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Abstract
Macrocyclic ring structures could have drug-like properties such as membrane permeability, metabolic stability, binding
affinity, selectivity, and high-biological activities. Synthesized macrocyclic inhibitors have been studied and the effect of
ring size has gained attention from drug design community. Marsault et al. showed a positive correlation between ring size
and inhibitory activity against rennin. On the other hand, De Clercq et al. suggested that there would be some optimum ring
size for histone deacetylase inhibitory activity. Therefore, macrocyclic effects appear elusive while intriguing. In this study,
we have selected a large set of macrocyclic inhibitors (14–20-membered rings) to study macrocyclic effect on MerTK using
molecular modeling techniques. We carefully positioned all the cyclic inhibitors into the binding pocket utilizing available
information obtained from both experimental and theoretical means. Then, from the resultant binding poses, the
ligand–receptor interactions were analyzed. Unlike previous reports, we could not observe any relevance between ring size
and inhibitory activity. However, there is a correlation between the number of hydrogen bonds and inhibitory activity.
Among these hydrogen-bonding interactions, active site residues Arg727, and Asn728 as well as two signature interactions
at the hinge region were found to be crucial for MerTK inhibition. Furthermore, the importance of number of hydrogen
bonding was further validated statistically by means of 3D-QSAR techniques such as CoMFA and CoMSIA. The
involvement of Arg727 and Asn728 was checked graphically by CoMSIA hydrogen-bonding donor map. This outcome
could be helpful for more potent MerTK inhibitor design. In addition, more detailed studies on ring size effect would be
desirable to understand macrocyclic effects.
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Introduction

Naturally occurring macrocyclic compounds have the ring
sizes that span from 11- to 16-membered rings, most fre-
quently 14 membered (Madsen and Clausen 2011).

Macrocyclic ring structures have been reported to show a
favorable impact on essential properties required for drugs
such as membrane permeability (Giordanetto and Kihlberg
2013), metabolic stability, increased binding affinity and
selectivity (Mallinson and Collins 2012), and overall
pharmacokinetics (Driggers et al. 2008; Gradillas and
Perez‐Castells 2010). They are reported to display remark-
ably high biological activities and have equilibrium between
flexibility and conformational preorganization to achieve
optimal binding properties with respect to their biological
targets (Marsault and Peterson 2011, 2017; Wessjohann
et al. 2005). Some of the naturally occurring macrocyclic
compounds are erythromycin (antibiotic), epothilone B
(anticancer), tacrolimus (immunosuppressant), and bryos-
tatins (protein kinase C inhibitor) (Bridger et al. 1995;
Marsault and Peterson 2011, 2017; Wessjohann et al. 2005).

Artificial inhibitors with large ring structures were syn-
thesized and also studied for inhibitory activity against
various targets. There have been various studies about ring
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size effects over the potency of inhibitors. Marsault and
Peterson (2011) reported that macrocyclic inhibitors of
renin showed increase in inhibitory activity with increase in
ring size (from 10- to 14-membered rings). In contrast,
histone deacetylase inhibitors exhibited higher potency with
a 14-membered ring over a 16-membered ring. In that
study, the potency was lower when the ring size was bigger
(Marsault and Peterson 2011). Bridger and co-workers
performed structure-activity relationship for phenylenebis
(methylene)-linked bistetraazamacrocycles against HIV
(HIV-1 and HIV-2 replication) (Bridger et al. 1995). They
observed that increasing the ring size from 10 to 14 resulted
in higher anti-HIV activity. But, further increase in the ring
size resulted in a substantial reduction of the potency
(Bridger et al. 1995; Hawkins 2017; Watts et al. 2014).
Therefore, the ring size effect is very interesting, but the
nature of its interaction has not been well investigated.

Receptor tyrosine kinases (RTKs) are important trans-
membrane receptors that regulate key signal transduction
such as apoptosis, migration, cell proliferation, and invasion
of many cancers (Hojjat-Farsangi 2014; Yu et al. 2015a).
Mer receptor tyrosine kinase (MerTK) is a member of the
TAM family of RTKs, which comprises Tyro3, Axl, and
MerTK (Cummings et al. 2013; Knubel et al. 2014). TAM
receptors are type I transmembrane glycoproteins, com-
posed of an extracellular domain containing tandem fibro-
nectin type III repeats, tandem immunoglobulin-related
domains and a protein kinase c-like intracellular kinase
domain (Evans et al. 2017; Graham et al. 1994; Knubel
et al. 2014). TAM family members have highly conserved
kinase domain (>70% identity), and encompasses a distinct
KW(I/L)A(I/L)ES active site that varies from other RTKs
(Evans et al. 2017; Lemke and Rothlin 2008; Linger et al.
2008).

Inhibition of MerTK presents unique clinical challenge
since drugs that target MerTK would also inhibit the normal
proteins in noncancerous cells. There are few compounds
that have been reported to exhibit potent antagonism against
MerTK such as UNC569 derivatives (Schlegel et al. 2013),
ONO-9330547 (Craven et al. 1995; Neubauer et al. 1994),
CVO-102, R428, and BMS-777607 (Driggers et al. 2008).
UNC569 derivatives and ONO-9330547 increased the
sensitivity to chemotherapy and decreased colony formation
of acute lymphoblastic leukemia cells and a pediatric tumor
cell line (BT12) (Nguyen et al. 2014). CVO-102 has been
shown to have remarkable activity in preventing blood
clotting and also shows promising anticancer agent in late
preclinical development (Holland et al. 2010). R428 and
BMS-777607 exhibit activity against Mer but are ~4-fold to
15-fold more selective for Axl (Holland et al. 2010; Holland
et al. 2005).

To study MerTK and inhibitor interactions, docking,
molecular dynamics (MD) and receptor-based 3D-QSAR

(3D-Quantitative Structure-Activity Relationship) studies
were reported with various pyrimidine derivatives such as
pyrazolo-[3,4-d]-pyrimidines (Hamzah and Tjahjono),
pyridine-substituted pyrimidines (Yu et al. 2015b) pyr-
idinepyrimidines (Balupuri et al. 2015), and pyrimidine-
based derivatives (Balupuri et al. 2016). Yu et al. (2015b)
and Liang et al. (2006) reported that hinge region residues
Pro672 and Met674 are very important for MerTK inhi-
bition. These two amino acids have been found important
with experimental studies (McIver et al. 2017; Wang et al.
2016). X-ray structures (PDB ID: 5K0X and 5K0K) show
that MerTK hinge region residues (Pro672 and Met674)
bind to the co-crystallized inhibitors (McIver et al. 2017;
Wang et al. 2016). In another study, abovementioned
amino acids were also suggested crucial by docking ana-
lyses. In addition, 107 MerTK inhibitors were used to
generate a ligand-based pharmacophore model. Six com-
pounds with new scaffolds were identified as MerTK
inhibitors by virtual screening using this model (Zhou
et al. 2016).

In this study, we have selected a series of macrocyclic
MerTK inhibitors having various ring sizes (from 14- to 20-
membered rings) to study ring size effect and factors
affecting MerTK inhibitory activity. To this end, we used
various simulation techniques such as docking, MD, and
3D-QSAR methods.

Materials and methods

Overall procedure

Simple alignment schemes such as atom by atom matching
could not be applied due to the complex nature of the
macrocyclic ring structure. In recent studies, Hawkins
(2017) and Watts et al. (2014) reported that sampling of low
energy conformers of macrocycles is difficult due to the
large ring size and flexibility of these molecules. The
existing techniques such as stochastic methods based on
Monte Carlo-simulated annealing, distance geometry are
not convenient for conformational sampling of macrocyclic
molecules (Hawkins 2017; Watts et al. 2014).

MD should be one of the reasonable simulation methods
to deal with macrocyclic ring structure (Driggers et al.
2008). So, we have employed MD for pose selection of
macrocyclic compounds inside the receptor to provide
reliable molecular alignments. Fortunately, there exists
information about seemingly important amino acid residues
such as Pro672 and Met674 (Balupuri et al. 2015; McIver
et al. 2017). Hydrogen-bonding interactions with these two
hinge region residues mimic the interaction of ATP with
MerTK, which have been considered crucial for the inhi-
bitor recognition.
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Using these hydrogen-bonding interactions at the hinge
region as the anchoring points, the inhibitors could be
placed inside the receptor in a reasonable way. Then the
structures were optimized by MD followed by energy
minimization and structure sampling. The resultant
structures of ligands were used as input structures for
subsequent receptor-based 3D-QSAR studies. Compara-
tive molecular field analysis (CoMFA) and comparative
molecular similarity indices analysis (CoMSIA) were
used to understand the structural requirements of MerTK
inhibitors.

Molecular docking

Prior to the docking process, the protein structure was
prepared as follows: polar hydrogen was added, Kollman
and Gasteiger charges and AD4 atom-types were assigned.
Autodock 4.0 (Huey et al. 2007) was used to perform
docking. Docking protocol was validated by re-docking of
extracted co-crystallized ligand from the crystal structure
(PDB code: 5K0K) into the active site of the protein. Active
site was defined by the same residues as used in the pre-
vious studies (Balupuri et al. 2015, 2016). The most potent
compound from the dataset was docked into the active site
of MerTK. Active site grid was created using the x, y, and z
coordinates of the active site. Dimensions of this grid were
extended to 80 × 80 × 80 points with a grid spacing of
0.375 Å. The number of Genetic algorithm (GA) run was
set to 100 and docking was executed using the Lamarckian
genetic algorithm (LGA). The resultant docked conforma-
tions were clustered into groups with default RMS devia-
tions of 0.5 Å.

A docked pose based on the docking score and the two
key hydrogen-bonding interactions at the hinge region
(Pro672, Met674) was selected as the representative binding
pose. Since the dataset comprises macrocyclic compounds
with various ring sizes (from 14- to 20-membered rings), we
docked all the compounds. Since Autodock does not allow
flexibility of macrocyclic ring structures, we have per-
formed MD simulations for structural optimization and
relaxation using SYBYL-X 2.1 program.

Structure optimization and sampling

SYBYL-X 2.1 was used for MD to generate conformers of
these macrocyclic ring structures. As a first step, a dynamics
run for 100 ps was performed using NVT ensemble at 300 K
and with a time step of 1 fs. Trajectories were recorded every
5 ps for the MD runs. Boltzmann random velocity was
selected as the initial velocity. The rest of the parameters
were chosen as default. Tripos force field was used for the
minimization of all the compounds. Gasteiger–Marsili
charges were applied to the protein-ligand complex. The

important residues (Pro672, Met674) forming key hydrogen
bond (H-bond) interactions were constrained. From the
several conformers generated, one conformation was selec-
ted considering two criteria. i.e., energy and the presence of
two key H-bond interactions as mentioned above. Final
conformers selected for the compounds were used for the
3D-QSAR study.

Test set/training set selection for 3D-QSAR analyses

A series of 68 macrocyclic pyrimidines reported as potent
MerTK inhibitors with their biological activities (IC50

values) was collected for this study (McIver et al. 2017;
Wang et al. 2016). These inhibitors exhibit various ring
sizes (from 14- to 20-membered rings). SYBYL-X 2.1 was
used to sketch all the 68 structures and optimized by energy
minimization with Tripos force field (Clark et al. 1989).
Biological data expressed as IC50 values were converted
into pIC50 (−log IC50) values. The pIC50 values cover
4.24 log units, which signify the dataset is acceptable for a
QSAR study (Wold et al. 1984). The dataset was divided
into a training set of 46 compounds for model derivation
and a test set of 22 compounds for external predictability.
The test sets were selected by considering different mac-
rocyclic ring sizes and biological activity. The compounds
were classified into high, medium, and low active ones
depending on the biological activities. Subsequently, 22
compounds were randomly taken from the three activity
classes and chosen as the test set. Docked conformation of
the most active compound was taken as a template to sketch
the rest of the compounds in the dataset. All the ligands
taken for the docking studies were energy minimized to find
the most reasonable poses within the receptor. The chemical
structures and biological activity values of all the com-
pounds are depicted in Table 1.

3D-QSAR (CoMFA and CoMSIA)

In CoMFA, correlation of biological properties of com-
pounds with steric and electrostatic potential energies are
calculated using Lennard-Jones and Coulombic potentials,
respectively (Cramer et al. 1988b). The dataset compounds
should be aligned in their bioactive conformations to
develop a reasonable model (Kamath and Buolamwini
2003). The dataset compounds were aligned using a
common substructure-based alignment method with tem-
plate molecule (most active compound 6). The choice of
appropriate partial charge scheme is important to obtain
robust 3D-QSAR models. Previous studies reported the
necessity of considering more appropriate atomic charges
rather than default CoMFA charges (Gadhe et al. 2012;
Madhavan et al. 2012). We derived 3D-QSAR models
using different charge calculation schemes to study the
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influence of these charge schemes on the 3D-QSAR
models. The partial atomic charges were applied for each
ligand by using different charge schemes i.e.,
Gasteiger–Hückel, Hückel, Gasteiger–Marsili (Gasteiger
and Marsili 1980), Del-Re (Del Re 1958), Pullman (Ber-
thod et al. 1967), MMFF94 (Halgren 1999) and AM1-BCC
(Jakalian et al. 2002).

Default parameters were used to generate the CoMFA
model. A sp3 hybridized carbon as probe atom with+ 1
charge and a grid spacing of 2.0 Å was used. The partial
least squares (PLS) regression was used to develop

statistically reasonable 3D-QSAR models. In the PLS ana-
lysis, CoMFA descriptors were used as independent vari-
ables and biological activity values (pIC50) were used as
dependent variables. PLS analysis with leave-one-out cross-
validation was executed to evaluate the reliability of the
models developed (Cramer 1993; Li et al. 2013). The
squared cross-validated correlation coefficient (q2) value, an
optimal number of components (ONC) and standard
deviation of prediction (SEP) were calculated using PLS
analysis. A column filtering value of 2.0 was used. A
noncross-validation analysis was then carried out using the

Table 1 Structure and biological activity values of macrocyclic pyrimidines as MerTK inhibitors
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obtained ONC by cross-validation to calculate the squared
correlation coefficient (r2), F-test value (F) and standard
error of estimate.

In CoMSIA (Klebe et al. 1994), steric, electrostatic,
hydrophobic, H-bond donor, and H-bond acceptor
descriptors were considered. All five CoMSIA similarity

indices were calculated using a probe atom of radius 1.0 Å.
An attenuation factor of 0.30 was used. The CoMSIA
models were calculated between the grid point and each
atom of the molecule by a Gaussian function (Klebe et al.
1994). The CoMSIA models with different combinations
were generated with the same lattice box used as in CoMFA

Medicinal Chemistry Research (2019) 28:1923–1938 1927



calculations. Among the possible combinations, a model
with reasonable statistical values in terms of q2 and r2 was
selected as the final CoMSIA model. 3D-QSAR results
were interpreted graphically by the field contribution maps.
The developed models were checked for predictive ability
and robustness using various validation techniques, which
includes bootstrapping, progressive scrambling, an external

test set validation, rm2 metric calculations and concordance
correlation coefficient (CCC) (Chirico and Gramatica
2012). Bootstrapping for 100 runs and the progressive
scrambling of 100 runs with 2–10 bins were performed to
validate the model’s predictability (Gadhe et al. 2012). The
models were also validated by the predictive correlation
coefficient (r2pred).

1928 Medicinal Chemistry Research (2019) 28:1923–1938
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Results and discussion

Activity vs ring size

The dataset comprises macrocyclic compounds with various
ring sizes ranging from 14 to 20-members. Since previous
reports mentioned about ring size effects over biological
activity, we tried to see the ring size effects. As shown in
Fig. 1, there seemed no correlation between ring size (x-
axis) and biological activity (y-axis). To further investigate
the factors affecting biological activity, we did docking
study.

Molecular docking and pose optimization using
molecular dynamics

In many cases of cyclic inhibitors, docking approaches have
been particularly difficult. Most of the docking programs do
not support flexibility of the cyclic inhibitors during dock-
ing. Hence, pose selection from docked structures was
performed to provide flexibility to macrocyclic rings and to
get more reliable binding poses for the 3D-QSAR study.
MD was used for pose selection of macrocyclic compounds
inside the receptor. The MD for each docked compound
was carried out for 100 ps with a time step of 1 fs with the
abovementioned parameters using dynamics module in
Sybyl-X 2.1. The conformers were saved every 5 ps which
generated a total of 20 conformers for each compound. The
obtained conformers were plotted as scatter plot for each
compound based on their energy. From the conformers
generated for each compound, one conformation was
selected on the basis of the lowest energy and the presence
of two signature H-bond interactions with the important
hinge region residues Pro672 and Met674. Final conformers
selected were used for the alignment of dataset compounds
in the 3D-QSAR study. The selected docked structures from
MD simulations were used for subsequent 3D-QSAR
studies.

Since diverse rings would bind differently to the same
receptor, all the compounds were docked. Table 2 shows the
docking analyses of all dataset compounds. First, we chose
100 poses for each docked compound. Among them, the
best binding pose was selected on the basis of docking score
and the key hydrogen bonding for each compound. In
Fig. 2a, the binding pose of the most active compound in
MerTK is shown. For this cyclic inhibitor, there are four
H-bonds with residues at the active site.

The H of NH (bold NH in Fig. 3) that is adjacent to
pyrimidine ring forms H-bond with the hinge region residue
Pro672. Similarly, the N (bold N in Fig. 3) of pyrimidine
ring forms H-bond with the hinge region residue Met674.
X-ray crystal structures conducted by McIver et al. (2017)
also have two H-bonds at this hinge region. This is

consistent with the previous reports that these H-bonds are
essential (Balupuri et al. 2015, 2016). These 2 key inter-
actions were found in all the docked compounds having
different ring sizes. In addition, hydrogen atoms of the
amino group of the macrocyclic ring forms H-bond inter-
actions with the active site residues Arg727 and Asn728.
Hydrogen bonding was assigned with PyMOL program
with default parameters. From the docking results, the chiral
compounds having S configuration in the pyrimidine ring
seem to be crucial to form H-bond interactions with the
active site residues Arg727 and Asn728. These docked
poses explain why group I and III compounds have chiral
carbon of S configuration. If the chiral compounds have R
configuration, these hydrogen-bonding interactions would
not be possible.

Hydrophobic interactions of the most active compound
with MerTK were also identified. We have used python
script to color receptor according to the Eisenberg hydro-
phobicity scale (Eisenberg et al. 1984) in PyMOL (Fig. 2b).
This gives coloring from red for the most hydrophobic to
white for the least hydrophobic. Active site residues that
reside in the hydrophobic region (highlighted as sticks in
the Fig. 2b) seem to form hydrophobic interactions with the
most active compound. Hydrophobic interactions of phenyl
ring at the R1 position with residues Gly677 and Tyr685 and
pyrimidine ring with residues Phe673 and Met730 were
observed. In addition, the macrocyclic ring was docked into
the deep hydrophobic pocket of MerTK, which was lined
with residues Val601 and Leu671.

From the overall docking results we could speculate that
active site residues Pro672, Met674, Arg727, Asn728,
Val601, and Leu671 are important for the binding of the
macrocyclic ring inside the binding pocket of MerTK. The

Fig. 1 The scatter plot of macrocyclic ring size vs. pIC50 activity
values. Circle indicates compounds having four H-bonds; square
indicates compounds having three H-bonds and triangle indicates
compounds having two H-bonds
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Table 2 Hydrogen bond interactions between macrocyclic pyrimidine derivatives and MerTK (Docking analyses of the dataset compounds)

Compound Ring size pIC50 No. of H-bonds Hydrogen bond residues

HB1 HB2 HB3 HB4

Cpd01 15 8.409 4 PRO672 MET674 ARG727 ASN728

Cpd02 17 7.770 4 PRO672 MET674 ARG727 ASN728

Cpd03 19 7.523 4 PRO672 MET674 ARG727 ASN728

Cpd04 16 8.051 4 PRO672 MET674 ARG727 ASN728

Cpd05 18 8.658 4 PRO672 MET674 ARG727 ASN728

Cpd06 20 9.097 4 PRO672 MET674 ARG727 ASN728

Cpd43 19 8.387 4 PRO672 MET674 ARG727 ASN728

Cpd13 17 8.523 4 PRO672 MET674 ASP741 ASN728

Cpd53 18 8.824 4 PRO672 MET674 ARG727 ASN728

Cpd42 18 8.357 4 PRO672 MET674 ARG727 ASN728

Cpd45 18 8.194 4 PRO672 MET674 ARG727 ASN728

Cpd07 14 8.387 3 PRO672 MET674 ASP741 –

Cpd09 16 8.745 3 PRO672 MET674 ASP741 –

Cpd41 17 7.444 3 PRO672 MET674 ASN728 –

Cpd37 18 7.041 3 PRO672 MET674 ARG727 –

Cpd18 19 8.310 3 PRO672 MET674 ASN728 –

Cpd40 16 6.854 3 PRO672 MET674 ASN728 –

Cpd60 18 8.409 3 PRO672 MET674 ASN728 –

Cpd44 20 8.208 3 PRO672 MET674 ASN728 –

Cpd16 17 8.301 3 PRO672 MET674 ASN728 –

Cpd34 14 6.699 3 PRO672 MET674 ASP741 –

Cpd15 16 8.387 3 PRO672 MET674 ASP741 –

Cpd12 16 8.398 2 PRO672 MET674 – –

Cpd38 19 7.208 2 PRO672 MET674 – –

Cpd08 15 8.252 2 PRO672 MET674 – –

Cpd10 17 8.018 2 PRO672 MET674 – –

Cpd11 15 8.097 2 PRO672 MET674 – –

Cpd14 18 8.585 2 PRO672 MET674 – –

Cpd17 18 8.509 2 PRO672 MET674 – –

Cpd19 17 6.854 2 PRO672 MET674 – –

Cpd20 17 6.824 2 PRO672 MET674 – –

Cpd21 17 7.066 2 PRO672 MET674 – –

Cpd22 17 6.796 2 PRO672 MET674 – –

Cpd23 17 6.770 2 PRO672 MET674 – –

Cpd24 17 7.796 2 PRO672 MET674 – –

Cpd25 17 8.092 2 PRO672 MET674 – –

Cpd26 17 7.959 2 PRO672 MET674 – –

Cpd27 17 7.523 2 PRO672 MET674 – –

Cpd28 17 7.495 2 PRO672 MET674 – –

Cpd29 17 7.268 2 PRO672 MET674 – –

Cpd30 17 7.886 2 PRO672 MET674 – –

Cpd31 17 7.097 2 PRO672 MET674 – –

Cpd32 17 7.027 2 PRO672 MET674 – –

Cpd33 15 7.215 2 PRO672 MET674 – –

Cpd35 16 6.119 2 PRO672 MET674 – –

Cpd36 17 6.638 2 PRO672 MET674 – –
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docked conformations of all these compounds were selected
based on the presence of the two key H-bond interactions
with hinge region residues Pro672 and Met674 similar to
that of the most active compound.

Figure 1 shows the scatter plot of macrocyclic ring size
versus pIC50 activity values. This shows that the various
ring-sized compounds possess various inhibitory activities
so no significant effect of the ring size over the potency was

Table 2 (continued)

Compound Ring size pIC50 No. of H-bonds Hydrogen bond residues

HB1 HB2 HB3 HB4

Cpd39 15 5.495 2 PRO672 MET674 – –

Cpd46 18 7.602 2 PRO672 MET674 – –

Cpd47 18 8.222 2 PRO672 MET674 – –

Cpd48 18 8.022 2 PRO672 MET674 – –

Cpd49 18 8.367 2 PRO672 MET674 – –

Cpd50 18 8.201 2 PRO672 MET674 – –

Cpd51 18 8.357 2 PRO672 MET674 – –

Cpd52 18 7.658 2 PRO672 MET674 – –

Cpd54 18 8.187 2 PRO672 MET674 – –

Cpd55 18 7.854 2 PRO672 MET674 – –

Cpd56 18 8.538 2 PRO672 MET674 – –

Cpd57 18 7.268 2 PRO672 MET674 – –

Cpd58 18 7.229 2 PRO672 MET674 – –

Cpd59 18 7.959 2 PRO672 MET674 – –

Cpd61 18 7.168 2 PRO672 MET674 – –

Cpd62 19 6.854 2 PRO672 MET674 – –

Cpd63 14 7.678 2 PRO672 MET674 – –

Cpd64 18 6.319 2 PRO672 MET674 – –

Cpd65 16 6.114 2 PRO672 MET674 – –

Cpd66 16 4.854 2 PRO672 MET674 – –

Cpd67 18 7.398 2 PRO672 MET674 – –

Cpd68 18 7.678 2 PRO672 MET674 – –

Fig. 2 a The docked conformation of the compound 06 (shown in stick
model) inside the binding pocket of MerTK Cyan dotted lines repre-
sents H-bonds formed between residues and compound 06. H-bond
distances are labeled in angstrom. b The most active compound

(shown in stick model) inside the hydrophobic pocket of MerTK. The
red-colored region represents the most hydrophobic surface and white
color represents the less hydrophobic surface of the protein
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observed. However, from our docking analysis it was
observed that the compounds with higher activity have
more hydrogen-bonding interactions whereas, compounds
with lower activity values showed less hydrogen-bonding
interactions with the protein. From which it is quite clear
that the H-bond formation may have influence on the
activity of the compounds rather than the ring-size effect.

CoMFA and CoMSIA

Receptor-based 3D-QSAR models were developed for the
series of macrocyclic pyrimidines as potent MerTK inhibi-
tors. Conformers obtained from the pose selection for var-
ious ring size compounds were used for the 3D-QSAR
study. All the compounds were aligned with the template
molecule (most active compound) using the common sub-
structure. The common substructure is shown in Fig. 4a and
the alignment of the dataset is shown in Fig. 4b. Choice of
appropriate partial charges is crucial to obtain reasonable

3D-QSAR models. Thus, different charge schemes such as
Gasteiger–Hückel, Hückel, Gasteiger–Marsili, Del-Re,
Pullman, MMFF94, and AM1-BCC were applied.

The dataset was divided into a test set of 22 compounds
and a training set of 46 compounds to develop 3D-QSAR
models for the external test set. CoMFA models with
steric and electrostatic field (S+ E) contributions were
obtained. Among the different charge schemes used,
MMFF94 produced statistically reasonable CoMFA
model (S+ E) in terms of several statistical parameters
(q2= 0.702, ONC= 5, and r2= 0.979). Then we devel-
oped CoMFA models for electrostatic parameter alone
(E only) to minimize the interaction between these para-
meters. The CoMFA models (E only) is shown in Table 3.
MMFF94 produced statistically reasonable model (q2=
0.600, ONC= 6, and r2= 0.943). We compared both
CoMFA models and found that model with S+ E is sta-
tistically better than the model with E only. The contour
maps obtained from two models (S+ E and E only) were

Fig. 3 Dataset compounds (Group I, Group II, and Group III). Dataset compounds were categorized into Group I, Group II, and Group III
depending on the amino group having S configuration in the pyrimidine ring and compounds having hydroxyl group in the pyrimidine ring

Fig. 4 a Common substructure
of the dataset. b Alignment of
the dataset compounds inside the
active site of MerTK
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quite similar. CoMFA model obtained only with electro-
static parameters could explain clearly about the hydrogen
bonding. Therefore we have selected this model to vali-
date the notion that hydrogen-bonding interactions could
be crucial for the activity variation. The r2pred value of
0.724 suggests that the model is statistically stable (Pratim
Roy et al. 2009). The scatter plot and contour maps is
depicted in Figs. 5 and 6, respectively. The CoMFA (E
only) contour map results are consistent with our docking
analysis which is discussed in detail in the contour map
analysis section.

Different combinations of steric (S), electrostatic (E),
hydrophobic (H), H-bond acceptor (A), and H-bond
donor (D) fields were used to generate the CoMSIA
models. Among the charge schemes studied, MMFF94
was used as a partial charge to generate the CoMSIA

models by using the similar training set and test set as
used in CoMFA. The detailed statistical values for the
generated CoMSIA models are depicted in Table S1 of
the supplementary material. Among the probable com-
binations, the optimal CoMSIA model generated using
electrostatic and H-bond donor parameters (ED) gave
relatively better statistical results (q2 = 0.563, ONC= 5,
and r2= 0.927), therefore selected as the final model. The
r2pred value of 0.672 indicates that the model is statisti-
cally reasonable (Pratim Roy et al. 2009). The selected
CoMFA (E only) and CoMSIA (ED) models helped us to
confirm the hydrogen-bonding interactions observed in
docking analysis. It is observed that H-bond interactions
with the active site residues Arg727 and Asn728 are
important along with the H-bond interactions with 2 key
residues Pro672 and Met674 for the inhibition of MerTK.

Fig. 5 a Scatter plot for the selected CoMFA model. b Scatter plot for
the selected CoMSIA model. The plot shows the actual pIC50 versus
predicted pIC50 activity of the dataset for training and test sets. The

training set compounds are represented as diamonds in blue color; the
test set compounds are represented as squares in red color

Table 3 Statistical summary of the developed CoMFA models for electrostatic descriptor with different charge schemes

Parameter Gasteiger–Huckel Gasteiger–Marsili MMFF94 Del-Re Huckel Pullman AM1-BCC

E q2 0.297 0.315 0.600 0.282 0.274 0.379 0.328

ONC 1 1 6 1 2 6 3

SEP 0.758 0.748 0.607 0.766 0.779 0.756 0.671

r2 0.792 0.849 0.943 0.858 0.651 0.958 0.890

SEE 0.422 0.359 0.134 0.349 0.553 0.197 0.341

F value 53.409 78.748 328.045 84.531 19.149 147.995 86.305

E electrostatic descriptor, q2 squared cross-validated correlation coefficient, ONC optimal number of components, SEP standard error of prediction,
r2 squared correlation coefficient, SEE standard error of estimation, F value F-test value (These models were developed after dividing dataset into
trainingset of 46 compounds and test set of 22 compounds. The MMFF94 charge scheme (denoted in bold font) has produced statistically
reasonable CoMFAmodel, so it was selected for further studies.)
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Both the CoMFA and CoMSIA models were validated
using bootstrapping, progressive scrambling (Cramer et al.
1988a), rm2 metric calculation and CCC. The CCC value
was found to be significant as per the criteria given by
Gramatica et al. (Chirico and Gramatica 2012). The
detailed statistical values of the selected CoMFA and
CoMSIA models are represented in Table 4. These values
suggested that the developed models were statistically
reasonable. Table 5 shows the actual and predicted activity
values for the final CoMFA and CoMSIA models. The
scatter plot and contour maps were depicted in Figs. 5 and
6, respectively.

Contour map analysis

The standard parameters for 3D-QSAR models were used to
generate the 3D contour maps that illustrate the change in
inhibitory activity according to the changes in physico-
chemical properties of the substituents. The contour maps
for the final CoMFA and CoMSIA models are shown in
Fig. 6. The most potent compound of the dataset is shown
superimposed with CoMFA and CoMSIA contour maps
inside the receptor. Here, we discuss CoMFA model gen-
erated only with the electrostatic parameter.

The CoMFA electrostatic contour map is represented in
Fig. 6a. The blue contours illustrate the regions where
electropositive substitutions increase the activity while red
contours illustrate the regions where electronegative sub-
stitutions increase the activity. Blue contours are observed
at different positions in the macrocyclic ring which suggests
that electropositive substitution at these positions increase
the activity. The blue contour that is present at NH group
near pyrimidine ring suggests that electropositive sub-
stituent at this position could interact with the Pro672. This
can be justified by our docking results in which hydrogen
atom from NH group forms a H-bond with the oxygen atom
of Pro672. This could be the reason for highly active
compounds 17, 13, 56, 14, 5, 9, 53, and 6 (the highest
active compound), which have electropositive substitutions
at this region. Moreover, the presence of blue contours near
phenyl ring of R1 position signifies the region that is
favorable for electropositive substitutions. In contrast, red
contours are observed near the piperazine ring at R1 position
and near the phenyl ring. This could be the reason for the
moderate activity of the compounds 58 and 59 which pos-
sess electronegative substituent at these positions.

Since electrostatic contour map in CoMFA (Fig. 6a) is
almost similar to the CoMSIA electrostatic contour
(Fig. 6b), only the H-bond donor contour map of CoMSIA
is discussed below. The H-bond donor contour map from

Table 4 Statistical values of the selected CoMFA and
CoMSIA models

Parameters CoMFA (E only) CoMSIA (ED)

q2 0.600 0.563

ONC 6 5

SEP 0.607 0.627

r2 0.943 0.927

SEE 0.134 0.200

F value 328.045 171.086

BS-r2 0.987 0.981

BS-SD 0.005 0.010

Q2 0.413 0.554

r2pred 0.724 0.672

rm2 0.593 0.549

Delta rm2 0.130 0.064

CCC 0.836 0.815

E electrostatic, D hydrogen bond donor, q2 cross-validated correlation
coefficient, ONC optimal number of components, SEP standard error
of prediction, r2 non-validated correlation coefficient, SEE standard
error of estimation, F value F-test value, BS-r2 bootstrapping r2 mean,
BS-SD bootstrapping standard deviation, Q2 progressive scrambling,
r2pred predictive r

2, rm2 average rm2 for the dataset, Delta rm2 delta rm2

for the dataset, CCC concordance correlation coefficient

Fig. 6 Contour maps for the selected CoMFA and CoMSIA models.
a CoMFA electrostatic contour map. b CoMSIA electrostatic contour
map. c CoMSIA H-bond donor contour map. Blue contours favor
electropositive substitutions while red contours favor electronegative

substitutions. The Cyan contours indicate the favorable region for H-
bond donor substitution whereas the purple contours indicate the
unfavorable region for H-bond donor substitutions
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CoMSIA is shown in Fig. 6c. The cyan contours indicate
the favorable regions for H-bond donor groups, while the
purple contours indicate the unfavorable regions for H-bond
donor groups. Cyan contours on both sides of the amino
group of macrocyclic ring suggest that the presence of H-
bond donor group at these positions could increase the
activity. This could be due to the fact that the H-bond donor
substitutions at these regions could interact with the oxygen
atoms of residues Arg727 and Asn728. These interactions
are observed in our docking analyses. This can also be
explained by the moderate to the high activity of com-
pounds 17, 13, 56, 14, 5, 9, 53, and 6 (the highest active
compound) which possess H-bond donor group in this
region. On the contrary, the purple contours around the
pyrimidine ring are unfavorable for the H-bond donor
groups and could cause decrease in the efficacy. Overall
contour map analysis supports the notion that the H-bond
formation has influence on the activity of the compounds
rather than the ring-size effect.

Table 5 Actual pIC50 and predicted pIC50 values with their residual
values of selected CoMFA and CoMSIA models

Compound Actual
pIC50

CoMFA (E only) CoMSIA (ED)

Predicted
pIC50

Residual Predicted
pIC50

Residual

1 8.555 8.507 −0.098 8.555 −0.146

2 7.880 7.718 0.052 7.880 −0.110

3 8.450 8.484 −0.961 8.450 −0.927

4 8.391 8.207 −0.156 8.391 −0.340

5 8.658 8.556 0.102 8.656 0.002

6 9.097 9.075 0.022 9.090 0.007

7 8.387 8.137 0.250 8.603 −0.216

8 8.252 8.376 −0.124 8.519 −0.267

9 8.745 8.756 −0.011 8.787 −0.042

10 8.018 7.879 0.139 7.965 0.053

11 8.097 8.283 −0.186 7.989 0.108

12 8.398 8.361 0.037 8.290 0.108

13 8.523 8.459 0.064 8.409 0.114

14 8.585 7.734 0.851 8.948 −0.363

15 8.387 8.330 0.057 8.374 0.013

16 8.301 7.943 0.358 8.216 0.085

17 8.509 8.393 0.116 8.352 0.157

18 8.310 8.318 −0.008 8.226 0.084

19 6.854 7.019 −0.165 7.310 −0.456

20 6.824 7.130 −0.306 7.295 −0.471

21 7.066 6.878 0.188 7.058 0.008

22 6.796 6.933 −0.137 7.151 −0.355

23 6.770 7.334 −0.564 7.330 −0.560

24 7.796 7.841 −0.045 7.625 0.171

25 8.092 7.973 0.119 7.860 0.232

26 7.959 8.057 −0.098 7.734 0.225

27 7.523 7.440 0.083 7.553 −0.030

28 7.495 7.370 0.125 6.994 0.501

29 7.268 7.540 −0.272 7.292 −0.024

30 7.886 7.815 0.071 7.149 0.737

31 7.097 7.157 −0.060 7.227 −0.130

32 7.027 7.204 −0.177 6.968 0.059

33 7.215 7.263 −0.048 7.337 −0.122

34 6.699 6.669 0.030 6.630 0.069

35 6.119 6.222 −0.103 6.294 −0.175

36 6.638 6.462 0.176 6.708 −0.070

37 7.041 7.065 −0.024 7.099 −0.058

38 7.208 7.262 −0.054 7.256 −0.048

39 5.495 5.370 0.125 5.480 0.015

40 6.854 6.800 0.054 6.989 −0.135

41 7.444 7.574 −0.130 7.589 −0.145

42 8.357 8.356 0.001 8.523 −0.166

43 8.387 8.442 −0.055 8.036 0.351

44 8.208 8.317 −0.109 7.785 0.423

Table 5 (continued)

Compound Actual
pIC50

CoMFA (E only) CoMSIA (ED)

Predicted
pIC50

Residual Predicted
pIC50

Residual

45 8.194 8.156 0.038 8.056 0.138

46 7.602 7.776 −0.174 8.148 −0.546

47 8.222 8.231 −0.009 8.220 0.002

48 8.022 8.113 −0.091 7.996 0.026

49 8.367 8.315 0.052 7.995 0.372

50 8.201 8.256 −0.055 8.278 −0.077

51 8.357 8.214 0.143 7.906 0.451

52 7.658 7.516 0.142 7.881 −0.223

53 8.824 8.811 0.013 8.690 0.134

54 8.187 8.152 0.035 8.090 0.097

55 7.854 7.992 −0.138 7.983 −0.129

56 8.538 8.320 0.218 8.241 0.297

57 7.268 7.615 −0.347 7.433 −0.165

58 7.229 7.281 –0.052 7.102 0.127

59 7.959 7.972 −0.013 8.069 −0.110

60 8.409 8.549 −0.140 8.233 0.176

61 7.168 6.732 0.436 7.144 0.024

62 6.854 6.910 −0.056 6.987 −0.133

63 7.678 7.461 0.217 7.857 −0.179

64 6.319 6.467 −0.148 6.269 0.050

65 6.114 6.226 −0.113 5.756 0.358

66 4.854 4.792 0.062 4.934 −0.080

67 7.398 7.417 −0.019 7.319 0.079

68 7.678 7.565 0.113 7.737 −0.059
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Conclusion

In this study, we have performed molecular docking of
the macrocyclic pyrimidines followed by their pose
selection and 3D-QSAR to understand the factors invol-
ving a series of macrocyclic inhibitors against MerTK.
Molecular docking of these different sized compounds
(14–20-membered rings) was carried out to check their
binding affinity to MerTK. Docking studies revealed the
interactions with crucial active site residues; i.e., in
addition to two signature H-bond interactions (Pro672
and Met674), the two H-bond interactions with Arg727
and Asn728 were found essential. Furthermore, active
site residues Val601, Leu671, Phe673, Gly677, Tyr685,
and Met730 were observed which form hydrophobic
pocket. Though the ring size effect was not observed, our
results support the importance of hydrogen bonding.
Moreover, the importance of number of hydrogen bond-
ing was confirmed statistically by receptor-based CoMFA
and CoMSIA models and further visualized by their
contour maps. These models were validated by various
statistical parameters such as bootstrapping, progressive
scrambling, an external test set validation, rm2 metric
calculations and CCC. The analysis of overall contour
maps suggested that the electropositive substitution near
the pyrimidine ring and at R1 position are favored to
increase the activity. Likewise, electropositive and
hydrogen-bonding donor groups are favorable in the
macrocyclic ring.

Overall, our results provide the importance of
hydrogen-bonding interactions for this receptor along with
suggested critical residues, which could be useful for more
potent MerTK inhibitor design. In addition, this work
suggests the importance of hydrogen bonding for macro-
cyclic compounds as inhibitors, at least for the series of the
compounds used in this study. However, if the dataset is
different, this conclusion may not be applicable. To
understand macrocyclic effects more clearly in drug dis-
covery, further detailed studies should be desirable over
this issue.
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