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Abstract

Plasmonium falciparum dihydrofolate reductase-thymidylate synthase (P/DHFR-TS) is one of the most crucial antimalarial targets.
Mutations in the binding pocket of this target lead to resistance to the antifolate. The mutations influence the amino acid residues at
points 51, 59, 108 and 164 and contribute significantly to malaria not being treated well. Priority should therefore be given to the
development of antifolate-resistance drugs. These studies aim to investigate new 4-benzyloxy-2-trichloromethylquinazoline
derivatives as PfDHFR-TS inhibitors using QSAR, ADME, drug-likeness, toxicity, molecular docking studies, and molecular
dynamics simulations. The best equation model from the QSAR analysis used MLR and PLS statistics to show that the pICs is
linearly related to GATS4e, SpMax AEA(ed), and Mor28e, but inverted when compared to ATS6m and ATSC7m. The predictive
ability of the model was confirmed by internal and external validation. In addition, the Y-randomization validation showed that the
QSAR model was reliable, robust, and stable, with a cRp* score of over 0.5. ADME and drug-likeness predictions confirmed the
new QSAR design for molecules S10, S23 and S64. Based on the toxicity results, three molecules are expected to have moderate
and non-toxic properties, starting with S23 and then S10 and S64. Molecular docking studies show that all three molecules have
high binding energies, 9.869, 9.589, and 9.565 kcal/mol. The amino acid residues Leu46, Asp54, Serl11, and Thr185 play a major
role in ligand-receptor interaction in the binding pocket of quadruple mutant P/DHFR-TS. Furthermore, an evaluation of molecular
dynamics simulations of three complexes S10-3JSU, S23-3JSU and S64-3JSU demonstrated stable interactions over 100 ns.
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1. INTRODUCTION naphthoquinones, antifolates, 8-aminoquinolines,

and endoperoxides. Multi-drug resistance causes

Protozoa of the genus Plasmodium cause the
infectious disease malaria. An infected female
Anopheles mosquito bites to spread it. The World
Health Organization (WHO) reported 229 million
malaria cases globally in 2019, which directly
accounted for 409,000 deaths [1][2]. Among P.
falciparum infections, the degree of the illness and
mortality rates are the highest. After the cause of
the disease and symptoms were found, many natural
and synthetic antimalarial medications were
created. First used antimalarial drugs in tropical and

subtropical environments are quinolines,
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current antimalarial drugs to be less effective. Due
to resistance to artemisinin and combination
has
Therefore, new antimalarial drugs and drug targets

are needed to reduce malaria resistance [3].

therapies, malaria prophylaxis declined.

An infection caused by this particular species
leads to a rapid escalation of parasitemia compared
to other species. In addition, their merozoites can
individuals. The
resistance that this parasite has developed to current
malaria therapies is one of the causes of death and

infect red blood cells in all

Resistance to
recommended artemisinin combination therapy
(ACT) for malaria treatment has also been reported

leads to treatment failure [2].

[4]. Resistance can result from the administration of
insufficient doses of drugs or from mutations in
several important genes that are linked to the drug
targets in the parasite's organism.

PMHFR-TS is an important target of
antimalarial drugs. This class of DHFR inhibitors is
ineffective due to mutations that prevent drug
binding but retain enzyme activity. The wild type
(TM4/8.2), the quadruple drug-resistant mutant
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Table 1. Antimalarial activity of 4-benzyloxy-2-trichloromethylquinazoline derivatives [18].

ID  Structure ((R)  ICsxy(uM) pICs, ID Structure (R)  ICs(uM)  pICq
7
C1 /\© 20 569 C17 /\/\@L 2.6 5.585
NO,
C2 /\Q 4.0 5398 Cl18 /\@/O\/C 3.8 5.420
CH,
Cc4 A@\ 25 5602 CI9 \@L 1.8 5.745
Cl Br
Cs /\Q 18 5745 C20 D 23 5.638
NO,
Br
NO,
C6 A@( 22 5658 C2l j@ 19 5721
Br
C7 23 5638 C22 \©\ 1.6 5.796
CN
c8 /\Q 28 5553 (23 \@(CHs 23 5.638
CF3
(0]
OCH;
co L 39 5409 24 1.7 5770
OCH;
07 “CH,
CH,
cll )\O 33 5481 (25 Hscp 15 5.824
0}
CHj3
€7 )\Q 35 5456 C26 1.9 5721
cl O~CH,
CH,4 F i
C13 )j@ 42 5377 C28 i:[ 44 5357
cl cl T
HC\\C
C14 )\© 24 5620 C30% o 09 6046
CH,
C15
h 15 5824 C31% 1.2 5.921
Cl Cl
NO,
C16 A@ 31 5509
O/o
"Test sets

[§) PANDAWA 457



J. Multidiscip. Appl. Nat. Sci.

Table 2. Correlation matrix and variation inflation factors of the model descriptors.

Descriptors ATS6m ATSC7m GATS4e SpMax AEA(ed) Mor28e VIF MF p-value
ATS6m 1.000 241 -0.382  0.0032
ATSC7m 0.153 1.000 4.18 -0.375 0.0073
GATS4e -0.222 0.174 1.000 1.43  0.109 0.0001
SpMax_AEA(ed) 0.457 -0.626 -0.405 1.000 411 1339 0.0023
Mor28e -0.204 -0.205 0.446 -0.271 1.000 1.91 0.308 0.0001
(V1/S), and the resistant double mutant (K1 CB1) previously described [18]. Important for

with the antimalarial pyrimethamine (CP6) have
crystal structures which show how resistance can be
overcome [5][6]. In contrast to CP6, the flexible
side chain of WR99210 can bind to the active site
and thus improve binding. The single-chain
bifunctional P/DHFR-TS dimerizes and organizes
itself with a helical insert between the DHFR and
TS domains. Positively charged dimer grooves can
transport the substrate from the TS to the DHFR
active sites. This points to a drug design with
antifolate resistance.

Commonly used are sulfadoxine and CP6, which
Plasmodium DHFR The
prevalence of CP6 resistance makes this medication
ineffective. CP6 resistance is associated with the
DHFR codon 108 Ser-Asn mutation (S108N).
Secondary mutations of N51I and C59R increase
CP6 resistance, and 1164L increases it even more
[5]-[9]. In a biochemical test, these mutations
produced a notable drop in the sensitivity of the
P/DHFR enzyme to CP6 inhibition. Effective in P.
falciparum, the antifolate triazine WR99 has
quadruple DHFR mutations in ST08N, N511, C59R,
and I164L. Low oral bioavailability and
gastrointestinal toxicity of WR99210 restrict its in

stop the enzyme.

vivo efficacy. To get over these issues, an orally
effective prodrug based on WR99210, PS-15 was
developed. In vitro and in silico studies of
inhibition of P/DHFR-TS activity have examined
quinolines [10], triazoles [11][12], sulfonamides
[13][14], chalcones [15][16], xanthones [17], and
quinazolines [ 18][19].

Quinazoline is a molecule that is currently being
developed as a low molecular weight drug,
particularly as an antimalarial drug. The molecule 4
-benzyloxy-2-trichloromethylquinazoline, shown in
Fig. S1, was prepared and showed high activity and

selectivity for its action against malaria, as

cytotoxicity and antimalarial action are the
substituents joined to the benzyloxy group at
position 4 [18][20]{22]. In medicinal chemistry,
the quinazoline derivative is a convenient and
flexible pharmacophore unit used to generate
several bioactive molecules with pharmacological
effects including antimalarials, anticancer, antiviral,
anti-inflammatory, antimicrobial, cholinesterase
inhibitors, antifolate, antitumor, and protein kinase
inhibitors [19][20][21]-[28][29]. A computer-aided
drug discovery (CADD) approach has to be used to
identify a new molecule generated from 4-benzyl-2-
trichloromethylquinazoline  derivatives  against
PfDHFR-Ts since the pharmacological effects of
the quinazoline structure have become crucial.
CADD is a popular way to study novel
molecules versus specific protein targets [30][31]. It
was used in addition to in vitro and in vivo methods
in the drug design process. Drug development
through trial and error is cumbersome, expensive,
and time-consuming. Quantitative structure-activity
relationships (QSAR), molecular docking, and
ADME studies are among the CADD studies that
were able to speed up the filtering of hits to leads
and reduce the costs of synthesizing potent drugs
[32]-[34]. In this study, QSAR, ADME, drug
similarity, toxicity, molecular docking, and
molecular dynamics were simulated to pinpoint
potential prime candidates for the in-silico design of

novel P/DHFR-TS inhibitors with improved
bioactivity. The QSAR study examines 27
molecules of 4-benzyloxy-2-

trichloromethylquinazoline derivatives, which were
synthesized by predicting their antimalarial activity
based on calculated structural features in numerical
values of molecular descriptors [18]. The QSAR
models were originally constructed on the basis of
multiple linear regression (MLR) and partial least
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squares (PLS). The series of 4-benzyloxy-2-
trichloromethylquinazoline derivatives was
subjected to virtual screening against the quadruple
mutant (PDB ID: 3JSU) of the P/DHFR-TS targets.
We used the protein targets 3JSU because it was
crystal structure of the dihydrofolate reductase-
thymidylate synthase (DHFR-TS) of Plasmodium
falciparum, which is essential for the parasite's
metabolism and folic acid synthesis for growth and
reproduction [6]. The structural data of the proteins
in the Protein Data Bank (PDB) supports molecular
modeling and drug ligand binding studies and helps
researchers understand the interactions between
inhibitors and enzymes. When studying resistance
to malaria, researchers can use 3JSU as a mutant
target to compare the developed molecules with
both the wild type and the mutant forms and thus
get a complete picture of their potential against
malaria. This approach aimed to identify potential
prime candidates by evaluating their docking levels
and residual interactions through molecular docking
studies. In addition, an evaluation of the properties,
drug similarity, and toxicities of ADME was carried
out to verify the suitability of the most appropriate
inhibitor for potential use as an antimalarial drug.

2. MATERIALS AND METHODS

2.1. Dataset and Biological Activities

The data set used in this study consists of 27
molecules of 4-benzyloxy-2-
derived
from literature, as shown in Table 1. To avoid data
bias in the QSAR studies, activities were set at

pICsy (uM) = 6 — log ICso [35]-[37]. The 21

trichloromethylquinazoline  derivatives

molecules were used as a training set (80%), while
the remaining 6 molecules were assigned as a test
set (20%). The dataset division of the Drug
Theoretical and Cheminformatics Laboratory (DTC
Lab) software was used to split the dataset [38].

The minimum size of the dataset is linked to the
5:1 and 10:1 rules, in order to avoid overfitting and
generalization. If the data set is very small in
relation to the number of features used, the model
can learn very specific patterns from the training
data, but it cannot be very generalized to the new
data set. By applying the 5:1 and 10:1 rules, we
reduce the risk of overfitting, as the model has more
data to learn from different chemical structure
representations. Sufficiently large data sets allow
the model to identify and understand more general
relationships between the components of the
superstructure and their activities. This increases
the model's ability to make more accurate
predictions about data that is unknown to it. The 5:1
and 10:1 rules help to maintain the reliability and
validity of QSAR models by ensuring that the size
of the data set is sufficient to produce models that
are not only accurate but also capable of being well
generalized [39]. The number of descriptors in this
study is 5 (n = 5) using the 5:1 rule, 5 X n, i.e. 25
total minimum datasets to be used.

2.2. Structure Optimization and Descriptor
Selection

The chemical structures of 27 molecules of 4-
benzyloxy-2-trichloromethylquinazoline derivatives
were drawn in ChemDraw 12 software and the
geometry optimization was calculated in Gaussian
09 software using the DFT method with B3LYP
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Figure 1. The leverage approach to analyzing the chemical space (outliers). (a) William’s diagram, and (b)

Cook's Distance.
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Figure 2. pICs, predicted is Y(calc) vs. pICsyobserved is Y(obs) of (a) MLR and (b) PLS methods.

and 6-31G basis set. The in silico analyses were
conducted on a computer equipped with an
processor intel® core™ i7-12688 4.0 GHz, 8 core.
The chemical shift value of C-NMR for each
method was compared with the experimental results
to determine the most appropriate method for
geometry optimization. Therefore, the descriptor of
the optimized molecular structure was calculated
using AlvaDesc software [40]. The 5666 topological
descriptors were divided into 5 using the automatic
linear modelling method in the SPSS software.

2.3. OSAR Model Development and Validation

The QSAR models were constructed using MLR
and PLS statistical methods using IBM Statistics
SPSS and Molegro Data Modeller (MDM) software
[41][42]. The predictive value of the developed
models was assessed using various validation
techniques, including internal external validations
and Y-randomization methods. In addition, we also
assessed the applicability area (AD) of the MLR-
derived QSAR model using the William plot to
identify outliers [41]. Internal validation values
were used, including R’pining (> 0.6), Rigjustea (>
0.5), Q* (> 0.5), Fe/Fp (> 1), F-value (> 0.33), p-
value (< 0.01), predicted residual error sum of
squares [PRESS=X(predicted values — observed
values)’] < 0.2, standard error estimation (SEE) <
0.3, k (0,85 < k < 1,15), 'k' (0,85 < 'k' < 1,15).
External validation values were used including R%
(> 0.6), Q% (> 0.5), Q% (> 0.5), R%, (> 0.5), AR?,
(<0.2), concordance correlation coefficient (CCC) >
0.6, root mean square error prediction (RMSEP) <
0.3, 2-132(<0,3), 2% (<0.1), =2 (< 0.1), Y-
Randization (cRp?) gréater than 0.5 [41][43]45].
The validated statistical model predicted PfDHFR-
TS inhibitory activities of molecules that were

ri—rd

TZ

neglected during model development. The best
validated model was used to develop new
molecules by replacing the R substituent using

Cresset Spark software [46][47].

2.4. 3D-OSAR Analysis

Model analysis of molecular interaction fields
(MIFs) using Open3DQSAR software (https://
sourceforge.net/projects/open3dqsar/). The dataset
was divided into 80% training set and 20% test set
[48]. PLS analysis was used to establish a linear
correlation between energy field as an independent
variable and malaria activity as a dependent
variable. Cross-validation using Leave-One-Out
(LOO), Leave-Two-Out (LTO) and Leave-Many-
Out (LMO) methods at 2.0 kcal/mol. The validation
of the 3D-QSAR model included also the R? value,
Structural Diversity-Enhanced Criteria (SDEC >
0.5), Standard Error of Estimate (SEE < 0.5), F-
statistic (F > 3.84, a 0.05), and Standard
Deviation of Errors of Prediction (SDEP < 0.5). A
high SDEC indicates sufficient structural diversity
in the data set. A high SDEP value indicates greater
variability in forecasts. The lower the SEE value,
the better the model predicts biological activity. An
F statistic value above 4 is often seen as an
indication that the model is statistically significant.
The best model obtained was validated based on the
optimal number of components (N), which yielded

cross-validation values of R? > 0.8 and Q% oo,
QZLTO, and QZLMO > (0.5 with a minimum standard
error. Visualizing the interaction region with
PyMOL.

2.5. ADME Properties, Prediction of Drug-likeness,
Toxicity of Newly Developed Molecules
The absorption, distribution, metabolism, and
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excretion (ADME) aspects are one of the stages that
determine whether a drug molecule can be
continued in clinical trials [49][50]. The ADME
often known as the term drug
pharmacokinetic prediction. The rules that in silico
methods must follow to find chemical molecules
that might be drugs are those of Lipinski [51],
Ghose [52], Veber [53], Egan [54], Muegge [55],
bioavailability = score [56], and  synthetic
accessibility [57]. This study predicts the drug-like
properties of highly active molecules and ensures
their application to the developed QSAR model.
This rule is based on the evaluation of the
pharmacokinetic characteristics of drugs intended
for human use. This rule helps in identifying drugs
based on the 2D structure of the molecule and its
bioavailability in the digestive tract [58]. The
molecular structures that violate this rule have
pharmacokinetic problems related to ADME. In
addition, TPSA and n-rotB are also considered [59].
Based on these factors, we can determine whether
the molecule interacts with flexible or inflexible
[60]. For ADME and drug-likeness

method is

receptors

prediction, we used several web servers and then
took the average value of the measured parameters,
including SwissADME [57], ADMETSAR [61],
[62], Pre-ADMET [63], ADMETIlab 3.0 [64], and
pkCSM [65].

An analysis of the toxicity of the active
substance should also be carried out to assess
possible adverse reactions when administered
orally. The toxicity analysis in silico was performed
using ProTox 3.0 web server (https://tox.charite.de/
protox3). The ProTox website serves as a virtual
laboratory for predicting small molecule toxicity.
Assessment of toxicity includes acute or oral
toxicity, as well as organ toxicity and various
parameters [66]. For the prediction of oral toxicity
(LDsg) in rodent models, the classification of
molecules toxicity according to the Global
Harmonized System (GHS) is used. Toxic doses are
often reported as LD50 values expressed in mg per
kg of body weight. The LDs, indicates the dose at
which 50% of test subjects die from exposure to the
substance. ProTox 3.0 classifies substances into six
different toxicity classes, including Class 1 (LDsy <

Table 3. Internal and external validations of 2D-QSAR models.

Parameter MLR PLS Threshold
R aining 0.9406 0.9334 >0.6
R% gjusted 0.9539 0.9439 >0.5
Q? 0.8720 0.8350 >0.5
o Fea/Feab 4.7353 4.2735 > 1
Internal Validation
F-value 51.289 47.289 >0.33
p-value 0.0001 0.0001 <0.01
PRESS 0.0285 0.0321 <02
SEE 0.0520 0.0440 <0.3
Reqt 0.9972 0.9916 > 0.6
Qi 0.9929 0.9924 >0.5
Q' 0.9925 0.9912 >0.5
R%, 0.9220 0.9160 >0.5
AR, 0.0069 0.0057 <0.2
External Validation CCC 0.9960 0.9910 >0.6
k 0.9975 0.9905 0,85<k<1,15
k’ 1.0025 1.0020 0,85 <k’ <1,15
RMSEP 0.0174 0.0154 <0.3
[ro® — 170> 0.04 <03
[r* — ro’]/r? 0.08 <0.1
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Table 4. Y-randomization models.

Model R R’ Q? Model R R’ Q’
Original 0.96996 0.94082 0.87156

Rand 1 0.56675 0.32120 -0.35301 Rand 26 0.72120 0.52013 0.11404
Rand 2 0.44949 0.20204 -0.81016 Rand 27 0.42869 0.18377 -0.56028
Rand 3 0.39899 0.15919 -0.59589 Rand 28 0.58206 0.33879 -0.22309
Rand 4 0.08308 0.00690 -1.21169 Rand 29 0.69620 0.48470 -0.04763
Rand 5 0.37897 0.14362 -0.70695 Rand 30 0.45612 0.20805 -1.53705
Rand 6 0.53622 0.28753 -0.62526 Rand 31 0.37476 0.14045 -0.83421
Rand 7 0.20508 0.04205 -1.00567 Rand 32 0.34439 0.11860 -0.79099
Rand 8 0.57987 0.33625 -0.68983 Rand 33 0.56670 0.32115 -0.33625
Rand 9 0.42526 0.18084 -0.84253 Rand 34 0.30477 0.09288 -0.91651
Rand 10 0.50509 0.25511 -0.67622 Rand 35 0.74423 0.55388 0.07604
Rand 11 0.46185 0.21330 -0.31488 Rand 36 0.63524 0.40353 -0.13433
Rand 12 0.38523 0.14840 -0.70456 Rand 37 0.46868 0.21966 -0.70535
Rand 13 0.46227 0.21369 -0.64396 Rand 38 0.52617 0.27686 -0.52861
Rand 14 0.41006 0.16814 -0.58493 Rand 39 0.35265 0.12436 -0.61385
Rand 15 0.46302 0.21439 -0.70584 Rand 40 0.39381 0.15509 -0.93359
Rand 16 0.43890 0.19263 -0.79107 Rand 41 0.63009 0.39702 -0.20555
Rand 17 0.51459 0.26480 -0.26424 Rand 42 0.40960 0.16777 -0.94138
Rand 18 0.24371 0.05939 -0.90713 Rand 43 0.36864 0.13590 -0.54073
Rand 19 0.40306 0.16246 -0.63242 Rand 44 0.30410 0.09248 -1.01915
Rand 20 0.42428 0.18002 -0.89734 Rand 45 0.41308 0.17063 -0.44574
Rand 21 0.62684 0.39293 -0.13471 Rand 46 0.75184 0.56526 0.13938
Rand 22 0.65442 0.42827 -0.09829 Rand 47 0.60163 0.36196 -0.32403
Rand 23 0.43370 0.18809 -0.44649 Rand 48 0.36906 0.13620 -1.60355
Rand 24 0.33727 0.11375 -0.70275 Rand 49 0.66283 0.43935 -0.13601
Rand 25 0.50264 0.25265 -0.38656 Rand 50 0.50068 0.25068 -0.51038
Random Models Parameters

Average R : 0.469962354

Average R* : 0.239741321

Average Q* : -0.585828269

"cRp’ : 0.823015070

" Y -randomization (cRp?) greater than 0.5

5, fatal if swallowed), Class 2 (5 < LDsy < 50, fatal  toxins are hepatotoxicity, neurotoxicity,
if swallowed), Class 3 (50 < LDsy < 300, toxic if  nephrotoxicity, respiratory toxicity, and
swallowed), Class 4 (300 < LDsy < 2000, harmful if  cardiotoxicity. Endpoint toxicity encompasses
swallowed), Class 5 (2000 < LDsy < 5000, possibly ~ cytotoxicity, carcinogenicity, immunotoXicity,

harmful if swallowed), and Class 6 (LDsy > 5000,
non-toxic) [67]. A higher toxicity class molecules
have less of an impact on digestion. Among organ

mutagenicity, blood-brain barrier permeability [67].
The active category suggests that the chemical has a

great potential or activation to induce toxic
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Figure 3. Molecular alignment of 26 datasets to molecule C30.

consequences on a given organ. Consequently, the
molecule might endanger the operation of the
pertinent organ by means of damage or impairment.
The word "inactive" denotes that the chemical does
not have much toxic potential for a given organ.
Stated differently, the chemical is not expected to
produce negative effects and is regarded as safe in
the framework of toxicity to the organ under
analysis.

2.6. Molecular Docking against Wild-Type (WT)
and Quadruple Mutant (OM) PfDHFR-TS

The molecular docking studies were carried out
on new 4-benzyloxy-2-trichloromethylquinazoline
derivatives. It was compared with WT and QM-
PDHFR-TS, where the protein database PDB ID
was 3QGT from https://www.rcsb.org/
structure/3QGT 3JSU  from  https://
www.rcsb.org/structure/3JSU,  respectively. The
target protein was produced using YASARA
STRUCTURE version 23.5.19 software to separate
the three-dimensional crystal structure and the
native ligand. The parameters for redocking the grid

and

box were set to 5.0 A in a cube shape in accordance
with the YASARA STRUCTURE protocol. The
grid sizes x, y, z and alpha, beta, and gamma angles
were 20.64, 20.64, 20.64 A, and 90°, 90°, 90°,
respectively. The molecular docking protocol using
YASARA STRUCTURE's dock run.mcr script.
The receptor-ligand complex was redocked 1000
times with 25 iterations to validate the method, and
the resulting ligand pose showed an RMSD value of

less than 2 A, suggesting a satisfactory confidence
level [68][69]. Predicting the value of the binding
constant (KD) is a crucial goal in computational
chemistry because it saves time because the binding
properties of a molecule can be evaluated without
synthesis. It was determined from the calculation of
the YASARA log file. Both K and AG® can predict
the equilibrium ratio between product and reactants
for a reaction. According to the equation, K is
related to AG®. When K > 1 prefers equilibrium
products to reactants. Standard Gibbs free binding
energy AG’ calculated according to Eq. 1 [70][71].

AG'= —RTInkK, 1)

L, R and C stand for ligands, free receptor,
complex, k., and k¢ are rate constants and Ky is the
complex association constant. The most common
measure of the bond strength of ligands is their
inverse, the complex dissociation constant Kp.
of molecular docking results using
Discovery  Studio  Visualizer v24.1.0.23298,
PyMOL 1.0, and Protein-Ligand Interaction Profiler
web server (https://lip-tool.biotec.tu-dresden.de/plip
-web/lip/index).

Analysis

2.7. Molecular Dynamics Simulation
The results of the molecular docking of
molecules S10, S23 and S64 were then subjected to
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molecular dynamic simulations to determine
whether the complex structure changed after they
were perturbed by a group of H,O molecules. The
software used for the YASARA STRUCTURE
simulation was the md run.mcr script. The force
field used in the simulation was AMBER14 with a
simulation field of 10 A, in particular the grid field
dimensions (X, y, z) and the angles alpha, beta and
gamma, which were set to the following values of
106.65, 106.65, 106.65, 90°, 90°, and 90°. The
system was kept at a temperature of 310 K and a
pressure of 1 atm (NPT ensemble) with a pH of 7.4
and 0.9% NaCl. The method of minimizing the
energy of the system used the steepest descent
method. The simulation was carried out for 100 ns
with a time step of 2.0 fs. Simulation snapshots
were saved at intervals of 100 ps. The Molecular
mechanics Poisson-Boltzmann surface area binding
energy (MM-PBSA), root mean square deviation
(RMSD), radius of gyration (RoG), root mean
square fluctuation (RMSF), changes in hydrogen
bonds, and solvent-accessible surface area (SASA)
emerged from the molecular dynamics simulation

analysis [72].
3. RESULTS AND DISCUSSIONS

An accurate representation of the molecular
structure is fundamental for the analysis of QSAR;
thus, geometry optimization is quite important for
the quality of the descriptors. An effective way to
confirm the geometry of the molecule against
experimental data is to compute proton NMR
chemical shifts with the quantum chemistry
approach. Recent studies have shown that DFT
using the B3LYP function with a suitable baseline

activity. Optimizing the geometry of the molecule
using DFT has successfully improved the accuracy
of QSAR compared to other methods [73].
According to previous work [74], in order to obtain
data close to experimental results, the calculation of
proton chemical shifts and geometry optimization
are required. This requires a correct methodology
and set of assumptions.

In this study, the geometric structure was
validated by optimizing proton NMR shifts using
DFT (B3LYP) with 3-21G, 6-31G, 6-31G+, 6-
31G++, and 6-311G++ base sets. The method
which considered to be closest to the
experimental results is the one with the lowest
PRIMA value and the nearest proton NMR shift to
the -R substituent, so that it may be used to
optimize all molecules used in the QSAR analysis.
The atomic number for the identification of the
chemical shift is given in Table S1. The number of
protons used to determine the chemical shift
between the results chemical
calculations and experimental results is the number
of protons close to the -R substituent, namely H-8§,
H-9, H-10 and H-11. The H-10 is the proton closest
to -R, so this proton determines whether the

1S

of quantum

molecule geometry algorithm or other data sets are
valid. The smallest PRESS indicates that the
calculated value for the chemical shift of the
protons is similar to the results of the '"H-NMR [75]
—[77] experiment, which is helpful when choosing
the optimal DFT method. The PRESS value is the
total difference between the experimental and the
predicted "H-NMR shifts.

The results of the proton shift based on DFT
quantum computation obtained that the H-10 proton
with the B3LYP method and the 6-31G basis set

provides accurate results for predicting biological had the same chemical shift value as the
53 (31 o
58
57
ASJ H=0.9979 545
i -
2 § s
55 555
54 >5 55
53 545
Y (obs) ' Y (obs)
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experimental results of 8.07 ppm. The PRESS value

of 0.87 indicates that the dominant method used to % a4 — - o
optimize all molecules in the QSAR analysis is the ;\? § SEX &2
B3LYP DFT method with the 6-31G basis set. =t 3 IS SO
Meanwhile, for the calculation of the proton NMR '% =
chemical shift value using the equation that can be -E
seen on the page http://cheshirenmr.info/ ‘é ol © o v <
Instructions.htm. The intercept and slope values of O % % > o = g
the equation are obtained from the page http:/ 7R T NN Al
cheshirenmr.info/ScalingFactors.htm.
The determining datasets using the 5:1 rule to
avoid overfitting and data generalization. Based on E
this rule, the minimum number of datasets used is 9) 8 £ 8 &
25 molecules. The number of datasets considered to _g g g g g g
be in the valid category in this study was 27 _§ 9)
molecules. In order to reduce randomization data in =
the HKSA analysis, the activity value of ICs, shall % a - o e
be converted into pICsy. The 27 molecules are then g g =2 &8
divided into two groups of molecules in the dataset, |2 e e
namely 21 molecules used as a training set and the a
remaining 6 molecules used as a test set. The NE § § g §
distribution of the datasets following the DTC-Lab - S o o <
rule, i.e., 80 % training sets and 20 % test sets.
AN EE:
3.1. Descriptor Selection and Model Accuracy g MIEE TSR
We performed the descriptor on 27 molecules of 5 - ad
4-benzyloxy-2-trichloromethylquinazoline g N
derivatives using AlvaDesc standard parameters. < = S g 3 S8
The screening results obtained 5 descriptors, 93 fle e =<
including three from the class of 2D % o
autocorrelations with the codes ATS6m, ATSC7m, S = § g % % E
and GATS4e, respectively; one from the class of .§ g O o S oo
margin adjacency indexes with code (SpMax_AEA _'8 :g
(ed)); and one from the class of 3D-MoRSE T;’ TE g =\ T
descriptors (Mor28e), shown in Table S2. The Té’ = o AR
ATS6m and ATSC7m descriptors [78][79] are 2D- }:_3 §
autocorrelation descriptors developed by Broto- 2 E O W 1 A o —
Moreau. ATS6m refers to the "Average Shape & NS § " g e &
Index", which measures the geometric similarity of Té’ Ol === -°
molecules at the molecular level. It is often used to 5;—’»
provide information about how complex or simple a g" % g § § g §
molecular structure is compared to other molecules. g n S S o S o
It is calculated based on the geometry of the -2
connection and its spatial properties. ATSC7m g Al xR
« . o ¥ =~ o o & 5
stands  for average  topological  shape % S 8 8 S s
characterization” of chemical molecules. It is a E
metric that is used to describe and refine the g =
topological representation of a molecular structure g ; — N o N
in terms of its biological activity. Gatsde refers to (=
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@

@ Electropositive favourable

@ Electropositive unfavourable

(b)
@ Steric favourable
Steric unfavourable

Figure 5. Open3DQSAR contour maps of 4-benzyloxy-2-trichloromethylquinazoline derivatives.
(a) electrostatic contours and (b) steric contours.

“Geary Autocorrelation of Lag 4.” This descriptor
measures the autocorrelation of a specific property
(e.g., polarity and charge) at a distance of four
bonds within the molecular structure. Gatsde
provides information on how such properties are
distributed within a molecule and how they can
influence its  biological activity [79][80].
SpMax AEA(ed) refers to Spanning Max Atom
Electronegativity (ed). This descriptor measures the
maximum electronegativity of atoms in a molecular
structure, with a focus on atoms that are directly
connected to each other within the bond network of
the the  highest
electronegativity value of an atom within the

molecule. It determines
molecule. This is important to understand how the
targets,
particularly with regard to ionic interactions and
polarity [79][81]. refers to the “Molecular
Connectivity Index,” which is a measure of the

molecule interacts with biological

disorder or complexity of a molecular structure
based on connectivity between atoms. In particular,
Mor28e calculates the connectivity of a molecule
by taking into account the number of bonds
connected to the atoms within that structure [79]
[82]. This descriptor provides an index that
represents how atoms are connected together in the
molecule. This is useful for assessing the potential
reactivity and interaction of the molecule.

The cumulative accuracy of the multilinear
regression model depends on the number of
descriptors used to build the QSAR model. The

model accuracy decreases sharply by 0.4046 when
the number of descriptors is two. The model
increases by 0.9335 when the number of descriptors
rises to three and decreases slightly when 0.9113 is
four descriptors. The model increases again by
0.9985 when the descriptors are five, as shown in
Fig. S2, and then decreases further as the number of
descriptors increases. Based on these results, five
descriptors were used in the development of the
QSAR model.

Table 2 shows the correlation matrix, variance
inflation factor (VIF), and mean effect (MF) of the
descriptors. Each  descriptor pair has no
intercorrelation if the Pearson correlation
coefficient is less than 0.5 [45]. The VIF was
calculated for each model descriptor and all values
were between 1 < VIF < 5 [41][83], which is a
necessary requirement for approval of a developed

model. We calculated the contribution of each
individual model descriptor using MF. The
descriptors ATS6m, ATSC7m, GATS4e,

SpMax AEA(ed), and Mor28e contributed to the
model with values of 0.382 (15%), 0.375 (15%),
0.109 (5%), 1.339 (53%), and 0.308 (12%).

3.2. OSAR Applicability Domain (AD)

The scope of the QSAR model relates to the
specific area within the chemical space in which the
model can provide precise predictions as defined by
the five previously defined model descriptors. This
study uses the leverage approach to analyze the
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chemical space in Fig. 1, the Williams diagram and
Cook distance were used to identify the reaction
and structural outliers from the standardized
residuals calculated using the leverage values for all
molecules.

Interestingly, all molecules in the data set fall
within the threshold for standardized residuals (c =
+ 2.5) or leverage (h* = 0.782) [43]-45] (Fig. 1
(a)). Moreover, observations were also made using
the Cook distance measure, in which all molecules
in the data set were also within the threshold of
Cook's D <1 [84][85] and standardized residuals (o
=4+ 2.5) (Fig. 1(b)). Therefore, no structural outliers
were found in the model, and these influential
molecules can be used to develop prominent
molecules with increased activities.

3.3. OSAR Analysis

Two QSAR model development techniques such
as MLR and PLS were used in this work. The
construction of these models depends on five
significant descriptors, in particular ATS6m,
ATSC7m, GATS4e, SpMax AEA(ed), and
Mor28e. Table S2 shows the contribution of each
descriptor to increasing activity. Both descriptors
ATS6m and ATSC7m are 2D autocorrelation
classes that contribute negatively to increasing
activity, while the 2D autocorrelation class Gatsde
makes a positive contribution. As activity increases,
the value of the Broto-Moreau log function of the
ATS6m descriptor is less than 6 and ATSC7m is

less than 7. The contribution of GATS4e is shown
by a Sanderson electronegativity value of over 4.
Both the SpMax_ AEA(ed) and Mor28e descriptors
from the class of edge adjacency indexes as well as
the 3D Morse descriptors show a positive increase
in activity. The QSAR model, which uses MLR and
PLS, is provided in eq. 2 and eq. 3. The MLR and
PLS equations show that the descriptors ATS6m
and ATSC7m descriptors make a negative
contribution, while the descriptors GATS4e,
SpMax_AEA(ed), and Mor28e contribute positively
to increasing the pICsy value. Although the
descriptor values ATS6m, ATSC7m, and
SpMax AEA(ed) appear to be significantly
different in both equations, they have no effect on
the thrainmg and thest forecast wvalues. Both
equations show that the pICs, is linearly related to
the parameters GATS4e, SpMax AEA(ed), and
Mor28e, while it is inversely proportional to the
parameters ATS6m and ATSC7m.

PICsp)mLr = -3435.4170 — 1.527xATS6m —
0.0062xATSC7m + 1.7604xGATS4e +
169.3426xSpMax_AEA(ed) + 1.2049xMor28e (2)

(PICso)prs = -1312.7684 — 0.3112xATS6m —
0.0121xATSC7m + 0.5707xGATS4e +
185.0384xSpMax_AEA(ed) + 0.5793xMor28¢ (3)

Equation 2 can be rewritten in a simple eq. 4
form as:

Table 7. Drug-likeness prediction of newly designed molecules.

Drug-likeness parameters

Molecules Lipinski Veber Egan Muegge Ghose Bioawsle(i)ll?:)ility a;?cyel;tslil&tliicty
Chloroquine Yes Yes Yes Yes Yes 0.55 2.76
Doxorubicin No No No No Yes 0.17 5.81
Doxycycline Yes No No No Yes 0.11 5.25
Pyrimethamine Yes Yes Yes Yes Yes 0.55 2.43
KAS5* Yes Yes Yes Yes Yes 0.55 2.54
C30%** Yes Yes Yes Yes Yes 0.55 2.67
S10 Yes Yes Yes Yes Yes 0.55 2.67
S23 Yes Yes Yes Yes Yes 0.55 2.66
S64 Yes Yes Yes Yes Yes 0.55 2.70
* Native ligand of the target 3JSU
** The best ligand from original dataset
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Table 8. Toxicity prediction results using ProTox web server.

Molecules Oral toxicity
LDs, Predicted (mg/kg)

Chloroquine 750 4
cl 500 A
C30 1000 4
CP6 9 3
KAS 1000 A
S10 600 4

S23 500 4

S64 388 4

Toxic Class

Organ Toxicity and endpoints
A B CD EF G H I J

v X W

A) Hepatotoxicity B) Neurotoxicity C) Nephrotoxicity D) Respiratory toxicity E) Cardiotoxicity
F) Carcinogenicity G) Immunotoxicity H) Mutagenicity I) Cytotoxicity J) BBB-barrier

\'= active, X = inactive, red = highly active, green = totally inactive

@PICs))mLr = K+ 2'(c; . X)) 4)

where K is a constant of -3435.4170, ¢; is the
coefficients of various parameters, and X; are the
values of the variables involved in the model (X; =
ATS6m, X, = ATSCTm, X; = GATS4e, X, =
SpMax_AEA(ed), X5 = Mor28e). The same can also
happen in equation 3. The predictability of the
model was high due to low residual values, and
most low residual values were found in the MLR
method and not in the PLS. The residual values of
observed Y obs) and predicted Y ) from 27 data
sets of 4-benzyloxy-2-trichloromethylquinazoline
derivatives obtained using the MLR and PLS
methods are presented in Table S3.

Fig. 2 shows the linear relationship between
observation Y o) and predicted Y car) from the test
(red) and training (black) sets using MLR and PLS.
The thra,-nmg and R’y values for the MLR method
are 0.9406 and 0.9972, respectively; and the
Rzﬁa,-ning and R’y values for the PLS method are
0.9334 and 0.9916, respectively. The thra,-ning value
for the MLR method is slightly higher than the
PLS, but there is no significant difference in the
number of ballots. The validation capability of both
models is said to be good, as they have a R? value
that is not too different from thrainmg and can meet
the internal and external validation thresholds > 0.6.
Moreover, the R’y is higher than the thraining
indicating that both models are capable of
predicting new data well and do not overfit and that

the model has a good generalization capability. If
the model is overfitting, it means that it fits the
training data too well, so that its performance is
good for the training data but poor for the test data
(validation).

The QSAR model was validated both internally
and externally using criteria such as thraining,
Rzadjusted, Qz, F.a/Fiup, F-value, p-value, PRESS,
SEE, R, Q%1, Q%m, R%m, AR%,, CCC, RMSEP,
and the Golbraikh-Tropsha validation. The QSAR
model meets internal and external thresholds for
statistical validation. Table 3 shows that both MLR
and PLS models are predictive. In this study, we
selected the MLR model to develop new P/DHFR-
TS from 4-benzyloxy-2-
trichloromethylquinazoline derivatives.

inhibitor molecules

Y-randomization is one of the external validation
tests of a model to determine whether the observed
relationship between chemical structure and
biological activity is real and predictive or merely
coincidental. Table 4 shows the results of 50 Y-
randomization iterations (randomization from
random 1 to random 50) performed on the QSAR
model. The R, R? and Q? secretarial values were
calculated for each iteration. In addition, the
average values of R, R®* and Q* of all Y-
randomization models were also calculated, as well
as cRp’. The original model has very high R values
(0.96996) and R?* values (0.94082), almost equal to
1. This suggests a very good plausibility of the data
on the training topic. The Q* value (0.87156) is also
high, indicating a seemingly good predictive power.

[§) PANDAWA
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R, R? and Q7 values vary significantly between 50
Y randomization models. This is important because
differentiation of Y violates the integrity of true
relationships. differentiation of ignorance. The
average R of the random models (random 1 to
random 50) is 0.46996, much lower than the
original model. This value indicates that random
modeling cannot explain the relationships present in
the data set. An average R?
(0.239714321)  generally that Y-
randomization models do not have sufficient
predictive power. The average Q? obtained by
random models (0.58828629) is rather low, which
highlights the fact that random models are not very
good at predicting new data. The high c¢cRp?
(0.82301507) indicates that the QSAR model
validated is very good and robust. Validation results
of Y-randomization strongly support the validity of
the original QSAR model. The original QSAR
model does not adequately represent the data on
tuition. The model really captures the fundamental

lower
confirms

ceven

relationship between descriptors (X) and biological
activity (Y). The correlation found in the original
model is no accident. There is a real and predictive
relationship between structure and action. The
original QSAR model has the potential to
accurately predict the activity of novel molecules.
Table S4
benzyloxy-2-trichloromethylquinazoline derivatives
and the MLR-QSAR estimated activity values for
26 molecules. New substitution structures have

shows the structure of new 4-

been identified using Spark database to detect bio-
isosteric substitution loss succinctly [86]. The
chemical structures of 4-[(quinolin-2-yl)methoxy]-2
-(trichloromethyl)quinazoline (S10), 4-[(1H-indol-6
-yD)methoxy]-2-(trichloromethyl)quinazoline (S23),
and 3-methyl-4-(((2-(trichloromethyl)quinazolin-4-

yl)oxy)methyl)phenol (S64) were selected for

ADME, drug-likeness and toxicity analysis because
they had the best predicted 1Cs, values.

3.4. 3D OSAR Analysis and Functional Electron
Density Approach

A 3D-QSAR analysis based on molecular
interaction fields (MIFs) and electron density
functionals was carried out to strengthen the classic
QSAR predictions when determining the position of
new substituents. MIFs are a concept that is used to
describe the interaction between molecules and
biological targets, taking into account steric and
electrostatic aspects. MIFs map these parameters in
a three-dimensional grid to evaluate how the size,
shape, and charge distribution of a substituent can
influence the interaction with the active site.
Through this analysis, researchers can understand
the effects of steric hindrance and the potential
electrostatic energy of structural changes, which is
very helpful when developing new molecules.
Based on the information obtained, MIFs make it
possible to develop substituents that are expected to
increase biological activity and thus accelerate the
drug development process. Electron density
functional is an approach that uses the distribution
of electron density in a molecule to understand the
chemical properties and interactions between atoms.
This approach is able to predict properties such
reactivity and stability of molecules by calculating
the electron density (p) and applying an energy
functional that describes the energy of the system
depending on this density. By means of different
configurations to identify the most stable form, this
principle allows scientists to assess the effect of
substituent changes on chemical properties and
reactivity and consequently optimize the structure
of new molecules.

The data set for the superposition or molecular

Figure 6. Interactions of (a) S10, (b) S23, and (c) S64 in the QM-P/DHFR-TS (3JSU) binding pocket.
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Table 9. The binding energy (AG), dissociation constant (Kp) and residue contacts of S10, S23, and S64 in

the 3JSU binding pocket.
Molecule Btg‘g;‘%{g?ﬁ;%lles D1ss0c1(2}2)(;nu§/i)nstant Contact Residues in the binding pocket
S10 -9.869 583 H-bond:
Leu46, Serl11
Hydrophobic:
Alal6, Val45, Phe58
m-stacking:
Phe58
Other hydrophobic:
lle14, Cysl5, Leud0, Gly4l, Gly44, Trp4s,
Asp54, Met55, Asnl08, Ilel12, Proll3,
Leul64, Tyr170
S23 -9.589 93.6 H-bond:
Serll1l
Hydrophobic:
Alal6, Val45, Leud6, PheS8
Other hydrophobic:
Ile14, Cysl5, Leud0, Gly41, Gly44, Trp4S,
Asp54, Met55, Tyr57, Thr107, AsnlOS,
Ile112, Prol13, Leul64, Glyl66, Tyrl70,
Thr185
S64 -9.565 87.5 H-Bond:
Asp54, Serl 11, Thr185
Hydrophobic:
Ile14, Alal6, Leud6, Phe58, Tle112
Other Hydrophobic:

Cysl5, Leud0, Gly41, Val45, Trp48, Met55,
Tyr57, Asnl08, Proll3, Leul64, Glyl66,
Tyrl70

orientation of the reference molecule C30 aims to
ensure a uniform conformation between different
molecules, allowing a more accurate analysis of the
relationship between structure and biological
activity. This orientation helps identify critical
interactions, improves model accuracy by reducing
variability due to differences in orientation, and
enables better interaction modelling. In addition,
molecular orientation reduces noise in the data and
allows direct comparisons between molecules to
identify structural patterns related to activity.
Molecular orientations therefore support the design
of new molecules that are more efficient. Fig. 3
shows that all records are stacked on top of each
other; in other words, there is no significant
difference in the main structure.

Fig. 4(a) illustrates that the data points exhibit a
strong correlation between Y obs) and Y caic), as they
are inclined to form a straight line at a 45° angle
(ideal line). The R? value of 0.9979 suggests a
robust relationship in which the model may be

responsible for almost all of the data variability.
This implies that the model can highly accurately
predict the biological activity of the molecules
contained in the training set and has been well
adjusted. There is a slight difference in Fig. 4(b).
The R* value of 0.9133 indicates that the model is
less effective in predicting the biological activity of
invisible data, even though there is still a positive
correlation between Y obs) and Y caic)- The regression
line does not exactly match the 45° line. Although
the correlation is still strong, the lower R* value
suggests a possible overadjustment in the training
set, in which case the model might have acquired
some patterns from the training data that do not
completely apply to the test set. This emphasizes
the need of general testing of 3D-QSAR models to
ensure their accuracy outside of training data and
cross-valuation.

The contribution of MIFs and the results of
internal and external validation for five 3D-QSAR
models are presented in Table 5 of the

[5D PANDAWA
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Open3DQSAR analysis. Overall, the R? value rises
from 0.743 in model 1 to 0.996 in model 5, which
indicates a significant improvement in the accuracy
of predicting biological activity. The 3D-grid
spacing of the models were set to 1.0 A. Based on
internal validation, model 5 was identified as the
best 3D-QSAR model for predicting the MIFs of
new connection structures. Validation indices such
as  Q’oo, Qo and Q’mo show
improvements to the SEE decrease, indicating that
the predictions of the model are increasingly
accurate. The higher F-statistic also points to
models that are more statistically significant. In the
contribution analysis, the steric factor increasingly
dominates from 17.308% (model 1) to 51.804%
(model 5), while the contribution of the electrostatic
factor falls from 82.692% to 48.96%. This shift
suggests that as the model improves, there is a
transition to focusing on steric interactions when
predicting biological activity. This highlights how
important it is to consider steric factors when
resulting in Dbetter

similar

developing new molecules,
models for 3D-QSAR analysis.

Fig. 5 shows electrostatic and steric contour
maps for 4-benzyloxy-2-trichloromethylquinazoline
derivatives. Fig. 5(a) shows the electrostatic contour
map of the distribution of charges around the

molecule, where blue indicates electropositive
favourable areas that enhance interactions with
negative targets, and red indicates electropositive
unfavourable areas that may interfere with such
Fig. 5(b), the steric contour map
highlights the spatial arrangement,
indicating sterically favourable areas promoting

indicating

interactions.
with green
efficient interactions and yellow
sterically unfavourable areas inhibiting them. An
analysis of both contour maps allows scientists to
identify beneficial changes to improve biological
activity while minimising undesirable interactions,
and thus facilitates the development of new
molecules. These results support the determination
of substituents for the three new molecules listed in
Table S4.

Fig. S3 shows the analysis of the electron density
function of molecules S10, S23, and S64, which can
be linked to the contour maps in Fig. 5, which show
steric and electrostatic contours. The results of this
electron density functional analysis reflect the
predictions made using the steric and electrostatic
contour maps in Fig. 5. The sterically favorable and
electropositive contours shown in Fig. 5 indicate
areas where effective interactions with biological
goals can be expected. In Fig. S3, the green areas in
molecules S10, S23, and S64 highlight areas of high
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Figure 8. Graphs of (a) changes in hydrogen bonds (H-bonds), (b) hydrogen bond interactions in the bind-
ing pocket, (¢) RMSD value of molecule movement in the binding pocket and (d) RMSD value of molecule
conformation (superposition) with respect to native ligands.

of
the
distribution of green and red in these molecules

presence
Similarly,

electron density, reflecting the
electropositive favorable zones.

illustrates the presence of sterically favorable areas
based on the contours shown in Fig. 5. In other
words, the visual results from Figure S3 support the
predictions from Fig. 5, where the green areas in the
molecules indicate potential positive interactions in
the previously analyzed regions.

Furthermore, the analysis of the electron density
in the molecules in Figure S3 shows green areas
that reflect high electron density, which indicates
electropositive favorable properties. This supports
strong positive interactions with biological targets,
which is consistent with the predictions from the
contour maps in Fig. 5. Therefore, the substituent
selection in molecules S10, S23 and S64 appears
both appropriate and strategic, which results in
better interactions based on the analyses from both
figures.

3.5. ADME, Drug-likeness and Toxicity Prediction
Drug-likeness was used to evaluate qualitative
properties and determine whether drugs could
develop from novel molecules. The online tools
pkCSM and SwissADME were used to predict

ADME and drug similarities in silico, are presented
in Tables 6 and 7. Absorption values above 30%
indicate good intestinal absorption; all new
molecules exceed 80%. LogVDss < 0.15 indicates
low volume of distribution (VDss), and logVDss >
0.45 indicates high. Molecules S10, S23, and S64
exhibit favorable drug distribution throughout the
body. A molecule with a log blood brain barrier
(BBB) < -1 has poor brain distribution, while log
BBB > 0.3 can cross BBB. Log PS > -2 can
penetrate the central nervous system (CNS) and
LogPS < -3 is challenging to move. Thus, S10, S23,
and S64 have great potential to cross barriers.
ADME prediction helps to understand how a
substance will act in the body, including how well it
will be absorbed, distributed to target tissues,
eliminated. Meanwhile, drug
how similar a

metabolised and
similarity prediction assesses
molecule is to existing drugs based on certain
physical properties. ADME and drug similarity
prediction results may be used to identify and
modify the chemical structure of a molecule to
improve its pharmacokinetic and pharmacodynamic
profile. This may increase the effectiveness of the
medicine, reduce the side effects and improve
overall safety. The drug is biotransformed in the
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body to form metabolites which may alter its effects
and properties. Over 90% of drugs are
biosynthesized in the liver, where the CYP1A2,
CYP3A4, CYP2C19, CYP2D6 and CYP2C9
enzymes are vital for drug metabolism. Reducing

helps to raise blood drug
CYP2C19 and CYP3A4 are the
main cytochrome P450 isoforms. Found to be
CYP3A4 substrates and CYP3A4 and CYP2C19
inhibitors were the S10, S23 and S64. The total
clearance value is the ratio of the concentration of

these enzymes
concentrations.

the drug to the rate of elimination in the body,
where a low value indicates accumulation of the
drug. Predicting results showed that only molecules
S23 and S64 were difficult to eliminate by liver and
kidney.

Three molecules, S10, S23 and S64, showed a
very good drug-likeness profile meeting all criteria:
Lipinski, Veber, Egan, Muegge and Ghose. This
suggests that these molecules have physicochemical
properties that strongly support their potential as an
oral medicinal product. All three also share the
same bioavailability score of 0.55. This implies a
relatively good prediction of absorption by the
body. The values of their synthetic accessibility are
also very similar, ranging from 2.66 to 2.70. This
indicates that they are relatively easy to synthesize.
Overall, S10, S23, and S64 have drug-likeness
profiles comparable to CP6, KAS5, C30, and
chloroquine, indicating that all three have equally
good potential as drug candidates.

The prediction results presented in Table 8 show
that the predicted LDsy of molecules in the study
ranged from 300 to 1,000 mg/kg. According to the
toxicity assessment scale, where the LDs, ranges
from 300 to 1,000 mg/kg, a molecule is classified as
toxic level 4 and three molecules studied, S10, S23
and S64, fall within this category. This means that
there is a risk of toxicity if swallowed, but not fatal
(moderate toxicity). There is a difference in CP6
where the predicted LDs, of 92 mg/kg is in the level
3, toxic when swallowed.

Regarding organ toxicity and endpoints, the
three molecules predicted are on average active in
hepatotoxicity, respiratory toxicity, and BBB
barrier. S10 and S23 are inactive in hepatotoxicity,
nephrotoxicity, cardiotoxicity, carcinogenicity,
immunotoxicity, mutagenicity, and cytotoxicity,
respectively. S64 shows slightly active properties in

neurotoxicity, respiratory toxicity, and
immunotoxicity. If the toxicity prediction indicates
high activity, the molecule is considered very toxic
to a particular organ. Conversely, if completely
inactive, the predicted molecule is not toxic to that
organ. Based on the toxicity results, the three
predicted molecules have moderate toxicity to non-
toxic properties, starting with S23, followed by S10

and S64.

3.6. Molecular Docking

The validation procedure involves the re-docking
of the native ligand to the active site of its target
protein. This is to verify that the docking software
and parameters used can reproduce the position of
ligand binding as observed in the crystal structure
of the protein. The success of the re-docking is
usually evaluated by comparing the position of the
re-docked ligand in the crystal structure with the
position of the native ligand using the RMSD. Fig.
S4 shows the results of re-docking KAS in the 3JSU
binding pocket. The native ligand before re-docking
shall be represented in yellow and the native ligand
after re-docking shall be represented in green. The
RMSD value of re-docking was obtained as 0.6796
A, indicating that the docking protocol successfully
reproduced the binding position of the native
ligand. The re-docking protocol used successfully
validated the docking method, because the RMSD
value obtained was within the acceptable range of <
2 A. This indicates that the software and molecular
docking parameters used in this study are reliable
for further docking studies with other ligands that
potentially interact with the target protein.

The interactions of molecules S10, S23, and S64
with amino acid residues in the 3JSU binding
pocket are presented in Figure 6. The interactions
with these mutants are interesting, as molecule S10
establishes two hydrogen bonds: one between the
nitrogen atom (donor) of residue Leud46 and a
hydrogen atom (acceptor) of a cyclic nitrogen in the
parent structure of 2-trichloromethylquinazoline,
measuring 2.28 A, and the other between the
nitrogen atom (donor) of residue Serlll and
another hydrogen atom (acceptor) of a cyclic
nitrogen in the same parent structure, measuring
2.35 A, as illustrated in Fig. 6(a). Additionally,
there exist two P-type m-stacking interactions
between the benzene ring of residue PheS8 and the
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pyridine (3.99 A) and benzene (3.14 A) substituent
rings. In addition to forming a m-stacking bond, the
Phe58 residue also forms a hydrophobic interaction
of 3.67 A. Other hydrophobic interactions are
Alal6 one bond and Val45 one bond between 3.39
and 3.68 A.

Fig. 6(b) shows that there is one hydrogen bond
formed between the oxygen atom (donor) of the
Ser111 residue and the hydrogen atom (acceptor) of
the nitrogen atom number 3 in the pyrimidine
structure at a distance of 2.47 A. Meanwhile,
hydrophobic interactions are formed at the Alal6
residue as much as one bond, Val45 one bond,
Leud6 three bonds, and Phe58 three bonds with a
distance range of 3.45-3.96 A. S64 interacts with
amino acid residues in the 3JSU pocket and forms
three hydrogen bonds, the first of which is between
the oxygen atom (donor) of the Asp54 residue and
the hydrogen atom on the phenol substituent
(acceptor) which is at a distance of 2.66 A. The
second is between the oxygen atom (donor) of the
Ser111 residue and the hydrogen atom (acceptor) of
nitrogen number 1 of the pyrimidine structure
which is 2.62 A away. The third interaction occurs
between the oxygen atom (donor) of the Thr185
residue and the hydrogen atom (acceptor) on the
phenol substituent, which is situated 2.89 A apart,
as illustrated in Fig. 6(c). Furthermore, hydrophobic
interactions occur with residues Ilel4 (3.36 A),
Alal6 (3.53 A), Leu46 (3.53 A), Phe58 (3.50, 3.60,

and 3.85 A), and Ile112 (3.57 A).

The predicted three-dimensional (3D) contours
of hydrogen bonds in the first row and hydrophobic
interactions in the second row for the three
molecules in the 3JSU binding pocket are depicted
in Fig. S5. The hydrogen bond donor area is shown
in the pink contour while the green contour is the
hydrogen bond acceptor area. In the first row, the
hydrogen bond donor and acceptor areas of the
amino acid residues in the 3JSU binding pocket are
found widely in the three molecules. Similarly, in
the second row, the hydrophobic interaction area is
found in the three molecules. The three molecules
are dominated by the positive hydrophobic
interaction area which is marked in brown.

The binding energy between molecules S10, S23
and S64 with 3JSU is presented in Table 9. The
energy was obtained from the results of molecular
docking analysis using YASARA STRUCTURE
software. Molecule S10 has the highest binding
energy of -9.869 kcal/mol followed by S23 and S64
which are -9.589 and -9.565 kcal/mol, respectively.
The Kp value of the 3JSU complex is consistent
with the binding energy values of the three
molecules. Molecule S10 shows a Kp strength of
the 3JSU complex of 583 uM, while molecules S23
and S64 follow with 93.6 and 87.5 uM,
the contact
parameters, molecules S64 and S10 show more
hydrogen bond contacts in the 3JSU binding pocket

respectively. Based on residue
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Figure 9. Binding energy values (MM/PBSA).
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than S23. Amino acid residues Leud46, Asp54,
Serl1l, and Thr185 play important roles in the
strength of P/DHFR-TS ligand-receptor interaction.
In addition, S10 also has a m-stacking bond, which
increases the strength of the complex conformation.

The inhibition constant (K;) on DHFR enzymes
of P. falciparum Wild type (WT-P/DHFR) and
quadruple mutant (QM-P/DHFR) and human
(hDHFR) against Cycloguanil, Pyrimethamine,
WR99210, KAS [6][87] S10, S23, and S64
presented in Table S5. According to the inhibitor
activity (Kj) values, molecules S10, S23, and S64
are effective inhibitors of both WT and QM
PfDHFR-TS enzymes. The results indicated that
molecules S10, S23, and S64 exhibited a significant
binding affinity for both WT P/DHFR-TS (K; =
0.46 £ 0.08 nM; 0.44 £ 0.41 nM; and 0.30 £+ 0.39
nM) and QM P/DHFR-TS (K; = 45.99 £ 66.39 nM;
14490 + 67.48 nM; and 261.59 + 68.40 nM),
exceeding the binding affinity of pyrimethamine
and cycloguanil. Although still lower than KAS,
S10 and S23 molecules were more selective than
KAS due to their high human/plasmodium K; ratios
of 22.17 and 23.18, respectively.

3.7. Molecular Dynamics Simulation

The results
showed that the three candidate molecules of
P/DHFR-TS inhibitors were active on the mutant
target. In order to test the stability of the complex

of molecular docking analysis

resulting from the molecular docking, molecular
dynamics simulations were performed using the
The
simulation time for each complex was carried out at
100 ns and a temperature of 310 K using the
Amberl4 force field.

Fig. 7(a) shows that molecules S10 and S64 have
relatively stable RMSD values below 2 A after 20
ns. This indicates that both molecules have reached

addition of H,O molecules as solvent.

equilibrium and structural stability. Molecule S23
shows more fluctuations than S10 and S64; its peak
is higher than 2 A at about 30 ns, hence indicating
more conformational changes or instability. While
S23 may show more flexibility in this simulation,
the lower RMSD values show that molecules S10
and S64 are more stable. Fig. 7(b) shows the RMSF
fluctuations across residues, so indicating the
stability or flexibility of every part of the protein or
molecule structure. Since S23 shows many

fluctuation peaks over several residues, implying
that this molecule has more flexible or susceptible
areas to conformational changes, S10

minimum fluctuations for most residues.

shows

The
RMSF variation of S64 is inconsistent, yet it is
typically not significantly distinct from that of S10.
This suggests that certain residues are also quite
stable, despite the presence of some significant
fluctuations in specific regions. Residues with high
RMSF values could be more flexible or unstable in
response to environmental changes, so affecting
either biological activity or ligand interactions.
Conversely, residues showing low fluctuations are
more inclined to improve the general stability of the
structure. RoG shows the change in value related to
the density of the structure over the simulation time.
Lower RoG values indicate a more compact
structure; higher RoG values may indicate more
flexibility or structural expansion. While S23 shows
more variation relative to S10, suggesting that this
molecule may undergo more severe conformational
changes as well as become less rigid over time, S10
shows minimal variation and remains constant
around an identified value. S64 shows a similar
RoG value to S10, but also shows some fluctuations
in density as seen in Fig. 7(c). This suggests that
S64 tends to be stable, but there are times when the
structure can be more open. The stable RoG of S10
and S64 suggests that both tend to maintain a more
compact form, which could have positive
implications for their functional stability. S23 with
larger fluctuations could indicate a wider interaction
potential or higher reactivity, but also a risk of
instability. SASA shows changes in values related
to the surface exposure of the molecule to solvent.
Higher SASA values indicate more molecules are
exposed to solvent, while lower SASA wvalues
indicate more restricted areas. Fig. 7(d) shows S10
with and stable fluctuations,
indicating that this structure tends to maintain

relatively low
solvent-accessible surface areas, with little change
over time. S23 shows an increase in the SASA of
this molecule likely more exposed to solvent over
time, due to a tendency for more active
conformational changes or structural relaxation.
S64 shows a similar pattern to S10, with relatively
stable SASA values. However, in some periods,
there are fluctuations indicating varying surface

exposure. The stable SASA of S10 and S64

476

[5D PANDAWA



J. Multidiscip. Appl. Nat. Sci.

(a) S10

(b) S23
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Figure 10. Interaction of molecules (a) S10, (b) S23 and (c) S64 in the binding pocket of the target mutant
(3JSU) after molecular dynamics simulation (100 ns).

suggests that these two molecules may be more
efficient in interacting with other molecules
compared to S23. The increased SASA of S23 may
also indicate higher reactivity but may also indicate
greater instability.

Fig. 8(a) shows that all three molecules have a
stable trend in the number of hydrogen bonds over
the simulation time. The number of hydrogen bonds
fluctuates slightly, but there is no significant change
indicating that all molecules maintain their
proximity to their ligands over the simulation time.
Molecule S10 appears to have a slightly higher and
more consistent number of hydrogen bonds than the
others. This may indicate that S10 interacts better in
the context of hydrogen bonds. S23 shows a larger
fluctuation in the number of hydrogen bonds than
S10 and S64. This may indicate fewer stable
interactions. However, not as many as S10 at any
one moment, the count of hydrogen bonds in S64
seems to be comparable to S10. Though the three
molecules vary, the hydrogen bonds that might
influence their molecular interactions across the
simulation period show no appreciable change. Fig.
8(b) shows that the hydrogen bond interactions of
all three molecules vary over time, but S10 and S64
show better stability than S23. Stable interactions
are important to ensure that molecules can bind
ligands effectively in a biological context. S10
shows high consistency in the number of hydrogen

bond interactions throughout the simulation time,
with little fluctuation. This indicates that S10 has
stable interactions with the binding pocket. S23 has
larger fluctuations in hydrogen bond interactions,
which may be more dynamic and can change faster.
This could mean that the binding is less stable in the
binding pocket. S64 shows a similar pattern to S10
but tends to be slightly more volatile at some points.
This indicates moderate stability in hydrogen bond
interactions. Fig. 8(c) shows that S10 is more stable
in the binding pocket compared to S23, where it
appears to have higher movement dynamics, while
S64 has moderate stability. S10 shows relatively
low and stable RMSD values throughout the
simulation. This indicates that S10 tends to be
stable and does not fluctuate much from its initial
position in the binding pocket. S23 shows more
significant RMSD fluctuations, with higher values
at some time points. This indicates that S23
undergoes larger conformational changes, which
may be that this molecule is not completely stable
in the binding pocket. S64 shows similar RMSD
values to S10, but with slightly more fluctuations.
This suggests that S64 has moderate stability in the
binding pocket. Fig. 8(d) shows that S10 has the
most consistent conformation close to the native
ligand, followed by S64 with moderate stability and
S23 which is the most dynamic. S10 shows
relatively low and stable RMSD values throughout
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the simulation, meaning that the conformation of
this molecule remains quite close to the native
ligand. This stability suggests that S10 is well
adapted in the binding pocket. S23 shows higher
fluctuations in RMSD values, with several peaks
indicating that the conformation of this molecule is
more variable and less stable. These fluctuations
suggest that S23 may not interact optimally in the
binding pocket. S64 shows a similar pattern to S10,
but with some minor fluctuations. Although stable,
S64 may undergo minor changes in conformation
that affect alignment with the native ligand. The
low RMSD values f S10 and S64 indicate that this
molecule appropriate
conformation for effective interaction with the
target. Meanwhile, the higher fluctuation of S23
indicates the possible lack of affinity and effective
interaction in the biological context.

Fig. 9 shows the change in binding energy
during a molecular dynamics simulation time of
100 ns. Molecule S10 has a binding energy in the
range of about -62 to -70 kcal/mol. The graph
indicates that S10's binding energy is more constant
over the simulation. Although there are minimal

can maintain the

variations, typically the energy persists inside a
limited range. The great stability of the interaction
suggests that S10 has good achievable medicinal
value. Stable binding energy reflects the ability of
this molecule to settle at the target site. Molecule
S64 has a binding energy in the range of about -58
to -65 kcal/mol. The binding energy of S64 is also
relatively stable, although there are slightly more
fluctuations than S10. However, overall, the energy
remains within a consistent range. S64 shows a
fairly strong and stable interaction, but slightly
weaker than S10. Molecule S23 has a binding
energy varying approximately from -58 to -62 kcal/
mol. Although S23 has good stability in binding
energy, its fluctuation is rather more noticeable than
that of S10 and S64. This molecule shows greater
instability and may be less effective in interacting
with its target. The higher fluctuation of binding
energy in the graph also indicates that this molecule
may be more sensitive to conformational changes.
S23 shows stable interaction, but its binding energy
is the weakest among the three molecules. While all
molecules exhibit good stability, S10 is rather more
stable than S23 and S64. The strongest to weakest
rank of interaction strength based on binding energy

is S10 > S64 > S23. The S64 and S23 may need
further modification to improve the interaction with
the target.

Fig. 10 shows a comparison of the interactions
between three molecules S10, S23, and S64 in each
3JSU binding pocket after molecular dynamics
simulations were performed for 100 ns. Fig. 10(a)
shows the presence of a hydrogen bond between
S10 and Asnl08 residue of 2.16 A, interestingly
there is a halogen bond with Val45 residue (3.21 A)
with one of the Cl atoms on S10, pi-silfur on Met55
residue (5.20 A) and two stacked pi-pi bonds with
Phe58. The combination of pi-stacking interactions
and hydrogen bonds shows that S10 has a fairly
stable interaction in the binding pocket. Fig. 10(b)
shows that Met55 forms a pi-sulfur bond of 5.18 A
and Phe58 forms two stacked pi-pi bonds of 4.10
and 4.50 A. There is one hydrogen bond with
residue Val45 at 2.74, and pi-alkyl is formed with
residues Ile14, Alal6, and Leu46. The stability of
S23 is mainly driven by strong hydrophobic
interactions. In Fig. 10(c), there are two hydrogen
bonds with residues Asp54 (2.44 A) and Phe58
(3.04 A). Residue Val45 forms a halogen bond with
the Cl atom of S64 at 3.36 A. A stacked pi-pi bond
is also formed at residue Phe58 at 4.55 A.
Meanwhile, other residues tend to form alkyl and pi
-alkyl including Ile14, Alal6, Leud46, MetS5, and
Ile112. The combination of significant pi-stacking
interactions and hydrogen bonds indicates that S64
has excellent stability in the binding pocket. In
general, molecules with more interactions and
stronger interactions (such as hydrogen bonding and
pi-stacking) will have higher stability in the binding
pocket. S10 with a combination of pi-stacking
interactions and hydrophobic interactions and
hydrogen bonds also shows good stability. S64 with
a combination of hydrogen bonds and pi-stacking
interactions, probably has the highest stability. S23
which mainly interacts through hydrophobic
interactions, also shows good stability, although it
may be slightly less stable than S64.

4. CONCLUSIONS

This study evaluated the chemical molecule of 4-
benzyloxy-2-trichloromethylquinazoline derivatives
as antiplasmodial through QSAR, ADME, drug-
likeness, toxicity, molecular docking, and molecular
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dynamics simulations. The best QSAR model,
which demonstrated a relationship between
antiplasmodial activity (pICsp) and the GATS4e,
SpMax_AEA(ed), Mor28e, ATS6m, and ATSC7m
descriptors, was successfully developed and
statistically validated by MLR and PLS. Based on
this model, three new molecules S10, S23, and S64
designed with good prediction of
antiplasmodial activity, as well as showing
favorable pharmacokinetic profiles and moderate to
toxicity. Molecular docking results
showed higher binding energy of the new molecules
with P/ADHFR-TS compared to the reference ligand,
with the amino acid residues Leu46, Asp54, Serl11,
and Thr185 playing an important role in the

were

non-toxic

interaction with the receptor. Molecular dynamics
confirmed the stability of the
interaction of the new molecule complex with
P/DHFR-TS for 100 ns.

simulations

LIST OF ABBREVIATIONS

PfDHFR-TS : Plasmodium falciparum
dihydrofolate reductase—
thymidylate synthase

WT P/DHFR-TS : Wild type PfDHFR-TS

QM P/DHFR-TS : Quadruple mutant P/DHFR-TS

3QGT : Protein target of wild type

3JSU : Protein target of quadruple
mutant

MLR : Multiple linear regression

PLS : Partial least square

1Csp : Half-maximal inhibitory
concentration

pICs : Potential of ICs

RMSD : Root-mean square deviation.

PRESS : Predicted residual error sum of
squares

SEE : Standard error estimation

RMSEP : Root-mean square error
prediction

VIF : Variance inflation factor

MF : Mean effect

CP6 : Reference/native ligand code
of wild type

QN254 : Reference/native ligand code

of mutant
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