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SUMMARY

Human immunodeficiency virus (HIV) attacks the
host’s immune system and affects millions of people
globally. Due to the high mutation rate of HIV, it is
of great importance that novel drugs are found
to combat new strains. Non-nucleoside reverse
transcriptase inhibitors (NNRTIs) are allosteric
inhibitors that bind to the HIV reverse transcriptase
and prevent replication. Indolyl aryl sulfones (IAS) and
IAS derivatives have been found to be highly effective
against mutant strains of HIV-1 reverse transcriptase.
Here, we analyzed molecules designed using aryl
sulfone scaffolds paired to cyclic compounds
(that have previously been found to be beneficial
groups for NNRTIs) as potential NNRTIs through
the computational design and docking of 100 novel
NNRTI candidates. Moreover, we explored the specific
combinations of functional groups and aryl sulfones
that resulted in the NNRTI candidates with the
strongest binding affinity while testing all compounds
for carcinogenicity. We hypothesized that the
combination of an IAS scaffold and pyrimidine would
produce the compounds with the best binding affinity.
Our hypothesis was correct as the series of molecules
with an IAS scaffold and pyrimidine exhibited the best
average binding affinity. Additionally, this study found
32 molecules designed in this procedure with higher
or equal binding affinities to the previously successful
IAS derivative 5-bromo-3-[(3,5-dimethylphenyl)
sulfonyl]indole-2-carboxyamide when docked to HIV-
1 reverse transcriptase. These findings contribute
to the search for novel NNRTIs as well as expanding
knowledge regarding the characteristics of the NNRTI
pharmacophore.

INTRODUCTION

Human immunodeficiency virus (HIV) affects millions of
people around the world. In 2020, there were reportedly 37.6
million people who were living with HIV and an estimated
690,000 people died from acquired immunodeficiency syn-
drome (AIDS)-related illnesses (1). HIV infection can prog-
ress into AIDS if the number of CD4* T cells falls below 200
cells per cubic millimeter of blood, which is notably less than
the average 500-1,600 CD4* T cells per cubic millimeter in
an uninfected person’s immune system (2). HIV can be trans-
mitted through bodily fluids from an infected individual to a
healthy individual (3). The virus attacks CD4* T cells, which

have a significant role in the body’s immune response, which
is needed for producing antibodies that reduce the effect of
a pathogen. This is why HIV/AIDS is a global concern; it can
severely deteriorate an individual’'s immune response, mak-
ing them more susceptible to typically harmless infections (4).

HIV is a retrovirus that stores its genetic information using
RNA instead of DNA. HIV is shaped like a sphere and the
outer envelope of the virus has glycoproteins, which stick out
like spikes, allowing the virus to lock into CD4 expressed on a
subset of T cells and facilitating its envelope to fuse with the
cell membrane of the CD4* cell. The capsid of the virus holds
the genetic information as well as the reverse transcriptase
(RT) enzyme. The capsid enters the cell once the envelope
of the virus envelope fuses with the cell membrane. Once
the capsid is in the cell, reverse transcriptase turns the HIV
RNA into DNA (5). The HIV DNA then enters the CD4* T cell
nucleus with the help of the integrase enzyme. Once the viral
DNA is in a CD4* T cell nucleus, HIV can replicate by using
the CD4* RNA polymerase (6).

Non-nucleoside reverse transcriptase inhibitors (NNRTIs)
are crucial to treating HIV/AIDS because they can inhibit the
creation of HIV DNA by binding to the RT enzyme in its al-
losteric site (7). The allosteric site is located in the hydropho-
bic pocket of the HIV RT (8). The FDA-approved NNRTIs to
combat HIV are Doravirine, Efavirenz, Etravirine, Nevirapine,
and Rilpivirine. The RT enzyme of HIV causes it to constantly
mutate, which can increase its resistance to NNRTIs (3). This
means new inhibitors need continually be found to combat
these new forms of HIV.

Due to the large costs and time commitments associated
with synthesizing molecules, computer-aided drug discovery
is an efficient method of finding and analyzing potential drug
targets for synthesis (9). Computer-aided small molecule drug
discovery generally consists of the design, pharmacological
screening for toxicity, and docking of ligands (10). This proce-
dure paired with the design of large libraries of compounds
allowed for high-throughput virtual screening, which analyzes
hundreds of potential drug candidates and allows chemists
to find the best targets for synthesis (11). Multiple techniques
are used in the design of molecules for compound libraries,
including pharmacophore analysis and scaffold-based drug
discovery. By examining the geometric configuration of fea-
tures that are relevant to binding, a pharmacophore, or a
theoretical model for understanding binding to the hydropho-
bic pocket within HIV-RT, can be developed (either by using
computer assistance or simply considering important fea-
tures in the design) that can be used to predict molecules that
will also bind well (12). Scaffold-based drug discovery is the
creation of novel compounds utilizing core scaffolds paired
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with functional groups that previous research has postulated
could be effective in binding to the target site (13). Virtual
pharmacological screening for toxicity could save time and
resources in comparison to in vitro toxicity assays, improving
the speed of the drug discovery process (14). Ligand docking
is performed by simulating the docking interactions in silico to
make a prediction of the binding affinity the ligand would have
to the target site (15). This helps predict which ligands would
bind to the target the most effectively and reliably. Binding af-
finity predicts the strength of the bond between a ligand and
an organic molecule, in this case, the RT enzyme of HIV.

Indolyl aryl sulfone (IAS) derivatives have shown large
amounts of promise as NNRTIs (16). Specifically, Silvestri
and Artico concluded that the IAS derivative 5-bromo-3-[(3,5-
dimethylphenyl)sulfonyl]indole-2-carboxyamide was very ef-
fective against HIV-1 mutants, which had NNRTI resistant
mutations on the RT at amino acid positions 103 and 181
(17). This warrants further research into aryl sulfones as scaf-
folds for potential NNRTIs. We selected indolyl aryl sulfones,
pyrryl aryl sulfones, phenyl vinyl sulfones, phenyl vinyl sulfo-
nates, and benzyl vinyl sulfonates as scaffolds based on their
success in prior studies (Figure 1) (17). Utilizing functional
groups from previously successful molecules can increase
the probability of success of the novel molecules (18). Upon
examination of the FDA-approved NNRTIs Efavirenz, Etra-
virine, and Rilpivirine, we selected benzoxazine and pyrimi-
dine as functional groups for this study (19). Second-genera-
tion NNRTIs are successful due in part to the larger aromatic
systems, which improve the flexibility and hence the binding
of the molecule, so we additionally selected styrene as a func-
tional group (7).

We hypothesized that the combination of the IAS scaffold
and pyrimidine would produce the set of molecules with the
best average binding affinity to HIV-1 RT as compared to the
array of other combinations of aryl sulfone scaffolds and func-
tional groups. This was based on three pieces of evidence.
Firstly, the scaffold results from Silvestri ef al. concluded that
the indolyl aryl sulfone derivatives worked best (17). Secondly,
the aromatic properties of the pyrimidine ring may facilitate an
effective binding. Third, pyrimidine is present in both Etravirine
and Rilpivirine, while the other functional groups covered in
this paper were only found in one or fewer FDA-approved
NNRTIs. Our results are in line with our hypothesis since our
third series, which was based on this combination, had the
strongest average binding score.

RESULTS
We computationally designed, screened, optimized, and

docked one hundred novel ligands to the allosteric binding
pocket of HIV-1 RT. Each molecule was formed using an aryl
sulfone scaffold and a cyclic compound added as a functional
group. We divided our research into 10 series, named alpha-
betically, each with a different variation to determine what
combination would have the best binding scores, as we used
functional groups and scaffolds based on our literature review
(Table 1). To interpret the binding affinities of these novel li-
gands, the more negative the value, the more adept the ligand
is at binding to the specific protein. As our control, the indoyl
aryl sulfone derivative found in the Silvestri paper had a bind-
ing affinity of -7.8 kcal/mol; any molecule with an affinity better
than that value was considered a good NNRTI candidate and
selected for further analysis.

Series Ais an indolyl aryl sulfone scaffold and a piperazine
functional group, with an average binding affinity of -7.86 kcal/
mol. Series B is a pyrryl aryl sulfone scaffold and a styrene
functional group with an average binding affinity of -7.12 kcal/
mol. Series C is an indolyl aryl sulfone scaffold and a pyrimi-
dine functional group with an average binding affinity of -8.23
kcal/mol. Series D is a pyrryl aryl sulfone scaffold and a pyrimi-
dine functional group, which has an average binding affinity of
-7.22 kcal/mol. Series E was composed of an indolyl aryl sul-
fone with a benzoxazine group, which had an average binding
affinity of -7.71 kcal/mol. Series F is a pyrryl aryl sulfone scaf-
fold and a benzoxazine functional group with an average bind-
ing affinity of -6.95 kcal/mol. Series G is a phenyl vinyl sulfone
scaffold with a styrene functional group which has an average
binding affinity of -7.01 kcal/mol. Series H is a phenyl vinyl
sulfonate scaffold with a pyrimidine functional group which has
an average affinity of -6.08 kcal/mol. Series | is a Benzyl vinyl
sulfonate with a benzoxazine functional group with an average
of -6.39 kcal/mol. Series J is a IAS scaffold with a piperazine
functional group with an average binding affinity of -8.15 kcal/
mol.

The best performing series overall was Series C with an
average binding affinity of -8.6 kcal/mol, as compared to the
mean binding affinity of all the compounds, which was -7.3
kcal/mol. The aforementioned benchmark ligand 5-bromo-
3-[(3,5-dimethylphenyl)sulfonyl]indole-2-carboxyamide  had
a binding affinity of -7.8 kcal/mol when docked to HIV-1 RT
using the same method as the rest of the screening. Compar-
ing the binding scores of the aryl sulfone compounds to the
benchmark, 32 of the 100 ligands performed better or equal
in binding affinity (17). The most successful ligand generated
was from Series A and is N-{5-chloro-3-[(3,5-dimethylphenyl)
sulfanyl]-1H-indole-2-carbonyl}  -1-({[(2S)-piperazin-2-yl]car-
bamoyl}amino)formamide using an IAS scaffold and a pipera-
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Figure 1: Aryl sulfone scaffolds. We selected the scaffolds (A) indolyl aryl sulfone, (B) pyrryl aryl sulfone, (C) phenyl vinyl sulfone, (D)
phenyl vinyl sulfonate, and (E) benzyl vinyl sulfonate for this study. An indoyl aryl sulfone derivative had performed well against HIV-1 reverse

transcriptase, warranting further research.
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Table 1: Structure-Activity Relationship Table displaying best
binding affinity per series. Autodock Vina binding affinities of the
best aryl sulfone compounds from each series screened against
HIV-1 reverse transcriptase. Each series has 10 molecules.

zine functional group. It has a binding affinity of -9.4 kcal/mol.

Table 2 shows key information from the pharmacological
screening of these molecules. All of our molecules have been
pharmacokinetically screened for carcinogenic constructs
through the use of pkCSM software (20). This decreases the
time needed for any research attempting to synthetically de-
sign the NNRTIs, since the risk of cancer has already been
mitigated severely through determining Ames toxicity (a mea-
sure of the mutative properties of a chemical). The molecules
that were found to be Ames toxic were not recorded as they
were eliminated immediately. We also measured water solubil-
ity at 25°C, which is useful for understanding the intake meth-
od of any potential NNRTI. The chosen molecule from Series
| had the best water solubility. Intestinal absorption is also a
critical pharmacological property to understanding the efficacy
of any potential drugs since low intestinal absorption requires
higher intake amounts. The selected series B molecule had
the most desired intestinal absorption, while the predicted
percent absorption was significantly lower for the molecules
in series D, G, and J. Overall, however, all of our molecules
exceeded the desired intestinal absorption rate of 30%. Any
value below 30% would decrease the efficacy of the drug sig-
nificantly to the point of being impractical (20).

Overall Statistical Analysis

The mean binding affinity was -7.3 kcal/mol, with the high-
est value being -1.8 kcal/mol and the lowest value being -9.4
kcal/mol (Figure 2).

There is a low degree of correlation between the molecular
weight and the binding affinity, which is not statistically signi-
ficant (R =-0.129, p = 0.201, Figure 3A). Upon removing the
outliers, there is still a low degree of correlation, but it is now
statistically significant (R = -0.297, p = 2.98x10®). The cor-
relation is existent but should be viewed skeptically because
the larger the molecule is, the greater chance that the groups

Series Water Solubility (log | Intestinal Maximum Oral Rat Acute
mol/L) Absorption (% Tolerated Dose Toxicity (LD50)
Absorbed) (log mg/kg/day) (mol/kg)

A -4.234 95.008 0.153 2.473

B -4.221 96.49 0.246 2.655

C -3.284 93.55 0.732 2.938

D -3.486 64.893 0.361 1.835

E -4.234 95.008 0.153 2.729

F -3.886 89.298 0.06 2.268

G -4.777 72.43 0.072 1.898

H -4.294 77.14 0.583 2.193

I -2.174 81.376 0.659 2.12

J -4.02 69.642 0 2.46

Table 2. Pharmacological table. Key attributes from the ADMET
Analysis of the best aryl sulfone compounds from each series. Water
solubility measures the ability of a chemical to dissolve in water at
25 degrees Celsius. Intestinal absorption measures the amount of a
drug that would be absorbed by the intestines if 100% was consumed.
Max tolerated dose measures the amount a human could consume
per day before serious health effects. The LD50 is the drug dosage
that would kill 50% of all test subjects in a study. These values show
the relative pharmacological stability of our ligands.
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Figure 2: Binding affinity distribution. Distribution of binding
affinities of 100 novel aryl sulfone compounds as calculated by
docking them to HIV-1 Reverse Transcriptase (RT) using AutoDock
Vina. The distribution is concentrated in the region from -8.5 kcal/mol
through -6.5 kcal/mol and shows that 32 molecules had performed
better than the control, the indoyl aryl sulfone (-7.8 kcal/mol).

necessary for a strong bond would be present as opposed
to the binding affinity improving solely because of the weight.
A larger molecule has a greater probability of having these
groups, but it is not guaranteed to have them. This analysis
indicates that despite the correlation, it is not necessarily be-
neficial to take into account the weight in the design of aryl sul-
fone NNRTIs. Additionally, in line with Lipinski’s Rule of Five,
molecules with a weight higher than 500 Daltons are generally
considered pharmacologically unsuitable (21). As such, any
molecules exceeding this weight are considered not viable for
oral consumption.

We observed a low degree of correlation between the logP
and the binding affinity, which is statistically nonsignificant
(R =-0.166, p = 9.82 x 10, Figure 3B). After removing the
outliers, there remains a low degree of correlation which is
not statistically significant (R=-0.166, p = 0.101). LogP refers
to the partition coefficient and measures the hydrophobicity
or hydrophilicity of a molecule. Though a broad correlation
cannot be applied due to being statistically nonsignificant, it
is notable that the majority of the data is in the positive range
from logP = 1-5. This indicates that most of our calculated aryl
sulfone NNRTI candidates have a higher affinity for the lipid
phase, making them lipophilic. Additionally, Lipinski’s rule is
relevant again, as a logP above 5 would cause a molecule to
be not viable to be consumed orally (21). Nevertheless, very
few ligands had a coefficient larger than five, and this criterion
only disqualified six molecules.

There exists a low degree of correlation between the num-
ber of rotatable bonds and the binding affinity, which is not
statistically significant (R = 0.119, p = 0.239, Figure 3C). After
removing the outliers, the correlation drastically drops and is
certainly statistically nonsignificant (R = 3.60x10*, p = 0.997).
Overall, this reveals that there is no statistically significant cor-
relation between rotatable bonds and binding affinity. This me-
ans that the number of rotatable bonds should not be strongly
considered in the design of aryl sulfone NNRTIs.

We noticed a low degree of correlation between the num-
ber of hydrogen bonds and the binding affinity, which is stati-
stically nonsignificant (R = -0.272, p = 6.19x103, Figure 3D).
Following the removal of the outliers, there is a low degree
of correlation that is statistically significant (R = -0.306, p =

2.21x10®). This means that it is important to optimize for more
hydrogen bond donors when designing aryl sulfones as NNR-
Tls.

We found a moderate degree of correlation between the
number of aromatic rings and the binding affinity which is
not statistically significant (R= -0.378, p = 1.03x10*, Figure
3E). After removing the outliers, the correlation improves (R =
-0.453, p = 2.74x10%). Hence, aromatic rings have a beneficial
impact and should be strongly considered when designing aryl
sulfones as NNRTIs.

There is a very weak correlation between the number of
atomic stereocenters and the binding affinity of the ligands,
which is statistically nonsignificant (R = 7.89x102, p = 0.435,
Figure 3F). After removing the outliers, the correlation is still
weak and not statistically significant (R =6.01x102, p = 0.557).
However, this experiment is inconclusive, because the data
points are too heavily clustered on zero and one atomic ste-
reocenters. Ninety percent of the ligands have either zero or
one atomic stereocenter, and 71% have zero atomic stereo-
centers. This indicates that most aryl sulfone compounds de-
signed in this procedure have a very small number of stereo-
centers.

Analysis of Scaffolds and Functional Groups

We calculated the mean binding affinities of each scaffold
and functional group using the means of the respective se-
ries that contain them. The most successful scaffold was the
indolyl aryl sulfone scaffold whereas piperazine was the best
functional group by a large margin. The indolyl aryl sulfone
scaffold was consistently effective in producing molecules that
had an above-average binding affinity when paired with py-
rimidine, styrene, and piperazine. The second-best scaffold
was pyrryl aryl sulfones, proving that indolyl aryl sulfones are
a superior scaffold by a wide margin, and should be further
pursued in future research. The cyclic ring with the highest av-
erage binding affinity was piperazine. However, our research
showed that Series C based on the indolyl aryl sulfone scaf-
fold combined with the pyrimidine functional group had a lower
binding score on average than series J, which combined the
indolyl aryl sulfones with piperazine, by an average binding
affinity of -0.3 kcal/mol.

Chimera Binding Analysis

We analyzed the three best performing molecules, denot-
ed A9, C6, and J10 from the A, C, and J series, respectively,
as well as the previously suggested IAS derivative 5-bromo-
3-[(3,5-dimethylphenyl)sulfonyl]indole-2-carboxyamide by vi-
sualizing the bonds in Chimera on both the A and B strands
of the HIV1-RT protein (Figure 4). A8 was the highest perfor-
ming molecule (based solely on binding affinity) we created
during our research, which had a single hydrogen and several
contact bonds within the HIV binding pocket. The only hydro-
gen bond present was between tyrosine 181.A (the A portion
indicating the strand) at 2.37 A and the charged hydrogen
in piperazine. Other significant bonds were a nonpolar bond
between proline 25.B at 3.749 A to chlorine in chlorobenzene
and glutamine 91.A, which had two polar interactions at 3.1 A
to a nitrogen in central part of scaffold and 3.423 A to carbon
adjacent to nitrogen. There was also a hydrophobic interaction
between leucine 26.B at 2.938 A and a benzene ring methyl
group. The other methyl group bonded to both valine 381.A
at 2.992 A and asparagine 137.B at 2.928 A at C22. The final
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Figure 3: Chemical property correlation with binding affinity. (A) The relationship between molecular weight (Daltons) and binding
affinity (kcal/mol) of the 100 novel aryl sulfone compounds to HIV-1 RT (R = -0.129, p = 0.201, R? = 0.017). (B) The relationship between
logP and binding affinity (kcal/mol) of the 100 novel aryl sulfone compounds to HIV-1 RT (R =-0.166, p = 9.82 x 102, R? = 0.028). (C) The
relationship between the number of rotatable bonds and binding affinity (kcal/mol) of the aryl sulfone compounds to HIV-1 RT (R = 0.119, p
= 0.239, R? = 0.014). (D) The relationship between the number of hydrogen bond donors and binding affinity (kcal/mol) of the aryl sulfone
compounds to HIV-1 RT (R =-0.272, p = 6.19x103, R? = 0.074). (E) The relationship between the number of aromatic rings and binding affinity
(kcal/mol) of the aryl sulfone compounds to HIV-1 RT (R=-0.378, p = 1.03x104, R? = 0.143). (F) The relationship between the number of atomic
stereocenters and binding affinity (kcal/mol) of the aryl sulfone compounds to HIV-1 RT (R = 7.89x102, p = 0.435, R? = 0.006).

two contact bonds for A9 were with glycine 93.A at 2.083 A to
a methylformamide group and asparagine 137.B at 2.982 A to
a benzene ring.

C6 was the second-best performing derivative created
during our research. This molecule also had several key in-
teractions including two hydrogen bonds, which may have
contributed to the binding affinity. It had a bond with tyrosine
319.A at 2.638 A from the hydrogen end of the amine group,
and a bond between glutamic acid 28.B at the other hydrogen
in the same group. There was also a bond from the nitrogen
in the amine group to tryptophan 383.A at 2.925 A. The gluta-
mic acid 28.B amino acid also bonded to a hydrogen on the
amine attached to the backbone of the drug at 2.044 A. This
led to the formyl urea group in C6 being one of the functional
groups with the most interactions in the entire molecule. The

final significant interaction was between glutamic acid 138.B
at 3.519 A to the outermost carbon in the top pyrimidine group.
The most significant hydrogen bond was between the oxygen
on the oxidane-SO-thioperoxol group and isoleucine at 3.236
A

The J10 ligand had several contact bonds and two hy-
drogen bonds, which still did not increase its binding affini-
ty beyond A9 or C6. One notable interaction was a nonpo-
lar bond between valine 90.A and the chlorobenzene ring at
2.962 A. There were also two significant interactions from the
piperazine amine group, one from a hydrogen at 2.079 A to
asparagine 137.B O, and one from a nitrogen in the same ami-
ne to glycine 93.A at 2.951 A which was nonpolar. Another
interaction present was between a prop-2-one oxygen and
2.814 A to tyrosine 181.A. The final significant non-hydrogen
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Chimera
visualization of the three best performing molecules (A8 with an
indoyl aryl sulfone scaffold and piperazine functional group, C6 with
an indoyl aryl sulfone scaffold and pyrimidine functional group, J10
with an indoyl aryl sulfone scaffold and piperazine functional group)
and the IAS derivative to which they were compared. Protein docked
against was 1REV.pdb.

Figure 4: Protein-ligand complex visualizations.

interaction for this molecule was between tyrosine 115.A and
the oxygen in the 2,3-dioxobutanal group at 2.825 A. The first
significant hydrogen bond was between tyrosine 115.Aand an
oxygen atom in the same dioxobutanal group as above. The
second hydrogen bond was between tyrosine 183.A and the
sulfur oxide group at 3.065 A.

These polar and nonpolar bonds were compared to the
IAS derivative 5-bromo-3- [(3,5-dimethylphenyl)sulfonyl]indo-
le-2-carboxyamide interactions with the HIV protein. The bro-
mine group in the derivative had three separate interactions
with the protein: with tyrosine 115.A at 3.74 A, with proline
157.A at 3.738 A, and with methionine 184.A at 4.01 A. De-
spite these bonds being very weak, these bond lengths give
bromine a specific area to attach to within the binding pocket.
Another area on the derivative with multiple bonds was the
amino group on the amide. The nitrogen in the group interacts
hydrophobically with glycine 93.A at 2.815 A, and the hydro-
gen interacts with glutamine 91.A at 2.123 A. There are also
hydrophobic interactions between two carbons in the pyrimi-
dine interact with valine 90.A at 3.284 A and 3.3 A. The final
significant non-hydrogen bond was a hydrophobic interaction
between the carbon on the bromobenzene ring and methioni-
ne 184.A at 3.404 A. The only significant hydrogen bond was
between tyrosine 181.A and the oxygen on the amide group at
2.892 A. These results confirmed that hydrophobic groups had
a higher probability of binding to the molecule, as there were
very few strong polar interactions.

DISCUSSION

In the screening for potential NNRTIs built on the aryl sul-
fone scaffold using cyclic compounds, we found 32 molecules
that bind to HIV-1 RT as well or better than the previously pub-
lished IAS derivative 5-bromo-3-[(3,5-dimethylphenyl)sulfonyl]
indole-2-carboxyamide (16). Furthermore, by dividing our mol-
ecules into 10 series, we were able to discover general trends
among different scaffolds and functional groups. This affirms
our initial hypothesis that the combination of the indolyl aryl
sulfone scaffold and pyrimidine would result in the series with

the best binding affinity due to the prominence of pyrimidine
in FDA-approved NNRTIs and the prior success of IAS deriva-
tives (17). Notably, the indolyl aryl sulfone combination with
piperazine did not create the series with the highest binding af-
finity despite them both individually having the highest binding
affinities on average. Upon analyzing the molecules present
in the series, we postulated that the potential incompatibility
between the molecules could be attributed to the number of
hydrogen bonds within the piperazine-containing molecules,
which may interfere with the indolyl aryl sulfone interactions.
Further binding pocket analysis should be conducted to better
understand the interference in the binding of piperazine and
the indolyl aryl sulfone scaffold to HIV-1 RT. We were also
able to identify non-effective scaffolds, such as phenyl vinyl
sulfonate and benzyl vinyl sulfonate that exhibited significantly
poorer binding affinity.

Our statistical analysis of various chemical properties pro-
vided multiple important discoveries regarding the properties
of the aryl sulfone NNRTI pharmacophore. In the design of aryl
sulfone NNRTIs, an increased weight improves the probability
of an increased binding affinity but should not be emphasized
in the design of aryl sulfone NNRTIs since this correlation is
likely due to the probability of an ideal functional group im-
proving with larger molecules. Additionally, most aryl sulfone
NNRTIs are lipophilic with logPs between 1-5, which signals a
good permeability and hence a better potency. The FDA-ap-
proved NNRTIs Efavirenz, Etravirine, Nevirapine, Delavirdine,
and Rilpivirine have logPs of 4, 4.5, 2, 2.4, 4.5, respectively,
as calculated by PubChem (18,19,22-24). These values are
in this lipophilic range, which is a positive sign for their poten-
tial efficacy as NNRTIs. Our research also found that in the
design of aryl sulfone NNRTIs, rotatable bonds should not be
strongly considered, while it is very beneficial to increase the
amount of hydrogen bond donors. Aromatic rings are also very
beneficial for good binding scores in NNRTIs. Additionally, the
majority of the ligands found here have zero stereocenters,
which is beneficial from a synthesis perspective for reducing
the potential of diastereomers and enantiomers with varying
binding affinities decreasing the overall potency of the drug or
increasing the expense of synthesis.

A few key binding residues on the HIV protein were tyro-
sine 181.A, asparagine 137.B, and tyrosine 115.A. Tyrosine
181.A was present in two hydrogen bonds for A9 and the de-
rivative, and a contact bond for C6. Its high affinity to have
hydrogen bonds and its ability to have contact bonds make
Tyrosine 181.A an area of interest for future NNRTI research.
Asparagine 137.B was able to bind to a methyl group and a
hydrogen on an amine group, meaning that it can make con-
tact with highly polar and hydrophobic substances as well.
Tyrosine 115.A was also able to make hydrogen and contact
bonds, similar to Tyrosine 181.A. These three amino acids
were all successful because of their propensity for binding to
both nonpolar and polar amino acid residues, making them all
important for any NNRTI research regardless of the functional
groups used.

This research offers three significant contributions. The
first is identifying 32 novel compounds as potential NNRTI
candidates. The second is contributing to the pharmacophore
knowledge of NNRTIs by contrasting the efficacies of various
combinations of scaffolds and functional groups in binding to
RT. The third is contributing detailed knowledge on which ami-
no acids are more likely to form bonds with functional groups,
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thereby helping future researchers understand the nature of
the HIV-1 RT and which interactions will be successful for inhi-
bition.

We plan to further study the aryl sulfone compounds gen-
erated in this research by docking them against mutant HIV-1
reverse transcriptase enzymes. Of specific interest would be
the mutations at positions 103 and 181 to test if the novel aryl
sulfones maintain their capability in different HIV strains as
seen in 5-bromo-3-[(3,5-dimethylphenyl)sulfonyllindole-2-car-
boxyamide (16). This study’s screening also warrants further
analysis into the potential for the incorporation of other func-
tional groups and more ring structures using the aryl sulfone
scaffold such as further functionalization of the phenyl ring.

METHODS
Modelling, Screening and DFT

The aryl sulfone library was created and modeled using
application version 1.2.0 of the molecular modeling program
Avogadro, and version 21.14.0 of Marvin Sketch, by designing
100 molecules that contain their respective aryl sulfone and
cyclic compounds in accordance with their series (25, 26).

Every ligand design was screened for Ames toxicity uti-
lizing the pkCSM (20) online service. Only ligands that were
not Ames toxic (the 100 mentioned throughout the paper)
were docked and considered in this study. Pharmacological
analysis was conducted on the most negative binding affin-
ity aryl sulfone compounds from each series to assess the
key pharmacokinetic properties of water solubility, intestinal
absorption, Ames toxicity, maximum tolerated dose, and oral
rat acute toxicity. The LD50 helps determine the potential for
short-term poisoning and is measured by the amount of dose
needed to kill fifty percent of rodent test subjects.

Avogadro’s built-in ORCA (26) extension was used to gen-
erate the ORCA input files to perform geometry optimization
on the structures using DFT in ORCA version 4.2.1 using the
def2-SVP basis set and the BP86 functional.

Docking and Visualization

AutoDock Vina (28) and Chimera, version 1.15 (29), were
used to dock the optimized structure to the allosteric binding
pocket of HIV-1 reverse transcriptase (30). The built-in Chi-
mera AutoDock Vina tool was used to submit commands to
AutoDock Vina (version 1.1.2) (24). For the receptor search
volume, the center was set to [6,-34,23] with the size param-
eters of [30,25,31]. The default receptor, ligand options, and
advanced options were kept according to the default settings.
The most negative conformer binding affinity was recorded.

Chimera was used to visualize the bond of the conformer
bound to the allosteric site. The residues that had a van der
Waals radii overlap greater than or equal to 0.1 were named
and colored in red. Any contacts due to hydrogen bonds were
labeled in blue. Chimera was used to visualize hydrogen
bonds, contacts, hydrophobic and polar pockets within the
HIV reverse transcriptase receptor, and the identity of critical
amino acids.

Chemical Property Analysis

Following the docking of the ligands, the molecular weight,
Wildman-Crippen logP value, number of rotatable bonds,
number of hydrogen bond donors, and the number of atomic
stereocenters were calculated using the RDKit Python pack-
age (version 2021.03.1) (31). Microsoft Excel (version 16.43)

and Google Sheets were used to visualize the relationship
between these descriptors and the docking scores. Addition-
ally, utilizing RDkit, a cheminformatics software, the relation-
ships between various chemical properties were calculated.
The Pearson product-moment correlation coefficient (R) was
calculated using the Google Sheets correlation function, com-
paring the chemical properties to the binding affinity. The coef-
ficient of determination of the trendline was calculated using
the Google Sheets line of best fit (R2). To calculate the p-val-
ue, the t-statistic and degrees of freedom (df) were calculated.
The t-statistic, with N being the sample size and R being the
correlation is calculated in google sheets using the function:

t=(R*VN — 2)/(V1 — R?)

The degrees of freedom is calculated as N-1 (33). Finally, the
p-value is calculated using the function: =TDIST(t,df,2) (34).
To determine the alpha, the Bonferroni Correction is applied to
the initial alpha of 0.05. There are 12 comparisons so the sig-
nificance is defined as p < 4.17x10. For each comparison, the
R and p-values are calculated with the full set of molecules,
and then again with outliers omitted. For outlier detection, the
Z-scores of the binding affinities of the molecules were cal-
culated and the ligands with Z-scores greater than 3 or less
than -3 were omitted. This resulted in 2 ligands being excluded
from the analysis.
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