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Results
While our approach outlined here is specific to small molecule antivirals targeting HIV-RT 1, 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 faster screening with 
more computational power, enabling it to screening more molecules within the chemical space. Our work has 
previously shown that amongst the 1,875 PaDEL descriptors there are a select few descriptors that are 
especially salient amongst our library of NNRTIs. We observed these salient descriptors through their high 
degree of correlation amongst the NNRTIs. Two of the isolated descriptors we distinguished  were the 
number of heteroatoms and aromatic rings a molecule contained establishing the key 3 dimensional features 
we built into our  pharmacophore fingerprint. Within our rotation invariant representation (Figure 4), there 
are observable clusters of heteroatoms in various locations. In future work we would like to additionally 
embed  rotationally invariant representations of the aromatic rings that make up our NNRTIs to build a more 
conclusive pharmacophore fingerprint on which we can perform machine learning and further explore our 
data through clustering algorithms to gain a deeper insight into the 3D structural similarities of our NNRTIs.

A Novel ML-based 3D Pharmacophore Fingerprinting Approach to the 
Screening of Potential HIV-1 RT Inhibitors

Abstract
With advancements in the field of machine learning powered by on-demand 
computing and information processing on a large scale, computationally driven 
proteomics and high throughput virtual screening have become increasingly 
popular in reducing traditional in vitro screening costs and the timeframe for 
hit-to-lead identification of drug candidates. The efficiency of high throughput 
fingerprinting using cheminformatics based approaches coupled with machine 
learning holds immense potential in screening possible inhibitors. To identify 
these potential targets, we propose a reductionist approach in identifying key 
pharmacophoric elements of chemical entities, dramatically reducing the relative 
compute cost for large scale chemical screening efforts. By minimizing the 3D 
structure of our molecules to their key points we are able to screen a larger 
sample of chemical space while effectively filtering for ideal small molecule 
drugs. Platforms such as PaDEL and Mordred were used in identifying notable 
descriptors of a class of FDA-approved NNRTIs, and this data was later 
implemented in a machine learning based model when screening for structural 
similarity between NNRTIs and other datasets of organic compounds. Herein, 
we present a novel pharmacophore fingerprinting method based on 3D 
reductions of molecule libraries, enabling a relatively more efficient and rapid 
screening of effective inhibitors of the HIV-1 RT enzyme. 

Figure 1 - Examples of molecule conformations. [1]
Introduction
     In vitro and in vivo screening, common approaches to drug discovery, pose a 
number of limitations involving cost, materials, and time when exploring the 
vast chemical space. These methods can cost between $314 million to $2.8 
billion on average according to a 2018 research study by Wouters [2]. Wet lab 
drug discovery also involves hundreds of pounds of chemical compounds, taking 
years to produce an efficacious drug candidate. “Chemical space” or the number 
of possible molecules that can exist  is estimated to consist of 10^60 molecules 
[3], demonstrating that an effective screening approach is necessary in 
overcoming the restraints created by wet lab drug discovery methods. In silico 
methods screen billions of drug candidates through cheminformatics features, 
analyzing relationships between the target and drug candidate efficiently and 
virtually. 

Methods
   The data for our pharmacophore fingerprinting method was obtained from 
the publicly available data from RCSB. It consists of a set of 54 active 
inhibitors of HIV-1 RT. The x-ray structures were preprocessed and cleaned 
to isolate the ligand from the 3D crystalline structure, and were converted 
from the SDF format to XYZ through the computer software, OpenBabel. 
   Using the generated XYZ files, we created pharmacophore fingerprint for 
each of our known ligands of HIV-1 RT. The fingerprints consist of key 3D 
markers located in each of our molecules. Our reductionist approach uses the 
XYZ coordinates of the aromatic rings and heteroatoms found within the 
molecule. With these attributes, our pharmacophoric point cloud serves as 
data for our drug discovery algorithm.

 
   

For data preprocessing, a rotation invariant representation [4] of each 
pharmacophore fingerprint is used to create a meaningful embedding of our 
data independent of rotation. First, the fingerprint is centered to have zero 
mean within each dimension of the cartesian coordinate plane. A local 
reference frame from each point within our fingerprint generates a rotation 
invariant representation of each inhibitor around each point within our 
fingerprint (Figure 3). This ensures that the screened molecule is not 
evaluated based on its orientation, but instead its structure.
    Our reductionist approach of data preprocessing aims to allow  our 
machine learning algorithm to classify drug candidates at a high and 
effective speed. We perform our high throughput virtual screening (HTVS) 
on  millions of unknown molecules within the chemical space using the GDB 
dataset [6]. Next, we create all low energy conformers (<20 kcal/mol) for the 
molecule being screened . Each of these conformers are given a rotation  
invariant representation creating  an embedding to be processed by our 
machine learning model trained on the 54 known inhibitors of HIV-1 RT. 
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Figure 2 - Pharmacophore Fingerprint pipeline.

Figure 4 - Rotation invariant 
representation of NNRTI heteroatoms. Figure 3 - Rotational invariance methodology representation. [5]


