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Introduction

Inflammation is a serious public health concern affecting over 1.5 billion people worldwide [1]. Its symptoms include heat,
pain, redness, swelling, and loss of function [2]. It is associated with many chronic diseases, such as diabetes, cancer,
cardiovascular, respiratory, and autoimmune diseases [3-6]. These debilitating conditions have consequential ramifications on
the patient’s quality of life [7, 8].

One of several mechanisms of action of anti-inflammatory drugs involves the inhibition of arachidonic acid metabolism, which
is mediated by cyclooxygenase (COX) enzymes, particularly COX-1 and COX-2 [9-12]. These two isozymes are almost
identical sequence-wise that only differ in the replacement of isoleucine at position 523 in COX-1 with valine in COX-2 [13].
Isoleucine is bigger than valine and consequently blocks the bulkier molecules (that easily bind with COX-2) from entering
the sterically hindered side binding pocket of COX-1.

COX-1 is a constitutive enzyme [14] that is crucial in maintaining tissue homeostasis and is particularly responsible for the
production of natural mucus lining that protects the inner stomach [15, 16]. A drug that inhibits COX-1 would likely manifest
adverse effects such as gastric ulceration due to reduced production of cytoprotective prostaglandins in the stomach. In
contrast, the inducible COX-2 [14] is expressed only in cells with inflammation. Therefore, those drugs that selectively act on
COX-2 would not cause the side effects associated with COX-1 inhibition [17].

The traditional NSAIDs are non-selective; that is, they work by inhibiting the activity of both COX-1 and COX-2. The newer
NSAIDs, particularly the so-called “coxibs™ [18-20], are remarkably selective to COX-2. In general, the available NSAIDs in
the market have an array of undesirable side effects specific to a particular drug [21, 22]. Thus, the discovery of new classes
of anti-inflammatory compounds with only minimal or mild side effects is still an active area of research.

A prudent technique in drug discovery involves designing or discovering new chemical structures based on known active
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compounds. It entails the development of quantitative models of biological activity as a function of molecular properties. An
increasingly becoming popular classification technique is Random Forest (RF) [23]. This machine learning algorithm works
by consolidating the outputs of multiple decision trees, i.e. forest, to determine the classification of, for example, compounds
as active or inactive against a certain molecular target. RF has been successfully applied in mining biological [24, 25] and
medical [26, 27] data. In this work, a Random Forest (RF) model was established and then applied to two external sets of
compounds the Derivatives and the Similars, which were derived from or structurally similar to known COX-2-acting NSAIDs,
respectively.

Materials and Methods

The compounds with experimental COX-2 inhibitory data were gathered from online literature using keywords such as COX
inhibitors, cyclooxygenase inhibitors, COX1/COX2 compounds, and the like. The range of collected articles was found to
have been published during the period from 1997 to 2019. The compounds were pre-assigned to two groups based on their
ICso value: Active (ICso < 10 uM) and Inactive (ICso > 10 puM). ICso is the compound concentration at which the original
enzyme activity is reduced to half.

The optimization of the compound structures and the calculation of their properties were performed in a PC running on
Microsoft Windows 7 Professional 64-bit OS using a 3.50-GHz Intel® Core™ i7-4770K processor with 8.00-GB RAM. The
data processing and analysis were performed in a machine with macOS Catalina operating system, 3.1-GHz Dual-Core Intel
Core i7 processor, and 16-GB RAM. ChemDraw Professional 16.0 (www.perkinelmerinformayics.com) was used to draw the
chemical structures, which were saved as structure-data files (.sdf). Discovery Studio (DS) version 4.0 (Biovia, Inc.) was used
to convert the 2D to 3D structures and optimize them at the molecular mechanics level using the Dreiding force field [28]. The
molecular descriptors were calculated using Spartan 16 (www.wavefun.com) and DS 4.0 software.

All data modeling and data analyses were done using RapidMiner Studio 9.7.001 (www.rapidminer.com). At the onset, a set
of 276 compounds (20% of the dataset) was set aside for the test set and the remainder was allocated for the train set. In training
the model a 2-fold validation was employed, i.e., only 80% of the train set was used for fitting the initial model and the
remaining 20% for the validation set was used in tuning the hyperparameters. Then the optimized random forest model was
trained on the full train set of 1104 compounds. Model accuracy, specificity, sensitivity, and AUC were used as evaluation
tools.

The RF model was applied to two external sets, the Derivatives, and Similars, to predict their compound activity. The
Derivatives emanated from the scaffold of the top 5 families with the most number of compounds. The Similars are compound
hits from the library of bioactive compounds (ChEMBL) and the druglike compounds in the ZINC database as outputs of
similarity search using the SwissSimilarity (www.swisssimilarity.ch) tool and with the most active compound in each family
of inhibitors as query molecule. The chemical structures of the compounds were generated, their molecular properties
calculated, and then their compound classes were predicted by the RF model.

The ADMET (absorption, distribution, metabolism, excretion, toxicity) properties of the predicted active compounds were
determined in silico using the ADMET and TOPKAT protocols in DS. The QED (Quantitative Estimate of Druglikeness) scores
were also calculated in DS using the Calculate Molecular Properties protocol. SwisSADME (http://www.swissadme.ch) was
used to determine the Synthetic Accessibility (SA) scores.

The molecular geometry of the top hits was optimized at the semi-empirical PM3 level using the equilibrium conformer as
starting structure. Each structure was saved as a pdb file. On the other hand, 100-ns Molecular Dynamics simulations [29]
were performed on the COX-2 enzyme target (PDB ID: 51KR) and the equilibrated structure was used in subsequent Molecular
Docking studies with the use of Autodock Vina [30] in PyRx (www.pyrx.sourceforge.io).

Results and Discussion

The similarity in the method [14] of experimental COX-2 activity measurement was the primary consideration in selecting the
journal articles from which the compounds were collected. Table 1 shows the list of families of compounds that were gathered
from 66 accounts obtained from 6 prominent scientific journals [31]. The 59 families constituted the 1380 collected
compounds, of which 929 (67%) were considered COX-2 actives and 451 (33%) compounds were inactive.

Over 400 molecular descriptors were calculated for each compound. The Discovery Studio suite furnished 397 descriptors of
which 333 are 2D and 64 are 3D descriptors. The Spartan 16 software contributed 28 descriptors; 9 molecular, 14 QSAR, and
five thermodynamic. After data cleaning and removing descriptors with several NAN (not a number) entries and those with
practically constant values, the number of variables was reduced to 184.

Table 1. Compounds by Family and by Experimental COX-2 Inhibitory Activity, from literature, published 1997-2019

No. Family Actives Inactives Total
1 1,2-Diarylpyrroles 23 17 40
2 1,2-Diarylimidazoles 82 13 95
3 1,2-Arylhetero-arylimidazoles 37 11 48
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4 1,2-Diarylcyclopentenes 44" 4 48
5 Terphenyls 42 7 49
6 1,5-Diarylpyrazoles 77 31 108
7 Diarylspiro[2.4]alkenes 33 1 34
8 4,5-Diarylisoxazoles 3 0 3

9 Pyrazoles 12 0 12
10 Pyrazolopyrimidine 18 0 18
11 Celecoxib-Tolmetin hybrids 11 0 11
12 Pyrazole Derivatives 11 9 20
13 Tetrazoles 4 17 21
14 Cyclic imides 16 45 61
15 Dihydropyrazoles 20 7 27
16 Pyrazole-Thiadiazole hybrids 12 6 18
17 Hydrazones, Pyrazoles 11 8 19
18 Pyrazoles, Salicylamides, Pyrazolo[1,2-a]pyridazines 6 5 11
19 Indoles 5 5 10
20 Benzoxazole benzamides 27 3 30
21 Pyrazolones 11 0 11
22 Triarylpyrazolines 16 0 16
23 Quinoline-2-carboxamides 14 0 14
24 Naproxene derivatives 14 0 14
25 Chalcones 12 0 12
26 Indoles, standards 5 1 6

27 Isoindolines 12 0 12
28 Pyrazolo[3,4-b]pyridines 24 0 24
29 Indole-3-glyoxamides 21 0 21
30 Dihydro-pyrazolyl-thiazolinones 15 5 20
31 1,5-diarylpyrazole-Chrysin hybrids 30 0 30
32 2-Imidazolines 15 15 30
33 Tetrahydropyrans 2 5 7

34 Benzenesulfonamides, Benzisothiazolones 14 0 14
35 Pyrazoles 8 8

36 Phenylazobenzenes 9 12
37 Alkyldiaryl (E)-olefins 1 5

38 Mercaptobenzothiazole-oxadiazole hybrids 9 12 21
39 Carboximidamides, Aryloxadiazoles 12 0 12
40 Triazine-4-aminophenyl-morpholine-3-ones 14 22
41 Diarylketones, Diarylamines 8 16
42 Diarylthiazoles, Diarylimidazoles 10 16
43 Carprofen derivatives 1 32 33
44 Benzamides 0 27 27
45 Pyran-2-ones 36 20 56
46 Tetrahydropyrans 18 0 18
47 Chrysin-Indole hybrids 10 0 10
48 Urea-Pyrazole hybrids 13 7 20
49 Nimesulides 15 11 26
50 Phenoxyphenyl pyrrolidines 1 25 26
51 Coxib analogues 6 0 6

52 Isoxasolines 8 2 10
53 Methyl oxazoles 8 3 11
54 Ethanesulfohydroxamic acid esters 3 2 5

55 Benzylidenes 11 11 22
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56 Thiadiazoles, Oxadiazoles 14 24 38
57 Diazenium diolates 0 6 6
58 Indomethacin derivatives 14 1 15
59 Propynones 16 9 25
Total 929 451 1380

*2 are standards; not cyclopentenes

The series of runs on the 80% chunk of the train set with concomitant validation on the remaining 20% indicated that the
specificity (along with accuracy and sensitivity) of the Random Forest model was maximized at r = 0.75, as shown in Figure
1. Consequently, only those variables with at most 0.75 correlation coefficient with each other were used for the model
construction; that is, only 64 out of the original set of 184 variables were included in the optimized model. The implicit
importance of these descriptors to the model is shown in Figure 2, in order of decreasing weights. Among the highest are
molecular weight (wtl), shadow_z-length (sz) or the length of the molecular shadow along the z-axis, the frontier orbitals eho
and elu (Exomo, ELumo), AM1 energy (aml), polar surface area (psa), and dipole moment (dip). Figure 3 shows that
Information Gain [32] is the best node-splitting criterion in creating the trees. The maximal depth is 14, with the minimum
classification error at this value.

Information Gain, Gain Ratio, and Gini Index are the criteria that can be used in selecting the variable that would be used in
splitting a node. Information Gain is the reduction in information entropy, which measures the impurity of the nodes with
lower values indicating lower entropy or purer nodes [33].

Performance (%)

Correlation Coefficient, r
Figure 1. The Random Forest model specificity, sensitivity, and accuracy as determined by the maximum correlation
coefficient (r) allowed among the independent variables, using ntree = 100 and maximal depth = 15, with information
gain as the splitting criterion.
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Figure 2. The descriptors in the Random Forest model by their importance in generating the compound class prediction.
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Information Gain
Gain Ratio

Gini Index

Out-of-Bag Error (%)

Maximal Depth

Figure 3. The classification error (%) for the different splitting criteria (information gain, gain ratio, and gini index) is
determined by the maximal depth.

With Gini Index [34], the minimum classification error was achieved at the maximal depth of 17, which is three levels more
tree branching compared to that of the Information Gain. The Gini Index measures the inequality of the values in the node,
smaller values of the Gini Index indicate lower entropy or purer nodes. As regards the Gain Ratio criterion [35], the
classification error did not stabilize even at a tree depth of 20.

Considering the results of the model optimization studies above, the final model was generated in the full train set comprised
of 80% of the dataset, involving the descriptors that satisfy r < 0.75, with Information Gain as a splitting criterion at the
maximal depth of 14 for all the 100 decision trees in the forest. Delightfully, the resulting Random Forest model exhibited
excellent prediction performance (93% overall accuracy). It correctly classified 182 of the 186 actives (98% sensitivity) and
75 of the 90 inactive (83% specificity) as shown in Figure 4.

The area under the curve (AUC) of the ROC curve (or AUC-ROC) is another classification model performance metric. A
model that perfectly performs in the classification task will have an AUC equal to 1. Figure 5 shows that the AUC-ROC for
the RF model is 0.98 indicating that the model can almost perfectly distinguish active from inactive.

Meanwhile, a set of compounds so-called Derivatives were designed by modifying the most active compound in the five
selected classes of COX-2 inhibitors. A total of 1100 compounds were virtually created based on the structural motifs of
cyclopentenes, imidazolyls, difluorobenzenes, furanyl/thiophenyls, and isoxazoles. The other set, Similars, is a collection of
600 hits from ChEMBL bioactives and ZINC Drug-like databases on the SwissSimilarity website. The query structures used
in the similarity search were the most active compound in each family of known COX-2 inhibitors.
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Figure 4. The Random Forest model class prediction of the test set of compounds.
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Figure 5. The Random Forest model receiver operator characteristic (ROC) plot.

When the RF model was applied to the Derivatives, 69% (759 out of 1100) of the designed structures were predicted to be
active against COX-2. It can be observed that the cyclopentene variants (compounds 1 — 300) were the ones predicted to be
the most active, whereas the diflourobenzenes (compounds 501 — 700) were the most inactive. Notably, the RF model gives a
conservative estimate of the probability that a compound will be active as compared to the Multiple Logistic

Regression (MLogR) model [31]. Nevertheless, identifying more derivatives as inactive (vis-a-vis the MLogR account) might
be considered advantageous in drug discovery efforts that employ early-stage elimination of potentially inactive compounds.
For the Similars, only 31% (188 out of 600) were predicted to be active. The average similarity score of the Similars that were
predicted active was only 0.38 indicating remarkable structural differences between the query structures and the top hits from
ChEMBL and ZINC databases. It is therefore not surprising that relatively fewer Similars were classified as active.

The group of compounds provided new scaffolds that may pave the way for the discovery of new classes of COX-2 selective
NSAIDs. Additionally, the tagging of the majority of Similars as COX-2 inactive is beneficial as it reduces the attrition rate,
thereby diminishing the cost of drug discovery and development.

The predicted active compounds were further evaluated in silico to determine their drug-likeness and synthetic accessibility
scores, and also, other drug development parameters. Over 93% of the predicted active Derivatives have a Quantitative
Estimate of Druglikeness or QED score [36] above 0.5, i.e., druglike. They are relatively easy to synthesize having average
synthetic accessibility (SA) score of 3.3, and all within the 1-6 acceptable range [37]. Most of them have low to optimal
aqueous solubility and good to moderate intestinal absorption. All are non-inhibitors of CYP2D6 and non-mutagens, mostly
non-carcinogens (89%), although all are hepatotoxic. Likewise, the active Similars are all synthetically accessible having SA
scores that range from 2.1 to 5.6. The majority (55%) possess druglike properties, i.e., QED score above 0.5, have acceptable
solubility (75%), are non-carcinogens (81%), non-mutagens (84%), and non-inhibitors of CYP2D6 (92%). Although only 44
compounds (23%) have good intestinal absorption.

The top hits were determined from the pool of predicted actives based on the following criteria: (a) PA > 0.7, (b) QED > 0.5,
() 1 <SAS <6, (d) 2 <AS <4, (e) 0 <IA <, (f) Non-Carcinogen, (g) Non-Mutagen, and (h) DTP Non-Toxic, and (i)
CYP2D6 Non-inhibitor. Only 13 from the Derivatives and 6 from the Similars passed the requirements (Figure 6).
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Figure 6. The molecular structures of the top hit from the Derivatives and Similars.

Ten of the top 13 Derivatives were also the top hits found in related MLogR studies [31]. Although they are grouped among
the cyclopentane derivatives, the top 2 hits are diarylspiroheptenes D256 and D251. The three additional compounds in the list
are D84, D61, and D87, which are also derivatives of cyclopentenes. On the other hand, the top hits from Similars are unique
and constitute a different set of compounds compared to the MLogR hits [31].

The above criteria for identifying the hits further lowered the false positive error rate by only including compounds with a high
probability of being active (PA>0.7). Moreover, by considering only those with QED scores greater than 0.5, i.e. closer to 1
(drug-like) than to 0 (non-drug-like), these top hits likely possess the desirable properties of a drug [36]. They are relatively
easy to synthesize in an organic chemistry laboratory, i.e. SAS within the 2-4 range, and have excellent aqueous solubility and
intestinal absorption. They do not potentially cause cancers (non-carcinogens) and mutations (non-mutagens), are safe for a
developing fetus in pregnant women (except most Similars), and can be taken with other drugs (non-CYP2D6 inhibitors).
Molecular docking studies on these hits were also conducted and the results are very promising. All the top 13 hits from the
Derivatives and one from the Similars (S202) have binding energies greater than that of Etoricoxib (BE = —7.8 kcal/mol), a
known COX-2 selective drug; and have comparable to superior BE values compared to the co-crystallized ligand [38]
mefenamic acid (BE = —8.6 kcal/mol).

Impressively, the top 2 hits (i.e. D256 and D251) with the highest probability of being active are also the ones with the greatest
BE values or strongest affinities with COX-2 among the top hits identified in this work. These two compounds have very high
chances of reaching the last stages of the drug discovery and development process.

Conclusion

Random Forest modeling was performed on a dataset consisting of 1380 compounds with known experimental COX-2 activity
and 184 molecular descriptors. The RF model possesses excellent predictive performance scores, i.e., 93% accuracy, 98%
sensitivity, 83% specificity, and 0.98 AUC.

The quantitative relationship, i.e., RF model, between the relevant structural features and compound classification whether
active or inactive against the COX-2 enzyme was applied to two sets of compounds with no known COX-2 inhibitory activities:
the Derivatives, variants of the most active member of the 5 largest families of known COX-2 inhibitors designed by isosteric
elaboration; and the Similars, a collection of structurally similar compounds from ChEMBL and ZINC databases that were
obtained through SwissSimilarity platform. The model classified 759 Derivatives and 188 Similars as active compounds
against the COX-2 enzyme.

The top hits composed of 13 Derivatives and 6 Similars have outstanding drug-likeness and toxicity profiles and are relatively
easy to synthesize. These 19 compounds are rational choices for further drug development to produce new COX-2-acting
medicinal agents. The 13 top Derivatives and one top Similar have comparable or even superior binding affinities with the
drug target compared to the control ligands. The derivatives D256 and D251 are the top two choices having the highest
probability of being active and the strongest binding affinity with COX-2. The RF model established in this work is
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conservative in identifying compounds as active, thus, is beneficial in avoiding costly failures at the later stages of the drug
discovery phase.
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