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Abstract Drug-like compounds can be defined as compounds having a structure and physicochemical
properties similar to a known drug, assuming that both act on the same target protein. Currently,
drug-likeness is defined by several molecular parameters (viz., aqueous solubility, octanol-water partition
coefficient, polar surface area, number of rotation bonds, etc.) related to drug absorption, distribution,
metabolism, excretion, and toxicity. This study investigates the diversity evaluation based on the
physicochemical properties of drug-like compounds obtained through PubChem BioAssays, and the
screening priority of compounds for various target proteins. Physicochemical properties and ADMET
molecular descriptors were calculated from the 2D structures of 11,144 compounds within the PubChem
database. This allowed for measuring the drug potential (QED score, Lipinski, and Veber et al.) of
compounds and prioritizing them by evaluating their drug-likeness based on the physicochemical
characteristics and molecular structural diversity. As a case study, compounds with similar
physicochemical properties and structures to the active compound of antiglaucoma drugs (AL-3750A,
serotonin 5HT2 receptor regulation) were discovered without prior information regarding the target
protein. Among the top 5% of similar compounds, those with structural similarities were found to play
a role in regulating the production and degradation of melatonin (including serotonin), while compounds
with similar physicochemical properties were determined to have different structures and functions.
Thus, our results indicate that diversity evaluation based on the physicochemical properties of drug-like
compounds can be applied to classify compounds into groups and can be used to discover and optimize
lead compounds with diverse structures.
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Fig. 1. ADMET properties depended on many factors such as molecular structures and physicochemical
properties of drug-like molecules, their interactions with some proteins (e.g. transporters, enzymes,
receptors), contribute to the pharmacokinetics.
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‘ Step 1 H Data collection of 11,144 drug-like molecules from PubChem database ‘

$

‘ Step 2 ‘ ‘ Generation of 2D, 3D-molecular structures under CVFF force field ‘

B

Step 3

Calculation of ADMET and molecular descriptors
from molecular structures

1

‘ Step 4 ‘ ‘ Design and Analyze libraries of drug-like molecules ‘

¥

‘ Step 5 ‘ ‘ Find diverse molecules or similar molecules by numeric properties ‘

Fig. 2. Schematic diagram of clustering a set of drug like molecules into subsets with similar properties based
on the root mean square (RMS) differences of both ADMET and molecular descriptor properties.
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Table 1. Aqueous solubility levels from computed
logSw molecular descriptor[26]
Level Value Description
0 logSw < -8.0 Extremely low
1 -8.0 < logSw ¢ -6.0 No, very low, but possible
2 -6.0 < logSw ¢ -4.1 Yes, low
3 -4.1 { logSw < -2.0 Yes, good
4 -2.0 < logSw = 0.0 Yes, optimal
5 0.0 < logSw No, too soluble
Molecules with one or more
6 -1000 unknown AlogP98 types
Tk £ RelE BARARE 2X5E e ) 9]
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Table 2. Four prediction level of human intestinal
absorption from computed properties[18]

Level Value Description
0 Absorption 2D-T2 < 6.1261 Good
(inside 95%) absorption
1 6.1261 = Absorption 2D-T2<{ 9.6026 Moderate
(inside 99%) absorption
2 9.6026<Absorption 2D-T2 Low
(outside 99%) absorption
3 2D-PSA=150.0 or Alogp98=-2.0 or Very low
AlogP98=7.0 absorption

Table 3. Four prediction level with logBBB values

within the 95% and 99% confidence
ellipsoids[28]
Level Value Description
0 l0gBBB 20.7 Very high
penetrant
1 0= logBBB (0.7 High
penetrant
2 -0.52 ¢ logBBB <0 Medium
penetrant
3 logBBB = -0.52 Low penetrant
4 Undefined level Undefined
ohEgAl FgEel okms AAek dolA Al

(metabolism)Z-8-& Bz (volume of distribution)
o F3t=ly oFEo] k7|9 HAE(clearance)Z A&
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o] Sith. © UolrbA, A& e H2E B9 A==
S grEd L 7 A9 g og FE o] gk
o|¥ oA AL ZHE-2 AccerylsAtY] Metabolism
3RME HolEHolAE &3 A4 719k rulesel sf
Bayesian learning WO 2 2D-EALZZEE Afo]
E3F P450(CYP450) o]4f 4 2D6 (CYP2D6) A3h
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SFRTH27].
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Table 4. Computed properties and their descriptions of ADMET molecular descriptors

Properties Description
2D-PSA 2D-Fast polar surface area[24]
AlogP98 Atom-based logP of the octal-water partition coefficient[27]
. The base 10 logarithm of molar solubility expressed as a logS, where S is the solubility in mol/L predicted by
Solubility .
the regression model[26]
pKa The pka of all ionizable sites [15]

Blood Brain Barrier
(BBB)

Base to logarithm of (brain concentration)/ (blood concentration) as predicted by a robust (least-median-of
squares) regression derived from literature in vivo brain penetration data[28]

CYP2D6

Bayesian score from the cytochrome P450 2D6 (CYP2D6) model[25]

Hepatotoxicity

Bayesian score from the hepatotoxic model[30]

Plasma Protein
binding (PPB)

Bayesian score from the plasma protein binding model[25,31]

W50 SERILE 53T Hle|AIQt Ha(Bayesian score) 2
Alststoict. ojdf, Ho]Qt =9] Fho] 0.1617]F2&
7t 5}3kEo] CYP2D6 f49 ASiA|Z 28 71673 R/
F(Bayesian score » 0.161 then true, or Bayesian
score € 0.161 then false)& ZAXotAtHTable 4).

3RHEY 2D-EARE o]8sto] EEakerd 4
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A 7k A3 5ol ZAEIUAE 3L Bayesian
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Table 5. Computed molecular properties and their descriptions of QED (Quantitative Estimate of Drug-likeness)

Properties Description
Quantitative Estimate of Drug-Likeness (QED) is calculated [32], when the default weight factors for QED_MW,
QEDy QED_AlogP, QED_HBA, QED_HBD, QED_PSA, QED_ROTB, QED_AROM, and QED_ALERTS are 0.60, 0.46, 0.05,

0.61, 0.06, 0.65, 0.48, and 0.95, respectively.

QED_unweighted

Unweighted estimate of drug likeness (desirability) score.

QED_MW Molecular weight contribution to the QED score.
QED_AlogP AlogP contribution to the QED score.
QED_HBA Hydrogen bond acceptor contribution to the QED score.
QED_HBD Hydrogen bond donor contribution to the QED score.
QED_PSA Polar surface area contribution to the QED score.
QED_ROTB Contribution to the QED score from the number of rotatable bonds.
QED_AROM Contribution to the QED score from the number of aromatic rings.
QED_ALERTS Contribution to the QED score from the number of undersible substructures found in the molecule, which is

calculated based on a list of 113 SMARTS queries.

52 Agdo] HlAFh T} 1(HE ETsiey 44 23 |
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Fig. 3. Physicochemical profiles of the 11,144 compounds from Pubchem DB with histogram of some
commonly used molecular descriptors(i.e. AlogP98, 2D-PSA, logSw) with a red or blue star to highlight
the accepted values of properties (a) on the corresponding descriptors and (b) on the cutoff Bayesian

scores after oral administration.
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Fig. 4. The predicted profiles of human intestinal absorption and blood-brain penetration in the 11,144

compounds from PubChem DB, as well as 95% and 99% confidence ellipses in the ADMET_2D-PSA,

ADMET_AlogP98 plane.
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Fig. 5. Weighting dependencies of QED. (a) Scatter plot of between weighted and unweighted QED scores for
the set of 11,141 small molecules ranked in order. (b) Variation in between QED scores, due to different

weighting eight QED descriptors.

Table 6. Comparison between weighted and unweighted QED values corresponding number and percentage
of 11,141 molecules with respected to the PubChem BioAssays database.

Number(Percentage %) of molecules . Number(P.ercentage %) of
QED,, values in the PubChem BioAssays DB QED_unweighted values molecule.s in the PubChem
BioAssays DB
> 0.90 118(1.06) > 0.90 202(1.81)
> 0.80 762(6.84) » 0.80 844(7.58)
> 0.70 1,101(9.88) > 0.70 1,129(10.13)
> 0.60 1,103(9.90) > 0.60 1,147(10.30)
> 0.50 1,175(10.55) > 0.50 1,201(10.78)
> 0.40 1,253(11.25) > 0.40 1,204(10.81)
» 0.30 3,543(31.82) > 0.30 986(8.85)
> 0.20 738(6.62) > 0.20 3,100(27.82)
> 0.10 530(4.76) > 0.10 482(4.33)
> 0.00 816(7.32) » 0.00 846(7.59)
Total 11,141(100.00) Total 11,141(100.00)
(http//www.ebi.ac.uk/chembldb)oll ZFo] € 5x10°7] & L4LE AAsH| Y AL_stgrt. PubChem
g SFtEE2 Hat QED Mo 0.404°1th 3 BioAssays©ll XM 11,1447] 3lbE FolM 42
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Fig. 6. Pair-wise correlation matrix for 8
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(QED H47h AtF o2 &2 &AE 7H7) Ex25 4
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Fig. 7. Ranked ordered weighted QEDw scores containing the equation coefficients for each principle
component on the selected 8 molecular descriptors across 11,144 compounds.
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Table 7. Filter by Lipinski and Veber rules for
drug-llikeness
Rule Parameter Pass Fail
- Molecular weight no more than
500(MW<500)
Lipinski | ~ LogP no more than 5(logP<5) 0.433 | 1711
[94] - No more than 5 hydrogen bond 84.65% |(15.35%)
donors(HBD<5) : :
- No more than 10 hydrogen
bond acceptors(HBA<10)
- No more than 10 rotatable
bonds(RB <10)
- Polar surface area no more
Veber 2 2 9.177 | 1.967
than 140A%(PSA<140A7) ’ A
5] - No more than 12 hydrogen (82.35%)|(17.65%)
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(HBD + HBA <12)
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Reference compound 154

Synonyms : AL-37350A
QEDw : 0.83
Molecular weight : 230.31g/mol

QEDw : 0.84

logP : 2.44 logP : 2.47
HBD : 3 HBD : 2
HBA: 3 HBA: 3

Dissimilar distance : 0

Synonyms : OG-L002

Molecular weight : 225.28g/mol

Dissimilar distance: 0.012

[Top 2. compound 8149 |
'[i\;\\
L=

Synonyms : GTPL8149

QEDw : 0.52

Molecular weight : 286.71g/mol
logP : 2.39

HBD : 2

HBA: 4

Dissimilar distance: 0.065

Synonyms : UCM724

= QEDw: 0.91 QEDw : 0.69
= Molecular weight : 296.4g/mol

* logP: 3.00 logP : 2.63

= HBD:3 HBD : 3

= HBA: 4 HBA: 3

Dissimilar distance : 0.071

Synonyms : SKF-38393

Molecular weight : 255.31g/mol

Dissimilar distance : 0.071

Synonyms : GTPL3081

QEDw : 0.92

Molecular weight : 275.4g/mol
logP : 2.70

HBD : 1

HBA: 3

Dissimilar distance : 0.074

Fig. 9. The high ranked similar molecules on the basis of distance matrices from physicochemical properties
for all pairs of 11,144 compounds to the reference compound 154, without any kind of a priori

knowledge about the molecules.
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Reference compound 154
™ _
~ M
1)
* Synonyms : AL-37350A
QEDw : 0.83
+ Tanimoto index : 1.000

+ Synonyms : 5-HEAT
. QEDw:0.727
+ Tanimoto index : 0.717

+  Synonyms : Melatonin

+ QEDw: 0.840
+ Tanimoto index : 0.709

5-hydroxyl-L-

e Serotonin

L-tryptophan —

*  Synonyms : Alpha-methyl-5HT
+ QEDw: 0.674
+ Tanimoto index : 0.689

—_—

+ QEDw: 0.854
+ Tanimoto index : 0.695

N-acetyl-
serotonin

——  Melatonin

5-methoxytryptamine
(Mexamine)

= Synonyms : Mexamine
* QEDw:0.771
* Tanimoto index : 0.689

Fig. 10. The structural similarity of compounds within the 5th priority calculated by the Tanimoto index,

compared to reference compound 154.
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Fig. 11. A set of 11,144 molecules into 10 clusters of

molecules based on maximal dissimilarity
partitioning.
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