evaluation in FP3 inhibition assays and may lead to a
discovery of novel potent orally bioavailable antima-
larial. Usually the investigations of the active site of an
enzyme start with the analysis its interactions with pep-
tides inhibitors for identification of the best pharmaco-
phore features which will guide the subsequent design
and synthesis of peptidomimetic and non peptidic in-
hibitors []. The same approach, initiated by the report-
ed AZN potencies [12], successfully provided in this
work helpful information particularly for P1 and P2
position despite the small level of diversity of the train-
ing set. On the whole for FP3, the structural infor-
mation provided by the PH4 especially the coordinates
of the “pocket centered” hydrophobic features will be
of crucial help for the design of non-peptide inhibitors.
The report of a FP3-AZN complex crystal structure for
one of the AZN best analogues we suggested for syn-
thesis or three more AZN experimental evaluation with
substitutions at P3 will help in the assessment to valua-
ble additional structural information at the level of the
one we obtained here from P2 with our model. In this
way we’ll afford better orientation to the design of non
peptidic falcipains inhibitors. Moreover our PH4 is in
improvement in order to reach the selectivity over hu-
man cysteine proteases; we’ll report the results in due
course.
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