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Abstract 

One of the most important tasks for artificial intelligence-assisted molecular design is the prediction of 
physicochemical qualities from molecular structures. To meet this problem, an increasing number of 
Graph Neural Networks (GNNs) have been proposed. By including more information in molecules, these 
models expand their expressive power while unavoidably increasing their computational complexity. In 
this work, we seek to create a powerful and effective GNN for molecular structures. By first representing 
each molecule as a two-layer multiplex graph, one layer of which only contains local connections that 
primarily capture covalent interactions and the other layer of which contains global connections that can 
simulate non-covalent interactions, we propose a molecular mechanics-driven approach to accomplishing 
this goal. Then, in order to balance the trade-off between expression strength and computing complexity, 
a corresponding message passing module is proposed for each layer. We construct the Multiplex 
Molecular Graph Neural Network based on these two modules. When it was verified using a dataset for 
big protein-ligand complexes and tiny compounds. 
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INTRODUCTION 
From COVID-19 vaccines to solar cells, the 
discovery and design of novel compounds 
with desired features profoundly improves 
human society. The molecular discovery 
process is speeding up thanks in large part 
to artificial intelligence (AI). Predicting the 
physicochemical characteristics of 
molecules based on their structures is one 
of the most important tasks in AI-assisted 
molecular design. Discovering safe and 
effective treatments for human ailments is 
the goal of drug discovery. From target 
selection to meticulous clinical studies, drug 
development is time- and money-
consuming. The optimal pharmaceutical 

options for the following phase of 
treatment must be chosen at each 
checkpoint. The "hit-to-lead" approach is 
required to identify lead compounds from 
hits and confirm their medicinal potential. 
The polypharmacology idea [1] asserts that 
single or multiple medications typically 
interact with many targets, which 
contributes to clinical trials' adverse effects 
and lack of in vivo efficacy. In-vivo 
investigations would be ideal for each 
sickness model, but they would take a lot of 
time and effort, which is not feasible. 
Modern pharmaceutical R & D has relied 
significantly on computer-aided drug 
discovery or design technologies for the hit-
to-lead process since the 1980s [2-4]. 
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Despite the usage of this in silico approach, 
the pharmaceutical industry's R&D output 
has been declining since the middle of the 
1990s. 
Recent developments in drug discovery 
have made it possible for academics and 
the pharmaceutical industry to apply AI in 
important and cost-effective ways. Artificial 
Intelligence (AI) in drug discovery was made 
possible by the advent of high-performance 
processors like graphics processing unit 
computing and the huge volumes of 
chemical and biological data accumulated 
over decades [4-6]. Various AI-driven drug 
development pipelines and frameworks are 
being created in addition to the 
implementation of cutting-edge AI 
technologies in the drug development 
process [7–9]. 
AI is widely employed in both the corporate 
and academic world. Machine learning 
(ML), AI's fundamental component, has 
been used in a variety of domains, including 
data collecting and analysis. Applied 
mathematics and computational theory are 
essential to algorithm-based techniques like 
machine learning. Deep learning aided self-
driving cars, improved speech recognition, 
and smarter search engines are just a few of 
the possible applications of ML models [10-
13]. 

1.1 Motivation 
Drug discovery and medicine that started 
with Ayurveda in India are now benefiting 
from an altogether different artificial 
intelligence (AI). Due to its ability to 
drastically cut the time and money required 
to develop new medicines, artificial 
intelligence-based drug discovery has 
recently attracted a lot of attention. The 
fields of drug research and development 
have made use of machine learning and 
deep learning technologies to develop new 
medication prospects. Machine learning 
and deep learning-based techniques are 
emerging at every level of the drug 

development process as a result of the 
proliferation of drug-related data. 

1.2 Scope of work 
The paper involving drug discovery have 
benefited from artificial intelligence thanks 
to rapid advancements in computing power 
and the generation of enormous amounts 
of chemical and biological data. There has 
been an increase in the number of studies 
that use deep learning, particularly in the 
last few decades. Virtual screening, drug 
repositioning, and in silico prediction of 
pharmacokinetic properties (absorption, 
distribution, metabolism, and excretion–
ADME) and toxicity are some examples of 
deep learning (DL) applications. The 
inherent characteristics of biological and 
chemical data, such as complexity, 
uncertainty, diversity, and high 
dimensionality, have made DL outperform 
traditional techniques in some applications 
related to drug design. To build robust and 
predictive models, deep learning relies on 
large and complex neural networks, both of 
which have the flexibility to adapt to a 
variety of problems. 
For the purpose of lowering the computing 
cost of quantum chemistry calculations 
(DFT) and molecular dynamics simulations 
(MD) [14], various machine learning 
algorithms have been proposed for the 
representational learning of molecules in 
recent years. By modelling the molecule as 
a graph and applying a message-passing 
system to it, Graph Neural Networks (GNNs) 
have outperformed competing approaches 
[15]. 
The chemical characteristics, pairwise 
distances between atoms, and angular 
information have all been utilised by prior 
GNNs to better represent the interactions in 
molecules and boost the expressive 
capacity of approaches [16-22]. But 
incorporating this data into GNNs will raise 
the computational complexity. 
We propose a new, powerful, and efficient 
GNN to overcome this restriction. Taking a 

101217

http://www.neuroquantology.com/


NeuroQuantology| | JUNE 2022 | VOLUME 20 | ISSUE 6 | PAGE 101216-101229| DOI: 10.48047/NQ.2022.20.6.NQ22996 
SnehaKhaire et al / GRAPH NEURAL NETWORK FOR DRUG MOLECULAR STRUCTURES USING MULTIPLEX GRAPH 
 

 

 www.neuroquantology.com 
eISSN1303-5150 

 

cue from molecular mechanics approaches 
[23], we model only the local connections 
utilising angular information to save time 
and money. Reducing computational 
complexity, the innovative GNN moduler 
ignores angular information in nonlocal 
interactions. As a last step, we employ a 
Multiplex Graph to build a Graph Neural 
Network specifically for drug molecular 
structures. 

RELATED WORK 

2.1 Machine Learning (ML) Algorithms 
Used in Drug Discovery 

Machine learning approaches have had a 
significant impact on drug discovery. 
Pharmaceutical companies have reaped 
major benefits from the application of 
machine learning algorithms in the process 
of drug discovery. Multiple models for 
predicting the chemical, biological, and 
physical properties of molecules have been 
constructed using machine learning 
methods [14–22]. It is possible to use 
machine learning techniques at any stage of 
the drug discovery process. When it comes 
to discovering new drug uses, for example, 
machine learning algorithms have been 
used to predict drug-protein interactions, 
identify medicine efficacy, ensure safety 
biomarkers, and optimize molecular 
bioactivity [23-27]. Examples of machine 
learning algorithms used in drug 
development include support vector 
machine (SVM), Naive Bayesian (NB) and 
Random Forest (RF) etc. [28-30]. 
A subset of artificial intelligence known as 
machine learning is not a homogenous 
category (AI). Supervised algorithms and 
unsupervised algorithms are the two main 
categories of machine learning algorithms. 
In supervised learning, previously labelled 
samples are used to predict fresh samples' 
labels. Unsupervised learning may be used 
to detect patterns in a collection of 
unlabeled examples. The reduction of a 
high-dimensional input to a lower-

dimensional input is a common goal of 
unsupervised learning techniques. Even if 
unsupervised learning is more successful in 
a low-dimensional space, the pattern that 
emerges is also more understandable. With 
semi- and reinforcement-learning 
approaches, a wide range of data sets may 
be utilised [31]. The development and 
expansion of successful machine learning 
algorithms during the drug discovery 
process are dependent on the availability of 
large amounts of data. In precision 
medicine and drug development, the 
necessity of high-quality data and well-
defined training sets is substantially larger. 
For the creation of really effective tailored 
medications, it is necessary to describe all 
related pan-omic data, such as genomes, 
transcriptomics, and proteomics. There has 
been a boom in data development, 
gathering, and maintenance for drug 
research as online multi-omic databases 
and machine learning methods have 
become more commonly employed over 
the last two decades. To some extent, 
attempts at deciphering freshly created 
data have been effective thanks to 
analytical advancements. Drug research is 
currently helped by machine learning 
methodologies and networked databases 
via different software/web-tools, such Soft-
ware. For example, the capacity of new 
data analytics to mix with known 
methodologies and current hypotheses to 
produce new hypotheses has helped with 
re-positioning, target identification, small 
molecule discovery, synthesis, and other 
applications [32–34]. It's possible to get a 
wide range of information from medical 
and multi-omics domains. Having data that 
is inconsistent and derived from a variety of 
sources is not unusual. Generalized linear 
models with non-negative reverse infer-
ence may be useful when dealing with 
multidimensional data (NB). There are a 
number of different ML techniques and 
models that are extensively utilized in 
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various fields of research [34-35]. These 
include regression, clustering, 
regularization, neural networks, decision 
trees, and dimensionality reduction. 

2.2 Deep Learning (DL) Methods Used in 
Drug Discovery 

If you're interested in cutting-edge research 
and development, deep learning algorithms 
are an excellent place to start. Deep 
learning relies on the translation of artificial 
neural networks (ANNs) from theoretical 
and predicted applications to workable 
algorithms, which were first developed in 
the 1950s, as a fundamental pillar. A 
multidimensional data representation can 
be learned through abstraction using DL 
methods [37]. For example, picture 
identification and speech recognition have 
been addressed thanks to deep learning, 
which is a more advanced kind of machine 
learning (ML). Drug activity prediction, 
target discovery, and lead compound 
discovery have all benefited from the use of 
DL approaches [38–40]. In NN systems, the 
DL foundations are widely used to construct 
systems that can recognise, understand, 
and produce complicated data. 
Three main types of artificial neural 
networks used in drug discovery are 
convolutional neural networks (CNNs), deep 
neural networks (DNNs) and recurrent 
neural networks (RNNs). The parameters 
that influence the selection of NNs from the 
subset's variations are numerous. Data 
flows from the input layer to the hidden 
layer(s) and then to the output layer (in 
DNNs) in a single path. To identify the 
outputs, trained supervised learning 
algorithms are typically used. Other 
machine learning techniques can be utilised 
to train neural networks in deep learning 
algorithms. Supervised and reinforcement 
learning approaches can be used to teach 
DNNs difficult tasks. Based on existing 
libraries and training sets, it is possible for a 
predictive neural network (DNN) like this 
one to forecast the chemical properties of 

novel compounds [41,42]. QSAR models are 
currently being employed in the field to find 
the link between the chemistry and the 
activity of these medications. DL-based AI in 
drug discovery and development is now 
using QSAR analysis, one of the most 
advanced versions of DL. Researchers have 
used 2D chemical structures to discover the 
physicochemical parameters relevant to the 
action of the molecule. 3D-QSAR has helped 
researchers better understand how ligand-
target interactions are influenced by the 
structure of the environment [43,44]. 
Predicting whether newly synthesised lead 
compounds will act on or miss specified 
targets has been done using QSAR in the 
pharmaceutical sector. Algorithmic 
methods for discovering and developing 
new products are not without flaws. 
Research using these AI algorithms has 
yielded numerous errors and inaccuracies 
over time. In QSAR studies, it was 
discovered that NNs have a few drawbacks 
when compared to other ML techniques. 
NN redundancy and output blockage result 
from the existence of unnecessary 
descriptors. There is a risk that this 
redundancy will decrease the NN's 
efficiency and produce results that aren't 
ideal. The usage of unidentified descriptors 
is also a problem because they could affect 
the outcome. In order to acquire a smaller 
number of higher quality descriptors, these 
concerns have been addressed by using 
more specialised feature selection 
methods; however, NN-based QSAR will 
continue to face this difficulty These NN-
based assays face another challenge in 
implementing optimal network parameters 
without sacrificing accuracy [44]. These 
issues are not going away, despite the fact 
that workable remedies have been 
proposed and put in place [45]. Chemical 
synthesis and identification are prioritised 
only when significant research into target-
molecule interactions has been completed. 
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As part of the de novo drug design process, 
descriptive simplified molecular input line-
entry system nomenclature (SMILES) 
nomenclature is employed widely. RNNs are 
self-learning neural networks that use 
generational input processing and the 
formation of hidden layers. For the creation 
of new chemical structures, an RNN-type 
long short-term memory has become the 
norm. RNNs differ from feed-forward neural 
networks and DNNs in that they use 
neurons connected in the same hidden 
layer to establish a working cycle of 
processing inputs and outputs, rather than 
connecting across layers. However, the 
initial SMILE training sets did not include 
these RNNs, which have shown promising 
results in producing unique SMILE 
structures that are logical, structurally 
accurate, and viable [46–49]. With the help 
of generative RNN models, Segler et al. 
were able to identify possible chemical 
structures that could be effective against S. 
aureus and P. falciparum (P. falciparum). 
Chemical structures with known efficacy 
against these target organisms were 
supplied to their models, and they were 
able to generate a total of 14 percent of the 
6051 potential S. aureus molecules. In 
addition, 28% of the present P. falciparum 
compounds were produced by the model 
[50]. Chemical synthesis routes have 
typically been developed and implemented 
by chemists alone. However, as artificial 
intelligence (AI) advances, this position will 
increasingly entail computer-aided 
synthesis planning (CASP). Researchers have 
used Monte Carlo tree search (MCTS) 
methods to build CASP processes in recent 
studies. A good method for finding the best 
conditions and solutions is the MCTS 
methodology [52,53], which uses a random 
step search without branching. Three 
neural networks (NNs) and 12.4 million 
transformation rules were utilised by 
researchers Segler and Waller [54] to 
develop the first real CASP process, which 

was built using this technology. One of the 
first NNs, an expansion node, searches the 
past and predicts if the 12.4 million 
transformation rules may be used to make 
the chemical. A better selection of 
transformations, such as those that are 
feasible and high-yielding, can be made by 
the expansion node as a result. With the 
rollout node, inputs are filtered so that only 
the most often reported transformation 
rules are included. This increases 
transformation success rates. In order to 
incorporate the new path into the search 
tree, the update node must be triggered. It 
was able to solve 80% of retrosy thesis 
questions in 5 seconds and more than 90% 
in 60 seconds using this technique. 
Chemical synthesis and reaction pathways 
based on artificial intelligence (AI) have 
been improved in several studies [55–57]. 
AI-based chemical synthesis and 
characterisation will be able to transfer 
drug discovery from the bench into in silico 
by increasing its use across the entire drug 
discovery process. Discovery and 
management will be more efficient as a 
result. 

2.3 Graph Neural Networks (GNNs) 
Graph Neural Networks (GNNs) have been 
proposed [16, 68, 69] and are gaining 
popularity as a means of learning the 
representations of graph-structured data 
using neural networks. Researchers started 
using GNNs to predict different molecular 
properties because of their superior 
performance in many tasks. Initial works 
treat the chemical bonds in molecules as 
edges and atoms as nodes to create graphs 
for molecules [16, 17, 18]. In addition, these 
GNNs incorporate a large number of 
carefully selected chemical features to 
boost performance. However, they ignore 
the importance of molecules' three-
dimensional structures to their 
physiochemical properties. Therefore, 
subsequent works [70, 19, 71, 20] turn to 
account for atomic positions and 
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interatomic distances to generate edges 
and interatomic features at the edges. 
Usually, a cutoff distance is used to find the 
neighbours in molecules instead of creating 
a complete graph to reduce the 
computational complexity and overfitting. 
However, depending on the cutoff value 
chosen, GNNs may not be able to 
differentiate between two molecules [21]. 
To solve this issue, angular information is 
further used in GNNs to achieve higher 
expressive power [21, 22]. The time and 
space complexity of those angle-aware 
GNNs, however, is much higher than that of 
the prior works. These methods cannot be 
applied to larger systems, such as 
macromolecules or batch learning. 
Graph Multiplexing. Multiple types of 
edges connect a collection of nodes in the 
multiplex graph (also known as the multi-
view graph). A group of graphs, where each 
type of edge connects to the same group of 
nodes, is one way to think about it. Each 
node's representation requires careful 
consideration of both intra-layer and cross-
layer relationships. The multiplex graph has 
many potential applications [80, 81, 82], 
and numerous methods have been 
proposed to learn its embedding [71–75]. 
Previous work [84] implicitly represents 
molecular graphs as multiplex graphs and 
passes messages according to the edge 
types, which is useful for representation 
learning on molecules. In this work, we use 
the geometric information contained in 
molecules to create an explicit 
representation of molecules as multiplex 
graphs. Furthermore, we suggest a variety 
of message passing schemes for use across 
the multiplex graph's various layers. 
 
 
 

PROPOSED APPROACH 
Our Multiplex Molecular Graph Graph 
Neural Network module is described in this 
section. 

3.1 Multiplex Molecular Graphs 
The local, covalent interactions, including 
Ebond, which depends on bond lengths, 
Eangle, which depends on bond angles, and 
Edihedral, which depends on dihedral 
angles, are modelled in molecular 
mechanics methods [10] as E = Elocal + 
Enonlocal, where Elocal = Ebond + Eangle + 
Edihedral. The enonlocal model predicts the 
properties of atomic-pair interactions that 
are not local or covalent. By analysing the 
molecular mechanics method from a 
geometric standpoint, we learn that the 
local interactions capture both the angles 
_local and the pairwise distances dlocal, 
while the nonlocal interactions only capture 
the pairwise distances dnonlocal. As a 
result, we are motivated to model only the 
local interactions, rather than all 
interactions, using the angular information. 
In order to accomplish this, we separate the 
GI used in molecular mechanics techniques 
into two categories: local GI, which includes 
local and dlocal, and global GI, which 
includes dlocal and dnonlocal. Next, we use 
the 3D model of the molecule to build 
interaction graphs with various GI. The local 
GI's edges can be generated in two different 
ways: via chemical bonds between nodes or 
by identifying the neighbours of each node 
within a small cutoff distance. We define 
the neighbours of each node within a large 
cutoff distance to generate the edges for 
the global GI. As if they were layers of an 
onion, the interaction graphs are used to 
construct a multiplex molecular graph G = 
fGl;Ggg, which is divided into a local layer Gl 
and a global layer Gg. Our model will take 
the resulting G as an input. 
 
 

3.2 Graph Neural Network using Multiplex 
Molecular Graph 
Molecular properties are predicted using a 
neural network constructed using the 
Multiplex Molecular Graph module. In the 
Embedding section, the input node 
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embeddings are representations of the 
atomic numbers Z that are randomly 
initialised and trainable. Cartesian 
coordinates (r) of atoms are used to 
determine pairwise distances and angles in 
the RBF & SBF subroutine. The 
representations of eRBF and aSBF are built 
using the basis functions proposed in [8]. 
Then, we send messages by stacking 
modules of a Multiplex Molecular Graph. To 
obtain the output at the node level, an 
Output module is used in each Multiplex 
Molecular Graph module. All of the outputs 
from each node and layer are added 
together to form the final prediction y. 

METRICS OF EVALUATION 
Expressive Power: We examine how the 
inclusion of captured geometric information 
impacts the accuracy with which molecular 
structures are represented using Multiplex 
Molecular Graph. Comparatively, Multiplex 
Molecular Graph outperforms GNNs that 
only capture the pairwise distance 
information because it also accounts for the 
angular information in local connections. 
Since Multiplex Molecular Graph does not 
account for angular information in nonlocal 
connections, it theoretically has less 
expressive power than GNNs, which 
account for both pairwise distance 
information and angular information in 
global connections. We will conduct 
experiments to demonstrate that Multiplex 
Molecular Graph has excellent 
generalisation ability and state-of-the-art 
performance, despite the fact that 
expressive power does not directly speak 
about the generalisation ability of GNNs. 
Complexity in Computation: We examine 
the time and space requirements for 
message passing in a Multiplex Molecular 
Graph to gain insight into the 
computational complexity of this model. 
When making the edges, we use the 
notation dg for Group G and dl for Group L 
to indicate the minimum distance required 
to create the edge. Average k-neighbors per 

node in Gg is kg and in Gl it's kl. We have kg 
/ dg 3 and kl / dl 3 for three-dimensional 
molecules. We can deduce that kg kl since 
dg > dl. As was mentioned previously, our 
MXM module's message passing operations 
require the computation of O(2Nkg +2Nkl 2 
+Nkl +2N) messages. Given that GNNs that 
capture angular information in global 
connections require O(Nkg2) messages, 
Multiplex Molecular Graph is a much more 
efficient alternative. 

PLATFORM AND TOOLS USED 
System requirements as high as Windows 7, 
with Windows 10 being the recommended 
minimum. 
It is possible to use the open-source 
Anaconda package and environment 
management system on Windows, macOS, 
and Linux. Packages and their dependencies 
can be quickly installed, executed, and 
updated using Conda. It also allows for 
simple local environment creation, saving, 
loading, and switching. Although it was 
designed for Python code, it can be used to 
distribute applications written in any 
language. 
Python is a powerful programming language 
that is also very accessible. Object-oriented 
programming is made easy while still being 
highly effective, and it has efficient high-
level data structures. Python's interpretive 
nature, together with its dynamic typing 
and elegant syntax, make it a great 
language for rapid application development 
in a wide variety of domains and on a wide 
variety of platforms. A Python 3.8 update. 
Only Python 3.7 and 3.9 are compatible 
with PyTorch on Windows. There is no 
support for Python 2.x. 

Database of Results from Experiments 
Exploring the chemical compound space 
rigorously and objectively is essential for 
computational de novo design of new drugs 
and materials. Its size scales combinatorially 
with molecular size, however, so there are 
still vast unexplored regions. We report on 
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the calculated geometric, energetic, 
electronic, and thermodynamic properties 
of 134k CHONF-based small organic 
molecules that are stable under standard 
conditions. From the 166 billion organic 
molecules in the GDB-17 chemical universe, 
this set corresponds to the 133,885 species 
with up to nine heavy atoms (CONF). 
Energy-efficient geometries are reported, as 
are the corresponding harmonic 
frequencies, dipole moments, 
polarizabilities, energies, enthalpies, and 
free energies of atomization. All properties 
were determined using a quantum chemical 
method that operates at the level of 
B3LYP/6-31G(2df,p). In addition, out of the 
total of 134,000 molecules, 6,095 are 
constitutional isomers of the most common 
stoichiometry (C7H10O2). All of their 
atomization energies, enthalpies, and free 
energies are reported at the more precise 
G4MP2 level of theory. For a meaningful, 
consistent, and all-encompassing chemical 
space of small organic molecules, this data 
set provides quantum chemical properties. 
This database has the potential to aid in the 
systematic identification of structure-
property relationships, the benchmarking of 
existing methods, and the development of 
new methods like hybrid quantum 
mechanics/machine learning. 

Methodology for establishing Experimental 
Parameters 
In our experiments, we test our noevl 
GNN's ability to generalise and its 
performance on the QM9 dataset for 
predicting molecular properties. For further 
evaluation, several state-of-the-art baseline 
models are also provided. In our 
subsequent scholarly article, we will show 
the outcomes of our proposed method. 

CONCLUSION 
Here we propose Multiplex Molecular 
Graph, a robust and effective GNN for 
predicting molecular properties. Our model 
can greatly enhance GNNs for molecules' 

capacity for expression and memory 
efficiency. The innovation of GNN is found 
in its molecular-mechanics-based 
representation of molecules as a multiplex 
graph. The next steps of our research will 
involve conducting experiments on datasets 
that will show how effective and powerful 
novel GNN are in comparison to the current 
state-of-the-art baselines. Furthermore, 
since molecules can exist in a variety of 
shapes. To what extent these 
conformations affect our model and related 
GNNs is still unknown. 
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