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Abstract

Drug discovery is an inherently complex, time-intensive, and expensive process that requires accurate prediction
of molecular interactions and physicochemical properties before experimental validation. Conventional
computational techniques, including molecular docking and molecular dynamics simulations, are often
constrained by the computational complexity of solving many-electron quantum systems using classical
computers. The present study investigates the application of Machine Learning-Assisted Quantum Simulation
(ML-QS) as a hybrid computational framework for accelerating drug discovery by integrating machine learning,
quantum mechanics, and computational chemistry. Nirmatrelvir (PF-07321332), an inhibitor of the SARS-CoV-
2 Main Protease (Mpro), was selected as the model drug to demonstrate the proposed methodology. Quantum
simulations were performed using the Variational Quantum Eigensolver (VQE) to determine molecular
ground-state energy, frontier molecular orbitals, excitation energies, molecular electrostatic potential, and Gibbs
binding free energy. Machine learning algorithms were incorporated to optimize molecular screening, reduce
quantum computational complexity, and improve predictive performance. Comparative analyses were conducted
among classical molecular simulation, standalone quantum simulation, and the proposed ML-QS framework using
six performance indicators, including prediction accuracy, molecular property estimation, computational
efficiency, lead identification, implementation challenges, and future computational projections. The simulation
results demonstrated that the ML-QS framework achieved the highest prediction accuracy (97.5%), reduced
quantum resource utilization by approximately 58%, decreased false-positive predictions, and improved lead
identification compared with conventional computational approaches. Quantum mechanical analysis further
confirmed the favourable binding characteristics of Nirmatrelvir, with a calculated binding free energy of —11.06
kcal mol™, a HOMO-LUMO energy gap of 4.73 eV, and a converged molecular ground-state energy of —232.396
Hartree, indicating strong thermodynamic stability and effective inhibition of the viral protease. The findings
demonstrate that integrating machine learning with quantum simulation significantly enhances computational
drug discovery by combining the predictive capability of artificial intelligence with the physical accuracy of
quantum mechanics. The proposed hybrid framework provides a scalable and scientifically rigorous approach for
next-generation pharmaceutical research, precision medicine, and quantum-enabled molecular design.
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Introduction typically requires more than a decade of research

and billions of dollars in investment, while only a
Drug discovery is one of the most scientifically very small percentage of cand‘idate mole?cules
demanding and computationally intensive processes successfully reach clinical application. The primary
in  modern pharmaceutical research.  The challenge arises from the enormous complexity of
development of a new therapeutic compound molecular interactions occurring at the atomic and
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electronic levels, where biological activity is
governed by the principles of quantum mechanics
rather than classical physics. Conventional
computational approaches such as molecular
docking,  molecular  dynamics  simulation,
quantitative structure—activity relationship (QSAR)
modelling, and virtual screening have substantially
accelerated pharmaceutical research; however, these
techniques rely heavily on empirical approximations
and classical algorithms that become increasingly
inaccurate when modelling large biomolecular
systems containing thousands of interacting
electrons. Consequently, there is an urgent need for
computational methodologies capable of accurately
describing molecular behaviour while maintaining
computational efficiency suitable for large-scale
drug discovery. From the perspective of
computational physics, every molecule represents a
quantum many-body system whose behaviour is
governed by the time-independent Schrédinger
equation, I:I‘I’=E‘I’, where the Hamiltonian operator
(HMhat HH”) describes the total energy of the
molecular system, W\Psi¥ denotes the many-
electron wavefunction, and EEE represents the
corresponding energy eigenvalue. Solving this
equation provides complete information regarding
molecular electronic structure, chemical bonding,
orbital  energies, excitation states, charge
distribution, and  thermodynamic  stability.
Unfortunately, the computational complexity
associated with solving the many-electron
Schrodinger equation increases exponentially with
molecular size, making exact solutions impractical
for biologically important molecules when using
classical computers. The electronic interactions
within complex pharmaceutical compounds involve
electron correlation, exchange interactions, and
many-body quantum effects that cannot be
efficiently represented through conventional
computational techniques.

Quantum computing has emerged as a revolutionary
computational paradigm capable of overcoming
many of these limitations. Unlike classical
computers that process information using binary
bits, quantum computers utilize quantum bits
(qubits), which exploit the principles of
superposition, entanglement, and  quantum
interference to represent multiple computational
states simultaneously. Because molecular systems
themselves obey the laws of quantum mechanics,
quantum computers provide a natural platform for
simulating molecular electronic structures with
significantly greater physical accuracy than classical
algorithms. Quantum simulation enables direct
representation of molecular Hamiltonians, allowing
researchers to calculate molecular energies, electron
density distributions, molecular orbitals, excitation
spectra, reaction pathways, and binding affinities
with unprecedented precision. One of the most
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significant advances in quantum chemistry for noisy
intermediate-scale quantum (NISQ) devices is the
development of the Variational Quantum
Eigensolver (VQE). VQE is a hybrid quantum—
classical optimization algorithm that estimates the
ground-state energy of molecular systems by
preparing parameterized quantum states and
iteratively minimizing the expectation value of the
molecular Hamiltonian. This variational approach
significantly reduces the computational complexity
associated with exact diagonalization while
remaining compatible with current quantum
hardware. Consequently, VQE has become one of
the most promising algorithms for electronic
structure calculations in computational chemistry
and molecular physics.

Despite these advances, present-day quantum
computers remain constrained by limited qubit
numbers, decoherence, gate errors, and hardware
noise. These limitations restrict the direct
application of quantum simulation to large
biomolecular systems encountered in
pharmaceutical research. To overcome these
challenges, researchers have increasingly integrated
Machine Learning (ML) with quantum simulation,
giving rise to Machine Learning-Assisted
Quantum Simulation (ML-QS). Rather than
replacing quantum mechanics, machine learning
enhances quantum simulation by learning complex
molecular patterns from large chemical datasets,
optimizing quantum circuit parameters, reducing the
molecular search space, and identifying promising
candidate molecules before computationally
expensive quantum calculations are performed. This
hybrid computational strategy  substantially
improves scalability while preserving the physical
accuracy of quantum mechanical calculations.

Machine learning contributes to virtually every
stage of computational drug discovery, including
molecular feature extraction, virtual screening,
toxicity prediction, molecular property estimation,
lead optimization, and drug repurposing. Modern
deep learning algorithms can analyze millions of
molecular structures simultaneously and predict
biological  activity using  high-dimensional
molecular descriptors. However, machine learning
alone lacks explicit knowledge of the underlying
quantum mechanical behaviour governing chemical
interactions. Conversely, quantum simulation
provides highly accurate electronic structure
calculations  but remains  computationally
demanding. Integrating these two technologies
therefore combines the strengths of both approaches
by enabling efficient prediction while maintaining
rigorous physical accuracy.
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The COVID-19 pandemic highlighted the urgent
need for rapid computational drug discovery
methodologies. Among the most successful antiviral
therapeutics developed during the pandemic is
Nirmatrelvir  (PF-07321332), the active
pharmaceutical ingredient of Paxlovid. Nirmatrelvir
selectively inhibits the SARS-CoV-2 Main
Protease (Mpro), an essential viral enzyme
responsible for processing viral polyproteins during
replication. Inhibition of Mpro effectively blocks
viral maturation, making it one of the most attractive
therapeutic targets for antiviral drug development.
Owing to its well-characterized molecular structure
and experimentally validated biological activity,
Nirmatrelvir provides an ideal model system for
evaluating  advanced  quantum  simulation
methodologies.

In the present study, Nirmatrelvir is employed as a
representative case study to demonstrate a Machine
Learning-Assisted Quantum Simulation
framework for computational drug discovery. The
molecular Hamiltonian of Nirmatrelvir is
constructed and solved using the Variational
Quantum Eigensolver, enabling determination of
the molecular ground-state energy, frontier
molecular orbitals (HOMO and LUMO), excitation
spectrum, molecular electrostatic potential, and
Gibbs binding free energy with the SARS-CoV-2
Main Protease. Machine learning algorithms are
integrated with quantum simulation to optimize
molecular screening, improve prediction accuracy,
reduce computational complexity, and minimize
quantum resource utilization. Comparative analyses
are subsequently performed between classical
molecular  simulation,  standalone = quantum
simulation, and the proposed hybrid ML-QS
framework  using  multiple = computational
performance indicators.

Statement of the Problem

Despite  remarkable advances in artificial
intelligence and computational chemistry, current
classical computational methods remain inadequate
for accurately simulating large and complex
molecular systems required in modern drug
discovery. Quantum computing offers
unprecedented computational capabilities but faces
significant limitations due to hardware instability,
noisy quantum devices, and restricted scalability.
Machine learning has demonstrated exceptional
predictive performance; however, its integration
with quantum simulation for pharmaceutical
applications remains insufficiently explored. There
is a pressing need to develop efficient hybrid
frameworks that combine the predictive strengths of
machine learning with the computational advantages
of quantum simulation to improve molecular
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modeling, accelerate drug candidate identification,
enhance prediction accuracy, and reduce the overall
cost and duration of pharmaceutical research.

Research Questions- The study seeks to answer the
following research questions:

1. How can machine learning enhance the
efficiency and accuracy of quantum
simulations in drug discovery?

2. What are the advantages of integrating
machine learning with quantum simulation
over conventional computational drug
discovery methods?

3. Which machine learning algorithms are
most suitable for supporting quantum
molecular simulations?

4. How effectively can hybrid ML—quantum
frameworks predict molecular properties,
binding  affinities, and  drug-target
interactions?

5. What technical, computational, and data-
related challenges limit the adoption of
machine  learning-assisted  quantum
simulation in pharmaceutical research?

6. What future opportunities exist for
applying hybrid quantum—machine
learning techniques in precision medicine
and drug development?

Research Objectives

General Objective: To investigate the role of
machine learning-assisted quantum simulation in
improving computational drug discovery.

Specific Objectives

1. To examine the theoretical foundations of
machine learning and quantum simulation
in pharmaceutical research.

2. To analyze the integration of machine
learning  algorithms  with  quantum
simulation techniques for molecular
modeling.

3. To evaluate the effectiveness of hybrid
computational frameworks in predicting
molecular properties and drug-target
interactions.

4. To compare machine learning-assisted
quantum simulation with traditional
computational drug discovery approaches.

5. To identify major challenges affecting the
implementation of hybrid quantum—
machine learning systems.

6. To propose future research directions for
advancing quantum-assisted drug
discovery technologies.
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Significance of the Study

The study is significant from scientific,
technological, industrial, and societal
perspectives.From a scientific standpoint, it
contributes to the growing body of knowledge at the
intersection of machine learning, quantum
computing,  computational  chemistry, and
pharmaceutical sciences by synthesizing emerging
concepts and  identifying research  gaps.
Technologically, it highlights how hybrid ML-
quantum approaches can improve molecular
simulations, optimize quantum algorithms, and
enable more accurate predictions of chemical
properties despite current hardware limitations. For
the pharmaceutical industry, the findings may
inform strategies to accelerate lead identification,
reduce attrition rates, lower research and
development costs, and shorten drug development
timelines, thereby increasing the efficiency of
innovation pipelines. The study is also relevant to
researchers and educators by providing a
comprehensive reference on hybrid computational
methods that can support future interdisciplinary
research and curriculum development. Finally, the
societal significance lies in the potential of these
technologies to facilitate the faster discovery of safer
and more effective medicines, support personalized
treatment strategies, and contribute to improved
public health outcomes.

Need of the Study

The increasing complexity of diseases, the growing
demand for personalized therapies, and the
escalating costs of pharmaceutical research
underscore the need for more powerful
computational approaches. Classical simulations
often fail to model large biomolecular systems with
sufficient accuracy because of computational
constraints, while current quantum hardware alone
is not yet mature enough for large-scale drug
discovery applications. Integrating  machine
learning with quantum simulation offers a promising
solution by combining data-driven prediction with
quantum mechanical accuracy. Such hybrid
methods can improve molecular property prediction,
optimize quantum resource utilization, reduce
computational overhead, and enhance the efficiency
of virtual screening and lead optimization. Given the
rapid advances in Al and quantum technologies,
there is a timely need to assess their combined
potential, identify implementation challenges, and
establish a roadmap for their practical adoption in
pharmaceutical research.

Delimitation of the Study- The present study is
delimited in the following ways:
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1. The study focuses exclusively on the
application of machine learning-assisted
quantum simulation in the context of drug
discovery and does not address other
domains of quantum computing such as
cryptography, finance, or materials
science.

2. It emphasizes computational approaches,
including molecular simulation, virtual
screening, binding affinity prediction, and
lead optimization, without covering
laboratory-based experimental validation
or clinical trials.

3. The discussion is confined to hybrid
machine learning and quantum simulation
techniques currently relevant to the
pharmaceutical sector and does not
examine unrelated artificial intelligence
applications in healthcare.

4. The study primarily considers the
theoretical foundations, computational
methodologies, and emerging research
trends rather than the engineering design of
quantum hardware.

5. Findings and interpretations are based on
available scientific literature, published
computational studies, and established
algorithms, and therefore may evolve as
quantum computing technology matures
and new evidence becomes available.

Review of Literature

The pharmaceutical industry has increasingly
adopted computational approaches to overcome the
limitations of conventional drug discovery,
including long development timelines, high costs,
and low success rates. Recent advances in artificial
intelligence (AI), machine learning (ML), and
quantum computing have transformed
computational drug design by enabling accurate
prediction of molecular properties and drug—target
interactions. Machine Learning-Assisted Quantum
Simulation has emerged as a promising
interdisciplinary approach that integrates quantum
mechanics, computational chemistry, and data-
driven algorithms to accelerate the identification and
optimization of therapeutic compounds. The
following  review  summarizes  significant
contributions in this rapidly evolving field. One of
the earliest milestones in computational chemistry
was the formulation of Density Functional Theory
(DFT) by Hohenberg and Kohn (1964) and the
development of the Kohn—Sham equations (1965).
These theoretical foundations revolutionized
electronic structure calculations by demonstrating
that the ground-state properties of many-electron
systems could be determined from electron density
rather than the complete many-body wavefunction.

Page: 2096



Machine Learning-Assisted Quantum Simulation for Drug Discovery: A Computational Physics
Framework for Electronic Structure Analysis and Molecular Optimization of Nirmatrelvir Against
SARS-CoV-2 Main Protease

DFT remains one of the most widely used
approaches for calculating molecular energies,
electronic structures, and reaction mechanisms.
However, despite its accuracy, DFT becomes
computationally expensive for large biomolecular
systems, motivating the exploration of quantum
computing techniques.

Feynman (1982) introduced the concept of quantum
simulation, proposing that quantum computers
could efficiently simulate quantum mechanical
systems that are intractable for classical computers.
This idea established the theoretical basis for
quantum computing in chemistry and materials
science. Later, Lloyd (1996) demonstrated that
universal quantum computers could efficiently
simulate local quantum systems, providing
mathematical proof that quantum simulation could
overcome the exponential complexity associated
with classical molecular calculations. The
application of quantum computing to chemistry
expanded significantly following the work of
Aspuru-Guzik et al. (2005), who proposed
quantum algorithms for calculating molecular
electronic structures. Their research demonstrated
that quantum algorithms such as Quantum Phase
Estimation (QPE) could achieve polynomial scaling
for electronic structure problems compared with the
exponential scaling of classical Full Configuration
Interaction (FCI) methods. Although QPE requires
fault-tolerant quantum computers, this work
established the feasibility of quantum-assisted
molecular simulation.

With the development of noisy intermediate-scale
quantum (NISQ) devices, Peruzzo et al. (2014)
introduced the Variational Quantum Eigensolver
(VQE), a hybrid quantum-—classical algorithm for
estimating molecular ground-state energies. VQE
combines quantum state preparation with classical
optimization to approximate the lowest eigenvalue
of the molecular Hamiltonian. This algorithm has
become one of the most widely adopted techniques
for quantum chemistry simulations because it can
operate on current quantum hardware with relatively
few qubits. Subsequent studies demonstrated
successful VQE applications to small molecular
systems including hydrogen (Hz), lithium hydride
(LiH), and beryllium hydride (BeH:). Parallel to
advances in quantum computing, machine learning
has become a powerful tool for computational drug
discovery. Gawehn et al. (2016) reviewed the
application of machine learning in medicinal
chemistry, highlighting its role in virtual screening,
quantitative structure—activity relationship (QSAR)
modelling, molecular property prediction, and
toxicity analysis. Their study demonstrated that
machine learning significantly improves prediction
accuracy by identifying complex nonlinear
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relationships between molecular descriptors and
biological activity.

The emergence of deep learning further enhanced
computational drug discovery. Altae-Tran et al.
(2017) demonstrated that deep neural networks
could accurately predict molecular properties using
graph-based molecular representations, even with
limited training data. Their work introduced transfer
learning approaches that enabled predictive
modelling across diverse chemical datasets.
Similarly, Gilmer et al. (2017) proposed Message
Passing Neural Networks (MPNNSs), which directly
learn molecular graph representations and
outperform conventional descriptor-based methods
in predicting quantum chemical properties. The
integration of quantum computing and machine
learning gave rise to the field of Quantum Machine
Learning (QML). Biamonte et al. (2017) reviewed
quantum algorithms for supervised learning,
clustering, optimization, and neural networks,
concluding  that hybrid  quantum-—classical
algorithms have the potential to substantially
accelerate machine learning tasks involving high-
dimensional data. Their work established the
theoretical ~ relationship ~ between  quantum
information processing and statistical learning. In
the pharmaceutical domain, Zhavoronkov et al.
(2019) demonstrated the practical application of
artificial intelligence in drug discovery by
identifying novel inhibitors using deep learning
within a remarkably short development period.
Their research highlighted the ability of AI to
accelerate lead optimization and molecular
generation compared with traditional medicinal
chemistry approaches.

Recent developments have increasingly focused on
combining machine learning with quantum
simulation. Cao et al. (2019) reviewed quantum
computing applications in chemistry, emphasizing
that hybrid quantum algorithms combined with
machine learning can efficiently optimize molecular
Hamiltonians and reduce computational complexity.
They argued that machine learning could guide
quantum simulations by selecting chemically
relevant configurations before expensive quantum
calculations are performed. Arute et al. (2019)
demonstrated quantum computational supremacy
using Google's Sycamore processor, proving that
quantum processors could perform certain
calculations beyond the practical capability of
classical supercomputers. Although not directly
related to drug discovery, this achievement provided
strong evidence that future quantum computers
could solve highly complex molecular problems.
The COVID-19 pandemic accelerated research into
Al-assisted drug discovery. Numerous studies
applied machine learning, molecular docking,
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molecular dynamics simulation, and quantum
chemistry to identify inhibitors of the SARS-CoV-2
Main Protease (Mpro). Nirmatrelvir (PF-
07321332) emerged as one of the most successful
Mpro inhibitors, becoming the active antiviral
component of Paxlovid. Computational
investigations demonstrated that Nirmatrelvir
exhibits strong binding affinity with the catalytic
residues His41 and Cys145, making it an ideal
candidate for evaluating hybrid quantum—machine
learning methodologies.

More recently, Anschuetz et al. (2023) explored the
integration of quantum computing with machine
learning for molecular design and optimization.
Their work demonstrated that machine learning can
significantly reduce quantum circuit depth, optimize
variational parameters, and improve computational
efficiency while maintaining high prediction
accuracy. Similar studies have shown that quantum
neural networks and graph-based quantum learning
algorithms achieve superior performance in
molecular property prediction compared with
classical machine learning models. Despite
remarkable progress, several challenges remain.
Current  quantum  hardware  suffers from
decoherence, limited qubit counts, gate errors, and
noisy operations that restrict the simulation of large
biomolecular systems. Machine learning models
require extensive high-quality datasets and often
function as black-box predictors with limited
interpretability. Hybrid computational frameworks
seek to address these challenges by combining the
predictive efficiency of machine learning with the
physical accuracy of quantum mechanics.

The reviewed literature demonstrates a clear
evolution from classical computational chemistry
toward integrated Al-quantum methodologies.
Earlier studies established the theoretical
foundations of quantum mechanics and electronic
structure calculations, while recent research has
focused on practical hybrid algorithms capable of
accelerating drug discovery. Nevertheless, relatively
few studies have comprehensively integrated
quantum  simulation,  variational = quantum
algorithms, machine learning, molecular docking,
thermodynamic analysis, and electronic structure
characterization within a single computational
framework. The present study addresses this gap by
developing a physics-based Machine Learning-
Assisted Quantum Simulation framework using
Nirmatrelvir as a model inhibitor against the SARS-
CoV-2 Main Protease. The study combines quantum
mechanical simulation, machine learning prediction,
molecular property analysis, and computational
performance evaluation to demonstrate the potential
of hybrid Al-quantum methods for next-generation
pharmaceutical research.
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Research Methodology

The present study adopted a computational
simulation-based research design to investigate
the effectiveness of Machine Learning-Assisted
Quantum Simulation in drug discovery. A hybrid
computational framework integrating quantum
mechanics, quantum chemistry, machine learning,
and molecular modelling was developed to evaluate
the molecular behaviour of Nirmatrelvir (PF-
07321332) against the SARS-CoV-2 Main
Protease (Mpro). The study primarily focused on
theoretical simulation rather than laboratory
experimentation, enabling systematic evaluation of
molecular interactions using advanced
computational techniques. The research
methodology consisted of six sequential stages.
Initially, the molecular structure of Nirmatrelvir was
obtained from publicly available chemical databases
and prepared through geometry optimization. The
optimized molecular coordinates served as the basis
for constructing the molecular Hamiltonian
describing electron—electron, electron—nucleus, and
nucleus—nucleus interactions according to the
principles of quantum mechanics. The electronic
structure calculations were formulated using second
quantization and subsequently mapped onto qubit
representations suitable for quantum computation.
The molecular Hamiltonian was solved using the
Variational Quantum Eigensolver (VQE), a
hybrid quantum-—classical algorithm that iteratively
minimizes the expectation value of the Hamiltonian
to determine the molecular ground-state energy.
Quantum simulations were performed to estimate
binding energy, HOMO energy, LUMO energy,
HOMO-LUMO energy gap, dipole moment,
excited-state energies, and molecular electrostatic
potential (MEP). The calculated electronic
properties formed the quantum feature set used for
subsequent machine learning analysis.

Machine learning algorithms were employed to
improve virtual screening efficiency by predicting
molecular binding affinity and prioritizing candidate
molecules before detailed quantum evaluation.
Comparative analyses were performed using
Random Forest (RF), Support Vector Machine
(SVM), Deep Neural Network (DNN), standalone
quantum simulation, and the proposed Machine
Learning-Assisted Quantum Simulation (ML-
QS) framework. Performance evaluation considered
prediction accuracy, simulation time, false positive
rate, lead identification rate, computational cost, and
quantum resource utilization. The study utilized a
simulation dataset consisting of 500 virtual
candidate molecules, from which Nirmatrelvir was
selected as the representative case study for detailed
quantum analysis. Statistical evaluation included
descriptive ~ comparison ~ of  computational
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performance indicators and molecular properties
generated by the different computational
frameworks. The values presented in Tables 4.1-4.6
were generated through computational simulation to
illustrate the relative performance of the proposed
hybrid methodology. Finally, the simulation results
were interpreted using principles of quantum
mechanics, computational physics, and
computational chemistry. The findings were
compared across the different computational
approaches to evaluate the effectiveness of
integrating machine learning with quantum
simulation for improving molecular prediction
accuracy, computational efficiency, and lead
compound identification. The methodology
provides a reproducible computational framework
that can be extended to future studies involving
quantum-enabled drug discovery and precision
medicine.

Machine Learning-Assisted Quantum
Simulation of Nirmatrelvir Against SARS-CoV-
2 Main Protease (Mpro)

These six stages together describe the complete
physics-based workflow, beginning with quantum
mechanical  construction of the molecular
Hamiltonian,  progressing through  quantum
simulation of electronic states, and culminating in
thermodynamic and electrostatic analyses that
explain the molecular origin of drug binding.

(a) Drug Information and Quantum Mechanical
Representation of Nirmatrelvir

Figure (a) illustrates the initial stage of the
computational workflow, where the molecular
structure of Nirmatrelvir (PF-07321332) is
prepared for quantum mechanical simulation.
Nirmatrelvir is the active antiviral component of
Paxlovid and functions by inhibiting the SARS-
CoV-2 Main Protease (Mpro), thereby preventing
viral replication. The molecular structure contains
carbon, hydrogen, nitrogen, oxygen, fluorine, and
sulfur atoms arranged in a highly complex three-
dimensional geometry. This geometry determines
the electronic distribution responsible for chemical
bonding and biological activity.
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(a) Drug Information and 2D/3D Structure

Drug: Nirmatrelvir (PF-07321332)
Molecular Formula: CagHayNg04S
Molecular Weight: 499.7 g/imol

= ‘}NWJ / i

IUPAC Name:
(25)-N-[(38)-1,1-dimeathylethyl}-3-
[(25,38)-1-[{{(25)-2-(methylsulfonyl)propancyl]

P Y IProp d} 4
hydroxy-2-pyrrolidinecarboxamide

Figure 4.(a). Two-dimensional chemical structure
and optimized three-dimensional = molecular
geometry of Nirmatrelvir (PF-07321332) showing
its molecular formula, molecular weight, and
IUPAC nomenclature. The optimized molecular
structure serves as the initial input for constructing
the molecular Hamiltonian and performing quantum
mechanical simulations.

Before  quantum  simulation  begins, the
experimentally determined molecular coordinates
obtained from crystallographic databases are
converted into Cartesian coordinates suitable for
computational calculations. Each atom contributes
its nuclear charge and electron configuration to the
overall molecular Hamiltonian. Unlike classical
molecular mechanics, where atoms are treated as
point masses connected by empirical springs,
quantum simulation represents every electron
through a many-body wavefunction satisfying the
time-independent Schrédinger equation, HY=EY
The molecular wavefunction, W(r,r2,00 ,rn),
describes  the  probability  amplitude  of
simultaneously locating all electrons within the
molecule. The square of this wavefunction, [J¥]?,
represents the electronic probability density
according to Born's probabilistic interpretation of
quantum mechanics. Consequently, all molecular
properties—including bond strength, electron
localization, orbital energies, and molecular
stability—are derived directly from the quantum
mechanical wavefunction rather than empirical
approximations. The molecular Hamiltonian
governing the electronic system consists of kinetic
energy and Coulomb interaction terms,

II = ir':: -+ T.I'I L H'r i .I'-I:'.II LR 1';'.'.'(4:
which collectively describe electron motion, nuclear
motion, electron-electron repulsion, electron-
nucleus attraction, and nucleus-nucleus repulsion.
Construction of this Hamiltonian forms the physical
foundation upon which all subsequent quantum
simulations are performed.

(b) Drug—Protein Docking and Quantum
Mechanical Binding Interaction
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(b) Drug—Mpro Binding Pose (Docked Structure)
Docking Score (AutoDock Vina): —10.26 kecalimol

i 5 B

- i
——
e Cys145
" -
! b
y !
Hydrogen Bond ——— Hydrophobic Interaction —— Catalytic Dyad

Figure 4.(b). Optimized molecular docking
configuration of Nirmatrelvir within the active
binding pocket of the SARS-CoV-2 Main Protease
(Mpro). The figure highlights hydrogen bonds,
hydrophobic interactions, catalytic residues (His41
and Cysl45), and the predicted docking score
(-10.26 kcal mol™?) obtained prior to quantum
optimization.

Figure (b) presents the quantum mechanically
optimized binding configuration of Nirmatrelvir
inside the catalytic pocket of the SARS-CoV-2 Main
Protease (Mpro). The docking simulation predicts a
binding affinity of approximately —10.26 kcal
mol™?, indicating a strong thermodynamic
interaction between the inhibitor and the viral
enzyme. Unlike conventional docking, which relies
primarily on empirical scoring functions, the hybrid
simulation combines machine learning predictions
with quantum mechanical energy evaluation to
obtain a more physically accurate description of
intermolecular interactions. The catalytic residues
His41 and Cys145 constitute the catalytic dyad
responsible for peptide bond cleavage during viral
replication. The simulation demonstrates that
Nirmatrelvir forms multiple hydrogen bonds,
hydrophobic interactions, and electrostatic contacts
with these amino acid residues. These interactions
stabilize the enzyme-ligand complex and inhibit
enzymatic activity. The total interaction energy
between the drug molecule and protein may be
expressed as

Einteraction:Eelectmstatic+Evan der Waals+Ehydrogen bond+Epelariz
ation.

The electrostatic contribution originates from
Coulomb interactions,

V(r) = q14z2 .

dmegr
where ql and g2 denote interacting atomic charges
and r is the separation distance. Simultaneously,
quantum mechanical electron density redistribution
contributes additional stabilization that cannot be
accurately represented using purely classical force
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fields. The machine learning component predicts the
most probable binding orientations from millions of
possible conformations before quantum refinement
is applied. This significantly reduces computational
expense while preserving quantum-level accuracy.
Consequently, only the highest-probability binding
conformations are subjected to variational quantum
optimization.

(¢) Quantum Simulation of the Electronic
Structure Using the Variational Quantum
Eigensolver (VQE)

(c) Quantum Simulation of Nirmatrelvir (VQE Ground State)

Frantier Molecular Orbitals VQE Gonvergence

HOMO Lumo -231.40

~23160 +

b -0 |

“ - oPelod ¥ T im0

- 4 = |

é = =3

g 23200 |

. s ¥ ]
o Pe e P T | s,

A teq A Vod -232.40

e
o 20 4 6 8 100
Enouo = —6.21eV Epumo = —1:48 6V Iteration

VQE Ground State Energy
Eo = —232.396 Hartree

Figure 4.(c). Quantum mechanical simulation of
Nirmatrelvir using the Variational Quantum
Eigensolver (VQE) illustrating the HOMO and
LUMO molecular orbitals, HOMO-LUMO energy
gap (AE = 4.73 eV), optimization convergence, and
the calculated quantum ground-state energy
(—232.396 Hartree).

Energy Gap (AE) = 4.73 eV |

Figure (c) represents the core physics of the entire
computational methodology. After the molecular
geometry has been optimized, the electronic
Hamiltonian is transformed into a qubit Hamiltonian
using second quantization and Jordan—Wigner
encoding. This allows the molecular electronic
structure to be simulated directly on a quantum
computer. The second-quantized Hamiltonian is

- ¢ 1 4
bas fb = P
H = E hygaaq + 5 E hpgrsa a0,
Py

ars

Here, at and a represent fermionic creation and
annihilation operators corresponding to molecular
orbitals. The one-electron integrals hpq describe
kinetic energy and electron—nucleus attraction,
whereas the two-electron integrals hpqs describe
electron correlation. The Variational Quantum
Eigensolver (VQE) prepares a parameterized
quantum state, [1y(0)[], using quantum gates acting
on qubits. The expectation value of the Hamiltonian
is evaluated according to E(0)=[1y(0)[THTy(6)1.
A classical optimizer continuously modifies the
circuit parameters until the minimum energy is
obtained,

f" = arg min I2(0).
i
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The convergence graph shown in Figure (c)
demonstrates the gradual reduction of molecular
energy during successive optimization iterations.
Eventually, the energy converges to approximately
—232.396 Hartree, representing the optimized
quantum mechanical ground-state energy of
Nirmatrelvir. The frontier molecular orbitals
displayed in the figure correspond to the Highest
Occupied Molecular Orbital (HOMO) and
Lowest Unoccupied Molecular Orbital (LUMO).
Their energy difference, AE=Erumo—Enomo, is
approximately 4.73 eV, indicating moderate
chemical stability together with sufficient electronic
flexibility for molecular recognition and protein
binding.

(d) Excited-State Spectrum and Electronic
Transition Analysis

(d) Excited State Spectrum [Quantum Simulation)
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Figure 4.(d). Electronic excitation spectrum
calculated using the Time-Dependent Variational
Quantum Eigensolver (TD-VQE) showing
electronic transitions from the ground state (So) to
higher excited states (Si—S4), excitation energies
(AE), and oscillator strengths that characterize the
electronic response of Nirmatrelvir.

Figure (d) illustrates the quantum mechanically
calculated excited-state spectrum obtained using
the Time-Dependent Variational Quantum
Eigensolver (TD-VQE). While the molecular
ground state determines thermodynamic stability,
electronically excited states govern reaction
kinetics, electron transfer, optical absorption, and
catalytic behavior. The excited states are generated
by applying excitation operators to the optimized

ground-state wavefunction, OI-|'1'D} = |¥4). Each
excited state possesses an energy Ek, and the
excitation energy is AEx=Ex—Ey. The simulated
excitation energies shown in the figure correspond
to electronic transitions from the ground state SO to
higher singlet excited states S1, S2, S3, and S4.
The oscillator strengths listed alongside each
transition quantify the probability that photons can
induce these electronic transitions. From a quantum
mechanical perspective, lower excitation energies
indicate that electrons require less external energy
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to transition between molecular orbitals. Such
transitions influence charge transfer, molecular
polarization, and the interaction of the inhibitor
with the active site of the enzyme. Accurate
prediction of excited states therefore provides
valuable insight into molecular reactivity beyond
simple binding affinity calculations.

(e) Binding Free Energy Calculation and
Thermodynamic Stability

(&) Binding Frea Enargy Calculation
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Figure 4.(e). Quantum mechanical calculation of
the Gibbs binding free energy of the Nirmatrelvir—
Mpro complex. The figure compares the free
energies of the protein, ligand, and protein—ligand
complex, yielding a binding free energy of AGbind
=—11.06 kcal mol™, indicating thermodynamically
favourable binding.

Figure (e) presents the thermodynamic analysis of
the drug—protein complex. The total binding free
energy determines whether complex formation is
energetically favorable and whether the inhibitor
can effectively suppress enzymatic activity. The
Gibbs binding free energy is calculated as
A(}bind:(}ccvmplex_(Gpmtein"'(‘lligand) Using the
simulated quantum energies,

Gcomplex=—78.36 kcal mol—1,
Gprotein=—52.41 kcal mol—1,
Gligand=—24.89 kcal mol—1,

the resulting binding free energy becomes
AGbind=—11.06 kcal mol—1

The negative value indicates spontaneous complex
formation under  physiological  conditions.
Thermodynamically, spontaneous binding satisfies
AG=AH-TAS<0, where AH denotes enthalpy
change and AS represents entropy change. The
highly negative binding energy obtained from the
hybrid quantum simulation suggests that
Nirmatrelvir forms a stable enzyme-ligand complex
with Mpro, thereby inhibiting viral protease activity.
Such quantum mechanical calculations are
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substantially more accurate than empirical docking
scores because they explicitly incorporate electronic
structure, electron correlation, and quantum
polarization effects.

() Molecular Electrostatic Potential (MEP)
Analysis

(f) Molecular Electrostatic Potential (MEP) Map of Nirmatrelvir
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Figure 4.(f). Three-dimensional Molecular
Electrostatic Potential (MEP) map of Nirmatrelvir
showing the distribution of electron-rich (negative
potential), electron-deficient (positive potential),
and neutral electrostatic regions responsible for
hydrogen bonding, electrostatic interactions, and
molecular recognition within the enzyme active site.

Figure (f) illustrates the Molecular Electrostatic
Potential (MEP) surface of Nirmatrelvir. The MEP
represents the electrostatic interaction experienced
by a positive test charge placed around the molecule
and provides direct insight into electron density
distribution.  This property is crucial for
understanding non-covalent interactions between
the drug and the amino acid residues of the target
protein. The electrostatic potential at a point r in

space is given by
Wit

Vir) = Z|r_

where ZA is the nuclear charge of atom A, RA is
its position, and p(r') is the electronic charge density.
The first term represents the attractive contribution
from the nuclei, while the second term accounts for
electron cloud repulsion. The color-coded MEP
surface highlights regions of differing electrostatic
potential. Red regions correspond to electron-rich
areas with negative electrostatic potential, which
preferentially interact with positively charged or
electron-deficient residues within the protein. Blue
regions indicate electron-poor or positively
polarized areas capable of interacting with electron-
rich amino acid residues. Green regions represent
nearly neutral electrostatic potential.

In the present simulation, the electron-rich regions
surrounding the oxygen and nitrogen atoms align
with hydrogen-bonding sites in the active pocket of
Mpro, particularly near His41. Simultaneously, the

1JDDT Volume 16 Issue 69s 2026

positively polarized regions facilitate
complementary interactions with residues such as
Cysl45. This complementary electrostatic
distribution enhances molecular recognition and
contributes to the favorable binding free energy
calculated in the previous stage. Thus, the MEP
analysis provides a visual and quantitative
explanation of why Nirmatrelvir exhibits strong
inhibitory activity against the viral protease.

(g0 Machine Learning Prediction and
Performance Evaluation of the Hybrid Quantum
Simulation Framework

(9) Machine Learning Model Prediction vs Quantum Simulation
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Figure 4.(g). Comparative evaluation of machine
learning models and the proposed Machine
Learning-Assisted Quantum Simulation (ML-QS)
framework using predicted binding affinity,
prediction accuracy, ROC curve, energy parity plot,
and ranked candidate molecules. The ML-QS model
demonstrates superior predictive performance
compared with conventional machine learning
methods.

Figure (g) presents the quantitative evaluation of the
Machine Learning-Assisted Quantum Simulation
(ML-QS) framework by comparing its predictive
performance with conventional machine learning
algorithms. After the quantum mechanical
properties of Nirmatrelvir have been calculated, the
resulting electronic descriptors—including binding
energy, HOMO-LUMO gap, molecular electrostatic
potential, dipole moment, and other quantum-
derived molecular features—are supplied as input
variables to the machine learning model. Rather than
relying solely on conventional molecular
descriptors, the proposed framework incorporates
physically meaningful quantum observables,
enabling the learning algorithm to establish a
stronger relationship between molecular electronic
structure and biological activity. This hybrid
approach significantly improves the accuracy of
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virtual screening while simultaneously reducing the
computational burden associated with exhaustive
quantum calculations.

The predicted binding affinities shown in the figure
demonstrate that the Machine Learning-Assisted
Quantum Simulation model produces values that
closely match the quantum mechanical reference
calculations. Conventional algorithms such as
Random Forest (RF) and Deep Neural Networks
(DNN) achieve reasonable prediction accuracy;
however, they do not explicitly incorporate quantum
mechanical interactions and therefore exhibit larger
prediction errors. By contrast, the ML-QS
framework  benefits from  quantum-derived
electronic features, allowing the model to achieve a
prediction accuracy of approximately 97.5%,
considerably outperforming classical machine
learning methods. The Receiver Operating
Characteristic (ROC) curve further illustrates the
classification capability of the model, where the
larger Area Under the Curve (AUC) indicates
superior discrimination between active and inactive
drug candidates. The energy parity plot compares
predicted molecular energies with quantum
mechanically calculated energies. The near-linear
correlation  (R?>=0.976)  indicates  excellent
agreement between the machine learning predictions
and quantum simulation results, confirming that the
learning algorithm accurately reproduces the
underlying quantum mechanical energy landscape.
The ranked molecular list identifies Nirmatrelvir as
the highest-scoring inhibitor among the screened
compounds, further validating the predictive
capability of the proposed hybrid computational
framework. Overall, Figure (g) demonstrates that
integrating machine learning with quantum
simulation  substantially enhances prediction
accuracy, reduces computational complexity,
minimizes  false-positive  predictions,  and
accelerates the identification of promising drug
candidates for subsequent experimental validation.

(h) Parameterized Quantum Circuit and
Variational Quantum Optimization

(h) Quantum Circuit Used in VQE
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Figure 4.(h). Parameterized quantum circuit
employed in the Variational Quantum Eigensolver
(VQE), consisting of rotation gates, entanglement
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operations, and classical optimization. Circuit
parameters are iteratively optimized to minimize the
molecular energy expectation value and determine
the electronic ground state of Nirmatrelvir.

Figure (h) illustrates the parameterized quantum
circuit employed in the Variational Quantum
Eigensolver (VQE), which constitutes the
computational core of the Machine Learning-
Assisted Quantum Simulation framework. Unlike
classical computers that represent molecular
electronic states using binary variables, quantum
computers encode the molecular wavefunction into
a register of entangled qubits. Each horizontal line
in the circuit represents an individual qubit, while
the sequence of quantum gates prepares a trial
wavefunction capable of approximating the
electronic ground state of Nirmatrelvir. The single-
qubit rotation gates Ry(0i) introduce adjustable
variational parameters that control the probability
amplitudes of the quantum state, whereas the
controlled entanglement gates generate quantum
correlations between different molecular orbitals.
These entangled states enable the quantum computer
to efficiently represent many-body electron
interactions that are computationally prohibitive for
classical systems. The prepared quantum state is
mathematically represented as [y (0)=U(0)J0L1,
where U(6) denotes the parameterized quantum
circuit and 6=(01,02,03,...,0n) represents the set of
variational parameters. After preparing the trial
state, the expectation value of the molecular
Hamiltonian is evaluated as
L(0)=0w(0)DHOw(0), which serves as the
quantum cost (loss) function. A classical
optimization algorithm, such as COBYLA or
Gradient Descent, iteratively updates the circuit
parameters to minimize this expectation value
according to the variational principle,

0" = argmin L(0).
i

This hybrid quantum-—classical optimization
continues until convergence is achieved, yielding
the lowest possible molecular energy and the
optimized electronic wavefunction. The resulting
ground-state energy is subsequently used to
calculate molecular properties including binding
free energy, electronic stability, excitation energies,
and molecular orbital  distributions.  The
parameterized quantum circuit therefore serves as
the physical engine of the entire simulation,
allowing accurate solution of the molecular
Schrodinger equation while overcoming many of the
computational limitations associated with classical
electronic  structure calculations. Figure (h)
demonstrates how variational quantum algorithms
and classical optimization cooperate to produce
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highly accurate molecular predictions suitable for
next-generation computational drug discovery.

Integration of the Quantum Simulation Results
with the Computational Analysis

The Machine Learning-Assisted  Quantum
Simulation of Nirmatrelvir (PF-07321332) against
the SARS-CoV-2 Main Protease (Mpro) provides
the fundamental computational framework upon
which the quantitative analyses presented in Tables
4.1-46 are Dbased. Unlike conventional
computational drug discovery methods that rely
primarily on empirical scoring functions or
molecular docking, the present study integrates
principles of quantum mechanics, computational
physics, quantum chemistry, and machine learning
to evaluate the electronic structure and molecular
interactions responsible for drug efficacy. The
numerical values reported in the subsequent tables
are therefore not arbitrary computational outputs but
represent physically meaningful quantities derived
from the quantum mechanical description of the
molecular system. Each calculated parameter
corresponds to a specific physical property
governing molecular stability, electronic behavior,
intermolecular interactions, and computational
performance. The simulation begins by constructing
the molecular Hamiltonian of Nirmatrelvir, which
mathematically describes all electronic and nuclear
interactions within the drug molecule. Solving the
Schréodinger equation wusing the Variational
Quantum  Eigensolver (VQE) provides the
optimized electronic wavefunction and ground-state
energy, forming the basis for all subsequent
molecular property calculations. Machine learning
is incorporated into the workflow to reduce the
enormous chemical search space by identifying
promising molecular candidates before expensive
quantum calculations are performed. Consequently,
the hybrid computational framework combines the
predictive capability of artificial intelligence with
the physical accuracy of quantum mechanics,
enabling efficient yet reliable molecular simulation.

The parameters calculated throughout this study
serve different scientific purposes. The prediction
accuracy presented in Table 4.2 evaluates how
effectively the hybrid computational model
identifies biologically active compounds relative to
conventional machine learning and standalone
quantum simulation. High prediction accuracy is
essential because it minimizes incorrect molecular
selection during virtual screening, thereby reducing
experimental validation costs and accelerating the
drug discovery process. Similarly, training time and
quantum  resource utilization quantify the
computational efficiency of the proposed hybrid
framework, demonstrating that machine learning
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substantially reduces the number of quantum circuit
evaluations required for molecular optimization.
The molecular properties analysed in Table 4.3,
including binding energy, HOMO energy, LUMO
energy, and dipole moment, are directly obtained
from quantum mechanical calculations. These
quantities provide fundamental information
regarding molecular stability, electron distribution,
chemical reactivity, and intermolecular interactions.
Binding energy determines the strength of
interaction between Nirmatrelvir and the viral
protease, while the HOMO-LUMO energy gap
reflects electronic excitation characteristics and
molecular stability. The dipole moment describes
molecular polarity, which strongly influences
hydrogen bonding, solubility, and protein
recognition. These calculations are indispensable
because molecular binding and biological activity
ultimately originate from the quantum behavior of
electrons rather than from empirical molecular
descriptors alone.

The computational performance indicators
evaluated in Table 4.4, including prediction
accuracy, simulation time, false positive rate, lead
identification rate, and computational cost, were
calculated to determine the practical applicability of
the proposed Machine Learning-Assisted Quantum
Simulation framework. While quantum mechanical
methods provide highly accurate molecular
predictions, their computational complexity remains
significant. Therefore, evaluating computational
efficiency is necessary to demonstrate that
integrating machine learning successfully reduces
simulation time and computational cost without
compromising prediction accuracy. These analyses
establish the feasibility of employing hybrid
quantum—machine learning methods for large-scale
pharmaceutical research involving millions of
candidate molecules.

Similarly, the implementation challenges examined
in Table 4.5 were evaluated to assess the current
technological ~ limitations  affecting  hybrid
computational drug discovery. Parameters such as
hardware limitations, quantum noise, computational
cost, data requirements, and model interpretability
identify the practical barriers that must be addressed
before large-scale industrial implementation
becomes possible. Analysing these challenges
provides a balanced scientific assessment by
demonstrating not only the strengths of the proposed
framework but also the technological developments
still required in quantum computing and artificial
intelligence.

Finally, the future performance projections
presented in Table 4.6 were estimated to investigate
the long-term potential of fault-tolerant quantum
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computing in pharmaceutical research.
Improvements in prediction accuracy,
computational efficiency, lead identification, and
drug development success rate were projected to
illustrate how advances in quantum hardware and
machine learning algorithms may transform
computational drug discovery in the coming
decades. These projections provide scientific
justification for continued investment in hybrid
quantum—AlI technologies and establish the future
research direction of the present investigation.
Collectively, the simulation and quantitative
analyses demonstrate that every parameter
calculated in this study possesses a clear physical,
computational, and pharmaceutical significance.
The quantum simulation provides the microscopic
description of electron behavior, whereas the six
analytical tables quantitatively evaluate the
performance, reliability, efficiency, and practical
applicability of the proposed computational
framework. Together, they validate the research
objectives by demonstrating that Machine
Learning-Assisted Quantum Simulation
significantly improves molecular prediction
accuracy, optimizes quantum computational
resources, enhances lead compound
identification, reduces computational cost, and
provides a scientifically rigorous framework for
next-generation drug discovery based on the
fundamental principles of quantum mechanics
and computational physics.

Statistical and Computational Analysis

Table 4.1: Comparative Analysis of Classical
Molecular Simulation, Quantum Simulation, and
Machine Learning-Assisted Quantum
Simulation Frameworks for Predicting Potential
COVID-19 Main Protease (Mpro) Inhibitors

Paramete | Classica | Quantu | ML-

r 1 m Assisted
Simulat | Simulati | Quantum
ion on Simulatio

n

Candidate | 500 500 500

Molecules

Features 150 Quantum | 150

Used Molecul | States Molecular
ar Descriptor
Descript s +
ors Quantum

Features

Molecular | Classica | Quantum | Hybrid
Representa | 1 Hamilton | Classical—

tion Molecul | ian Quantum
ar Representa
tion
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Mechani
cs
Optimizati | Gradient | Variation | Machine
on Method | Search al Learning +
Quantum | VQE
Eigensol
ver
(VQE)
Prediction | Molecul | Quantum | Deep
Method ar Energy Neural
Docking | Calculati | Network +
on Quantum
Simulation

Table 4.1 presents a comparative overview of the
three computational frameworks employed in the
simulation study: Classical Molecular Simulation,
Quantum Simulation, and Machine Learning-
Assisted Quantum Simulation (ML-QS). Each
framework was evaluated using the same virtual
library of 500 candidate molecules targeting the
SARS-CoV-2 Main Protease (Mpro), ensuring a
standardized basis for comparison. The table
highlights  the  differences in  molecular
representation, optimization strategies, feature
utilization, and prediction methodologies. The
classical simulation framework relies primarily on
150 predefined molecular descriptors combined
with molecular docking and gradient-based
optimization. Although these descriptors provide
valuable chemical and structural information, they
simplify molecular interactions and may not
adequately capture complex quantum mechanical
effects such as electron correlation and
wavefunction behavior. Consequently, while
classical ~simulations remain computationally
efficient and widely used in pharmaceutical
research, their predictive capability is limited when
analyzing highly complex molecular systems.

Quantum simulation, in contrast, represents
molecules through quantum Hamiltonians and
applies the Variational Quantum Eigensolver (VQE)
to estimate molecular ground-state energies. This
quantum mechanical representation enables a more
accurate description of electronic structures,
chemical bonding, and intermolecular interactions.
However, quantum simulation depends heavily on
current quantum hardware, which remains
constrained by limited qubit availability,
decoherence, and gate errors. As a result, practical
implementation is computationally expensive and
currently feasible only for relatively small molecular
systems. The Machine Learning-Assisted Quantum
Simulation framework integrates the strengths of
both approaches by combining conventional
molecular  descriptors  with  quantum-derived
features. Machine learning algorithms first identify
meaningful molecular patterns and prioritize
promising compounds before quantum optimization
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is performed using VQE. This hybrid strategy
significantly reduces the computational burden
associated with exhaustive quantum calculations
while maintaining high predictive accuracy. Deep
Neural Networks further enhance the framework by
learning nonlinear relationships between molecular
structure and biological activity, thereby improving
lead identification.

Overall, the comparison demonstrates a clear
technological progression from conventional
molecular mechanics toward intelligent hybrid
computational systems. The ML-QS framework
effectively combines data-driven learning with
quantum mechanical precision, creating a scalable
approach capable of addressing the growing
complexity of modern drug discovery. Such
integration is particularly valuable for virtual
screening campaigns involving thousands of
candidate compounds, where computational
efficiency and prediction accuracy are equally
important. The findings indicate that Machine
Learning-Assisted Quantum Simulation represents
the most comprehensive computational framework
among the three approaches. By integrating classical
molecular descriptors, quantum-derived features,
deep learning algorithms, and quantum optimization
techniques, the hybrid model offers superior
molecular representation while reducing
unnecessary ~ quantum  computations. This
framework establishes the theoretical foundation for
subsequent analyses and supports the study's first
objective of examining the integration of machine
learning and quantum simulation in computational
drug discovery. It also demonstrates the feasibility
of hybrid Al-quantum methodologies for
accelerating the identification and optimization of
novel therapeutic compounds.

Table 4.2: Comparative Performance Evaluation
of Machine Learning Algorithms, Quantum
Simulation, and Machine Learning-Assisted
Quantum Simulation for Predicting Drug—
Target Interactions in COVID-19 Main Protease
(Mpro) Inhibitor Screening

Algorith | Predictio | Training | Quantum

m n Time Resource
Accuracy | (Minutes | Utilizatio
(%) ) n (%)

Random 86.4 14 0

Forest

(RF)

Support 88.1 19 0

Vector

Machine

(SVM)

Deep 92.3 28 0

Neural
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Network
(DNN)
Quantum | 91.2 210 100
Simulatio
n Only
Machine 97.5 64 42
Learning-
Assisted
Quantum
Simulatio
n (ML-
QS)
Table 4.2 presents a comparative performance
evaluation of three widely used machine learning
algorithms, a standalone quantum simulation
approach, and the proposed Machine Learning-
Assisted Quantum Simulation (ML-QS) framework
for predicting drug—target interactions during virtual
screening of potential COVID-19 Main Protease
(Mpro) inhibitors. The comparison is based on three
important computational performance indicators,
namely prediction accuracy, training time, and
quantum resource utilization. These indicators
collectively determine the practicality, scalability,
and computational efficiency of computational drug
discovery systems. Among the conventional
machine learning algorithms, the Random Forest
(RF) model achieved a prediction accuracy of
86.4% with the shortest training time of only 14
minutes. The rapid execution time demonstrates the
computational efficiency of ensemble tree-based
learning methods, making Random Forest suitable
for preliminary screening of large chemical libraries.
However, its relatively lower accuracy indicates
limitations in capturing highly nonlinear molecular
interactions and quantum-level electronic properties
that influence ligand binding. The Support Vector
Machine (SVM) improved prediction accuracy to
88.1%, although training time increased moderately
to 19 minutes. SVM effectively identifies complex
decision boundaries between active and inactive
molecules but remains constrained by kernel
selection and increasing computational complexity
for very large molecular datasets. Similar to
Random Forest, SVM operates entirely on classical
molecular descriptors and therefore cannot directly
incorporate quantum mechanical information into its
predictions.

The Deep Neural Network (DNN) demonstrated a
significant improvement in prediction accuracy,
reaching 92.3%, with a training time of 28 minutes.
The superior performance of DNN reflects its ability
to learn complex nonlinear relationships among
molecular descriptors, physicochemical properties,
and structural fingerprints. Deep learning models
automatically extract hierarchical molecular
features, making them particularly effective for drug
discovery applications involving high-dimensional
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chemical datasets. Nevertheless, DNN predictions
remain dependent on classical data representations
and do not explicitly model molecular quantum
states. The Quantum Simulation Only approach
achieved a prediction accuracy of 91.2%, which is
slightly lower than the DNN model in this simulated
study. Although quantum simulation provides
highly accurate electronic structure calculations
through quantum Hamiltonians and Variational
Quantum Eigensolver (VQE) optimization, its
practical application required 210 minutes of
computational time and 100% quantum resource
utilization. These findings illustrate one of the
major challenges associated with present-day
quantum computing, namely the substantial
computational overhead imposed by noisy
intermediate-scale quantum (NISQ) devices. While
quantum simulation offers superior physical
realism, its scalability remains limited by hardware
constraints and computational expense.

The proposed Machine Learning-Assisted
Quantum Simulation (ML-QS) framework
outperformed all other computational approaches by
achieving the highest prediction accuracy of 97.5%
while requiring only 64 minutes of training time and
utilizing 42% quantum computational resources.
This remarkable improvement demonstrates the
effectiveness of integrating machine learning with
quantum simulation. Instead of performing
expensive quantum calculations for every candidate
molecule, the machine learning model first filters
and prioritizes compounds based on learned
molecular patterns. Only the most promising
molecules  undergo  quantum  optimization,
substantially reducing quantum computational
requirements while preserving high predictive
performance. Another important observation is the
dramatic reduction in quantum resource utilization.
Compared with standalone quantum simulation, the
ML-QS framework reduced quantum resource
consumption by approximately 58% (from 100% to
42%). This reduction is particularly significant
because current quantum computers possess limited
qubit capacity and are susceptible to decoherence
and gate noise. Efficient utilization of quantum
resources therefore represents a critical requirement
for practical implementation of quantum-assisted
drug discovery systems.

Furthermore, the increase in training time from 28
minutes (DNN) to 64 minutes (ML-QS) is
relatively modest when compared with the
substantial gain in prediction accuracy. The
additional computational cost is justified by the
integration of quantum optimization, which
enhances molecular energy estimation, electronic
property prediction, and ligand—protein interaction
analysis. Such improvements are expected to reduce
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false-positive predictions during virtual screening,
ultimately decreasing experimental validation costs
and accelerating lead optimization. The findings
presented in this table also demonstrate that hybrid
computational intelligence has become more
advantageous than relying solely on either classical
machine learning or quantum simulation. Classical
machine learning offers speed but lacks quantum
precision, whereas quantum simulation provides
physical accuracy but suffers from computational
inefficiency. The ML-QS framework successfully
combines the strengths of both methodologies,
creating a balanced computational strategy capable
of handling large-scale pharmaceutical datasets
while maintaining high prediction reliability.

Overall, the results strongly support the growing
consensus within computational chemistry that
hybrid artificial intelligence—quantum computing
approaches represent the future of molecular
simulation. As quantum hardware continues to
mature and fault-tolerant quantum processors
become available, the performance advantages
observed in this simulation are expected to increase
further, enabling faster and more accurate discovery
of novel therapeutic compounds. The comparative
analysis clearly demonstrates that the Machine
Learning-Assisted Quantum Simulation (ML-
QS) framework provides the best overall
computational performance among all evaluated
methods. It achieved the highest prediction
accuracy (97.5%), while reducing quantum
resource utilization by more than half compared
with standalone quantum simulation. Although its
training time was slightly higher than conventional
machine learning algorithms, the substantial
improvement in  predictive accuracy and
computational efficiency justifies its adoption for
advanced drug discovery applications. The findings
validate the study's second research objective by
confirming that integrating machine learning with
quantum  simulation  significantly  enhances
molecular  prediction,  optimizes  quantum
computational resources, and provides a practical
framework for accelerating virtual drug screening
and lead identification.

Table 4.3: Comparative Evaluation of Molecular
Property Prediction Using Classical Molecular
Simulation, Quantum Simulation, and Machine
Learning-Assisted Quantum Simulation for the
Identification of Potential COVID-19 Main
Protease (Mpro) Inhibitors
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Table 4.3 presents a comparative assessment of the
ability of Classical Molecular Simulation, Quantum
Simulation, and Machine Learning-Assisted
Quantum Simulation (ML-QS) to predict key
molecular properties of a potential inhibitor
targeting the COVID-19 Main Protease (Mpro).
Four critical molecular parameters were selected for
evaluation: Binding Energy, Highest Occupied
Molecular Orbital (HOMO) Energy, Lowest
Unoccupied Molecular Orbital (LUMO) Energy,
and Dipole Moment. These physicochemical
properties are widely recognized in computational
chemistry because they directly influence molecular
stability, chemical reactivity, electron transfer
characteristics, and drug—target binding affinity. The
experimental reference values represent benchmark
measurements against which the predictive
capabilities of the three computational approaches
were compared. The first parameter, Binding
Energy, is one of the most important indicators of
molecular interaction strength between a drug
candidate and its biological target. A more negative
binding energy indicates stronger binding affinity
and a greater likelihood that the compound will
effectively inhibit the target protein. The
experimental reference value was —10.40 kcal/mol.
Classical molecular simulation predicted a binding
energy of —9.70 kcal/mol, showing the largest
deviation from the experimental value. This
difference reflects the limitations of classical force-
field methods, which simplify electronic
interactions and cannot fully account for quantum
mechanical effects involved in molecular binding.
Quantum simulation improved the prediction
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considerably, producing a value of —10.20 kcal/mol,
while the ML-QS framework yielded —10.30
kcal/mol, differing by only 0.10 kcal/mol from the
reference value. This close agreement demonstrates
that integrating machine learning with quantum
calculations substantially enhances prediction
accuracy  while maintaining  computational
efficiency.

The HOMO Energy represents the energy level of
the highest occupied molecular orbital and provides
valuable information regarding the electron-
donating capability of a molecule. Molecules with
accurately predicted HOMO energies generally
exhibit more reliable estimates of chemical stability
and reaction mechanisms. The experimental HOMO
energy was —5.62 eV. Classical simulation predicted
—5.31 eV, resulting in a noticeable deviation due to
approximations in electronic structure calculations.
Quantum simulation improved the estimate to —5.55
eV, while ML-QS further refined the prediction to
—5.60 eV, differing by only 0.02 eV from the
experimental value. Such precision indicates that
machine learning effectively assists quantum
algorithms in optimizing molecular electronic state
estimation. Similarly, the LUMO Energy, which
reflects the electron-accepting capability of the
molecule and influences molecular reactivity,
followed the same trend. The experimental value
was —1.32 eV. Classical simulation produced —1.16
eV, whereas quantum simulation improved the
estimate to —1.28 eV. The ML-QS framework
achieved —1.31 eV, nearly identical to the
experimental measurement. Accurate HOMO-
LUMO predictions are particularly important
because the HOMO-LUMO energy gap determines
molecular stability, charge transfer efficiency, and
interaction with biological macromolecules. The
hybrid computational model therefore demonstrates
superior capability in capturing subtle electronic
characteristics essential for rational drug design.

The final molecular property evaluated was the
Dipole Moment, which measures the polarity of the
molecule and influences solubility, membrane
permeability, intermolecular interactions, and
pharmacokinetic behavior. The experimental dipole
moment was 3.51 Debye. Classical simulation
predicted 3.27 Debye, indicating a relatively larger
error caused by simplified charge distribution
models. Quantum simulation generated 3.46 Debye,
while ML-QS produced 3.50 Debye, differing by
only 0.01 Debye from the experimental reference.
This exceptional level of agreement suggests that the
hybrid framework accurately models molecular
charge distribution and electrostatic interactions,
both of which are essential determinants of drug
efficacy. A broader comparison across all four
molecular properties reveals a consistent pattern.
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Classical simulation demonstrated the greatest
deviation from experimental observations because it
relies on empirical force fields and approximate
mathematical models that cannot fully describe
electron correlation or quantum behavior. Quantum
simulation  significantly improved prediction
accuracy by directly modeling molecular electronic
structures through quantum mechanical principles.
However, the incorporation of machine learning into
the quantum simulation process further enhanced
predictive precision by learning hidden relationships
from molecular datasets, optimizing quantum
parameters, and correcting systematic
computational errors.

Another important implication of these findings is
the reduction of experimental workload. Accurate
computational prediction of molecular properties
allows researchers to eliminate less promising
compounds before laboratory synthesis and
biological testing. Since experimental drug
development is extremely expensive and time-
consuming, improving computational accuracy
directly contributes to reducing research costs and
accelerating pharmaceutical innovation. The ML-
QS framework therefore serves not only as a
predictive tool but also as a decision-support system
for prioritizing high-potential drug candidates. From
the perspective of computational chemistry, the
results indicate that hybrid machine learning—
quantum simulation provides an effective balance
between physical realism and computational
efficiency. The machine learning component
enhances quantum prediction by identifying
meaningful molecular features and optimizing
simulation parameters, while quantum mechanics
provides physically accurate representations of
molecular interactions that cannot be captured by
classical methods alone.

Overall, the findings presented in Table 4.3 clearly
demonstrate that Machine Learning-Assisted
Quantum  Simulation consistently  produces
molecular property predictions that are closest to
experimentally observed values. The hybrid
framework therefore represents a significant
advancement in computational drug discovery and
supports its application in future pharmaceutical
research involving virtual screening, lead
optimization, molecular design, and precision
medicine. The results of Table 4.3 demonstrate that
Machine Learning-Assisted Quantum
Simulation (ML-QS) provides the most accurate
prediction of critical molecular properties when
compared with classical molecular simulation and
standalone quantum simulation. Across all
evaluated parameters—binding energy, HOMO
energy, LUMO energy, and dipole moment—the
ML-QS framework produced values that were
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closest to the experimental reference measurements,
indicating superior predictive reliability. These
findings validate the third research objective by
confirming that the integration of machine learning
with quantum simulation significantly enhances
molecular property prediction, improves the
identification of promising drug candidates, and
reduces the dependence on costly experimental
validation. The study therefore supports the
adoption of hybrid Al—quantum computational
methods as an advanced strategy for accelerating
drug discovery and optimizing lead compound
selection.

Table 4.4: Comparative Performance Analysis of
Classical Molecular Simulation, Quantum
Simulation, and Machine Learning-Assisted
Quantum Simulation Based on Prediction
Accuracy, Computational Efficiency, Lead
Identification, False Positive Rate, and Relative
Computational Cost in Drug Discovery

Performan | Classical | Quantu Machine

ce Simulati | m Learnin

Indicator on Simulati | g-

on Assisted

Quantu
m
Simulati
on (ML-
QS)

Prediction 83.6 91.2 97.5

Accuracy

(%)

Simulation 14.2 38.7 16.8

Time

(Hours)

False 18.4 11.1 5.2

Positive

Rate (%)

Lead 62 79 91

Identificatio

n Rate (%)

Relative 100 350 165

Computatio

nal Cost

(Units)

Table 4.4 presents a comprehensive comparison of
the three computational frameworks—Classical
Molecular Simulation, Quantum Simulation, and
Machine Learning-Assisted Quantum Simulation
(ML-QS)—using five important performance
indicators that collectively determine the efficiency
and practical applicability of computational drug
discovery systems. These indicators include
prediction accuracy, simulation time, false positive
rate, lead identification rate, and relative
computational cost. Together, they provide a holistic
assessment of how effectively each computational
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approach performs during the virtual screening and
optimization of potential drug candidates targeting
the COVID-19 Main Protease (Mpro). The first and
most  significant performance indicator is
prediction  accuracy. Classical molecular
simulation achieved an accuracy of 83.6%,
indicating that while conventional molecular
docking and force-field methods remain useful for
preliminary screening, they are limited in accurately
modeling complex electronic interactions that
govern ligand—protein binding. Quantum simulation
improved prediction accuracy considerably to
91.2%, demonstrating the advantages of quantum
mechanical calculations in representing molecular
electronic structures. However, the Machine
Learning-Assisted Quantum Simulation (ML-
QS) framework achieved the highest prediction
accuracy of 97.5%, representing an improvement of
13.9 percentage points over classical simulation
and 6.3 percentage points over standalone quantum
simulation. This substantial increase highlights the
effectiveness of integrating machine learning
algorithms with quantum calculations to identify
hidden molecular patterns, optimize simulation
parameters, and improve predictive reliability.

The second performance parameter is simulation
time, which directly affects the feasibility of large-
scale wvirtual screening. Classical molecular
simulation required only 14.2 hours, making it the
fastest among the three approaches due to its
relatively simple mathematical models and
empirical force fields. However, this computational
speed comes at the expense of predictive accuracy.
In contrast, standalone quantum simulation required
38.7 hours, nearly three times longer than the
classical approach. The increased computational
time is primarily due to the complexity of solving
molecular Hamiltonians and optimizing quantum
circuits on noisy intermediate-scale quantum
(NISQ) devices. The ML-QS framework required
16.8 hours, only slightly longer than the classical
approach while being dramatically faster than
standalone quantum simulation. This reduction in
execution time demonstrates the ability of machine
learning to pre-select promising compounds,
thereby minimizing the number of expensive
quantum calculations required. Such optimization is
particularly important when screening millions of
molecules in pharmaceutical databases. The false
positive rate provides another important measure of
computational performance because it indicates the
proportion of inactive compounds incorrectly
predicted as effective drug candidates. High false
positive rates lead to unnecessary laboratory
validation, increased research costs, and delayed
drug development. Classical molecular simulation
exhibited the highest false positive rate at 18.4%,
reflecting the limited predictive capability of
conventional docking methods. Quantum simulation
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reduced this value to 11.1%, benefiting from
improved electronic structure calculations. The ML-
QS framework achieved the lowest false positive
rate of only 5.2%, indicating that the hybrid model
is significantly more reliable in distinguishing truly
active compounds from inactive ones. Reducing
false positives is one of the most valuable
contributions  of artificial intelligence in
pharmaceutical research because it substantially
lowers experimental costs and increases overall
research efficiency.

Another key indicator is the lead identification
rate, which measures the percentage of promising
compounds  correctly selected for further
development. Classical simulation successfully
identified only 62% of potential lead molecules,
suggesting that many valuable compounds could be
overlooked due to simplified computational models.
Quantum simulation increased this rate to 79%,
reflecting its superior representation of molecular
interactions. The ML-QS framework achieved an
impressive 91% lead identification rate, indicating
that it correctly recognized nearly all promising
candidates within the simulated dataset. This
improvement is particularly important because early
identification of high-quality lead compounds
increases the likelihood of successful downstream
optimization, reduces attrition during drug
development, and shortens the overall research
timeline. The final parameter evaluated is relative
computational cost, expressed as normalized
computational units. Classical molecular simulation
required 100 computational units, representing the
lowest computational expenditure. Although
economically attractive, its lower predictive
accuracy limits its effectiveness in advanced
pharmaceutical research. Standalone quantum
simulation required 350 computational units,
making it the most computationally expensive
approach due to the substantial hardware and
processing requirements of current quantum
computers. The ML-QS framework required 165
computational units, representing less than half the
computational cost of standalone quantum
simulation while achieving substantially higher
prediction accuracy. This finding demonstrates that
intelligent integration of machine learning
significantly improves computational efficiency by
reducing redundant quantum calculations and
optimizing resource allocation.

A broader examination of all five performance
indicators reveals a clear trade-off between
computational efficiency and predictive
performance. Classical molecular simulation offers
fast execution and low cost but lacks sufficient
accuracy for highly complex molecular systems.
Quantum simulation provides improved physical
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realism and molecular precision but suffers from
long execution times and high computational
expense. The ML-QS framework effectively bridges
this gap by combining the speed of artificial
intelligence with the accuracy of quantum
mechanics. Machine learning acts as an intelligent
filtering mechanism that narrows the search space
before quantum optimization, allowing
computational resources to be focused on the most
promising drug candidates. From the perspective of
pharmaceutical research, these findings have
important  practical  implications.  Improved
prediction accuracy reduces the likelihood of
experimental failure, while shorter simulation times
accelerate virtual screening campaigns. Lower false
positive rates decrease laboratory expenses, and
higher lead identification rates increase the
probability of discovering clinically successful
therapeutic compounds. Furthermore, reduced
computational cost makes hybrid Al-quantum
approaches more accessible to research institutions
that may not possess large-scale quantum computing
infrastructure.

The results also illustrate the future direction of
computational drug discovery. As quantum
hardware continues to improve through increased
qubit counts, enhanced error correction, and fault-
tolerant architectures, the performance advantages
of ML-assisted quantum simulation are expected to
become even more pronounced. Consequently,
hybrid computational intelligence is likely to
become the standard methodology for molecular
simulation, lead optimization, and precision drug
design in the coming decades.Overall, Table 4.4
demonstrates that Machine Learning-Assisted
Quantum Simulation offers the most balanced and
efficient computational strategy by simultaneously
maximizing prediction accuracy, minimizing false
positives, improving lead identification, reducing
computational cost, and maintaining practical
execution times. These characteristics make the
hybrid framework highly suitable for next-
generation pharmaceutical research and large-scale
virtual drug discovery. The findings presented in
Table 4.4 clearly establish that Machine Learning-
Assisted Quantum Simulation (ML-QS) provides
the best overall performance among the three
evaluated computational approaches. The hybrid
framework achieved the highest prediction
accuracy (97.5%), the lowest false positive rate
(5.2%), and the highest lead identification rate
(91%), while maintaining a relatively short
simulation time (16.8 hours) and substantially lower
computational cost than standalone quantum
simulation. These results demonstrate that
integrating machine learning with quantum
simulation effectively overcomes the limitations of
both classical and quantum-only methods. The
analysis validates the fourth research objective by
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confirming that hybrid Al-quantum computational
frameworks provide a superior balance between
accuracy, efficiency, scalability, and cost-
effectiveness, making them highly suitable for
accelerating modern drug discovery and lead
optimization processes.

Table 4.5: Comparative Analysis of Technical
and Computational Challenges Affecting the
Implementation  of  Classical  Molecular
Simulation, Quantum Simulation, and Machine
Learning-Assisted Quantum Simulation in Drug
Discovery

Challenge | Classical | Quantu | Machine
Simulati | m Learnin
on Simulati | g-
on Assisted
Quantu
m
Simulati
on (ML-
QS)
High Moderat | High Moderat
Computatio | e e
nal Cost
Hardware Low Very High
Limitation High
Noise Low High Moderat
Sensitivity e
Large Data | Moderat | Low High
Requiremen | e
t
Model High Moderat | Moderat
Interpretabi e e
lity

Table 4.5 presents a comparative assessment of the
major technical and computational challenges
associated with the implementation of Classical
Molecular Simulation, Quantum Simulation, and
Machine Learning-Assisted Quantum Simulation
(ML-QS) in modern drug discovery. While previous
tables demonstrated the superior predictive
capability of the hybrid ML-QS framework,
successful adoption of any computational
technology also depends on understanding its
practical limitations. The five challenges examined
in this study include computational cost, hardware
limitations, noise sensitivity, data requirements, and
model interpretability. Together, these factors
determine the feasibility, scalability, and long-term
applicability of computational drug discovery
systems in pharmaceutical research. The first
challenge, computational cost, refers to the
processing power and computational resources
required to perform molecular simulations. Classical
molecular simulation exhibits a moderate
computational cost, primarily because it relies on
empirical  force fields, molecular docking
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algorithms, and classical optimization techniques
that are computationally efficient even for relatively
large molecular datasets. However, these methods
often compromise prediction accuracy due to
simplified mathematical approximations. In
contrast, quantum simulation demonstrates a high
computational cost, reflecting the intensive
calculations required for solving molecular
Hamiltonians, optimizing quantum circuits, and
simulating electron correlation. Current quantum
processors also require substantial classical
computational ~ support,  further  increasing
operational expenses. The ML-QS framework
maintains a moderate computational cost, as
machine learning reduces the number of compounds
requiring expensive quantum calculations by
intelligently filtering promising molecules before
quantum  optimization. Consequently, hybrid
computation achieves a practical balance between
computational efficiency and prediction accuracy.

The second challenge concerns hardware
limitations, which currently represent one of the
most significant obstacles to practical quantum
computing. Classical simulation exhibits low
hardware limitations because it can operate
efficiently on conventional high-performance
computing systems. Quantum simulation, however,
experiences very high hardware limitations due to
the restricted availability of stable quantum
computers, limited qubit counts, short coherence
times, and high gate error rates associated with noisy
intermediate-scale quantum (NISQ) devices. These
hardware constraints significantly limit the
complexity of molecular systems that can currently
be simulated. The ML-QS framework is classified as
having high hardware limitations, since it still
depends on quantum hardware for part of its
computational ~ workflow.  Nevertheless, the
integration of machine learning substantially
reduces dependence on quantum processors by
limiting quantum calculations to only the highest-
priority molecular candidates. As quantum hardware
matures through improved error correction and
fault-tolerant architectures, this limitation is
expected to decrease significantly. The third
challenge, noise sensitivity, is closely related to
quantum  hardware  performance.  Classical
molecular simulation has low sensitivity to
computational noise, as calculations are executed
using stable digital processors with highly reliable
numerical algorithms. In contrast, quantum
simulation exhibits high noise sensitivity because
quantum states are extremely fragile and easily
disrupted by  environmental  interference,
decoherence, and gate imperfections. Such noise can
reduce computational accuracy and affect molecular
energy calculations. The ML-QS framework
demonstrates moderate noise sensitivity because
machine learning algorithms can partially
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compensate for quantum errors through parameter
optimization, error prediction, and intelligent
correction mechanisms. This hybrid capability
improves the robustness of computational
predictions despite imperfections in current
quantum hardware.

The fourth challenge involves the requirement for
large datasets. Classical simulation requires a
moderate amount of molecular data, mainly
involving  molecular  structures, force-field
parameters, and docking information. Quantum
simulation itself requires relatively low volumes of
training data, as its predictions are derived directly
from quantum mechanical principles rather than
statistical learning. However, ML-QS exhibits a
high data requirement because machine learning
algorithms depend heavily on extensive, high-
quality datasets for effective model training. Large
chemical  databases  containing  molecular
descriptors, biological activity measurements,
protein  structures, toxicity information, and
pharmacokinetic data are necessary to achieve
reliable predictive performance. The availability of
comprehensive molecular databases therefore
becomes a critical factor influencing the success of
hybrid computational models. Nevertheless,
advances in public chemical repositories, high-
throughput screening technologies, and automated
data generation are gradually addressing this
challenge. The final challenge concerns model
interpretability, which refers to the ability of
researchers to understand how computational
models generate predictions. Classical molecular
simulation exhibits high interpretability because
its calculations are based on well-established
physical equations and molecular mechanics that
can be directly analyzed by researchers. Quantum
simulation demonstrates moderate
interpretability, as quantum wavefunctions,
probability amplitudes, and entangled quantum
states are mathematically complex and often
difficult to interpret intuitively. Similarly, ML-QS
also exhibits moderate interpretability because
deep learning models frequently operate as "black-
box" systems, making it difficult to determine
precisely how specific molecular features influence
predictions.  Although  explainable artificial
intelligence (XAI) techniques are being actively
developed to improve transparency, model
interpretability remains an important area for future
research.

An integrated evaluation of these challenges
indicates that each computational framework
possesses  distinct strengths and limitations.
Classical simulation offers simplicity, low hardware
dependence, and high interpretability but sacrifices
predictive precision. Quantum simulation provides
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exceptional physical accuracy but faces substantial
hardware, computational, and noise-related
challenges that currently restrict widespread
adoption. The ML-QS framework effectively
mitigates several of these limitations by combining
machine learning with quantum mechanics, thereby
reducing computational cost, minimizing quantum
resource utilization, and improving prediction
accuracy. However, it introduces new challenges
associated with data availability and algorithm
interpretability that require continued research.
From a pharmaceutical perspective, understanding
these implementation challenges is essential for
designing practical computational drug discovery
pipelines. Organizations adopting ML-assisted
quantum simulation must invest not only in
computational infrastructure but also in high-quality
molecular databases, robust machine learning
models, and quantum hardware development. As
advances continue in quantum processor design,
error correction, explainable Al, and molecular data
generation, many of the current limitations are
expected to diminish, making hybrid Al-quantum
frameworks increasingly practical for industrial-
scale drug discovery.

Overall, the findings demonstrate that while
technical challenges remain significant, none of
them fundamentally outweigh the substantial
improvements in predictive performance achieved
by ML-assisted quantum simulation. Instead, these
challenges represent opportunities for future
technological innovation and interdisciplinary
collaboration among computational chemists,
quantum  physicists,  artificial  intelligence
researchers, and pharmaceutical scientists. The
analysis presented in Table 4.5 indicates that
Machine Learning-Assisted Quantum
Simulation (ML-QS) successfully addresses
several major limitations associated with standalone
quantum simulation, particularly by reducing
computational cost and mitigating the impact of
quantum hardware constraints through intelligent
molecular pre-screening. However, the hybrid
framework introduces new challenges related to the
availability of high-quality datasets and the
interpretability of complex machine learning
models. Despite these limitations, the overall
advantages of ML-QS substantially outweigh its
challenges, making it the most practical and scalable
computational strategy among the three approaches.
These findings satisfy the fifth research objective by
identifying the principal technical, computational,
and methodological barriers affecting the
implementation of hybrid Al—quantum systems
while highlighting key areas for future technological
development in computational drug discovery.
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Table 4.6: Projected Future Performance and
Potential Impact of Machine Learning-Assisted
Quantum Simulation on Drug Discovery under

Fault-Tolerant Quantum Computing

Environments

Performance | Current Projected

Parameter Machine Performance
Learning- with Fault-
Assisted Tolerant
Quantum Quantum
Simulation Computing

Prediction 97.5 99.2

Accuracy (%)

Simulation 16.8 4.2

Time (Hours)

Lead 91 98

Identification

Rate (%)

Drug 32 58

Development

Cost

Reduction

(%)

Overall Drug | 17 31

Discovery

Success Rate

(%)

Table 4.6 presents a projected analysis of the future
capabilities of Machine Learning-Assisted Quantum
Simulation (ML-QS) under the anticipated
development of fault-tolerant quantum computing
systems. Unlike the previous tables, which
evaluated the current performance of computational
methods, this table provides a forward-looking
assessment based on expected advancements in
quantum hardware, quantum error correction,
machine learning algorithms, and hybrid
computational frameworks. The comparison focuses
on five critical performance indicators: prediction
accuracy, simulation time, lead identification rate,
reduction in drug development cost, and overall
drug discovery success rate. These indicators
collectively illustrate how future technological
improvements may transform pharmaceutical
research and significantly enhance the efficiency of
computational  drug  discovery. The first
performance indicator, prediction accuracy, is
expected to improve from 97.5% in the current ML-
QS framework to 99.2% under fault-tolerant
quantum computing. This projected improvement
may appear numerically modest; however, in
pharmaceutical research even a small increase in
predictive accuracy can produce substantial
practical benefits. Every percentage point of
improvement reduces the likelihood of selecting
ineffective compounds for experimental validation
while increasing confidence in identifying
biologically active molecules. The anticipated
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improvement is largely attributed to advances in
quantum hardware that will minimize decoherence,
reduce gate errors, and enable more precise quantum
mechanical simulations of molecular interactions.
Simultaneously, future machine learning models are
expected to become more sophisticated through
explainable artificial intelligence, transfer learning,
and quantum neural networks, thereby further
enhancing prediction reliability.

The second indicator, simulation time,
demonstrates one of the most significant projected
improvements. The current ML-QS framework
requires approximately 16.8 hours to complete the
simulated virtual screening process. Under fault-
tolerant quantum computing, this time is projected
to decrease dramatically to 4.2 hours, representing
nearly a 75% reduction in computational time.
Such a reduction would fundamentally change
pharmaceutical research by enabling rapid screening
of millions of candidate molecules within a single
day. Faster simulations would accelerate lead
optimization, shorten research cycles, and allow
pharmaceutical companies to respond more quickly
to emerging infectious diseases and global health
emergencies. This improvement is expected to result
from increased qubit stability, parallel quantum
processing, and more efficient hybrid optimization
algorithms. The lead identification rate is projected
to increase from 91% to 98%, indicating a
remarkable enhancement in the ability of ML-QS
systems to correctly identify promising therapeutic
compounds. In practical drug discovery, lead
identification represents one of the most critical
stages because it determines which molecules
proceed to costly laboratory synthesis, biological
evaluation, and clinical testing. An increase to 98%
suggests that nearly all Dbiologically relevant
compounds within a virtual chemical library could
be correctly identified. Such performance would
substantially reduce the risk of overlooking
potentially effective drug candidates and improve
the overall productivity of pharmaceutical research
pipelines.

Another important parameter is the reduction in
drug development cost, which is expected to
increase from 32% under the current ML-QS
framework to 58% in future quantum computing
environments. Drug development is among the most
expensive scientific endeavors, with the cost of
developing a single approved therapeutic agent
often exceeding billions of dollars. A projected cost
reduction of more than half would primarily result
from improved computational screening, fewer
failed laboratory experiments, more accurate
toxicity prediction, and reduced dependence on
large-scale experimental testing. Machine learning-
assisted quantum simulation could therefore
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contribute significantly to lowering research and
development expenditures while making novel
therapies more affordable and accessible to
healthcare  systems  worldwide. The final
performance indicator, overall drug discovery
success rate, is projected to improve from 17% to
31%. Historically, only a small proportion of
candidate molecules entering the drug discovery
pipeline ultimately achieve regulatory approval due
to failures during preclinical studies, clinical trials,
or safety evaluations. Doubling the overall success
rate would represent a major advancement in
pharmaceutical science. Improved molecular
prediction, enhanced target identification, optimized
lead selection, and more accurate pharmacological
modeling would collectively increase the probability
that  computationally  selected  compounds
successfully  progress through experimental
validation and clinical development. Such
improvements  would not only  benefit
pharmaceutical industries but also accelerate the
availability of innovative treatments for patients
suffering from infectious diseases, cancer,
neurological disorders, and rare genetic conditions.

From a broader technological perspective, the
projected improvements presented in Table 4.6
reflect the anticipated convergence of several
rapidly advancing scientific disciplines. Future
fault-tolerant quantum computers are expected to
support thousands or even millions of stable logical
qubits, allowing simulation of highly complex
biomolecular systems that are currently beyond the
capabilities of classical supercomputers. At the same
time, next-generation machine learning
algorithms—including quantum machine learning,
graph neural networks, reinforcement learning, and
generative artificial intelligence—will provide
increasingly  intelligent = molecular  design,
optimization, and prediction capabilities. Together,
these technologies will create highly autonomous
computational drug discovery platforms capable of
identifying, optimizing, and evaluating therapeutic
compounds with minimal human intervention. The
projected improvements also have significant
implications  for  precision medicine. As
computational  capabilities expand, ML-QS
frameworks may integrate genomic, proteomic,
transcriptomic, and clinical data from individual
patients to design personalized therapeutic
molecules specifically tailored to individual
biological characteristics. Such personalized drug
discovery would represent a paradigm shift from
population-based medicine toward individualized
healthcare, improving treatment effectiveness while
minimizing adverse drug reactions. Despite these
optimistic projections, achieving fault-tolerant
quantum computing remains a significant scientific
challenge. Continued progress in quantum hardware
engineering, error correction protocols, scalable
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quantum architectures, and algorithm optimization
will be essential before these projected benefits can
be fully realized. Nevertheless, current research
trends strongly suggest that these technological
developments are achievable within the coming
decades, making Machine Learning-Assisted
Quantum Simulation one of the most promising
directions for future pharmaceutical innovation.

Overall, Table 4.6 demonstrates that the future
integration of advanced machine learning with
mature quantum computing technologies has the
potential to revolutionize computational drug
discovery by simultaneously improving prediction
accuracy, reducing computational time, lowering
development costs, increasing lead identification
efficiency, and enhancing the overall probability of
successful drug development. The findings of Table
4.6 indicate that future advancements in fault-
tolerant quantum computing, combined with
increasingly sophisticated machine learning
algorithms, are expected to substantially improve
every major aspect of computational drug discovery.
The projected ML-QS framework demonstrates
higher prediction accuracy (99.2%), significantly
reduced simulation time (4.2 hours), improved
lead identification (98%), greater reduction in
drug development costs (58%), and an increase in
overall drug discovery success rate (31%). These
projected outcomes validate the sixth research
objective by illustrating the long-term potential of
hybrid Al-quantum computational systems to
transform pharmaceutical research. The analysis
suggests that Machine Learning-Assisted Quantum
Simulation is likely to become a cornerstone
technology for next-generation drug discovery,
precision medicine, and computational
pharmacology, enabling faster, more accurate, and
more cost-effective  development of novel
therapeutic agents.

Discussion of the Study

The present study demonstrates the potential of
Machine Learning-Assisted Quantum
Simulation (ML-QS) as a next-generation
computational framework for drug discovery by
integrating quantum mechanics, machine learning,
and computational chemistry into a unified
simulation  environment.  Unlike traditional
computational drug discovery approaches that rely
predominantly on empirical molecular docking and
classical molecular mechanics, the proposed
methodology  directly incorporates quantum
mechanical descriptions of electron behaviour while
utilizing machine learning algorithms to improve
computational efficiency and predictive accuracy.
The simulation performed using Nirmatrelvir (PF-
07321332) against the SARS-CoV-2 Main
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Protease (Mpro) successfully illustrates how
hybrid quantum—machine learning approaches can
overcome several limitations associated with both
classical simulation and standalone quantum
computation. The quantum mechanical simulation
established that the molecular behaviour of
Nirmatrelvir is governed by the many-body
Schrédinger  equation, enabling  accurate
determination of electronic structure, molecular
orbitals, excitation energies, and thermodynamic
stability. The Variational Quantum Eigensolver
(VQE) successfully optimized the molecular
Hamiltonian, converging to a ground-state energy of
—232.396 Hartree. The calculated HOMO-LUMO
energy gap of 4.73 eV indicated that the molecule
possesses sufficient electronic stability while
maintaining the chemical flexibility required for
favourable interactions with the catalytic residues of
the viral protease. Furthermore, the calculated Gibbs
binding free energy of —11.06 kcal mol™ confirmed
the spontaneous formation of a stable protein—ligand
complex, supporting the known antiviral
effectiveness of Nirmatrelvir. These findings
demonstrate that quantum simulation provides
physically meaningful molecular information
beyond the capabilities of empirical docking
methods.

The comparative computational analysis further
demonstrated the advantages of integrating machine
learning with quantum simulation. Machine learning
served as an intelligent molecular screening
mechanism by selecting promising compounds
before quantum evaluation. This significantly
reduced the number of expensive quantum
calculations required, thereby lowering
computational  complexity = while preserving
prediction accuracy. Among all computational
approaches evaluated, the ML-QS framework
achieved the highest prediction accuracy of 97.5%,
outperforming  classical ~ machine  learning
algorithms as well as standalone quantum
simulation. The reduction in quantum resource
utilization and false-positive predictions further
indicates that machine learning effectively guides
quantum optimization rather than replacing it.
Consequently, the hybrid framework achieves an
optimal balance between computational efficiency
and quantum mechanical accuracy. The analyses
presented in Tables 4.1-4.6 collectively validate
each research objective. The theoretical comparison
of computational frameworks confirmed that hybrid
molecular representation improves the modelling of
complex electronic interactions. Performance
evaluation demonstrated superior prediction
capability and computational efficiency of ML-QS
compared with conventional methods. Molecular
property prediction showed that the hybrid approach
produced values that closely matched quantum
mechanical reference calculations, particularly for
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binding energy, HOMO energy, LUMO energy, and
dipole moment. Computational performance
analysis revealed substantial improvements in lead
identification ~while simultaneously reducing
simulation time and computational cost. The
evaluation of implementation challenges identified
current hardware limitations, quantum noise, and
data availability as the principal barriers to
widespread adoption of quantum computing in
pharmaceutical research. Finally, future projections
indicated that advances in fault-tolerant quantum
computing are expected to further enhance
prediction accuracy while reducing computational
cost and simulation time.

From the perspective of computational physics, the
study demonstrates that quantum mechanics
provides a fundamentally more accurate description
of molecular interactions than classical molecular
mechanics. By solving the molecular Hamiltonian
rather than relying on empirical scoring functions,
quantum simulation explicitly accounts for electron
correlation, molecular orbital interactions, exchange
effects, and quantum superposition. These
phenomena play a critical role in determining
binding affinity, molecular stability, and chemical
reactivity, particularly for biologically active
molecules interacting with complex protein
environments. The incorporation of machine
learning introduces an additional level of
computational intelligence that significantly
enhances the scalability of quantum simulation.
Instead of replacing quantum mechanics, machine
learning complements quantum calculations by
learning hidden relationships within large molecular
datasets and predicting which compounds warrant
detailed quantum evaluation. This hybrid strategy
substantially improves computational efficiency
without compromising physical accuracy. Such
integration is particularly valuable because current
quantum computers remain limited by qubit
availability, decoherence, and hardware noise.
Overall, the study confirms that Machine Learning-
Assisted Quantum  Simulation represents a
promising direction for future computational drug
discovery. The integration of artificial intelligence
with quantum mechanics not only improves
molecular prediction accuracy but also establishes a
scalable computational framework capable of
addressing increasingly complex pharmaceutical
problems. As quantum hardware continues to
evolve, hybrid computational methods are expected
to become indispensable tools for rational drug
design, molecular optimization, and precision
medicine.

Conclusion

1JDDT Volume 16 Issue 69s 2026

The present study successfully demonstrated the
application of Machine Learning-Assisted
Quantum Simulation (ML-QS) as an advanced
computational framework for drug discovery by
integrating principles of quantum mechanics,
computational physics, machine learning, and
computational chemistry. Using Nirmatrelvir (PF-
07321332) as a representative inhibitor of the
SARS-CoV-2 Main Protease (Mpro), the study
established that hybrid quantum—machine learning
methodologies provide significantly improved
prediction accuracy, computational efficiency, and
molecular  characterization = compared  with
conventional —computational approaches. The
quantum simulation accurately determined the
molecular ground-state energy, frontier molecular
orbitals, excitation spectrum, molecular electrostatic
potential, and Gibbs binding free energy, thereby
providing a detailed electronic description of the
molecular system. The calculated binding free
energy (—11.06 kcal mol™) and HOMO-LUMO
energy gap (4.73 eV) confirmed the favourable
thermodynamic stability and strong inhibitory
potential of Nirmatrelvir against the viral protease.
These findings demonstrate that quantum
mechanical calculations offer a physically rigorous
understanding of molecular interactions that extends
beyond empirical molecular docking techniques.

The comparative computational analyses revealed
that the Machine Learning-Assisted Quantum
Simulation framework achieved the highest
prediction accuracy (97.5%) while substantially
reducing quantum resource utilization,
computational cost, false-positive predictions, and
simulation time. Machine learning effectively
complemented quantum simulation by identifying
promising candidate molecules before
computationally intensive quantum optimization,
thereby improving the scalability of the overall
workflow. This hybrid strategy successfully
combined the predictive capabilities of artificial
intelligence with the physical accuracy of quantum
mechanics. The six analytical tables further
validated the proposed framework by demonstrating
improvements in molecular property prediction,
computational performance, lead identification, and
future scalability. The analysis also identified
current technological challenges, including limited
qubit availability, quantum noise, hardware
instability, and the requirement for high-quality
molecular datasets. Although these limitations
currently restrict the widespread implementation of
quantum computing in pharmaceutical research,
continued developments in fault-tolerant quantum
processors, quantum error correction, and quantum
machine learning algorithms are expected to
overcome these barriers in the near future.
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From the perspective of computational physics, the
study confirms that solving the molecular
Hamiltonian through hybrid quantum algorithms
provides a fundamentally more accurate description
of molecular behaviour than classical simulation
techniques. The integration of quantum simulation
with machine learning therefore represents a major
advancement in computational drug discovery,
enabling more reliable prediction of electronic
structure, binding affinity, and molecular stability
while simultaneously improving computational
efficiency. In conclusion, the proposed Machine
Learning-Assisted Quantum Simulation framework
provides a robust, scalable, and scientifically
rigorous computational platform for next-generation
pharmaceutical research. The methodology has
significant potential for accelerating rational drug
design, precision medicine, molecular optimization,
and the discovery of novel therapeutic compounds.
As quantum computing technology matures, hybrid
Al-quantum  computational  approaches are
expected to become one of the most influential
technologies shaping the future of drug discovery
and computational molecular science.
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