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Abstract

Aim and Obijective: Structure-based drug design (SBDD) of new antimalarials at
the moment of resistance of the most causative agent, Plasmodium falciparum to
the more valuable artemisinin combination therapy (ACT) is even more urgent.
Carbonitriles pyrimidine derivatives (CNP) has emerged as potential inhibitors of
the cysteine protease falcipain 2 of Plasmodium falciparum (pfFP2), so here we
report virtual pharmacophore based screening of the CNP chemical subspace
yielding novel CNP analogs with predicted high inhibitory potency against pfFP2.

Methods: A quantitative structure activity relationships (QSAR) complexation
model has been developed from a series of fifteen carbonitriles pyrimidine
derivatives to establish a linear correlation between the calculated Gibbs free
energies (GFE: AAGcom) of pfFP2-CNP complex formation and the experimental
half-maximal enzymatic inhibition concentration (Icg’gp).The predictive power of
the QSAR model was then validated with the generation of a 3D-QSAR-PH4
pharmacophore (PH4) model as CNP chemical subspace (exemplified as a virtual
combinatorial library of more than 83.300 CNP analogs) explorer for novel
predicted more potent CNP analogs. Finally the best PH4 hits were evaluated with

the initial QSAR model for predicted potency (ICE,°) and pharmacokinetic profile.

Results: The QSAR model linear correlation equation: pICgy"= -0.1025 x AAGeom
+ 7.2867, R?=0.94, the subsequent PH4 model linear correlation between
experiment and PH4-estimated ICso: pICg,"= 0.9366 x pICE,°+ 0.2849, R?=0.91
documents the high predictive power of this approach. Finally the screening of the
virtual library of CNP analogs yielded 52 orally bioavailable candidates the best
reaching a predicted potency (ICE;°) of 14pM and displaying favorable
pharmacokinetic profile.

Conclusion: The combined use of one descriptor complexation QSAR model and
3D-QSAR Pharmacophore model performs well in identifying novel CNP analogs
against pfFP2 and the handful of top predicted analogs are worth undergoing
synthesis and biological evaluation.

Keywords: ADMET, CNP, FP2, Malaria, pharmacophore, QSAR, virtual
screening.

INTRODUCTION

The malaria disease mainly occurs in tropical regions
with a unicellular eukaryotic parasites of the genus

plasmodium as causative agent, the most virulent of
which is Plasmodium falciparum'. The WHO 2022
malaria reports deplore 247 million clinical cases for
619,000 deaths mostly under 5 years. Almost 80% of
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malaria-related deaths in the WHO Africa region in
2021%.The spread of resistance to the majority of
existing drugs, even including chloroquine, which was
one of the pillars of antimalarial treatment, constitute
an obstacle®.

The same is also true for the case of artemisinin, our
latest line of defense and artemisinin-based
combination therapies (ACTs) which are also
experiencing the emergence of new resistance
hindering current efforts to counter malaria*>®"¢,
Given that resistance covers a wide range of
antimalarial drugs and that it spreads in populations “at
risk of parasitic infection” around the world and that no
protective vaccine is available®, there is an urgent need
for a new therapy against malaria through the
identification and development of new classes of drugs
with high antimalarial potential'®.The development of
new inexpensive antimalarial drugs bioavailable by
oral route, overcoming drug resistance is an urgent
necessity. This is subject to the constraint of finding a
new attractive potential target while proceeding to a
rational drug design approach and filtering a large
diversified library of components to finally obtain an
almost perfect pharmacokinetic profile and a multi-
target compound™. The digestion of 3/4 of the
hemoglobin present in the infected erythrocytes,
provides the parasite with amino acids which are
necessary for its growth and survival'***'* The
inhibition of parasitic proteases, in particular the
cysteine proteases involved in the process of
hemoglobin degradation, proves to be central to
avoiding parasitic proliferation®®®. The cysteine
protease falcipain-2 (FP2) arouses great interest
because of the central role it plays in the life cycle of P.
falciparum through the degradation of hemoglobin®®.
FP2, the most expressed and best studied enzyme
among falcipain, is a promising target for the
development of new antimalarial drugs®’. It is a logical
target for antiparasitic chemotherapy and therefore we
have been interested in the development of its
inhibitors as antiparasitic'®. FP2 has a fairly
considerable active site comprising four pockets S1,
S’1, S2 and S3 which can accommodate, for each of
them, substituent’s of substrates P1, P'l, P2 and P3
respectively. Previous studies have shown the
selectivity of these pockets; the S1 pocket having a
high affinity with compounds bearing a nitrile group at
P1'° and the S2 pocket having a marked preference for
compounds having a hydrophobic group at P2%.
Various non-peptide heteroarylnitriles compounds have
been studied as potential antiparasitics inhibitors of
falcipain. This is the chemical class of 5-substituted-2-
cyanopyrimidine known as carbonitriles pyrimidine
(CNP) which constitutes a powerful and promising
head of series®.Their P1 lateral chain containing the
pyrimidine nucleus presents various substitution
possibilities which is a very useful advantage in the
fight against the drug resistance of certain pathogens
and constitutes a reliable means in the design of
antimalarial drugs with powerful bioavailable and
favorable oral pharmacokinetic properties. Having no
crystallographic structure of FP2-CNP complexes
available in the literature, we therefore used the results
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of a previous study on azadipeptides nitrile (ADPN)
peptide inhibitors of FP22!, by in situ modification to
explore the active site of FP2 with CNPs. The study
with the ADPNs provided valuable structural
information that guided the simulations carried out
with the CNPs and led to the design based on the
structure of new and more powerful antimalarial
agents. In this work, we start from a set of CNP
molecules to build a QSAR model of FP2 inhibition
with a single descriptor (Gibbs free energy, GFE
during the formation of the FP2-Inhibitor complex)
which has been correlated with the experimental
biological ~activity 1CS;". Then a 3D-QSAR
pharmacophore protocol was used to build a four-
characteristic pharmacophore model (PH4) based on
the conformations linked from the CNPs to the active
site of FP2. In addition, the calculated enzyme-ligand
interaction energy Ein correlates well with the
experimental activities ICS° making it possible to
achieve its distribution for each residue of the active
site. This latest structural information allowed us to
select appropriate fragments P1 and P2 as a
construction base for a virtual library (VL) of FP2
inhibitor. In order to access a good pharmacokinetic
profile while avoiding toxicity problems, VL was
targeted in priority on compounds with O property
descriptors lying outside the range of values
determined for 95% of the known drugs on 24 selected
descriptors calculated by the QikProp. The aim of this
study was to use the predictability of QSAR models
obtained from binding the inhibitory enzyme to the
pharmaceutical PH4 3D-QSAR model for VL
screening. The best Hit Fits from the virtual PH4-based
assay for VL were evaluated in silico MM-PB for
predicted inhibitory activity up to the picomolar range
for the most potent analogues.

MATERIALS AND METHODS

Training set and validation set

The series of compounds used in this work is taken
from the literature and belongs to the class of 5-
substituted-2-cyanopyrimidine known as carbonitriles
pyrimidine (CNP)'®, Their activities cover a
sufficiently wide range of activity to allow the
construction of a reliable QSAR model. The training
set containing 12 CNP ligands and the validation set 3
CNP ligands taken from the reference®.

Model building and calculation of binding affinity
No crystallographic structures of the FP2-CNP
complexes exist. The FP2:CNP complexes were built
by in situ modification of the high-resolution
crystallographic structure of the reference complex
FP2:E64 (PDB code 3BPF at a resolution of 2.90 A)
using the Insight-1l 2005 Molecular Modeling
program®>.  No water molecules from the
crystallographic structure were kept in the model. To
identify the lowest-energy conformation bound of the
modified inhibitor, an exhaustive conformation search
of all freshly created residue bonds, coupled with
minimization of the inhibitor energy of the protein's
active site, was necessary. The structure of the
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resulting low-energy complex is carefully optimized by
minimizing the overall complex. In practice, the in situ
modifications generate variations in the torsion angles
and the bond angles of the ligand substituents. Then, in
order to avoid steric bumps and to take into account the
flexibility of the lateral chains of the residues of the
active site of the ligand receptor, a local minimization
is carried out (within a radius of 5 Angstroms around
the current modification), followed by a global
minimization of the receptor-ligand complex to obtain
stable structure. Calculation of the relative binding
affinity of the (AAGcom) ligand has been fully described
and reported previously.
AAGcom:AGcom(I)_AGcom(lref):AAHMM—AATSvib'|'
AAGso (1)
The enthalpic contribution relative to the GFE change
related to intermolecular interactions in the E:l
complex is described by AAHwwm and derived from
molecular mechanics (MM), AAGs and AATSyip
represent, respectively, the relative solvation GFE and
the simplified relative vibrational entropy.
Molecular mechanics
The modeling of CNP ligands and their FP2-CNP
complexes was carried out by molecular mechanics
using the CFF force field as widely described
previously**,
Conformational search
Conformational research is a method for calculating the
relative energy associated with the conformation of a
molecule®. Its aim is therefore to find the minimum
possible and to calculate Boltzmann's population,
which gives us information on the population of
occupied levels at a given temperature®®. This method
has been described earlier®.
Solvation Gibbs free energy
The biological medium is aqueous and proteins and
ligands interaction mechanisms involved in the binding
process take account of solvation phenomenon.
Discovery Studio's DelPhi module calculates the
electrostatic component of the solvation GFE, which
includes the effect of the ionic strength by solving the
non-linear Poisson-Boltzmann (PB) equation®’?%°,
This method has been described fully earlier®.
Interaction energy
The non-bonded interactions (van der Waals and
electrostatic interatomic potential terms) between two
sets of atoms in all E:l complexes were calculated via
the MM interaction energy (Ein;) calculation protocol
available in Discovery Studio 2.5* as described
earlier®.
Pharmacophore generation
The Discovery Studio's Catalyst Hypogen algorithm
program® allowed us, based on the models of the
various EI complexes used, to generate the hypotheses
to construct a 3D-QSAR pharmacophore as described
previously®.
ADMET-related properties
The Qikprop program® based on the Jorgensen
method®***3* as fully described previously®® was used
to calculate the pharmacokinetic profile of CNPs.
Virtual library generation
The virtual library for CNPs analogues was generated
according to the protocol described to the reference®.
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ADMET based library focusing
The criterion selection drug-likeness used to focus the
initial virtual library of CNPs analogs was fully
presented earlier®.
Pharmacophore based library searching
PH4 based library screen process was described
earlier®.
In silico screening
The molecular structures corresponding to the best
mapping of the pharmacophore model of 3D inhibition-
QSAR PH4 Hypol have been selected and subjected to
a screening of the QSAR model of complexation. The
relative free enthalpy AAGcom upon the formation of
E:l complex was calculated for each new ligand
selected from the focused virtual library, then used for
the prediction of the predicted inhibitory potencies
(ICE%) against FP2. This parameter was inserted into
the target-specific scoring function of the pfFP2
receptor

pICE°= a-AAGeomtb  (2)

RESULTS

Training and validation set

The series of CNP compounds comprising 12 ligands
for the training set and 3 ligands for the validation set
is a homogeneous series of pfFP2 inhibitors with
known and determined inhibitory activities from the
same laboratory®®. A variation of two positions R; and
Rz on the pyrimidine carbonitriles backbone was made
to obtain the whole series (Table 1). Their experimental
biological activities (I < ICciP< 609 nM)™® from the
literature extend sufficiently over a wide concentration
range for the construction of a reliable QSAR model.
The ratio between the sizes of training and validation
sets remains a critical point of correct classification but
is limited by the count of the set of homologous
compounds available from the literature®.

10 -

219 15 11 -7 3 1S
AAG gy, (Kealanol 1)
Figure 1: Plot of correlation equation between
pICc;" and relative complexation GFE AAGcom of

the training set, all in kcal.mol™.
The validation set data points are shown in red color.

QSAR model

The relative GFE which describes the mutual affinity
between the protein and the inhibitor is presented in
Table 2 with its various components. The method of
calculating its different quantities is explained
extensively in Section 2-2. Calculated with an
approximate approach, the relevance of the binding
model was evaluated by a linear regression analysis,
equation (2) which led to a linear correlation with the
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experimental activity data ICZ,” *°. Table 3 presents the
correlation equation obtamed for GFE AAGem,
equation (3) with relevant statistical data. The
regression coefficient R?=97% and the Fischer F

Universal Journal of Pharmaceutical Research 2023; 8(5):39-52

test=363.4 of the correlation with relatively high values
show a strong relationship between the binding model
and the experimental inhibition power ICg;" of the
CNP series as indicated in Figure 2.

Table 1: Training set (CNP1-12) and validation set (CNPV 1-3) of PfFP2 inhibitors® used in the preparation of
QSAR models of inhibitor binding.

5087 6 334
S

N N N N N N N AN N 2N
OIS
Br’ Me’ MeO N
1 2 3 4 5 6 7 8

#R1—#R> 1-9

Training set
CNP1 CNP2 CNP3 CNP4 CNP5 CNP6
4-10 59 6-9 4-11 4-12
79 24 2

IC," (M) 60 9

CNP7 CNP8 CNP9 CNP10 CNP11 CNP12

#R1I-#R, 4-13 39
Ic," (M) 12 9

4-14

4-15 7-9 8-9
3 609 196

Validation set

CNPV1 CNPV2 CNPV3
#R1—#R2 2-9 4-9 4-16
ICseP (NM) 24 3 7

In the first part of the table are numbered the different groups R; (bottom) and R; (top) in the form #R = group index

o ASp234

2% 2 S, lless B
149
A TRP- 44
din o DGR "\ Leutr2
42 46 LYS
HIS7S (76 2N a175 Leuss
ASN 74 3L 7
73 40 R
LEU 78
2 )( \His174
”\ \1\” Glys3
206 N \ /
1 Trp206_ Asn173
GLN LEU GLY Galiﬁ - o 3
36 { Légq 83 -
85 Gly82
) Charged (negative) Polar Distance — Phcation e GIn3é
@ Cherged (posttive) @ Unspecied residue + Hebond — Saltbridge
Glyche Water Halogen bond Solvent exposure , Gly40
Hydrophobic Hydration site —  Metal coordination Asng1

Metal X Hydration site (displaced) @8 PiPistacking

Figure 2: A: 2D schematic interaction diagram of the most potent inhibitor CNP9 (Table 1) at pfFP2 active-
site; B: 3D structure of the active-site with bound inhibitor CNP9.

Binding mode and interaction energy

Binding mode

The active conformation of the most active of the
carbonitriles pyrimidine CNP9 from this QSAR is
revealed in Figure 2. However, the side chain P1 of the
carbonitriles pyrimidine family comprising the 2-
cyanopyrimidine core offers a great possibility of
substitution in the pocket S1. The grafting of the
halogens, in particular the Br in position 5 of the
nucleus, promotes an improvement in the interactions
with the residues Trp43, Asn173 and His174. Also, an
intensity of hydrophobic interactions is noticed in the
S2 pocket, particularly with the residues Ser149,
Leul72, Alal75 and Asp-234. Figure 3 presents in 2D

and 3D the mode of binding to the active site of the
best CNP9 supported by a hydrogen bond with Gly83.
Interaction Energy

The distribution of the inhibitory enzymatic
intermolecular Ejy interaction energy of the key
residues of the different pockets of the active site was
subsequently calculated and listed in Table 4.
Similarly, their correlation was determined as a
function of the experimental activity ICg,” and
represented in Figure 3. A comparative |nd|V|duaI
contribution between the most active CNP9 and the
least active CNP11l compounds confirming the
observed trend of experimental activities by pockets is
presented in Table 5.
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Table 2: Complexation GFE (binding affinity) and its different components respectively for the training and
validation set of inhibitors (CNP 1-12 and CNPV 1-3).

Training set 2 Mw " AAHMMm® AAGsy® AATSuib® AAGeom® pICgy ¢
CNPL* 286 0 0 0 0 7.22
CNP2 365 -1.15 662  -1.37 -6.40 8.04
CNP3 365 -015 -2.08  -0.79 -1.44 7.39
CNP4 320 -1.48 299  -0.18 1.69 7.10
CNP5 328  -1.57 1.90 1.33 -1.00 7.61
CNP6 331 913  -454 0.23 -13.90  8.69
CNP7 365 -7.71 355 -0.04 -4.12 7.92
CNPS8 355 -15.36  7.94 -1.18 6.24 8.04
CNP9 355 -11.49 658  -0.11 -17.96  9.00
CNP10 355 -14.35 073  -1.71 -13.37 852
CNP11 335 -1.12  11.97 1.66 9.19 6.21
CNP12 339  -050  4.93 0.22 4.21 6.70
Validationset Mw AAHmm  AAGso  AATSyib  AAGem PICE)/

pIC:’
CNPV1 315 447 461 -0.68 0.82 0.945
CNPV2 320 -3.05 -474  -1.72 607 0928
CNPV3 354 522 415 508 429  0.947

aFor the chemical structures of the training set of inhibitors see Table 1; M., is the molecular mass of the inhibitor; ¢ AAHmm(kcal.mol?) is the
relative enthalpic contribution to the GFE, CNP1 is the reference inhibitor; AAG(kcal.mol?) is the relative solvation GFE contribution to the

GFE; ®~AAT Svib (kcal.mol?) is the relative inhibitor entropic contribution

to the GFE; TAAG comp(kcal.mol?) is the relative GFE related to the

enzyme-inhibitor complex formation: AAGeomp= AAHmm+AAGsov—AAT Syip. 9 1Cs02?is the experimental inhibition constant obtained from*®.

From the analysis of Table 4, as it has been noted for
the azadipeptides nitrile (ADPN) in previous study?,
here in the case of pyrimidine carbonitriles (CNP) a
relevant stabilizing drop of S2 pocket residues
contributions to Enzyme — Inhibitor interaction energy
(Eint) from the least active TS CNP11 to the best active
one CNP9 by almost 4 kcal.mol%i.e. 50%, close to the
45% increase of their observed inhibitory potency
pICciP from 6.21 to 9 respectively (see Table 5 and
Figure 3 Top). Therefore the preeminent role of the
hydrophobic S2 pocket of PfFP2 active site in the
design of potent molecules against PfFP2 is confirmed

again as previously reported® devoting a centralrole of
Leul72 in that S2 pocket (Figure 3, and Figure 4).
QSAR Pharmacophore Model

The QSAR 3D Pharmacophore model generation
extensively was detailed previousy?. The model was
generated from the active conformation of CNPA
compounds in the FP2 active site. These compounds
cover a wide range of experimental activity (1 — 609
nM). The results of the 10 best hypotheses are
presented in Table 6 showing the cost, the RMSD and
the correlation coefficient between predicted and
experimental activities.

Table 3: Regression analysis of computed binding affinities AAGcm and their observed activities

exp _

pIC,," =-

logio. IC5,"* **of CNPs

Statistical Data of Linear Regression

exp_

pIC,
Number of compound n

Square correlation coefficient regression R?
LOO cross-validated Square correlation Ry

Standard error of regression ¢

Statistical significance of regression, Fisher F-test

Level of statistical significance o

Range of activities IC¢,’ [NM]

-0.1025 x AAGeom + 7.2867

(3) AAGcom
12
0.97
0.97
0.141
363.4
> 95 %
1-609

S2pocket

y=-0,6043x+ 7,1091
R*=0,7069

-3.5 -15 -1.5 0.5

AE;, (Kcal.amell)

0.5 15

Leul72

y=-1,1351x+ 72171
R*=0,7119

-0.6
AE;, (Kealanol )

04

Figure 3: Plot of the correlation between the residue of the active site Leul72 and the contribution of S2 to the
intermolecular interaction energy of pfFP2-CNPx.
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Gly Ser Cysh I| As Tyr Asn Gly Gly Leu Glu Le Asn Hisd Ala
40 41 -I! 78 4‘\ 81 82 83 84 171 17 173 174 175

”. . I | I I | | ‘ ‘ I
3

4

Figure 4: Molecular mechanics intermolecular
interaction energy Eint breakdown (in kcal.mol™) to
residue contributions for CNP9 and CNP11.

CNPI11 0.609 uM

The CNPs series presents the costs of the 10 respective
penalties of PH4 in the range between 68.812 (Hypol)
to 84.894 (Hypol0). The relatively small difference
between the costs of the extreme hypotheses clearly
reflects the homogeneity and the consistency of the
training set used to produce them. The supreme
indicator namely the gap A=280.644 between the fixed
(32.305) and the null costs (312.949) >> 70 documents
the quality and predictive character of the PH4
indicating the probability that the correlation between
the 1Cso values estimated by the PH4 and experimental
ones is real at more than 90%%*. The other standard
statistical indicators such as the root mean square
deviation (RMSD) of the various hypotheses, between
2.323 and 2.586 and the coefficient of determination
(R? between 0.94 and 0.91 (see Table 6) make it
possible to retain the first hypothesis of PH4 for the
screening of the virtual library of CNP analogues.

Universal Journal of Pharmaceutical Research 2023; 8(5):39-52

Figure 6 presents the geometric characteristics of
Hypothesis 1 (Hypo 1) of the FP2 inhibition
pharmacophore.

The best-selected hypothesis Hypol represents with a
probability of 91% a PH4 model with a similar level of
predictive power as the complexation GFE enzyme-
inhibitor binding QSAR model. The resulting
regression equation expresses pICg,” as a function of
pICP,°, estimated by Hypol: pIC;,”=0.9366 x pICE,® +
0.2849 are listed in Table 7 (n=12; R?*=0.91;
R?xv=0.91; F-test=114.34; 6=0.551; o. > 95%) and its
graph is presented in Figure 5 above. Once again, the
predictive power of the PH4 model, like that of the
QSAR, is confirmed and both present interesting
predictive powers. The information obtained from the
QSAR and PH4 inhibition models relating to the
hierarchy of mechanisms governing the activity of
CNPs will be useful for filling the S1 and S2 pockets.
Virtual screening

In silico screening of a virtual (combinatorial) library
can lead to hit identification as it was shown in
previous works on inhibitors design®’. From the
different groups listed in Table 8, we have created a
virtual combinatorial library by substitution in
positions Ri, Rz, Rs and R4 on the pyrimidine nucleus
and its side chain, the size of which is R; x Rz X R3 X
Rs=14 x 17 x 14 x 25=83300 CNPA analogs (CNPs
analogs). This virtual combinatorial library has been
focused to 32856 (39%) orally administrable
compounds with very good predictive pharmacokinetic
profile.

Table 4: Active site residue contribution to Eint(in kcal/mol).

Pockets CNP
1 2 3 4 5 6 7 8 9 10 11 12
pics? 7.2 8.1 7.4 7.1 7.6 8.7 7.9 8.1 9 8.5 6.2 6.7
Gnl36 01 -01 01 00 01 01 02 01 -01 01 -01 -01
Gly40 07 -11 07 08 -12 11 -17 -08 -03 02 -07 -07
Ser4l 02 -3 02 03 -03 03 04 -03 -02 01 -02 -02
S1 Cys42 07 05 07 -07 38 06 -1.0 -07 -06 -13 -07 07
Trp43 -1.4 -14 15 15 -14 13 -14 15 18 22 -15 -15
Cys80 03 03 03 03 -04 04 04 -03 -01 01 -02 -03
Asng1 1.3  -14 12 -13 14 14 13 13 07 07 -12 -13
Total -46 51 47 -48 09 51 64 -48 38 47 -45  -47
Leus4 26 30 31 33 29 30 30 -30 32 28 -30 -27
lle85 01 02 02 02 -02 02 02 -02 -03 04 -01 -01
Seri49 01 03 02 02 03 -02 02 03 -05 07 -01 -01
S2 Leul72 -3.8 44 -43 45 44 48 -44 43 53 42 31 32
Alal7s 02 04 -03 03 03 -04 -03 03 -09 -08 02 -02
Asp-234 -13 -11 -14 10 09 10 -12 -10 -13 -13 11 -07
Total 81 93 94 95 -89 95 92 91 -116 -102 -7.7  -71
S’1 Valls0 -02 02 -02 02 02 -02 -02 02 -03 05 -01 -01
Vall52 01 01 -01 01 01 -01 -01 01 -01 01 -01 -01
Asnl73 32 39 33 34 30 -40 45 34 33 35 30 -31
Hisd174 -10 -15 -11 -1 -15 -12 -1.3 -11 17 -15 -10 -10
Trp206 -0 01 -01 01 01 -01 -01 01 -01 -01 00 0.1
Total 45 58 48 49 50 56 62 -49 55 56  -42  -43
Lys+76 0.2 0.2 0.2 0.2 0.1 0.1 0.2 0.2 0.2 0.2 0.1 0.0
Asn77 06 05 06 05 -05 05 05 -05 -04 05 -07 -06
S3 Tyr78 14 11 15 15 15 15 15 -15 -16 -1.8 -15 -15
Glys2 25 26 25 24 26 25 29 25 19 27 -26 -27
Glys3 40 41 41 42 41 42 41 41 43 41 -39 -39
Total 83 81 85 -85 87 85 88 -85 80 -89 -86 -86
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HYD_AL

HYD1
HBA1

HBA2
HYD2

PICs**

0.4 1.4 24

34
PICse"™

54 6.4 7.4

14

Figure 5: A: Coordinates, B: features and mapping of the FP2 inhibitor pharmacophore with the best training
set CNP9 (yellow). The correlation plot of experimental vs. predicted inhibitory activity is displayed at the

bottom.
The features are colored blue for hydrophobic aliphatic (HYD_AL), green for hydrogen-bond acceptor (HBA), and cyan for hydrophobic (HYD).
The arrows represent the projection for donor and acceptor features.

It was then screened with the generated PH4 3D-QSAR
model of Hypol to yield 127 analogues mapping to the
PH4 and all were subjected to a last evaluation of their
predicted 1CE °with the complexation method (ICE° is
calculated from the correlation equation (3) Table 3).
Finally, 52 analogues with better scores are selected
and listed in Table 8. The histograms of frequency of

appearance of groups Ri, Rz, Rs and R4 for the 52

CNPA(Figure 6) reveal the fragments of greater
occurrences (value in parentheses): 1(49), 2(1), 3(1),
4(1) in Ry for filling the S3 pocket ; 15(32), 31(20) in
Rz and 38(14), 39(10), 40(12), 41(9) at Rs for filling the
pocket S1 and finally preferentially the fragments
46(5), 49(4), 50(6), 51(4), 52(4), 53(5), 54(6), 55(6)
and 56(6) in R4 for filling the pocket S2.

Table 6: Output parameters of 10 generated PH4 hypotheses for FP2 inhibitors after Cat-Scramble validation

procedure.

Hypothesis RMSD? R2?P  Total cost®
Hypol 2323 0942 68.812
Hypo2 2592 0927 72.134
Hypo3 2528 0931 74.696
Hypo4 2490 0933 74.868
Hypo5 2494 0933 75.536
Hypo6 2524 0931 76.024
Hypo7 2726 0919 80.335
Hypo8 2756 0918 81.630
Hypo9 2728 0919 82.198
Hypo10 2.856 0911 84.894
Fixed Cost 0.0 0.0 32.305
Null Cost 6.949 0.0 312.949

2root mean square deviation (RMSD); Psquared correlation coefficient; overall cost parameter of the PH4
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Table 7: Regression analysis of pCI¢,”and computed pCIE,° of CNPs toward PfFP2.

Statistical Data of Linear Regression for Hypo 1

pIC;;"=0.9366 x pICE,° + 0.2849

50

Number of compound, n 12
Square correlation coefficient regression, R? 0.91
LOO cross-validated Square correlation, R?xv 0.91
Standard error of regression, o 0.551
Statistical significance of regression, Fisher F-test 114.34
Level of statistical significance, o > 95 %

exp

Range of activities IC_

[NM]  1- 609

Novel CNPs analogs

The predictive activities 1CZ;°of the best 52 new
analogs of CNPA calculated from the correlation
equation (3) are better and more powerful than that of
the most active compound CNP9 of the training set
(ICsy” = 1nM) proposed by Cotereon et al., are
presented in Table 9.

The best CNP analogs (CNPA)with their predicted

activity value (IC2° ) in brackets are: 1-15-38-48 (23

pM); 1-15-38-54 (34 pM); 1-15-38-56 (37 pM); 1-15-
39-54 (34 pM); 1-15-40-50 (40pM); 1-15-40-54 (26
pM); 1-15-40-55 (14 pM); 1-15-40-56 (27 pM); 1-15-
41-49 (23 pM); 1-15-41-53 (25 pM); 1-31-41-53 (19
pM). The most active of the CNPASs, namely 1-15-40-
55 (14 pM), has a predicted potency (ICE,") of
approximately 70 times greater than that of the best

CNP9 inhibitor of the training set (IC5,” = 1 nM).

Table 8: Substituents used to generate the VL of CNP analogs.
o

Ry
Ry )L L A
o N X
P
Ry
Ry
R2

*R1 Rs

1 —CeHu 15 -CHs 32 -C3H70
2 —CeH100OH 16 —OH 33 —CONH:
3 —Me(CeHu1) 17 —CHF 34 -—CH.CO2
4 1,2-diMe(CéH11) 18 -—CHClI 35 —C2HsCONH:
5 —Phe 19 -NO 36 —OCsHr
6 —Me(phe) 20 -NO2 37 —OC:Hs
7 Piperidine 21 —CHal 38 —CaHo
8 2-Me(piperidine) 22 —CH2Br 39 —CsHeOH
9 3-Me(piperidine) 23 -F 40 —CsHu
10 4-Me(piperidine) 24 -ClI 41 —CsHuOH
11 Pyridine 25 -Br 42 —CsHuF
12 2-Me(pyridine) 26 -l 43 —CsHuCl
13 3-Me(pyridine) 27 -CCls 44  —CsHuBr
14 4-Me(pyridine) 28 —CF3 45  —CsHul

29 -CBrs

30 -Cls

31 -H
Ra
46 2,4-diMe(CesHiz)carboxamide
47 2,3-diMe(CesHiz)carboxamide
48 4-Et-2-Me(CsH1z)carboxamide

But(CeH12)
1-But-2-Me(CeH12)
1-But-3-Me(CeH12)
1-But-4-Me(CeH12)
2-But(piperidine)
2-But-3-Me(piperidine)
2-But-4-Me(piperidine)
2-But-5-Me(piperidine)

*Fragments 1 to 14 have also been used for R4

Pharmacokinetic profile of the best analogs

The pharmacokinetic profile of the best designed CNPs
has also been calculated and compared with those of
the drugs used for the treatment of malaria alone or in
combination with Artemisinin (CTA) or in clinical
trials (Table 10): (c) molar mass: 300 < Mw <500

g.mol; (d) total solvent-accessible molecular surface,
(probe radius 1.4 A): 300 < Spo <1000 A% (e)
hydrophobic  portion of the solvent-accessible
molecular surface, (probe radius 1.4 A): 0 < Smoinfo
<750 A?);(f) total volume of molecule enclosed by
solvent-accessible molecular surface (probe radius 1.4
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A): 500 < Vi <2000 A3; (g)number of non-trivial
(not CX3), non-hindered (not alkene, amide, small
ring) rotatable bonds: 0 <#rotB <15; (h)estimated
number of hydrogen bonds that would be donated by
the solute to water molecules in an aqueous solution,
values are averages taken over a number of
configurations, so they can assume non-integer values:
0.0 < HBgon < 6.0; (i)estimated number of hydrogen
bonds that would be accepted by the solute from water
molecules in an aqueous solution, values are averages
taken over a number of configurations, so they can
assume non-integer  values: 2.0 < HBg < 20.0;
(Dlogarithm of partitioning coefficient between n-
octanol and water phases: -2 <LogPow <86.5;
(K)logarithm of predicted aqueous solubility: logS,S in
[mol.dm=] is the concentration of the solute in a
saturated solution that is in equilibrium with the
crystalline solid:-6.0 < LogSwa: < 0.5; (I)logarithm of
predicted binding constant to human serum albumin:
-1.5 < LogKhsa < 1.5;(m)logarithm of predicted

Universal Journal of Pharmaceutical Research 2023; 8(5):39-52

brain/blood partition coefficient:-3.0 < Log B/B <1.2;
(n) predicted apparent Caco-2 cell membrane
permeability in Boehringer-Ingelheim scale in [nm s?]:
BlPcaco < 25 poor, BIPcaco > 500 nm.s*! great; (O)
number of likely metabolic reactions: 1 <#metab < 8;
(p)predicted inhibition constants 1Cso”™. 1Cse™™ in pM
was predicted from computed AAGem using the

regression Equation B shown in Table 3; (q)
HOA: human oral absorption: 1=low, 2=medium,
3=high; (%HOA: percentage of human oral

absorption in gastrointestinal tract: > 80%=high.

The value of the drug likelihood descriptor #stars
(Table 10, column 2) indicates how through 24
descriptors that comply with those of 95% of drugs the
CNPs analogs perform to have a better profile than the
majority of ACTs. These results also present the
percentage of absorption by oral route (%HOA) in
response to WHO recommendation for new
antimalarials: %HOA > 80%.

Table 9: Complexation Gibbs free energy and its components and predictive activities IC‘S’{,e of the best new

analogs.

pre
gg;gor?jd Ma?  AAHy 2G5 AATS i, IAAG o ® ICE 1 gg;goﬁjd Mi® AMH® AAGio® AATS,p! MO [Cso
CNP9 332 000 _ 000 000 _ 000 _ 1000° 1-15-3954 500 -18.23 _ 653 _ 1932 __ -31.02 34
1-15-36-46486 552 -1.68 1113 -18.33 680  1-31-39-54 486 -17.04 740 1392 2356 190
2-15-37-46488 384 037 1011 -1358 2000 1-1539-55 500 -18.77  8.04 1664  -27.37 80
3-15-37-46486 -4.06 -150 11.99 -17.64 800  1-15-3956 500 -1582 696 1965  -2851 61
1-15-36-47486 016  -1.08 1302 -14.26 1700 1-31-39-56 486 -16.12 808 1426  -2230 260
415-37-46500 -3.20 1447 1312 -1.85 33300 1-15-40-49 483 -13.99 615 1937  -27.21 83
1-15-36-48500 2492 833 11.83 2842 63  1-15-40-50 497 -1827 557  17.65  -3035 40
1-31-36-46486  -22.31 848 09.92 -23.75 190  1-31-40-50 483 -1560 577 1640  -2623 100
1-15-33-48498 2517 808 1552 -32.61 23  1-15-40-51 497 -12.31 650  18.65  -2446 160
1-31-38-48484 2213 822 1449 2840 63  1-1540-52 497 -13.23 596 1972  -2699 88
1-15-33-49469 -14.68 617 1834 2685 92  1-15-40-53 484 -1429 720 1871  -2580 170
1-15-33-50483 -1578 529 1856 -29.05 54  1-1540-54 498 -20.06 556  17.61  -3211 26
1-31-38-50469 -16.30 593 1401 2438 160  1-31-40-54 484 -18.04 602  17.26  -2928 51
1153351483 -1461 676 1630 2415 170  1-15-40-55 498 -20.72 675 2077  -3474 14
1-15-33-52483 -14.66 625 1909 -27.50 78  1-31-40-55 484 -19.33 663 1599  -2869 59
1153853470 -1419 7.3 1699 2405 170  1-1540-56 498 -18.82 662  19.77  -3197 27
1153854484 -19.13 651 1832 -30.94 34  131-40-56 484 -1502 684 1830  -26.48 99
1-31-38-54470  -1619 693 1449 2375 190  1-15-41-49 499 -14.37 710 2057  -27.84 23
1153355484  -18.22 629 1829 -30.22 41  131-41-50 499 -13.38 543  17.73  -2568 120
1-31-38-55470 -1854 630 1535 27.50 76  131-41-51 499 -967 679 1914  -2202 280
1-15-33-56484 -18.65 639 1833 -30.50 37  131-41-52 499 -12.63 737  19.75  -2501 140
1-31-38-56470 -14.66 691 1544 2319 210 1-1541-53 500 -17.86 759 2200  -3227 25
1-15-39-49485 -11.74 725 1844 2293 230  1-31-41-53 486 -1353  7.65 17.66  -2354 19
1-15-39-50499 -13.87 603 17.89 2573 110 131-41-54 500 -16.32 648  19.06  -28.90 56
1153951499 -1411 726 19.80 2665 95  131-41-55 500 -14.09  7.66  17.78  -2421 170
1153952499 -11.10 7.63 2011 2358 190 131-41-56 500 -14.46 725 1835  -2556 120
1-15-39-53486  -13.96 7.72 1849 2473 150

aM\ (g/mol) is molecular mass of the inhibitor; PAAHum(kcal/mol) is the relative enthalpic contribution to the Gibbs free energy change related to
the FP2-CNP complex formation AAGeom(for details see footnote of Table 2); CAAG, (kcal/mol) is the relative solvation Gibbs free energy
contribution to AAGgem; “AATSvib (kcal/mol) is the relative entropic (vibrational) contribution to AAGeom; *AAGeom(kcal/mol) is the relative Gibbs
free energy change related to the enzyme-inhibitor FP2-CNP complex formation AAGeom—AAHMMtAAGsoi+AAT Syip; flcgge(pM) is the predicted

exp

half-maximal inhibitory concentration of CNPx towards PfFP2 calculated from AAGeom Using correlation Equation (B), Table 3; 9IC,;"is given for
the reference inhibitor CNP9 instead of 1C5;° (pM)°.

DISCUSSION

The study of the binding mode of PfFP2:CNP from its
QSAR model of complexation with a single descriptor
and the 3D-QSAR PH4 pharmacophore model
generated allowed us to access major structural

information on the molecular complementarities of the
enzyme and the inhibitor. The visual analysis and the
calculation of the interactions between PfFP2 and
CNPs in the active site of the enzyme guided us in our
efforts to design a virtual combinatorial library of new
CNP analogues with four substitutions on the CNP
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scaffold at positions Ri, Rz, Rz and Rs. A resulting
targeted library filtered by a set of descriptors linked to
ADME and screened by mapping the analogues to the
PH4 pharmacophore, allowed the selection of a subset
of libraries of CNPs bioavailable orally.

QSAR model

The robustness of this QSAR model with a descriptor
is evaluated through the components of the GFE
(AAGcom), namely the contribution of the AAHwum
enthalpy, the AAGs solvation and the loss of

Universal Journal of Pharmaceutical Research 2023; 8(5):39-52

vibrational entropy AATS.is during the binding of the
CNPs. The enthalpy contribution to GFE, then taking
into account the effect of the solvent in order to get
closer to the biological medium maintains the level of
strong relationship between the experimental data and
the simulation results. Finally, the likelihood of the
model is increased by the loss of the inhibitory
vibrational entropy TSyi, to explain approximately 97%
of the variations of the ICg;” by that of the GFE.
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Figure 6: Histograms of frequency of occurrence of the individual R-groups in the 52 best analogues selected
and mapped to the four characteristics of the ph4 hypothesis of the hypol pharmacophore.

This last contribution is one of the most reliable
indicators of the predictive power of the QSAR model
as reported by Freire et al.*®. Consequently, the
correlation equation (3) and the calculated quantities
AAGem can be used respectively to predict the
ICP “inhibitory potencies with respect to pfFP2 for new
CNP analogues, since they share the same binding
mode as the compounds of the corresponding
validation set. The quality of the fixation model is also
confirmed by the ratio between the calculated
inhibitory activities pICE,® and the values of the
experimental activities pICg,” and documents the
considerable predictive power of the QSAR model of
complexation (plcpre/plcg’;p, ICP °being calculated
by equation 3, Table 2 which is close to 1 for the CNPs
of the validation set see Table 2).

Binding mode of inhibitors

In addition to the robustness of the QSAR model, an
analysis of the interactions between FP2 and
carbonitriles pyrimidine allowed us to reveal key
interactions justifying the affinity of the FP2: CNPx
complexes. As shown in Figure 2 in 2D and in 3D, the
mode of binding to the active site of the best CNP9 is
supported by a hydrogen bond with Gly83 and
hydrophobic contacts. CNPs unlike ADPNs have a
pyrimidine core in P1'® offering a multiple substitution

positions. The halogenation of the C5 favors strong
interactions with the Trp43, Asnl73 and Hisl74
residues. The hydrophobic fragments P2 fills in the S2
pocket better in contact with Ser149, Leul72, Alal75
and Asp234 increasing affinity as reported by Ldser et
al.,®. The, pyrimidine carbonitriles exhibit the same
similarity of interaction with the active site of FP2 as
ADPNs?. For the design of new analogs, the
interaction energy (Ein) between each residue of the
active site (Table 4) were calculated in order to guide
the search of substituent at R1 to R4 positions as
structural characteristics of the binding affinity
improvement by filling suitably the S1, S’1, S2 and S3
pockets. In this way, the key residues of these pockets
contribute to the overall FP2-CNPx interaction energy.
Specifically, the S2 pocket filling and Leul72
interactions, impact FP2 inhibition by more than 70%
(Figure 3) as reported previously®?°. In contrast,
Figure 4 comparing each active site residue
contribution to the Eix for the best active TS CNP9 and
the least active TS CNP11 confirms the observed trend
but cannot justify the large gap in their ICc, as in our
recent work justifying successfully the observed 37.5%
jump in the pfA-M17K;™ between methylphosphonic
arginine and the hydroxamic acid from the enzyme
active site residues contribution to Ein at a level of
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35%%. Therefore, the essential structural information
in the design of new powerful analogues of CNP will
not only be derived from the Ejq but also from a more
predictive approach. The analogs will be selected by
virtual screening from a diversified virtual library of

Universal Journal of Pharmaceutical Research 2023; 8(5):39-52

analogues with the hydrophobic contact S2 as the
central structural requirement displayed by the
Pharmacophore model of inhibition of FP2 provided by
the single descriptor QSAR model (GFE) (Table 3)
(Figure 2)*.
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Figure 7: Presentation of some designed analogs of CNPA.

Analysis of new inhibitors from in silico screening

The PH4-based screening of the virtual combinatorial
library of CNP analogues has resulted in the
identification of new compounds with better predicted
activities: 1C2;° =14 pM for 1-15-40-55, 70-fold the
best TS CNP9 (ICgi” = 1 nM). The representation of
1-15-40-55in Figure 8 shows the cyclohexane (Ri=1)
replacing in P3 the methylpropane of TS for better S3
pocket filling. In P1, two substitutions have been made
at positions 4 and 5: the bromine (Br) and hydrogen
(H) atoms were replaced by methyl (R =15) and pentyl

Asp234

A L fsfr1a0 Y kq“
Aout72"

Asng1
o N Lrsto
. Cys39

(Rs=40) respectively to substantially increase the
hydrophobic contact at S1. The lipophilic S2 pocket
contains a larger 2-But-4-Me(piperidine) (Rs=55) in
place of the cyclohexane fragment, for better
hydrophobic contact beyond Structure Activity

Relationship (SAR) results of carbonitriles pyrimidine
inhibitors of FP2 and FP3?° and similar to the strong
potency increase in our previous study on nitrile
dipeptides inhibitors of FP3*,

» e

Figure 8: A: Close up of virtual hit 1-15-40-55 at the active-site of FP2.

B: Connolly surface of the active-site of PfFP2 with bound predicted most active CNP inhibitor 1-15-40-55. The
binding site surface is colored according to residue hydrophobicity: red—hydrophobic, blue—hydrophilic, and white—intermediate.
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Table 10: Pharmacokinetic profile of some of the best CNPs analogues designed computed by QikProp®..

CNPs ? #stars® Mu® Smol Smoinie® Vol ROtB? HBaon” HBace' 10gPon 10gSuat® logKhsa' logB/B™ BlPcaco” #meta® 1CE P HOAY %HOA"
1-15-38-48 1 499 6353 2047 16553 11 3 95 34 66 0.4 2.4 61 4 23 1 100
1-31-38-48 0 485 6014 209.6 16107 11 3 95 3106 -6.4 0.2 24 57 3 63 2 100
1-15-38-56 1 485 737.1 129.1 1680.0 12 2 85 4721 12 0.9 1.2 147 2 37 1 100
1-15-39-52 1 500 664 137.7 1639.1 14 2 87 4885 66 0.7 -1.6 489 3 19 1 100
1-15-40-53 0 485 656.7 116.1 15819 13 2 85 4241 52 0.7 0.9 195 2 15 1 86
1-15-40-54 0 499 7086 90.3 1640.1 13 2 85 47718 56 0.8 0.7 343 2 26 2 87
1-15-40-55 1 499 660.1 119.3 1626.4 13 2 85 4504 53 0.8 -1.0 182 2 14 2 96
1-15-40-56 0 499 6883 121.9 16650 13 2 85 471 56 0.9 -1.0 172 2 21 2 62
1-15-41-49 1 500 6832 104.2 16332 13 3 85 472 55 0.4 1.2 935 2 23 2 98
1-15-41-53 0 500 6812 1135 16421 13 3 85 341 60 0.4 1.2 172 2 25 1 94
1-31-41-53 1 487 687.4 1064 1611.1 13 2 85 417 53 0.6 -1.3 195 2 19 1 87
Amodiaquine 1 334 6032 1317 10187 6 0 5 36  -48 0.0 04 1689 0 3 100
Artemether 1 298 490.6 4655 901.7 1 0 57 23 29 03 0.3 5729 0 3 100
Artemisinin 0 282 456.6 380.6 8484 0 0 53 1.7 21 03 0.0 1886 1 3 96
Artesunate 0 384 644.1 465.1 11558 4 1 8 25 39  -01 1.4 50.4 2 3 72
Atovaguone 0 367 620.6 136.9 1099.8 1 1 48 41 57 0.6 04 917.5 3 3 100
Chloroquine 1 294 5941 1889 9829 6 0 3 46 45 0.4 0.1 3718.1 0 3 100
Clindamycine 0 425 7215 5342 13073 10 4 118 2 1.6 0.8 0.7 139.2 6 3 77
Dapsone 1 236 4316 00 6879 2 0 7 04 16 13 0.9 289.1 0 2 68.8
Doxycycline 4 422 6022 1740 11042 2 0 173 -40* 09 -29* 25 9.2* 4 1 20.8
Halofantrine 5 470 785.4 160.2 13518 5 0 3 76 85* 15 0.2 2844.1 0 1 100
Lumefantrine 5 497 819.1 160.7 14375 7 0 3 83* 94* 1.7* 0.2 4337.2 0 1 100
Mefloquine 2 362 5331 00 9251 2 0 4 41 59 0.1 05 2903.1 0 3 100
Pamaguine 0 316 654.8 4434 11481 9 1 48 4 3.3 0.4 0.2 1475.2 5 3 100
Primaquine 0 259 5281 2427 9096 7 3 38 2 24 01 0.2 371.3 6 3 85
Proguanil 1 238 4782 1253 7686 6 0 6 1.1 17 10 0.7 834.6 0 3 86
Quinacrine 0 370 680.5 268.8 1163.6 7 0 35 5.6 -6.1 0.8 -0.1 4435.7 1 1 100
Quinine 0 324 522 3010 9901 5 1 55 33 32 0.1 0.2 628.3 4 3 96
Sulfadoxine 1 296 510.6 1523 8495 5 0 95 08 -17 17 -14 213.4 2 2 64
Tetracycline 5 422 6045 1731 11118 2 0 16 -34* -14 25* 26 6.8* 5 1 22

adesigned CNP analogs and known antimalarial agents, drug likelihood, number of descriptors (24 out of a total of 49 calculated with QikProp,
ver. 3.7, release14®") out of the interval for 95% of known drugs; (*) the stars indicate that a descriptor is out of the range for 95% of known drugs.

ADMET-related properties

The properties related to ADMET described in section
2-8 and the results in Table 10 indicate that the CNP
analogues designed possess a good level of drug
likelihood since the descriptor #stars (column 2) which
lies in the validation interval between 0 and 5, just like
the available antimalarial drug. Moreover all the
analogues” human oral absorption in the
gastrointestinal tract (HOA) is strong because none of
them falls below the range of good oral bicavailability
admitted as the WHO main requirements for new
antimalarial drugs.

Further improvement to this work

The predictive results of this study are expected to
undergo synthesis and biological evaluation. Since this
last step is expensive an intermediary step would be a
crosscheck of the stability of the FP2- CNPAX
conformation and the related MM-PB interaction
patterns and metrics by time-consuming but relevant
Molecular Dynamics (MD) runs. We’re operating to
fulfill this achievement in shirt future.

CONCLUSIONS

The evaluation of key structural information on FP2
inhibition from FP2 — CNPx complexes or from the in
situ modification of an existing generic FP2 inhibitor
constitutes a reliable means for designing powerful,
bicavailable and favorable oral pharmacokinetic
antimalarial. From the series of 15 CNPs inhibitors (12
for the training set and 3 for the validation set), we
have, through substitutions at the P1, P2 and P3
positions, established a QSAR model explaining the

variation experimental activities ICS by that of

50

complexation GFE(AAGem) of calculated during the
FP2 — CNPx complex formation, shedding light on the
main determinant of the activity. A subsequent 3D-
QSAR pharmacophore (PH4) helped in screening a
virtual combinatorial library 83300 CNPA analogues
with the purpose to substantially increase the
hydrophobic contact at in the S2 pocket and, at a lower
level, S’1 and S3. The new 52 CNP analogues
(CNPAs), which were crosscheck evaluated by QSAR
complexation exhibit picomolar range predicted
potency ICP;“and favorable predictive pharmaco-
kinetic profile, (Table 10): 1-15-38-48 (23 pM); 1-15-
38-54 (34 pM); 1-15-38-56 (37 pM); 1-15-39-54 (34
pM); 1-15-40-50 (40pM); 1-15-40-54 (26 pM); 1-15-
40-55 (14 pM); 1-15-40-56 (27 pM); 1-15-41-49 (23
pM); 1-15-41-53 (25 pM); 1-31-41-53 (19 pM). They
are recommended for the synthesis and biological
evaluation of FP2 inhibitory activity.
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