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Abstract

In this study, we the ADMET and broad-spectrum bioactivity properties of some dihydro-
chromenochromene-diol derived compounds that have been identified as having potential for use in the
treatment of Huntington’s disease (HD). To this end, we first examined the physicochemical, lipophilicity,
water solubility, absorption, distribution, metabolism and excretion, toxicity, environmental toxicity, Tox21
pathway, and medicinal chemistry properties of the molecules considered within the scope of ADMET. In
terms of broad-spectrum bioactivity, acute toxicity in rats, side effects of drugs on the cardiovascular and
hepatobiliary systems, antibacterial activity, antifungal activity, anti-HIV activity, antiviral activity, and
interaction with tumor and non-tumor cell lines values were calculated. Based on all the calculations
obtained, it was concluded that molecule 3 (2,7-diethyl-3,8-dimethyl-5,10-dihydrochromeno[5,4,3-
cde]chromene-5,10-diol) promising candidate for the treatment of HD in terms of ADMET and broad-
spectrum bioactivity.

Keywords: ADMET, bioactivity, dihydrochromenochromene-diol derivatives, Huntington's disease, novel
drug.

Huntington Hastahginin Tedavisi Icin Yeni dihidrokromenokromen-diol
Tiirevlerinin ADMET Ozellikleri ve Genis Spektrumlu Biyoaktivitesinin
In Silico Degerlendirilmesi

Oz

Bu c¢alismada, Huntington hastaligimin (HD) tedavisinde potansiyel kullanim olasiligi belirlenmis bazi
dihidrokromenokromeno-diol tiirevi Dbilesiklerin ADMET ve genis spektrumlu biyoaktivite 6zellikleri
incelenmistir. Bu amagcla, Oncelikle molekiillerin ADMET kapsamindaki fizikokimyasal &zellikleri,
lipofilisite, suda ¢oziiniirliik, absorpsiyon, dagilim, metabolizma ve atilim, toksisite, ¢evresel toksisite, Tox21
yolaklar1 ve medikal kimya o6zellikleri degerlendirilmistir. Genis spektrumlu biyoaktivite agisindan ise
sicanlarda akut toksisite, ilaglarin kardiyovaskiiler ve hepatobiliyer sistemler iizerindeki yan etkileri,
antibakteriyel aktivite, anti-fungal aktivite, anti-HIV aktivite, antiviral aktivite ve timdr ile tiimor olmayan
hiicre hatlartyla etkilesim degerleri hesaplanmistir. Elde edilen tiim hesaplamalar sonucunda, 3 numarali
molekiiliin(2,7-dietil-3,8-dimetil-5,10-dihidrokromeno[5,4,3-cde]kromene-5,10-diol) ADMET ve genis
spektrumlu biyoaktivite agisindan HD tedavisi i¢in umut verici bir aday molekiil olabilecegi sonucuna
varilmgtir.

Anahtar kelimeler: Huntington hastaligi, ADMET, biyoaktivite, dihidrokromenokromeno-diol tiirevleri,
yeni ilag.
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1. Introduction

Cognitive function, mental health, and motor
control are all impacted by HD, a progressive
neurological illness that is inherited. It usually
first appears in mid-adulthood and gets worse
with time (Massey and McLauchlan, 2024;
Buzgova et al.,, 2019). The condition mostly
affects the basal ganglia, especially the putamen
and caudate nucleus, which are essential for
controlling movement. The cerebral cortex is

also impacted in more advanced stages
(Paprocka et al., 2020). The symptoms fall into
three categories: cognitive (memory

impairments, poor executive function, impaired
judgment), mental (depression, anxiety,
irritability, apathy, suicidal ideation), and motor
(chorea, dystonia, balance and coordination
issues, speech and swallowing difficulties)
(Victorson et al., 2014). Genetic tests, family
history, and clinical evaluation are used to make
the diagnosis. The diagnosis is further supported
by cognitive evaluations and neuroimaging
(MRI) (Kinnunen et al., 2021).

ADMET analyses are fundamental
pharmacokinetic and toxicological assessments
aimed at understanding how a drug behaves in
the body. These analyses make a critical
contribution to the drug development process.
They support efficacy, reduce the risk of failure,
determine the appropriate dosage range, predict
the risk of side effects and toxicity, evaluate the
drug's ability to reach the target tissue, and
increase the likelihood of clinical success (Daoud
et al., 2021; Flores-Holguin et al., 2021).
ADMET analyses are one of the cornerstones of
the drug development process, determining not
only whether a drug is effective, but also whether
it is safe, absorbable, and clinically applicable
(Cao et al., 2012). The term broad-spectrum bio-
activity describes a drug's capacity to work
against a variety of targets, pathogen types, or
cellular pathways (Odunitan et al., 2025). By
proving effectiveness against various
pathogen/cell types, exposing the possibility of

cross-disease effects, offering a benefit against
the development of resistance, enhancing
preclinical evaluation, and expanding
marketability and indications, evaluating this
property makes a substantial contribution to the
drug development process (Firth and Prathapan,
2021; Block et al., 2015). By proving whether a
drug is not only specific but also adaptable,
resistant to the development of resistance,
effective in a variety of diseases, and clinically
more flexible in its application, broad-spectrum
bioactivity analyses, in particular, make strategic
contributions to the drug development process
(Reddy and Zhang, 2013; Ryszkiewicz et al.,
2025). It is explicitly noted that all findings and
results presented in this study are based entirely
on in silico computational predictions and do not
involve any experimental or animal studies.

2. Methods
2.1. Molecules

In this study, five different
dihydrochromenochromene-diol derivatives were
examined. The potential of these molecules for
use in the treatment of Huntington's Disease was
investigated and determined in study (Islamoglu,
2025). In making this determination, studies
were conducted on these molecules regarding
drug-likeness, quantum descriptors, molecular
docking, molecular dynamics simulation, and
synthetic mechanism. These molecules have not
been synthesized before in the literature. This
study constitutes the second phase of the
research cited above. In the first phase, the
feasibility of using these molecules as drug
active ingredients in the treatment of
Huntington's disease was demonstrated using
molecular docking and molecular dynamics
simulation methods. In the second phase, the
ADMET and broad-spectrum bioactivity values
of these molecules were calculated to perform a
comprehensive evaluation of the molecules. The
molecular formulas of these molecules are given
in Figure 1.
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Figure 1. Molecular formulas of the dihydrochromenochromene-diol derivatives.

2.2. ADMET Studies

ADMET analysis is the fundamental filter that
determines whether a molecule is truly a drug,
beyond its effectiveness (Guan et al., 2018).
Evaluating a molecule as a drug candidate
without performing this analysis would be a
serious oversight. Because the bioavailability of
the drug (especially Gl absorption in oral
administration) is determined by absorption (A),
the distribution of the drug to which tissues and
in what quantities is determined by distribution
(D), the rate of degradation in the liver and
which enzymes metabolize it is determined by
metabolism (M), and the rate at which it is
excreted from the body is determined by the dose
range and half-life, which are determined by
excretion (E), and risks such as toxic effects at
the cellular/organ level, carcinogenicity, and
hepatotoxicity are determined by toxicity (T)
(Lin et al., 2003; Wang, 2009). Therefore, the
ADMET properties of the five molecules we
examined were calculated using the SwissADME
(http://www.swissadme.ch/) (Daina et al., 2017a)
and ADMETLab3.0 (https://admetlab3.
scbdd.com/) database (Fu et al., 2024).

2.3. Physicochemical Properties

The physicochemical properties given for a
molecule are fundamental in determining
whether the molecule is a drug candidate.
Knowing the physicochemical properties of a
molecule provides early prediction and pre-

screening capabilities in critical areas such as
oral bioavailability, pharmacokinetic behavior,
CNS (central nervous system) targetability, and
formulation compatibility (Jambhekar and Breen,
2013). The physicochemical properties obtained
for the molecules are given in Table 1.

2.4. Lipophilicity Properties

Lipophilicity directly affects a molecule's
passage through cell membranes, bioavailability,
metabolism, and toxicity. A promising candidate
drug candidate should be neither too lipophilic
nor too hydrophilic; this balance is critical for
pharmacokinetic  behavior (Waring, 2010).
Lipids make up the membranes of cells. The
ability of lipophilic substances to more readily
cross cell membranes is beneficial for Gl
absorption, Dbloodstream entry, and tissue
delivery. Lipophilic compounds have a large
volume of distribution and tend to collect in fatty
tissues (Tsopelas et al., 2017). They can enter
fatty areas like the brain more readily (increased
BBB permeability). The liver is usually where
highly lipophilic medications are processed,
which  could lower their bioavailability.
Sometimes the danger of toxicity is increased by
excessive lipophilicity. Drugs that are extremely
lipophilic have the potential to harm cell
membranes by accumulating. Additionally, off-
target effects could rise (McEuen et al., 2017).
Drugs that are very lipophilic have poor water
solubility, which can cause formulation
problems.
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A promising candidate balance is necessary.
Consensus LogP: SwissADME provides a
consensus logP value derived from multiple
predictive ~ models  (XLOGP3, WLOGP,
MLOGP, SILICOS-IT, and iLOGP). The
octanol/water partition coefficient (logP) is a key
measure of lipophilicity that plays a central role
in this evaluation (Daina et al., 2017b).

Lipophilicity values of molecules are given
Table 2. For better understanding of the data in
the table, the values have been divided into three
different groups: good (1< Log Po/w <3),
average (0< Log Po/w <1, 3< Log Po/w <5), and
poor (Log Po/w <0, Log Po/w >5), and color-
coded accordingly.

Table 1. Physicochemical properties of molecules.

Physicochemical Property Molecule

1 2 3 4 5
Formula Ci6H1404  Ci1Hi1s04  CooH220s  CpoHz60s  CaoH220e
Molecular Weight (g/mol, Optimal:100~600) 270.28 298.33 326.39 354.44 358.39
Volume (A3, Optimal:200 ~ 600) 270.409 305.001 339.592 374.184 357.173
Density (g/cm3, Optimal:1.0 ~ 1.5) 0.999 0.977 0.960 0.947 1.003
N. Heavy Atom (Optimal:20 ~ 70) 20 22 24 26 26
N. Aromatic Heavy Atom (Optimal:0 ~ 15) 12 12 12 12 12
nHA (Optimal:0 ~ 12) 4 4 4 4 6
nHD (Optimal:0 ~ 7) 2 2 2 2 2
nRot (Optimal:0 ~ 11) 0 0 2 4 4
nRing (Optimal:0 ~ 6) 4 4 4 4 4
MaxRing (Optimal:0 ~ 18) 14 14 14 14 14
nHet (Optimal:1 ~ 15) 4 4 4 4 6
fChar (Optimal:-4 ~ 4) 0 0 0 0 0
nRig (Optimal:0 ~ 30) 19 19 19 19 19
Flexibility (nRot /nRig, Optimal:0.1 ~ 0.4) 0.000 0.000 0.105 0.211 0.211
Stereo Centers (Optimal: < 2) 2.0 2.0 2.0 2.0 2.0
TPSA (A?, Optimal:0 ~ 140) 58.92 58.92 58.92 58.92 77.38
Molar Recractivity (cm*/mol, Optimal:40 ~ 130) 73.21 83.14 92.75 102.37 95.81
Fraction Csp® (Optimal:0.25 ~ 0.65) 0.25 0.33 0.40 0.45 0.40
logS (Optimal -4 < LogS <0) -3.797 -3.924 -4.353 -4.346 -4.264
logD (0 < LogP < 3) 2.728 2.666 3.416 3.631 3.012
pKa (Acid) (Optimal:3 ~ 7) 7.640 7.620 7.486 7.152 8.031
Melting point (°C, Optimal 50 ~ 250) 140.682 150.021 112.041 112.675 132.001
Boiling point (°C, Optimal 150 ~ 400) 277.855  279.414 294.963 312.586 283.940
Table 2. Lipophilicity properties of molecules.

. A . Molecule

Lipophilicity Properties 1 > 3 2 5
Log Po/w (iLOGP) 2.61 2.96 3.32 3.67 3.36
Log Po/w (XLOGP3) 2.26 2.99 3.85 4.72 2.93
Log Po/w (WLOGP) 2.09 2.71 3.21 3.72 2.89
Log Po/w (MLOGP) 2.68 3.16 3.62 4.06 2.25
Log Po/w (SILICOS-IT) 3.00 4.00 4.77 5.56 3.85
Consensus Log Po/w 2.53 3.17 3.76 4.35 3.05
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2.5. Water Solubility Properties

In general, a molecule with moderate water
solubility is preferred when it is being examined
as a therapeutic candidate. This is due to the fact
that extremely high solubility might result in
extremely quick elimination, whereas very low
solubility prevents absorption (Shekhawat and
Pokharkar,  2016).  Orally  administered
medications must dissolve in the gastrointestinal
tract in order to be absorbed. Bioavailability is
decreased when a molecule has insufficient water
solubility, which makes it difficult for it to pass
through without disintegrating. The molecule's
transportability in the bloodstream is influenced
by its solubility (Pawar et al., 2021). Compounds
that are highly lipophilic but weakly soluble in
water may have trouble dispersing uniformly in
plasma. Toxic effects might result from the
accumulation of insoluble substances in the

Table 3. Water solubility properties of molecules

body. This is especially crucial for filtering
organs like the liver and kidneys (Xie et al.,
2024). Solubility indirectly affects values like the
molecule’s half-life, duration of action, and
plasma concentration curve. SwissADME
predicts water solubility using various computer
techniques. These are Ali's Solubility Model (S1),
ESOL (S2), and SILICOS-IT (Ss) (Sepay et al.,
2020). The logS value represents the logarithm
of the compound's water solubility. Water
solubility values of molecules are given Table 3.

2.6. Absorption Properties

The capacity of a molecule to enter the
bloodstream from the site of administration for
example, the gastrointestinal tract when given
orally is referred to as absorption. Stated
differently, it has a direct impact on the
molecule's bioavailability after it reaches the
body (Benet, 2005).

Water Solubility

Mol.

LogS:  Solubility Class LogS: Solubility Class Log Ss3 Solubility Class
1.12.10* 1.99.10% 2.13.102
mg/mL mg/mL mg/mL
1 -3.38 4.13.10* S” -3.13 7.35.10* S -4.10 7.89.10° MS™
mol/L mol/L mol/L
3.15.10? 3.83.10? 4.05.103
mg/mL mg/mL mg/mL
2 -3.98 1.05.10* S -3.89 1.28.10* S -4.87 1.36.10° MS
mol/L mol/L mol/L
9.70.10°3 5.37.10°3 7.11.10*
mg/mL mg/mL mg/mL
3 -4.53 2.97.10° MS -4.78 1.65.10° MS -5.66 2.18.10° MS
mol/L mol/L mol/L
2.89.103 7.30.10* 1.25.10*
mg/mL mg/mL mg/mL
4 -5.09 8.15.10°% MS -5.69 2.06.10°8 MS -6.45 3.52.107 pS™
mol/L mol/L mol/L
3.71.10? 2.18.102 2.70.10°3
mg/mL mg/mL mg/mL
5 -3.99 1.03.10* S -4.22 6.07.10° MS -5.12 7.53.10° MS
mol/L mol/L mol/L

(S”: soluble, MS™: moderately soluble, PS™": poorly soluble)

A medication candidate cannot reach its target
tissues if it is not adequately digested. A greater
dosage is required for a medication that is poorly
absorbed. Developing pharmacological

formulations is made more difficult by poor
absorption. Poor absorption prevents the
medicine from moving forward via the processes
of distribution, metabolism, and excretion, or it
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may not be enough. It is hence the first parameter
assessed in ADMET assessments (Flores-
Holguin et al., 2021). I used the SwissADME
and ADMETLab3.0 databases to calculate the
absorption property values, including Caco-2
permeability, MDCK (madin-darby canine
kidney) Permeability, PAMPA (parallel artificial

Table 4. Absorption properties of molecules.

membrane permeability assay), Pgp-inhibitor,
Pgp-substrate, HIA (human intestinal
absorption), Faow, Fsow, Fsow (F: fraction of dose
absorbed systemically ~ bioavailability), GI
(gastrointestinal) absorption, and BBB (blood—
brain barrier) permeant values. The obtained
values are presented in Table 4.

. Molecule

Absorption Property 1 > 3 7 5
Caco-2 Permeability -4.727 -4.682 -4.736 -4.783 -4.689
MDCK Permeability -4.646 -4.699 -4.624 -4.657 -4.690
PAMPA 0.977 0.973 0.850 0.554 0.565
Pgp-inhibitor 0.003 0.003 0.027 0.144 0.542
Pgp-substrate 0.643 0.803 0.679 0.427 0.874
HIA 0.195 0.006 0.165 0.710 0.063
Fa0% 0.519 0.313 0.372 0.337 0.240
Fao% 0.817 0.394 0.941 0.995 0.103
Fso% 0.871 0.845 0.938 0.965 0.436
GI Absorption High High High High High
BBB Yes Yes Yes Yes Yes

2.7. Distribution Properties

The process by which the active chemical moves
from the bloodstream to the body's tissues,
organs, and other target locations following
absorption is known as distribution (Rowland
and Tozer, 2011). A medication does not stay in
the blood alone once it enters the circulation. It is
dispersed throughout several compartments,
including muscle, adipose tissue, organs (liver,
kidneys, and brain), and plasma proteins. When a
specific concentration is attained in the target
tissue, the intended effect usually happens. The

reaches the tissues where it may produce side
effects, the half-life of the drug, and the dose
range (dosage frequency) are all determined by
its distribution (Afzal et al., 2024; Payal et al.,
2024). In this study, the PPB (plasma protein
binding), VDss (volume of distribution at steady
state), BBB, Fu (fraction unbound), OATP1B1
inhibitor, OATP1B3 inhibitor (OATP: organic
anion transporting polypeptide), BCRP (breast
cancer resistance protein) inhibitor and
MRP1linhibitor (MRP: multidrug resistance-
associated protein) properties of molecules were

o i determined using the same programs. The

amount of a medicine that reaches the tissues obtained values are given in Table 5.
where it will be effective, the amount that
Table 5. Distribution property of molecules.

S Molecule
Distribution Property 1 > 3 2 5
PPB 71.269 78.905 94.151 96.844 90.803
VDss -0.051 0.154 0.140 0.139 0.054
BBB 0.031 0.196 0.336 0.558 0.002
Fu 21.174 22.190 6.375 1.773 11.475
OATP1B1 inhibitor 0.584 0.532 0.132 0.040 0.811
OATP1B3 inhibitor 0.901 0.816 0.246 0.036 0.949
BCRP inhibitor 0.043 0.012 0.253 0.730 0.284
MRP1linhibitor 0.905 0.999 0.980 0.786 0.975
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2.8. Metabolism and Excretion Properties

When a drug candidate molecule enters the body,
its metabolism property indicates which enzymes
it will interact with, how it will undergo
chemical changes, and how these changes will
impact factors like dosage, safety, and efficacy
(Zhang and Tang, 2018). Since metabolic
stability, CYP profile, and prodrug strategy are
of great importance in ADMET optimization, it
is important to determine whether molecules are

CYP1A2 inhibitors, CYP1A2 substrates,
CYP2C19 inhibitors, CYP2C19 substrates,
CYP2C9 inhibitors, CYP2C9 substrates,
CYP2D6 inhibitors, CYP2D6 substrates,
CYP3A4 inhibitors, CYP3A4 substrates,
CYP2B6 inhibitors, CYP2B6 substrates, or

CYP2C8 inhibitors, and HLM stability values
were calculated. Excretion is the process of

completely removing a drug or its metabolites
from the body. In other words, after absorption,
distribution, and metabolism, any active or
inactive forms remaining in the body are
eliminated from the organism (Stielow et al.,
2023). Excretion Property determines the rate
and pathways by which a drug molecule and its
metabolites are eliminated from the body. It
directly affects critical pharmacokinetic issues
such as half-life, accumulation risk, dosage
range, and potential toxicity (Snary and Webster,
2025). If dosage adjustments are not made in
patients with renal/hepatic insufficiency, there is
a risk of poisoning. In this study, CLpiasma
(plasma clearance) and Ty (elimination half-life)
values were calculated as excretion properties.
The obtained metabolism property and excretion
property values are presented in Table 6.

Table 6. Metabolism and excretion properties of molecules.

. Molecule
Metabolism Property 1 > 3 7 5
CYP1A2 inhibitor 0.024 0.332 0.030 0.020 0.005
CYP1A2 substrate 0.000 0.025 0.145 0.038 0.005
CYP2C19 inhibitor 0.084 0.163 0.248 0.105 0.031
CYP2C19 substrate 0.001 0.007 0.973 0.999 0.925
CYP2C9 inhibitor 0.021 0.002 0.049 0.814 0.006
CYP2C9 substrate 0.601 0.963 0.967 0.194 0.911
CYP2D6 inhibitor 0.306 0.099 0.079 0.011 0.031
CYP2D6 substrate 0.224 0.840 0.001 0.000 0.002
CYP3A4 inhibitor 0.000 0.005 0.002 0.000 0.020
CYP3A4 substrate 0.044 0.111 0.290 0.881 0.018
CYP2B6 inhibitor 0.001 0.000 0.854 0.999 0.977
CYP2B6 substrate 0.000 0.645 0.410 0.973 0.000
CYP2C8 inhibitor 0.801 0.434 1.000 1.000 0.999
HLM Stability 0.501 0.169 0.974 1.000 0.343
Excretion Property
CLplasma 2.702 3.155 2.974 3.081 2.560
Tup 1.060 1.144 0.950 0.985 1.180
2.9. Toxicity, Environmental Toxicity and most important criterion for removal in

Tox21 Pathway Properties

A drug candidate's toxicity property evaluates the
likelihood that it will have negative effects on
people. To put it another way, it shows which
systems, cells, and organs could be harmed by
therapeutic or excessive dosages (Williams,
1990). At appropriate dosages, a chemical with a
good ADMET profile should not be harmful. The

preclinical and Phase | research during the
medication development process is toxicity (Lin
et al, 2003). To ascertain the toxicity
characteristics of the molecules being studied,
which were classified as hERG blockers, hERG
blockers (10 uM), DILI, AMES mutagenicity, rat
oral acute toxicity, FDAMDD, skin sensitization,
Log Kp (cm/s, skin permeation), carcinogenicity,
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eye corrosion, eye irritation, respiratory, human
hep atotoxicity, drug-induced nephrotoxicity,
ototoxicity, hematotoxicity, genotoxicity, RPMI-
8226 immunitoxicity, A549 cytotoxicity, Hek293
cytotoxicity, and drug-induced neurotoxicity,
twenty-two distinct toxicity properties were
computed. The obtained values are given in
Table 7.

Environmentally  conscious design  (green
chemistry) is now very important in modern drug
development. For this reason, the environmental
toxicity property; bio concentration factors,
IGCso, LCsoFM, and LCsoDM, which expresses
the potential of a drug candidate molecule to
harm living organisms when released into the

Table 7. Toxicity properties of molecules.

environment (water, soil, air) after use or during
production, has also been calculated. The
obtained values are given in Table 8. The
acronym for toxicology in the 21st century is
Tox21. Using high-throughput in vitro tests
(HTS) and in silico modeling, this extensive
initiative, which is collaboratively operated by
US organizations including the FDA, NIH, and
EPA, aims to predict toxicity at the cellular
pathway level in the early phases. By altering
intracellular  biological  pathways, Tox21
pathway properties aids in our comprehension of
the possibility that a medication candidate would
set off detrimental processes (Huang et al., 2016;
Thomas et al., 2018).

o Molecule
Toxicity Property 1 > 3 7 5
hERG Blockers 0.101 0.087 0.101 0.128 0.122
hERG Blockers (10 pM) 0.569 0.537 0.603 0.665 0.573
DILI 0.317 0.307 0.319 0.327 0.602
AMES Mutagenicity 0.621 0.609 0.650 0.700 0.538
Rat Oral Acute Toxicity 0.282 0.413 0.426 0.434 0.500
FDAMDD 0.798 0.886 0.914 0.949 0.869
Skin Sensitization 0.411 0.341 0.349 0.365 0.165
Log Kp (cm/s, Skin Permeation) -6.340 -6.000 -5.560 -5.110 -6.410
Carcinogenicity 0.867 0.904 0.903 0.881 0.914
Eye Corrosion 0.026 0.011 0.008 0.002 0.001
Eye Irritation 0.974 0.966 0.923 0.730 0.868
Respiratory 0.823 0.793 0.809 0.839 0.632
Human Hepatotoxicity 0.502 0.643 0.634 0.654 0.484
Drug-induced Nephrotoxicity 0.590 0.642 0.574 0.433 0.395
Ototoxicity 0.457 0.491 0.508 0.559 0.546
Hematotoxicity 0.268 0.378 0.385 0.402 0.289
Table 8. Environmental toxicity properties of molecules.

) o Molecule
Environmental Toxicity Property 1 > 3 7 5
Bioconcentration Factors 1.062 2.222 2.251 2.363 1.601
IGCso 3.502 4.245 4.285 4.332 3.836
LCsoFM 4.354 5.055 5.429 5.943 4.663
LCsDM 5.327 5.516 6.197 6.757 5.768
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It establishes cause-and-effect correlations at the
molecular level as opposed to depending on
rudimentary toxicity metrics like the standard
LDso. This lessens the possibility that medication
development will fail and eliminates the
necessity for animal testing (Hartung, 2024). In

Table 9. Tox21 pathway properties of molecules.

order to ascertain the Tox21 pathway properties,
the NR-AR, NR-AR-LBD, NR-aromatase, NR-
ER, NR-ER-LBD, NR-PPAR-gamma, SR-ARE,
SR-ATAD5, SR-HSE, SR-MMP, and SR-p53
values have been computed based on this. The
obtained values are given in Table 9.

Molecule

Tox21 Pathway Property 1 > 3 2 5

NR-AhR 0.902 0.971 0.847 0.646 0.993
NR-AR 0.732 0.725 0.562 0.348 0.707
NR-AR-LBD 0.130 0.291 0.293 0.228 0.767
NR-Aromatase 0.190 0.828 0.887 0.959 0.965
NR-ER 0.413 0.652 0.729 0.885 0.783
NR-ER-LBD 0.027 0.440 0.503 0.661 0.607
NR-PPAR-gamma 0.001 0.014 0.081 0.320 0.037
SR-ARE 0.339 0.398 0.675 0.915 0.894
SR-ATAD5 0.005 0.193 0.273 0.444 0.446
SR-HSE 0.069 0.509 0.651 0.720 0.785
SR-MMP 0.416 0.915 0.969 0.991 0.980
SR-p53 0.547 0.811 0.865 0.934 0.968

The medicinal chemistry properties section of the
ADMET profile plays a fundamental guiding
role in terms of a molecule's biological
suitability, design quality, and optimization
potential (Khan et al., 2011). It indicates the
chemical suitability of the molecule and its
potential to behave like a drug. If these
parameters are not good, even the strongest
biological activity will not provide practical
advantages in development. Therefore, during
hit-to-lead optimization (the process of gradually
developing the first discovered “hit” compound
into a real “lead compound” in the Hit-to-Lead
(H2L) drug discovery process), ADMET and
medicinal chemistry are considered together
(Schnider, 2021). In this study, medicinal
chemistry properties were examined across
twenty-eight different characteristics (QED

(quantitative estimate of drug-likeness), GASA
(globally applicable synthetic accessibility),
Synth (synthetic accessibility), Fsp3 (fraction of
sp> carbons), MCE-18 (molecular complexity
index), NPscore (natural product-likeness score),
Lipinski rule, Ghose rule, Veber rule, Egan rule,
Muegge rule, Pfizer rule, GSK
(GlaxoSmithKline) rule, Golden triangle, PAINS
(pan-assay interference compounds), Brenk
(brenk structural alerts), ALARM (a ligand-
based artifact recognition method) NMR, BMS
(bristol-myers  squibb) rule, Chelator rule,
Colloidal aggregators, FLuc (firefly luciferase)
inhibitors, Blue fluorescence, Green
fluorescence, Reactive compounds, Promiscuous
compounds, SA  (synthetic  accessibility),
bioavailability score, and leadlikeness). The
results obtained are presented in Table 10.
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Table 10. Medicinal chemistry properties of molecules.

Medicinal Chemistry Molecule

Property 1 2 3 4 5
QED 0.772 0.783 0.880 0.856 0.871
GASA 1.000 1.000 1.000 1.000 1.000
Synth 3.000 4.000 4.000 4.000 3.000
Fsp® 0.250 0.333 0.400 0.455 0.400
MCE-18 70.400 76.000 75.429 75.000 75.429
NPscore 0.926 0.960 1.032 0.875 0.635
Lipinski Rule Yes Yes Yes Yes Yes
Ghose Rule Yes Yes Yes Yes Yes
Veber Rule Yes Yes Yes Yes Yes
Egan Rule Yes Yes Yes Yes Yes
Muegge Rule Yes Yes Yes Yes Yes
Pfizer Rule Yes Yes No No Yes
GSK Rule Yes Yes Yes No Yes
Golden Triangle Yes Yes Yes Yes Yes
PAINS Yes Yes Yes Yes Yes
Brenk Yes Yes Yes Yes Yes
ALARM NMR Yes Yes Yes Yes Yes
BMS Yes Yes Yes Yes Yes
Chelator Rule Yes Yes Yes Yes Yes
Colloidal aggregators 0.606 0.627 0.595 0.596 0.551
FLuc inhibitors 0.000 0.000 0.001 0.000 0.000
Blue fluorescence 0.288 0.434 0.609 0.695 0.379
Green fluorescence 0.359 0.283 0.393 0.269 0.300
Reactive compounds 0.352 0.278 0.155 0.237 0.112
Promiscuous compounds 0.629 0.141 0.108 0.229 0.331
SA 3.750 4.010 4.230 4.450 4.330
Bioavailability Score 0.550 0.550 0.550 0.550 0.550
Leadlikeness Yes Yes No No No

2.10. Broad-Spectrum Bioactivity

I examined the molecules in terms of their broad
spectrum bioactivity. The PASS online (Lagunin
et al.,, 2000) website was wused for this
examination. The following values were
calculated in order: acute toxicity in rats, side
effects of drugs on the cardiovascular and
hepatobiliary systems, antibacterial activity,
antifungal activity, anti-HIV activity, antiviral
activity, and interaction with tumor and non-
tumor cell lines.
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2.11. Acute Rat Toxicity

Models that forecast the likelihood of single-dose
(acute) toxicity in rats and mice are available
from Acute Rat Toxicity. It makes it possible to
anticipate the LDso values in rats based on
several delivery methods by using the structure
of the molecule as input. It is a useful tool for
researchers who wish to use an in silico approach
to rapidly evaluate the toxicity risk of
compounds in their early phases (Lagunin et al.,
2011). The calculated acute rat toxicity values
for the molecules are given in Table 11.
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Table 11. Acute rat toxicity of molecules.

Rat Acute Toxicity Predicted

Mol.

Rat IP" LDso

Rat IV*™ LDso

Rat Oral™ LDso

Rat SC™" LDso

0.2992 mmol/kg / out of AD

80.830 mg/kg / out of AD
Class 4 / out of AD

*****

0.3062 mmol/kg / in AD
82.720 mg/kg / in AD
Class 4 /in AD

10.8643 mmol/kg / in AD
2937.00 mg/kg / in AD
Class 5/in AD

3.2063 mmol/kg / in AD
865.80 mg/kg / in AD
Class 4 /in AD

0.5741 mmol/kg / in AD
171.400 mg/kg / in AD
Class 4 /in AD

0.2570 mmol/kg / in AD
76.710 mg/kg /in AD
Class 4 /in AD

12.8825 mmol/kg / in AD
3841.00 mg/kg / in AD
Class5/in AD

4.2073 mmol/kg / in AD
1254.00 mg/kg / in AD
Class5/in AD

0.4571 mmol/kg / in AD
149.200 mg/kg / in AD
Class 4 /in AD

0.2218 mmol/kg / in AD
72.390 mg/kg /in AD
Class 4 /in AD

12.3310 mmol/kg / in AD
4027.00 mg/kg / in AD
Class5/in AD

2.2182 mmol/kg / in AD
724.60 mg/kg / in AD
Class 4 /in AD

0.1738 mmol/kg / out of AD

61.530 mg/kg / out of AD
Class 3 / out of AD

0.1439 mmol/kg / in AD
51.020 mg/kg /in AD
Class 4 /in AD

9.7051 mmol/kg /in AD
3443.00 mg/kg / in AD
Class5/in AD

1.4757 mmol/kg / in AD
522.50 mg/kg / in AD
Class 4 /in AD

5

0.9120 mmol/kg / in AD
326.800 mg/kg / in AD
Class 4 /in AD

0.2123 mmol/kg / in AD
76.110 mg/kg /in AD
Class 4 /in AD

6.9823 mmol/kg / in AD
2500.00 mg/kg / in AD
Class 5/in AD

2.4491 mmol/kg / in AD
877.20 mg/kg / in AD
Class 4 /in AD

("IP : intraperitoneal route of administration (direct injection of a drug or test compound into the abdominal

cavity), "IV : intravenous route of administration, **Oral : oral route of administration,
AD : applicability domain of models)

Fekkkk

route of administration (subcutaneous injection),
2.12. Effects on Cardiovascular and
Hepatobiliary Systems

The PASS online module for predicting adverse
drug effects on the cardiovascular and
hepatobiliary systems uses the structural
properties of a molecule to predict the potential
risk of side effects on these two systems in silico.
The aim here is to predict the adverse effects of

Fkkk,

SC : subcutaneous

drug candidates on the cardiovascular and
hepatobiliary systems, such as arrhythmia,
hypertension,  myocardial ischemia, liver
toxicity, bile duct damage, and cholestasis, at an
early stage (lvanov et al., 2018). The prediction
of adverse drugs effects on cardiovascular and
hepatobiliary systems values for the molecules
are given in Table 12.

Table 12. The prediction of adverse drugs effects on cardiovascular and hepatobiliary systems values

for the molecules.

Molecule Prediction of adverse drugs effects on cardiovascular and hepatobiliary systems
Pa" Pi™ Side Effect
0.627 0.130 Hepatotoxicity
1 0.390 0.091 Nephrotoxicity
0.578 0.156 Hepatotoxicity
2 0.485 0.055 Nephrotoxicity
0.488 0.202 Hepatotoxicity
3 0.405 0.083 Nephrotoxicity
0.488 0.054 Nephrotoxicity
4 0.453 0.222 Hepatotoxicity
0.517 0.044 Nephrotoxicity
5 0.343 0.307 Hepatotoxicity

("Pa : The likelihood that the molecule will exhibit the specified biological activity (or adverse effect))
(""Pi : The probability that the molecule will not exhibit the specified activity)

2.13. Prediction of Antibacterial Activity

Prediction of antibacterial activity is an in silico
(computer-based) tool used to predict the
biological activity profile of a molecule in a
computer environment. It predicts the likelihood
of structural chemical compounds exhibiting

specific biological activities using statistical
models and large databases. The aim here is to
predict the potential of a compound to exhibit
antibacterial (bactericidal or growth-inhibiting)
activity (Karim et al., 2024; Frisinger et al.,
2021). The prediction of antibacterial activity for
the molecules are given in Table 13.
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Table 13. The prediction of antibacterial activity for the molecules.

Molecule Bacteria Name Confidence Molecule Bacteria Name Confidence
Score Score
1 Yersinia pestis 0.7266 Nocardia nova 0.0489
Micrococcus luteus 0.4193 Pseudomonas fluorescens 0.0485
Mycobacterium mageritense 0.3496 Actinomyces meyeri 0.0473
Bacillus subtilis subsp. subtilis str. Aeromonas hydrophila 0.0466
168 0.3327 Salmonella typhi 0.0462
Burkholderia pseudomallei 0.2833 Providencia rettgeri 0.0440
Mycobacterium ulcerans 0.2781 Bacillus 0.0434
Staphylococcus simulans 0.2622 Mycobacterium intracellulare 0.0406
Acinetobacter pittii 0.2515 Clostridium sordellii 0.0404
Clostridium cadaveris 0.2410 Fusobacterium nucleatum 0.0386
Propionibacterium acnes 0.2091 Kocuria rhizophila 0.0383
Mycobacterium 0.2061 Mycobacterium bovis 0.0351
Clostridium ramosum 0.2005 Bacillus thuringiensis 0.0341
Mycobacterium bovis 0.1899 Eubacterium limosum 0.0291
Staphylococcus sciuri 0.1885 Mycobacterium marinum 0.0271
Streptococcus sanguinis 0.1826 Salmonella enterica subsp. enterica 0.0267
Staphylococcus lugdunensis 0.1563 Bacteroides stercoris 0.0255
Streptococcus mutans 0.1536 Bacteroides distasonis 0.0221
Bacillus subtilis 0.1488 Prevotella buccae 0.0221
Acinetobacter calcoaceticus 0.1379 Prevotella disiens 0.0221
Neisseria gonorrhoeae 0.1278 Capnocytophaga ochracea 0.0219
Streptococcus pneumoniae R6 0.1240 Staphylococcus epidermidis ATCC
Mycobacterium phlei 0.1238 12228 0.0133
Lactobacillus fermentum 0.1227 Prevotella bivia 0.0100
Chromobacterium violaceum 0.1206 Bacillus licheniformis 0.0093
Lactobacillus plantarum 0.1163 Micrococcus 0.0081
Fusobacterium sp. 0.1143 Streptococcus suis 0.0051
Chlamydia trachomatis 0.1024 Streptococcus oralis 0.0048
Salmonella enterica subsp. enterica 0.1015 Bordetella pertussis 0.0042
Porphyromonas gingivalis 0.0999 Pseudomonas tolaasii 0.0025
Staphylococcus simulans 0.0960
Bacillus subtilis 0.0949 Yersinia pestis 0.6596
Acinetobacter Iwoffii 0.0943 Mycobacterium ulcerans 0.3988
Nocardia transvalensis 0.0885 Micrococcus luteus 0.3857
Mycobacterium aurum 0.0876 Mycobacterium mageritense 0.3496
Listonella anguillarum 0.0753 Acinetobacter pittii 0.3469
Mycobacterium avium 0.0738 Clostridium ramosum 0.3369
Prevotella denticola 0.0706 Clostridium cadaveris 0.3331
Staphylococcus aureus subsp. aureus Bacillus subtilis subsp. subtilis str.
RN4220 0.0695 168 0.3133
Staphylococcus hominis 0.0680 Burkholderia pseudomallei 0.2833
Streptomyces coelicolor 0.0649 Chlamydia trachomatis 0.2642
Lactococcus lactis 0.0606 Staphylococcus simulans 0.2622
Staphylococcus haemolyticus 0.0589 Bacillus thuringiensis 0.2510
Helicobacter pylori SS1 0.0566 Mycobacterium bovis 0.2455
Staphylococcus hominis 0.0525 Bacteroides stercoris 0.2353
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Molecule Bacteria Name Confidence Molecule Bacteria Name Confidence
Score Score

Bacillus anthracis 0.2299 Bacteroides distasonis 0.0221
Lactobacillus plantarum 0.2167 Prevotella buccae 0.0221
Propionibacterium acnes 0.2091 Prevotella disiens 0.0221
Actinomyces meyeri 0.2005 Capnocytophaga ochracea 0.0219
Lactobacillus fermentum 0.1983 Mycobacterium scrofulaceum 0.0195
Staphylococcus sciuri 0.1885 Bacillus 0.0191
Mycobacterium 0.1857 Staphylococcus epidermidis ATCC
Mycobacterium marinum 0.1790 12228 0.0133
Fusobacterium sp. 0.1763 Prevotella bivia 0.0100
Bacillus subtilis 0.1700 Micrococcus 0.0081
Mycobacterium phlei 0.1673 Streptococcus suis 0.0051
Clostridium sordellii 0.1569 Streptococcus oralis 0.0048
Staphylococcus lugdunensis 0.1563 Salmonella typhi 0.0044
Streptococcus sanguinis 0.1478 3 Mycobacterium ulcerans 0.4274
Mycobacterium intracellulare 0.1428 Mycobacterium mageritense 0.4075
Acinetobacter calcoaceticus 0.1379 Yersinia pestis 0.3955
Bacillus subtilis 0.1343 Clostridium cadaveris 0.3902
Mycobacterium bovis 0.1191 Acinetobacter pittii 0.3597
Eubacterium limosum 0.1143 Micrococcus luteus 0.3553
Streptococcus mutans 0.1081 Bacillus subtilis subsp. subtilis str.
Chromobacterium violaceum 0.1046 168 0.3479
Salmonella enterica subsp. enterica 0.1015 Chlamydia trachomatis 0.3347
Porphyromonas gingivalis 0.0999 Staphylococcus simulans 0.3243
Staphylococcus simulans 0.0960 Bacillus thuringiensis 0.3166
Neisseria gonorrhoeae 0.0955 Bacillus subtilis 0.3137
Acinetobacter Iwoffii 0.0943 Propionibacterium acnes 0.2899
Nocardia transvalensis 0.0885 Clostridium ramosum 0.2752
Staphylococcus aureus subsp. aureus Streptococcus mutans 0.2347
RN4220 0.0761 Staphylococcus sciuri 0.2303
Listonella anguillarum 0.0753 Clostridium sordellii 0.2276
Fusobacterium nucleatum 0.0732 Bacillus anthracis 0.2195
Prevotella denticola 0.0706 Mycobacterium bovis 0.2164
Staphylococcus hominis 0.0680 Lactobacillus plantarum 0.1906
Streptomyces coelicolor 0.0649 Dialister micraerophilus 0.1729
Staphylococcus aureus subsp. aureus Dialister pneumosintes 0.1729
RN4220 0.0646 Eubacterium limosum 0.1639
Mycobacterium aurum 0.0629 Burkholderia pseudomallei 0.1615
Aeromonas hydrophila 0.0626 Staphylococcus simulans 0.1606
Lactococcus lactis 0.0606 Mycobacterium phlei 0.1574
Nocardia nova 0.0489 Staphylococcus lugdunensis 0.1515
Providencia rettgeri 0.0440 Bacteroides stercoris 0.1473
Bacillus licheniformis 0.0387 Lactobacillus fermentum 0.1444
Kocuria rhizophila 0.0383 Streptococcus sanguinis 0.1424
Helicobacter pylori SS1 0.0273 Fusobacterium sp. 0.1286
Staphylococcus hominis 0.0273 Actinomyces meyeri 0.1276
Salmonella enterica subsp. enterica 0.0267 Staphylococcus hominis 0.1233
Streptococcus pneumoniae R6 0.0253 Mycobacterium 0.1165
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Molecule Bacteria Name Confidence Molecule Bacteria Name Confidence
Score Score

Staphylococcus aureus subsp. aureus Streptococcus sanguinis 0.1796
RN4220 0.1114 Eubacterium limosum 0.1792
Corynebacterium jeikeium 0.1105 Actinomyces meyeri 0.1785
Acinetobacter calcoaceticus 0.1025 Mycobacterium phlei 0.1712
Porphyromonas gingivalis 0.1016 Staphylococcus lugdunensis 0.1689
Neisseria gonorrhoeae 0.1003 Staphylococcus simulans 0.1569
Mycobacterium bovis 0.0772 Lactobacillus fermentum 0.1544
Dialister propionicifaciens 0.0769 Staphylococcus aureus subsp. aureus
Mycobacterium marinum 0.0767 RN4220 0.1486
Mycobacterium intracellulare 0.0735 Dialister propionicifaciens 0.1470
Streptococcus oralis 0.0671 Nocardia transvalensis 0.1410
Listonella anguillarum 0.0568 Staphylococcus hominis 0.1371
Acinetobacter Iwoffii 0.0487 Acinetobacter calcoaceticus 0.1353
Chromobacterium violaceum 0.0423 Streptococcus oralis 0.1346
Staphylococcus aureus 0.0319 Porphyromonas gingivalis 0.1306
Streptomyces coelicolor 0.0304 Mycobacterium 0.1294
Aeromonas hydrophila 0.0263 Fusobacterium sp. 0.1163
Nocardia transvalensis 0.0262 Bacteroides stercoris 0.1131
Bacillus 0.0220 Neisseria gonorrhoeae 0.1055
Fusobacterium nucleatum 0.0208 Mycobacterium bovis 0.1054
Providencia rettgeri 0.0162 Acinetobacter Iwoffii 0.0955
Staphylococcus aureus subsp. aureus Mycobacterium intracellulare 0.0931
RN4220 0.0106 Mycobacterium marinum 0.0900
Mycobacterium ulcerans 0.4510 Bacillus 0.0776
Mycobacterium mageritense 0.4466 Aeromonas hydrophila 0.0741
Micrococcus luteus 0.4267 Fusobacterium nucleatum 0.0638
Yersinia pestis 0.4267 Listonella anguillarum 0.0604
Clostridium cadaveris 0.4264 Salmonella enterica subsp. enterica 0.0577
Bacillus subtilis 0.4132 Streptomyces coelicolor 0.0540
Acinetobacter pittii 0.3831 Staphylococcus aureus subsp. aureus
Chlamydia trachomatis 0.3679 RN4220 0.0513
Bacillus subtilis subsp. subtilis str. Chromobacterium violaceum 0.0508
168 0.3616 Prevotella denticola 0.0422
Clostridium ramosum 0.3314 Staphylococcus aureus 0.0404
Bacillus thuringiensis 0.3302 Legionella pneumophila 0.0385
Propionibacterium acnes 0.3208 Providencia rettgeri 0.0339
Staphylococcus simulans 0.3060 Staphylococcus epidermidis ATCC
Streptococcus mutans 0.2592 12228 0.0332
Clostridium sordellii 0.2575 Nocardia nova 0.0316
Mycobacterium bovis 0.2488 Coxiella burnetii 0.0295
Dialister micraerophilus 0.2452 Coxiella burnetii 0.0295
Dialister pneumosintes 0.2452 Streptococcus pneumoniae R6 0.0263
Bacillus anthracis 0.2183 Mycobacterium aurum 0.0259
Burkholderia pseudomallei 0.2154 Capnocytophaga ochracea 0.0210
Corynebacterium jeikeium 0.2130 Bacillus cereus 0.0180
Staphylococcus sciuri 0.2126 Staphylococcus hominis 0.0166
Lactobacillus plantarum 0.2103 Eggerthella lenta 0.0119
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Molecule Bacteria Name Confidence Molecule Bacteria Name Confidence
Score Score
Bacillus anthracis 0.0114 Bacteroides ovatus 0.1766
Kocuria rhizophila 0.0103 Mycobacterium mageritense 0.1739
Nocardia otitidiscaviarum 0.0092 Fusobacterium varium 0.1409
Micrococcus luteus 0.0080 Mycobacterium intracellulare 0.1408
Mycoplasma putrefaciens 0.0077 Burkholderia pseudomallei 0.1336
Staphylococcus haemolyticus 0.0069 Eggerthella lenta 0.1310
5 Bacteroides stercoris 0.5836 Pseudomonas fluorescens 0.1275
Clostridium ramosum 0.5534 Clostridium septicum 0.1240
Actinomyces meyeri 0.4819 Neisseria gonorrhoeae 0.1223
Clostridium cadaveris 0.4476 Porphyromonas gingivalis 0.0990
Mycobacterium ulcerans 0.4140 Acinetobacter calcoaceticus 0.0982
Prevotella disiens 0.3967 Bacteroides distasonis 0.0928
Acinetobacter pittii 0.3707 Staphylococcus simulans 0.0926
Bacillus anthracis 0.3496 Mycobacterium 0.0924
Chlamydia trachomatis 0.3491 Propionibacterium acnes 0.0918
Micrococcus luteus 0.3383 Bacillus subtilis 0.0863
Lactobacillus plantarum 0.3358 Streptococcus sanguinis 0.0725
Parabacteroides merdae 0.3311 Fusobacterium nucleatum 0.0694
Clostridium sordellii 0.3292 Bacillus licheniformis 0.0692
Bacillus thuringiensis 0.2895 Mycobacterium bovis 0.0645
Lactobacillus fermentum 0.2843 Prevotella intermedia 0.0509
Bacillus subtilis subsp. subtilis str. Bacillus cereus 0.0479
168 0.2834 Yersinia pseudotuberculosis 0.0468
Yersinia pestis 0.2706 Dialister micraerophilus 0.0446
Bacteroides uniformis 0.2701 Dialister pneumosintes 0.0446
Mycobacterium bovis 0.2646 Staphylococcus aureus subsp. aureus
Fusobacterium sp. 0.2489 RN4220 0.0341
Eubacterium limosum 0.2378 Anaerococcus prevotii 0.0332
Prevotella corporis 0.2357 Mycobacterium aurum 0.0294
Streptococcus pneumoniae R6 0.2258 Streptomyces coelicolor 0.0288
Porphyromonas asaccharolytica 0.2200 Peptostreptococcus micros 0.0284
Mycobacterium marinum 0.1989
Bacteroides caccae 0.1868 Bacillus anthracis 0.0244
Mycobacterium phlei 0.1860

(*Confidence Score > 0.7 (activity expected), 0.5 < Confidence Score < 0.7 (possible but weak activity
expected), Confidence Score < 0.5 (it is meaningless without experimental verification))

2.14. Prediction of Antifungal Activity

Serious health issues can result from fungal
infections, or mycoses, particularly in those with
compromised immune systems (such as cancer
patients, organ transplant recipients, and HIV-
positive people). These infections might have
potentially fatal consequences if they are not
treated right away. Fungal infections are
becoming a more serious issue on a worldwide

basis these days (Vitiello et al., 2023). Fungal
species that acquire resistance to existing
antifungal medications have fewer treatment
options and a greater need for novel antifungal
medicines. Therefore, a molecule's potent and
targeted antifungal activity is essential for both
clinical efficacy and resistance control during the
therapeutic development process (Pagano and
Marin Fernandez, 2025). The prediction of
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antifungal activity for the molecules are given in

Table 14.

Table 14. The prediction of antifungal activity for the molecules.

Molecule Fungal Name

Confidence Score”

1 Epidermophyton floccosum 0.4007
Trichophyton mentagrophytes 0.2978
Absidia corymbifera 0.1308
Rhizopus oryzae 0.1245
Aspergillus niger 0.1212
Trichosporon asahii 0.0566
Candida rugosa 0.0415
Candida dubliniensis 0.0058
2 Epidermophyton floccosum 0.4283
Trichophyton mentagrophytes 0.2952
Rhizopus oryzae 0.1906
Absidia corymbifera 0.1792
Aspergillus niger 0.1387
Trichosporon asahii 0.0871
Galactomyces geotrichum 0.0629
Candida rugosa 0.0580
Mucor 0.0426
Penicillium marneffei 0.0061
3 Epidermophyton floccosum 0.3666
Trichophyton mentagrophytes 0.2321
Rhizopus oryzae 0.2248
Absidia corymbifera 0.1696
Mucor 0.1488
Aspergillus niger 0.1117
Penicillium marneffei 0.0841
Candida rugosa 0.0440
Mucor hiemalis 0.0263
Trichosporon asahii 0.0247
4 Epidermophyton floccosum 0.4052
Mucor 0.2199
Absidia corymbifera 0.1671
Aspergillus niger 0.1295
Penicillium marneffei 0.1247
Mucor hiemalis 0.0722
Trichosporon asahii 0.0621
Candida rugosa 0.0594
5 Epidermophyton floccosum 0.2888
Galactomyces geotrichum 0.1240
Aspergillus niger 0.0973
Absidia corymbifera 0.0485
Mucor 0.0408
Rhizopus oryzae 0.0309

(*Confidence Score > 0.7 (activity expected), 0.5 < Confidence Score < 0.7 (possible but weak activity
expected), Confidence Score < 0.5 (it is meaningless without experimental verification))

2.15. Prediction of AntiHIV Activity

Millions of individuals worldwide are afflicted
with HIV/AIDS, a virus for which there is
currently no treatment. HIV is a major public
health concern, especially in sub-Saharan Africa,
Asia, and Eastern Europe, according to data from
the World Health Organization. Access to
treatment and the prevention of treatment
resistance are greatly aided by the introduction of

new and efficient anti-HIV  medications
(Payagala and Pozniak, 2024). In terms of
science and strategy, anti-HIV activity is a
crucial factor when choosing a molecule as a
potential medication. One of the most crucial
markers assessing the molecule's potential to aid
in treatment globally is its activity (Kumar et al.,
2021). The prediction of antiHIV activity for the
molecules are given in Table 15.
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Table 15. The prediction of antiHIV activity for the molecules.

Mol. Target Value of Applicability Comorbidity Pa Pi
Prediction Domain
(p1Cso”)

1 Protease 5.781 not in AD Antiinflammatory 0.811 0.005
(HIV-1) Antileukemic 0.602 0.009
Immunosuppressant 0.513 0.027
2 Protease 5.943 not in AD Antiinflammatory 0.872 0.004
(HIV-1) Antileukemic 0.619 0.008
Immunosuppressant 0.527 0.024
3 Protease 6.255 not in AD Antiinflammatory 0.836 0.005
(HIV-1) Antileukemic 0.544 0.013
Immunosuppressant 0.526 0.024
4 Protease 6.144 not in AD Antiinflammatory 0.874 0.004
(HIV-1) Antileukemic 0.517 0.015
Immunosuppressant 0.516 0.027
5 Protease 5.431 not in AD Antiinflammatory 0.776 0.005

(HIV-1)

(*pICso>8 (very strong activity), 6<plCso<8 (strong activity), 5<plCso<6 (moderate activity), plCso<5 (weak or

negligible activity))

2.16. Prediction of Antiviral Activity

Because of their great contagiousness, viral
diseases can cause a pandemic. Millions of
individuals worldwide suffer from these
infections, for which there is now no proven cure
or, in many situations, very few available
options. Strategically, new compounds with
potent antiviral activity are crucial for both
containing existing outbreaks and getting ready
for new ones (Gongalves et al., 2021). Antiviral
activity is confirmed in the preclinical stage
using in vivo animal models and in vitro cell

culture assays. One of the main requirements for
moving a chemical to the next stage of clinical
trials is high antiviral activity (Szczech, 1996).
From a scientific, clinical, and strategic
standpoint, antiviral activity is one of the most
crucial markers for judging a molecule's
suitability as a potential medication. Both the
ability to fight worldwide pandemics and the
success of treatment depend on strong antiviral
potency (Xiao et al., 2020). The prediction of
antiviral activity for the molecules are given in
Table 16.

Table 16. The prediction of antiviral activity for the molecule.

Molecule Virus Protein Target Confidence Score”
Varicella-zoster virus

1 (strain Dumas) (HHV-3) DNA polymerase 0.2137
(Human herpesvirus 3)
Vaccinia virus
(strain Western Reserve) (VACV) DNA polymerase 0.3899
(Vaccinia virus (strainWR))
Severe acute respiratory syndrome Replicase 0.4087
coronavirus 2 polyprotein 1ab
Middle East respiratory syndrome-
related coronavirus (isolate Replicase
UnitedKingdom/H123990006/2012) Iorotein 1ab 0.0589
(Betacoronavirus England 1) polyp
(Humancoronavirus EMC)
Macacine herpesvirus 1 Thymidine kinase 0.0505

Human

Human immunodeficiency virus 2 immunodeficiency 0.3839

virus type 2 integrase
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Table 16 (continued)

Human herpesvirus 6A
(strain Uganda-1102)

Human herpesvirus 6

(HHV-6 variant A) DNA polymerase 0.0103

(Human Blymphotropic virus)

Herpes simplex virus Human herpesvirus 1 0.2137

(type 1/strain 17) DNA polymerase

Dengue virus type 2 Genome polyprotein 0.3056

Coxsackievirus B3 (strain Nancy) Genome polyprotein 0.0644

Dengue virus type 2 Genome polyprotein 0.3431

Vaccinia virus (strain Western

Reserve) DNA polymerase 0.3168

(VACV) (Vaccinia virus (strainWR))
Human

Human immunodeficiency virus 2 immunodeficiency 0.2413
virus type 2 integrase

Varicella-zoster virus (strain Dumas)

(HHV-3) (Human herpesvirus 3) DNA polymerase 0.2137

Herpes simplex virus Human herpesvirus 1 0.2137

(type 1/strain 17) DNA polymerase '

Severe acute respiratory syndrome Replicase 0.1884

coronavirus 2 polyprotein 1ab '

Middle East respiratory syndrome-

related coronavirus (isolate Replicase

UnitedKingdom/H123990006/2012) Iorotein 1ab 0.0589

(Betacoronavirus England 1) polyp

(Humancoronavirus EMC)

Coxsackievirus B3 (strain Nancy) Genome polyprotein 0.0562

Macacine herpesvirus 1 Thymidine Kinase 0.0505
Human

Human immunodeficiency virus 1 immunodeficiency 0.0498
virus type 1 integrase

Human herpesvirus 6A (strain Human herpesvirus 6

Uganda-1102) (HHV-6 variant A) DNA pol 0.0103

A polymerase

(Human Blymphotropic virus)

Vaccinia virus (strain Western

Reserve) DNA polymerase 0.1705

(VACV) (Vaccinia virus (strainWR))

Varicella-zoster virus (strain Dumas) DNA polymerase 0.1476

(HHV-3) (Human herpesvirus 3) '

Herpes simplex virus Human herpesvirus 1 0.1476

(type 1/ strain 17) DNA polymerase '
Human

Human immunodeficiency virus 2 immunodeficiency 0.0801
virus type 2 integrase

Severe acute respiratory syndrome Replicase 0.0667

coronavirus 2 polyprotein lab '

Middle East respiratory syndrome-

related coronavirus (isolate Replicase

UnitedKingdom/H123990006/2012) IVorotein 1ab 0.0595

(Betacoronavirus England 1) polyp

(Humancoronavirus EMC)

Dengue virus type 2 Genome polyprotein 0.0351

g(t)rxasﬁcllillgxlcryu)s B3 Genome polyprotein 0.0285

Macacine herpesvirus 1 Thymidine kinase 0.0083
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Table 16 (continued)

Vaccinia virus (strain Western

4 Reserve) DNA polymerase 0.1521
(VACV) (Vaccinia virus (strainWR))
Varicella-zoster virus (strain Dumas)
(HHV-3)(Human herpesvirus 3) DNA polymerase 0.1468
Herpes simplex virus Human herpesvirus 1 0.1468
(type 1/ strain 17) DNA polymerase
Middle East respiratory syndrome-
related coronavirus (isolate Replicase
UnitedKingdom/H123990006/2012) IVorotein 1ab 0.0914
(Betacoronavirus England 1) polyp
(Humancoronavirus EMC)
Severe acute respiratory syndrome Replicase 0.0759
coronavirus 2 polyprotein 1ab '
Coxsackievirus B3 (strain Nancy) Genome polyprotein 0.0407
Dengue virus type 2 Genome polyprotein 0.0359
Macacine herpesvirus 1 Thymidine kinase 0.0107
5 Dengue virus type 2 Genome polyprotein 0.3795
Severe acute respiratory syndrome Replicase 0.2193
coronavirus 2 polyprotein 1ab '
Vaccinia virus (strain Western
Reserve) DNA polymerase 0.2100
(VACV) (Vaccinia virus (strainWR))
Human
Human immunodeficiency virus 2 immunodeficiency 0.2048
virus type 2 integrase
Varicella-zoster virus (strain Dumas)
(HHV-3) (Human herpesvirus 3) DNA polymerase 0.0938
Herpes simplex virus Human herpesvirus 1 0.0938
(type 1/strain 17) DNA polymerase '
Infectious bronchitis virus 3C-like protease 0.0134

(*Confidence Score > 0.7 (activity expected), 0.3 < Confidence Score < 0.7 (possible but weak activity
expected), Confidence Score < 0.3 (it is meaningless without experimental verification))

2.17. Prediction of Interaction with Tumor
and Non-Tumor Cell Lines

Early evaluation of a molecule's safety (risk of
damaging normal cells) and efficacy (antitumor
potential) is made possible by prediction of
interaction with tumor and non-tumor cell lines.
From a scientific and strategic standpoint, this
characteristic is one of the most important
selection factors in the medication development
process. One of the most important markers for
identifying a molecule’s potential as an

anticancer medication candidate is its cytotoxic
activity against various tumor cell lines (Menden
et al., 2013). While certain compounds may have
broad-spectrum activity, others may only be
useful against particular forms of cancer. The
clinical development approach is determined by
this distinction. Time and money losses are
avoided by removing molecules early on that do
not exhibit significant action in tumor cell lines
(Zhong et al., 2021). The prediction of
interaction with tumor and non-tumor cell lines
for the molecules are given in Table 17.
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Table 17. The prediction of interaction with tumor and non-tumor cell lines for the molecules.

Mol. Result Pa Pi Cell-line Cell-line full name Tissue Tumor Type

1 RI" 0506 0.056 Hs 683 Oligodendroglioma Brain Glioma

RI 0516 0.021 WI-38 VA13 Embryonic lung Lung -
fibroblast

2 RI 0.506 0.056 Hs 683 Oligodendroglioma Brain Glioma
RII - - - - - -

3 RI - - - - - -
RII - - - - - -

4 RI - - - - - -
RII - - - - - -

5 RI - - - - - -
RII - - - - - -

("RI : Cancer cell line prediction result, "RII : Non-tumor cell line prediction result; Only Pa>0.5 values are

included in this table.)

3. Result and Discussion

All  molecules exhibited molecular weights
between 270.28 and 358.39 g/mol, which fall
within the optimal range for orally active drug
candidates. Topological polar surface area
(TPSA) values ranged from 58.92 to 77.38 A2,
indicating  favorable  passive  membrane
permeability and a potential for central nervous
system  (CNS) penetration. LogS and
melting/boiling point values were compatible
with drug-like chemical space. Consensus LogP
values were between 2.53 and 4.35, reflecting
moderate-to-high lipophilicity. Molecules 3 and
4 were the most lipophilic derivatives. These
values are consistent with efficient membrane
permeability and are compatible with CNS-
targeting requirements, which is a desirable
feature for Huntington’s disease (HD)
therapeutics.

Predicted aqueous solubility ranged from soluble
to poorly soluble. Molecules 1 and 2 showed
higher solubility, while molecule 4 was classified
as poorly soluble by most models. Despite this,
all compounds remained within a range
compatible with oral formulation strategies.
Molecules 3 and 4 presented moderate-to-low

solubility,  consistent  with  their  higher
lipophilicity. All molecules demonstrated high
predicted gastrointestinal absorption and blood—
brain barrier permeability, suggesting potential
oral bioavailability and CNS exposure. Caco-2
and MDCK permeability values indicated
favorable passive diffusion characteristics. P-gp
substrate probabilities were moderate to high,
indicating partial involvement of efflux transport.
Plasma protein binding was high for all
molecules, particularly molecules 3 and 4 (>
94%), while the unbound fraction was lowest for
molecule 4. VDss values indicated moderate
tissue distribution. Together, these data support
the suitability of the molecules for CNS-targeted
drug development.

All  compounds exhibited interaction with
multiple CYP isoenzymes. Molecules 3 and 4
showed a high probability of being substrates of
CYP2C19 and CYP2C9, suggesting hepatic
metabolism as the dominant clearance route.
HLM stability values were highest for molecules
3 and 4, indicating good metabolic stability.
Predicted plasma clearance values were
moderate and elimination half-life values were
close to unity across all molecules, suggesting no
extreme accumulation risk.
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No molecule exhibited strong hERG inhibition
tendencies. All  compounds showed non-
mutagenic profiles in AMES predictions and
acceptable levels of predicted hepatotoxicity and
nephrotoxicity. Rat acute toxicity models
classified most molecules into toxicity class 4 or
5 via oral route, consistent with low acute
toxicity risk. The ProTox-3.0 radar chart shows
the compound's predicted toxicity profile and
emphasizes that it is generally safe, with only

carcinogenicity, and strong BBB penetration
(Rajaraman et al., 2025). Therefore, the ProTox-
3.0 radar chart for molecule 3 was created using
the distribution of molweight graphy and dose
distribution graphy on the ProTox-3.0 toxicity
predictions (Manivannan et al., 2025) website,
which show the molecular weight distribution of
drug-like compounds and the position of your
compound in this distribution. The obtained
radar and graphs are given in Figure 2.
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Figure 2. For molecule 3, which I have identified as the promising candidate molecule, ProTox-3.0
radar plot (a), distribution of drug-like compounds (b) and the position of molecule 3 in this
distribution (c).
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When the toxicity and biological target
probabilities shown in the radar chart are
evaluated together, it is seen that the molecule
has a generally acceptable safety profile, but it
shows moderate risk signals, particularly in
terms of hepatotoxicity, nephrotoxicity, and
neurotoxicity. The high probability value for
BBB permeability indicates that the molecule has
a high potential to cross into the central nervous
system. While this is advantageous for the
treatment of neurodegenerative diseases such as
Huntington's disease, it necessitates careful
monitoring of the potential risk of neurotoxicity.
Furthermore, the moderate likelihood of
interactions with certain nuclear receptors and
stress response pathways indicates the molecule's
potential to bind to multiple biological targets.
These findings suggest that the molecule
possesses strong candidate properties but
necessitate further in vitro and in vivo validation
studies regarding liver and nervous system
safety.

According to the graph, your compound is within
the main cluster of commonly developed
pharmaceutical candidates and is located in a
region that is quite favorable for drug
development in terms of molecular weight.

The dose distribution graph generated by
ProTox-3.0 shows that most compounds are
concentrated in the low and medium dose ranges.
In particular, the distinct peak observed around
300-500 mg/kg suggests that a significant
portion of the compounds in the database have
relatively high acute toxicity potential. At high
dose ranges (>2000 mg/kg), the percentage of
compounds decreases significantly.

values indicated
potential  and

Environmental
moderate  bioaccumulation
acceptable aquatic toxicity levels. Tox21
pathway analysis suggested interaction with
AhR, ER and stress response pathways, but no
dominant activation of highly adverse molecular
pathways.

toxicity

All molecules satisfied Lipinski, Ghose, Veber,
Egan and Muegge rules, confirming favorable

drug-likeness. QED values were highest for
molecules 3 and 5. Synthetic accessibility scores
indicated feasible synthesis routes. All
compounds showed lead-likeness except for
molecules 3 and 4 due to higher lipophilicity and
molecular size.

PASS predictions revealed that all molecules
possess moderate antibacterial and antifungal
potential, particularly against Yersinia pestis,
Mycobacterium  ulcerans,  Epidermophyton
floccosum, and Trichophyton mentagrophytes.

All  compounds showed moderate-to-strong
predicted anti-HIV protease inhibitory activity,
with molecule 3 exhibiting the highest plC50
value. Antiviral activity against DNA
polymerase and RdRp of several viruses
including SARS-CoV-2 and dengue virus was
also observed at moderate probability levels.
Overall, across all ADMET and bioactivity
parameters, molecule 3 demonstrated the most
balanced and favorable profile.

An analysis of the data in Table 17 revealed that
molecules 3, 4, and 5 did not exhibit any
significant biological activity in any of the tested
cell lines that met the criterion of Pa > 0.5.

4. Conclusion

When all results were evaluated, it was
concluded that molecule 3 (2,7-diethyl-3,8-
dimethyl-5,10-dihydrochromenol[5,4,3-
cde]chromene-5,10-diol) promising candidate for
use in the treatment of Huntington's disease. The
fact that the results obtained are parallel to those
of previous studies confirms our hypothesis. In
addition to these studies, information about
molecules can be further expanded by examining
many more parameters theoretically.
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