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ABSTRACT: Retroviruses such as HIV use the reverse transcriptase (RT) enzyme to transcribe their viral RNA into DNA, 
which is subsequently incorporated into the human host cell genome and expressed to replicate the virus. Non-
nucleoside reverse transcriptase inhibitors (NNRTIs) are a class of antiretroviral drugs that have been used to treat human 
immunodeficiency virus (HIV) infections. In any small molecule bioactive compound, two important structural features 
that define the thermodynamics of ligand-receptor binding are the 3-dimensional orientation and positioning of hydro-
gen bond donor/acceptor sites and aromatic rings, which form hydrogen bonds and pi-stacking interactions, respectively 
with the target. Here, scripts to determine heteroatom and aromatic ring positions were written in the programming lan-
guage Python, generating the Cartesian coordinates of these structural features in a 3-dimensional map. This allowed for 
the creation of a descriptor-driven platform that can identify and statistically analyze the structural correlation across a 
library of structurally diverse chemical entities that bind to a known biomolecular target, such as HIV-RT. Six FDA-
approved NNRTIs and three non-FDA-approved NNRTIs were analyzed using PaDEL-Descriptor, a molecular characteris-
tics quantification program, to determine and identify structural similarities among molecules that have displayed potent 
biological activity against HIV-RT. 

INTRODUCTION 

The ability of high throughput virtual screening (HTVS) 
to expedite the identification of hit compounds has as-
sumed an increasingly influential role in the process of 
drug discovery and development (1). Due to the public 
availability of vast chemical libraries, thousands of mole-
cules can be screened to determine those that can bind to 
the target site, and hence offer the possibility of being 
utilized as drugs. Within the binding pocket of the target 
site, hydrogen bond donors/acceptors and aromatic rings 
on ligands have been identified to facilitate hydrogen 
bonding and pi-stacking interactions, respectively, which 
allow for effective binding and interaction with the target 
receptor. However, these approaches often utilize compu-
tationally expensive methods, which greatly limits the 
extent of chemical space that can be sampled in any given 

HTVS campaign. Due to these limitations, advances in 
pharmacophore motif screening techniques are being 
made in order to act as a preliminary screening stage (2, 
3). These screening techniques work by constraining the 
screening set to molecules that meet with identified 
structural motifs. By only selecting molecules that meet 
these criteria, the computational expense in conducting a 
HTVS can be greatly reduced.  

Here, we envision and develop a model identifying and 
correlating the key pharmacophoric features of such mol-
ecules, which would be greatly advantageous in the drug 
discovery process. Moreover, we apply this to a library of 
non-nucleoside reverse transcriptase inhibitors (NNRTIs), 
which are small molecule antiretroviral compounds tar-
geting the reverse transcriptase enzyme of the human 
immunodeficiency virus (HIV) and related retroviruses 
(Figure 1). We hypothesize that this methodology will 



 

 

serve as a companion to HTVS in molecular classification 
and identification of molecular structure. 

 

Figure 1 Workflow for the development of data and positional 
analyses on selected structural features 

The human immunodeficiency virus (HIV) weakens the 
body’s immune system by targeting CD4+ T lymphocytes. 
Progression of this disease leads to the onset of acquired 
immunodeficiency syndrome (AIDS), which is character-
ized by a low immune cell count, and consequently high 
vulnerability towards infectious diseases. Currently, there 
is no cure for HIV, so patients under antiretroviral thera-
py (ART) are treated with a drug regimen that targets 
different enzymes in the HIV life cycle (4). HIV belongs to 
the family Retroviridae, which use the host cell’s func-
tions and mechanisms to reproduce. The virus’ RNA is 
converted into DNA by the RT enzyme, and the resulting 
complementary DNA (cDNA) is integrated into the host 
cell’s genome (5). As such, the RT enzyme is a critical pro-
tein in HIV replication and is a common target for an-
tiretroviral compounds, including NNRTIs. The first dis-
covered strain of the HIV virus is classified as HIV-1 and 
makes up more than 95% of all worldwide HIV infections 
(6).  NNRTIs inhibit HIV-1 RT by allosterically binding to 
a specific “pocket” on the enzyme, which contains a num-
ber of key hydrophobic amino acid residues and several 
aromatic side-chain residues that result in critical interac-
tions with the bound NNRTI (7). The structural similari-
ties among NNRTIs presents this class of molecules as a 
prime target for the analysis and quantification of com-
mon motifs. Through a comparison of a number of 
NNRTIs, it is clear that there are several recurring struc-
tural moieties including: aromatic rings to act as π-
electron donors in aromatic ring stacking interactions, 
hydrocarbon chains to participate in hydrophobic interac-
tions within the binding pocket, and functional groups 
with hydrogen bond donors and acceptors capable of 
forming strong hydrogen bonds (8).  However, frequent 
mutations of the HIV-1 RT enzyme confer resistance to-
wards current NNRTI drugs, necessitating the continued 
development of novel NNRTIs that will be more effective 
against these mutant strains.  

First-generation NNRTIs—nevirapine (Table 1.1), 
delavirdine (Table 1.2), and efavirenz (Table 1.3)—share a 
“butterfly-like” geometry (9). Nevirapine, the first FDA-
approved NNRTI, is a dipyridodiazepinone inhibitor with 
two conjugated pyridine systems that flank a central car-
bonyl; delavirdine also has a central carbonyl, flanked by 
an indole and a pyridyl piperazine ring system. The last of 
the first-generation NNRTIs, efavirenz, is a 
benzoxazinone and contains two key halogenated moie-
ties—chlorobenzene and trifluoromethyl (10). Second-

generation NNRTIs, etravirine and rilpivirine, which gen-
erally consist of larger aromatic systems, have greater 
torsional flexibility, resulting in greater potency towards 
mutant strains of HIV-1 (11).  The most recent NNRTI ap-
proved by the FDA—doravirine (Table 1.6)—is a 
pyridinone inhibitor with even greater efficacy against 
common drug-resistant HIV-1 RTs. Furthermore, there 
are other NNRTIs from the following generation of com-
pounds, all of which are or were investigational drugs. 
RDEA806 (Table 1.9) is part of the triazole class of 
NNRTIs, lersivirine (Table 1.8) is part of the pyrazole 
class, and fosdevirine (Table 1.7) is part of the 
phosphoindole class (12). Both lersivirine and fosdevirine 
continued up until Phase II clinical trials, resulting in a 
significant amount of data on its effectiveness (13, 14). The 
structures and FDA approval status of the nine NNRTIs 
are shown below. (Table 1) 

Table 1 Attributes of the 9 NNRTIs chosen as data points for 
computational study. 

The basis of an NNRTI’s inhibitory activity directly corre-
lates with the energetics of the protein-ligand interactions 
between the inhibitor and the RT enzyme. Our work fo-
cuses on two interactions: hydrogen bonding and pi 
stacking interactions. Hydrogen bonds are a predominant 
intermolecular force in ligand-protein interactions, and 
this is also described in Lipinski’s Rule of 5. Lipinski’s rule 
outlines that an active small molecule drug usually con-
tains more than 5 hydrogen bond donors and 10 hydrogen 
bond acceptors, emphasizing the importance of a small 
molecule drug having the ability to form hydrogen bonds 
within the binding site of the intended target (15). One 
result of hydrogen bond formation in the ligand complex 
is the relative loss of flexibility of the rest of the ligand, 
which implies that the availability of hydrogen bonding 
interactions greatly affects the conformation of the ligand 
(16). Also, because the NNRTI binding pocket in HIV-1 RT 
contains many residues with aromatic rings, pi stacking 
interactions have the potential to create more favorable 



 

 

thermodynamic energetics to promote the binding of 
NNRTIs to HIV-1 RT (Figure 2) (17).  

Figure 2 Crystal Structure of K101E Mutant HIV-1 Reverse Tran-
scriptase in Complex with Nevirapine with aromatic and hydro-
phobic residues labeled (PDB: 2HND) 

A search for hydrogen bond donor and acceptor positions 
as well as aromatic ring positions within each NNRTI 
therefore allows for the determination of spatial correla-
tions between these motifs, providing insight into a more 
efficient method of screening potential NNRTI com-
pounds. 

RESULTS  

PaDEL-Descriptor (PaDEL), is a software capable of gen-
erating 1,875 descriptors and 12 fingerprints for molecules, 
including descriptors corresponding to the hydrogen 
bond donor and acceptor count, and aromatic ring count 
(18). The 9 NNRTIs were screened in PaDEL. The result-
ant CSV file from PaDEL was analyzed in Python to derive 
the means and standard deviations of the 76 descriptors 
relating to the number of hydrogen-bond donors and ac-
ceptors and aromatic rings. We calculated the means in 
order to average all of these descriptors and the standard 
deviations to analyze the variance of the distribution. 
These standard deviations were used to calculate de-
scriptors’ correlations, where descriptors with a standard 
deviation of 1 or below were declared to be correlated 
with the structure of an NNRTI (Table 2).  

Table 2 Descriptor distributions where σ < 1 and μ ≠ 0 

Standard deviations closer to zero indicate the distribu-
tion of that descriptor has low variance, or a higher de-
gree of correlation among NNRTIs at that characteristic 
than descriptors with standard deviations that are farther 
from zero. Descriptors with z-scores with a magnitude of 
less than 1 were chosen in order to solely select de-
scriptors which had high levels of correlation between the 
NNRTIs. Descriptors with a mean of zero and a standard 
deviation of zero were disregarded in statistical analysis 
as they indicated that the value of the descriptor was 0 
among all of the NNRTIs, meaning that specific structure 
did not exist in any of the screened NNRTIs. However, 
descriptors with a mean of 0 and standard deviation of 0 
were still pertinent to the classification purpose of the 
platform, as they imply that the characteristic is not ex-
pected to be present in an NNRTI compound, and thus 
serve as an additional filter for the classification of the 
compound. As shown in Table 2, the descriptor that had 
the highest similarity among all 9 of the screened NNRTIs 
was nHBAcc2, which has a mean of 6 and a standard de-
viation of 0. The descriptor nHBAcc2 corresponds to the 
number of hydrogen bond acceptors, and the data analy-
sis indicates that all nine NNRTIs have 6 hydrogen bond 
acceptors. The high degree of similarity in the values of 



 

 

each NNRTI at this descriptor validates the key roles that 
hydrogen bond interactions play in ligand binding.  

Similarly, the trends of low standard deviation continued 
in descriptors associated with the number of rings in each 
NNRTI. Notable descriptors include nHeteroRing, the 
number of rings containing heteroatoms, and 
n6HeteroRing, the number of 6-membered rings contain-
ing heteroatoms. A lower standard deviation was ob-
served in the distribution of n6HeteroRing than 
nHeteroRing across the screened molecules, indicating 
that the presence of 6-membered aromatic ring systems 
was also salient to the structure and function of NNRTIs, 
while other aromatic systems were observed less fre-
quently across all nine of the screened NNRTIs. 

In determining the interactions made between the NNRTI 
and the RT binding pocket, the positions of the aromatic 
rings, hydrogen bond donors, and hydrogen bond accep-
tors must be considered. As such, positional analysis was 
used to determine common locations for these compo-
nents among the nine screened NNRTIs. To perform posi-
tional analysis of the aromatic rings and hydrogen bond 
donors and acceptors on the 9 NNRTIs studied, Python 
scripts were written to determine the quantity and specif-
ic locations of these molecular features (Table 3). After 
applying our identification algorithms to density func-
tional theory (DFT) geometry-optimized models of the 
aforementioned NNRTIs, it was determined from the 
output files that the algorithms were functional and that 
the resulting .xyz files mapped to the exact coordinates of 
the hydrogen bond donors/acceptors and aromatic rings 
of all 9 NNRTIs. An example of this is shown in Figure 3, 
where Doravirine (Figure 3A) is used as input for the 
identification scripts, and the resulting output files suc-
cessfully isolate the hydrogen bond donors and acceptors 
(Figure 3B) as well as the aromatic rings (Figure 3C). 
Due to a lack of normalized inputs, the determined coor-
dinate locations of the NNRTI constituents were perti-
nent only to the structure of the NNRTI they belonged to. 
However, the analysis revealed a clustering of the aro-
matic rings and heteroatoms within each the NNRTIs. 
This indicates that the efficacy of the NNRTI’s binding 
ability to the RT enzyme’s binding pocket is reliant on 
structures that have many aromatic systems and heteroa-
toms close together.  

Figure 3 Results from hydrogen bond donor/acceptor and aro-
matic ring detection scripts (A) Geometry optimized structure of 
Doravirine (B) All hydrogen bond donors and acceptors present 
in Doravirine. (C) All aromatic rings present in Doravirine. 

Table 3 Heteroatoms and aromatic ring information of the 9 screened 

NNRTIs procured by the Python scripts. 

DISCUSSION 

The identification of highly correlated descriptors for 
HIV-1 RT provides valuable insight into future applica-
tions of high-throughput molecular screening. Specifical-
ly, these methods provide an efficient workflow for open 
source bioinformatic analysis of small molecules. Based 
on the descriptors that have a non-zero mean and low 
standard deviation, we can conclude the following: the 
structure of molecules belonging to the NNRTI class of 
drugs share commonalities in the number of aromatic 
atoms, aromatic bonds, hydrogen bond acceptors, and 
aromatic rings. Specifically, there is a greater presence of 
hydrogen bond acceptors in the NNRTIs studied, indicat-
ed by the highest mean values of 6 and 5.5 in the 
nHBAcc2 and nHBAcc3 descriptors respectively. This in-
dicates that hydrogen bond acceptors in particular are 
mainly responsible for the formation of specific intermo-
lecular hydrogen bonds between the NNRTI and RT bind-
ing pocket. Furthermore, among the mean values of de-
scriptors for aromatic rings, the highest value of 2.333333 
is associated with the number of 6-membered rings 
(n6Ring), indicating a strong presence of these substruc-
tures in all 9 NNRTIs. It is clear that for all compounds 
studied, the majority of molecular rings present in each 
molecule are aromatic and contain 6 atomic constituents 
(Table 1). It is evident that 6-membered aromatic rings 
(including heterocyclic structures) play a significant role 
in determining the specific conformation of the overall 
NNRTI when bound to the RT enzyme, and therefore 
contributes to the compound’s overall success. 

A limitation of the method described is the exclusion of 
rotatable bonds and/or conformational flexibility in the 
ligand. As a result, all molecules screened with this algo-
rithm were represented as rigid structures, and only the 
relative positions of the heteroatoms and aromatic rings 
on the geometrically-optimized NNRTIs were determined 
instead of sampling all possible conformers of each com-
pound. In traditional docking algorithms, bonds defined 
as rotatable are able to create additional conformers with-
in the HIV-1 RT binding pocket. 



 

 

While the results presented here were specific to small 
molecule antivirals targeting HIV-RT,  it is conceivable 
that such an approach can be applied to any biomolecular 
target with a set of known ligands that bind to a well-
defined binding pocket. In addition, this method of 
screening allows for the identification of descriptive vari-
ables in motif identification for machine learning ap-
proaches. These methods can potentially have broad ap-
plications in any campaign involving screening for mole-
cules with common moieties. The methodology described 
might serve as an effective supplement to an HTVS cam-
paign in filtering large libraries of molecules into classes 
that contain the desired pharmacophoric features identi-
fied in smaller libraries of lead structures. 

MATERIALS AND METHODS  

Quantified Characteristic Analysis PaDEL-Descriptor 
(PaDEL), an open-source software capable of calculating 
molecular descriptors and fingerprints, was identified to 
be a suitable software to quantify complex chemical char-
acteristics of the NNRTI molecule. PaDEL is capable of 
generating 1,875 descriptors and 12 fingerprints for mole-
cules, including descriptors corresponding to the hydro-
gen bond donor count, hydrogen bond acceptor count, 
and aromatic ring count (Table 4). Molecules can be ana-
lyzed in batch and the results are presented in a CSV for-
mat that can be parsed by scripts. The simplified molecu-
lar-input line-entry system (SMILES) code was obtained 
for the nine NNRTIs chosen as data points from PubChem 
(19). These codes were then submitted to the PaDEL-
Descriptor interface to obtain the resultant CSV files. In 
PaDEL, all NNRTIs went through geometry optimization 
using the Merck Molecular Force Field (MMFF94) to 
10,000 steps. 

 

Table 4 Descriptor names in correspondence to their descriptor 
type 

Data Analysis The Python package pandas was used to 
create a script to parse the CSV file outputted from 
PaDEL (20-22). The CSV file generated from PaDEL was a 
matrix with columns that consisted of descriptors and 
rows for each of the nine NNRTIs and their values for 
each descriptor. The CSV was then imported into python 
and the descriptors shown in Table 4 were isolated. Fol-
lowing this, the means and standard deviations for each 
descriptor were calculated, and data was ordered by the 
standard deviation in ascending order, while attributes 
with values of 0 for both the mean and standard deviation 
were omitted. Finally this dataframe was outputted as a 
CSV.  

Position Analysis Determination of precise locations of 
hydrogen bond donors and aromatic rings in a three-
dimensional environment was carried out through the 
creation of Python scripts to parse coordinates of atoms 
in an .xyz file of each geometry-optimized NNRTI. RDKit, 
an external cheminformatics Python library, was used to 
search for and identify individual atomic constituents of 
any aromatic rings present on the molecule being ana-
lyzed (23). RDKit contains various functions able to iden-
tify properties associated with molecular compounds, and 
was deemed an appropriate library to integrate into the 
aromatic ring detection script due to flexibility in its abil-
ity to identify aromatic bonds rather than entire aromatic 
systems. As such, the user-defined model for aromaticity 
used to identify these aromatic bonds was an 
intramolecular bond with a bond order of 1.5. The algo-
rithm would isolate all rings from the NNRTI and deter-
mine the aromaticity of each ring through confirmation of 
all intramolecular bonds within the ring having a bond 
order of 1.5 - indicative of a fully conjugated ring system. 
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