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Abstract: Drug discovery and development is a highly complex and costly endeavor, typically requiring over a
decade and substantial financial investment to bring a new drug to market. Traditional computer-aided drug
design (CADD) has made significant progress in accelerating this process, but the development of quantum
computing offers potential due to its unique capabilities. This paper discusses the integration of quantum
computing into drug discovery and development, focusing on how quantum technologies might accelerate and
enhance various stages of the drug development cycle. Specifically, we explore the application of quantum
computing in addressing challenges related to drug discovery, such as molecular simulation and the prediction
of drug-target interactions, as well as the optimization of clinical trial outcomes. By leveraging the inherent
capabilities of quantum computing, we might be able to reduce the time and cost associated with bringing new

drugs to market, ultimately benefiting public health.

Keywords: drug discovery; drug development; clinical trial; quantum computing; quantum machine learning

1. Introduction

Novel types of safe and effective drugs are needed to meet the medical needs of billions worldwide
and improve the quality of human life [1,2]. The process of discovering a new drug candidate and
developing it into an approved drug for clinical use is known as drug discovery and development. Two
distinct stages in the process are: (1) Drug discovery focuses on identifying novel drug molecules with
desirable pharmaceutical properties (Figure 1); (2) Drug development aims to test the drug’s safety
and efficacy in human bodies via clinical trials (Figure 2) [3,4]. After the clinical trials, the results are
reviewed by the US Food and Drug Administration (FDA) or equivalent government bodies from
other countries. Upon approval, the new drug will be available for clinical use.

However, the drug discovery and development process is notorious for its protracted timeline, de-
manding labor requirements, and exorbitant costs. Presently, bringing a new drug to market demands
a staggering 13-15 years and incurs an average expenditure of 2-3 billion [5-7]. The inefficiencies and
high costs associated with traditional drug discovery methods have become particularly glaring in
light of global health crises, such as the COVID-19 pandemic, which underscored the urgent need for
accelerated and safer drug development strategies [8,9].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. The goal of drug discovery is to identify drug molecules with desirable pharmaceutical
properties. The whole chemical space is around 10°0. Traditional high-throughput screening methods
exhaustively search the known molecule database and cannot explore the whole chemical space. To
address this issue, de novo drug design navigates the whole molecule space. The challenge is to
identify desirable drug molecule structures from huge chemical space (10°0).
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Figure 2. Drug development mainly involves clinical trials that evaluate the effectiveness and safety of
the drug on patients with disease. The Challenge of drug development is to make the trial outcome
prediction based on multimodal heterogeneous data features (e.g., drug molecule, disease, eligibility
criteria, geographical location, etc).

Quantum Computing (QC) is emerging as a revolutionary technology aiming to enhance compu-
tational processes through principles derived from quantum mechanics. The potential of Quantum
Computing has significantly expanded since the early 2010s due to breakthroughs in quantum theory,
improved quantum device fabrication, and the creation of more sophisticated algorithms for quantum
processors [10,11]. The advancement of QC relies heavily on the development of quantum hardware ca-
pable of handling complex computations (e.g., quantum bits or qubits), scalable and reliable quantum
systems, and the maturation of quantum programming frameworks such as Qiskit and Cirq [12-14].
These elements collectively enable the exploration of computational tasks that classical computers find
challenging, opening new avenues in cryptography, optimization, and simulation.

QC could help drug discovery, offering opportunities for enhanced computational power and
precision. It might potentially accelerate the identification of novel drug candidates, optimize molecular
design, and streamline the drug development pipeline [15,16]. By leveraging quantum algorithms to
simulate chemical reactions, model protein-ligand interactions, and perform large-scale data analysis,
QC may significantly reduce the time and cost associated with traditional drug discovery methods[17,
18]. Moreover, it could enhance the safety profile of new drugs by enabling more accurate predictions
of pharmacological effects and toxicities. As QC continues to advance, it is anticipated to play a
pivotal role in shaping the future of drug discovery and development, ultimately contributing to the
acceleration of medical innovation and the improvement of patient care worldwide.
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However, the integration of drug discovery and quantum computing still faces several challenges.
First, large-scale, fault-tolerant, and universal quantum computers are still under development. Al-
though existing devices have shown remarkable progress in the noisy intermediate-scale quantum
(NISQ) era [19], they are still limited by quantum noise, especially when quantum circuits become deep.
This limitation restricts the current capabilities for experimental explorations and demonstrations of
quantum computing in drug discovery. Secondly, it remains unclear which specific problems are best
suited for quantum computers at the algorithm and software levels. Even if we had a sufficiently
advanced quantum computer, it is still uncertain which quantum algorithms might provide quantum
advantages and outperform classical counterparts in drug discovery applications. Both hardware and
software challenges are active areas of investigation.

In this perspective, we review and discuss the potential research opportunities and challenges in
utilizing quantum computing techniques to accelerate drug discovery and development. In Section 2,
we provide a comprehensive list of well-defined problems in drug discovery and development,
including Protein Folding, Small-molecule ADMET Property Prediction, Drug-Target Interaction, Drug
Design, De Novo Protein Design, Epitope Prediction, Clinical Trial Outcome Prediction, Clinical Trial
Recruitment and Trial-Patient Matching, and Clinical Trial Site Selection and Ranking. In Section 3, we
primarily discuss quantum computing approaches that might be beneficial for drug discovery and
development. The toolbox consists of three parts: quantum simulation, quantum machine learning
(QML), and security enhancement. We will also briefly comment on how these methods can be useful
for solving specific drug discovery and development problems. We present the big picture in Figure 3.
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Figure 3. The process includes target identification, lead discovery, lead optimization, preclinical testing,
clinical trials, and approval. Quantum Simulation and QML enhance this process by providing accurate
chemical properties, navigating molecular space, and optimizing clinical trials through advanced
quantum algorithms. Quantum federated learning ensures secure data handling across multiple clients.

We have witnessed significant progress in addressing complex computational challenges, includ-
ing optimization, materials simulation, and quantum chemistry. Similarly, there are numerous exciting
applications of quantum computing in drug discovery, including enhancing protein 3D structure
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prediction (protein folding), accelerating small-molecule ADMET property prediction, innovating de
novo drug design, optimizing retrosynthesis planning, improving graph-based protein design, and
advancing drug repurposing efforts, among others. Next, we briefly introduce some specific drug
discovery applications facilitated by quantum computing. For each task, we describe the background,
how to formulate it into a machine learning problem, and its broad impact. Figure 4 illustrates the
whole drug discovery and development.
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Figure 4. Pipeline of drug discovery and development. Drug discovery is the early stage and aims
at identifying a handful of novel drug molecule structures with desirable pharmaceutical properties.
Then, pre-clinical drug development (also known as animal model) assesses the drug molecules in
animal bodies. After that, clinical drug development (also known as clinical trial) evaluates the safety
and effectiveness of the drug molecules on human bodies recruiting patients).

2. Drug Discovery and Development Problems

2.1. Protein Folding

Background. The key challenge in protein folding is the astronomical number of potential ways a
protein could fold. In 1969, Dr. Cyrus Leventhal highlighted this conundrum, noting that brute-force
calculation of all possible configurations of a typical protein would take longer than the universe’s age,
despite proteins in nature folding in milliseconds—a phenomenon known as Leventhal’s paradox [20].
This paradox implies nature follows predictable folding pathways rather than random combinations.
For years, scientists worldwide have been using advanced computing simulations to model this folding
pathway, approximating the physical interactions underpinning the folding process [21,22]. Despite
this substantial effort, the accuracy of physical-based simulations was not sufficiently practical until
the advent of deep learning. Protein structure prediction (also known as protein folding problem) is a
grand challenge in biology [23,24].

Broad Impact. Protein folding is crucial for understanding the three-dimensional structure of proteins,
which helps in identifying potential drug targets. Knowing the folded structure of a protein can reveal
pockets or sites that are amenable to binding by small molecules or antibodies.

Formulation. Protein folding takes the amino acid sequence as the input feature and predicts its 3D
structure.

Technical Solutions. In 2018, AlphaFold 1.0 [25] emerged as the victor in the CASP13 competition, a
biennial global competition known as the Critical Assessment of Protein Structure Prediction, which
challenges research groups to predict 3D structures from amino acid sequences. Participated in by
over 100 research groups worldwide, this competition witnessed a significant leap in accuracy with
AlphaFold 1.0 and its successor, AlphaFold 2.0 [26], which dominated the CASP14 competition in
2020. AlphaFold 2.0 achieved nearly a 90 Global Distance Test (GDT) score, roughly equivalent to the
accuracy of X-ray crystallography, marking a substantial advance in the field. In subsequent sections,
we delve into the specifics of AlphaFold 1.0 and 2.0. Protein folding can also be seen as a molecule
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simulation problem, where the initial state can be randomly selected, and the final stable state is the
target structure of interest. Thus, quantum simulation (Section 3.1) has the potential to revolutionize
the process.

2.2. Small-molecule ADMET Property Prediction

Background. Small-molecule drugs, which are typically consumed orally, must travel from the site of
administration to the site of action (e.g., tissue, organ) to take effect. There are five pharmaceutical prop-
erties to characterize the efficacy and safety of the drug, including absorption, distribution, metabolism,
excretion, and toxicity (ADMET) properties [27]. A poor ADMET profile is the major reason for failure
in pre-clinical and early clinical trial phases. Early and accurate ADMET characterization is a necessary
condition for the successful development of small-molecule drug candidates during the drug discovery
stage [3].

Broad Impact. Predicting molecular properties with machine learning models can help us prioritize
potentially desirable molecules without wet lab experiments, which would save a large number of
resources.

Formulation. This task aims at predicting drug ADMET property based on its molecular structure. It
can be either a regression or a classification task.

Technical Solutions. Drug property prediction is essentially a representation learning task, multiple
neural architectures are successfully applied [5,28], including convolutional neural network (CNN),
recurrent neural network, transformer [29], and graph neural network (GNN) [30]. Despite initial
success in accuracy, there are some challenges. For example, the drug’s molecular structure is protected
by a patent and has commercial value to pharmaceutical companies. The ML property predictor
may have privacy issues and leak the drug’s molecular structure. The security protection nature of
QML can naturally circumvent the issue. Additionally, quantum-classical hybrid models (Section 3.2)
have shown enhanced accuracy in predicting the absorption, distribution, metabolism, excretion,
and toxicity (ADMET) properties of drug candidates [31]. Also, Quantum Principal Component
Analysis can be employed to analyze and pinpoint key features of molecular structures and reduce the
computational burden for further analysis [32]. Quantum Support Vector Machine allows for better
classification of molecular properties such as toxicity, efficacy, and binding affinity [33].

2.3. Drug-Target Interaction

Background. The disease is usually related to the target protein. For example, the protein with PDB
ID “7111” is the main protease of SARS-COV-2 (2019-NCOV); the protein with PDB id “3eml” is a
human A2A Adenosine receptor [34]. Drug-target interaction refers to the process by which a drug
molecule binds to a specific biological target, such as a protein, enzyme, or receptor, to produce a
therapeutic effect [5,35]. This binding can either activate or inhibit the target’s function, leading to the
desired therapeutic outcome [36]. Understanding these interactions is crucial for optimizing a drug’s
efficacy and safety by improving its binding affinity and selectivity. Existing methods are mostly based
on deep representation learning to characterize the molecule structure of both drugs and targets.

Broad impact. The ability to accurately predict the binding affinity between a drug molecule and a
target protein has far-reaching implications in drug discovery. By leveraging advanced drug-target
interaction models, we can systematically screen all available drug molecules to identify those with
high predicted affinity scores. This capability can significantly streamline the drug discovery process,
reducing the time and cost associated with traditional experimental methods.

Formulation. Drug-target interaction predicts the binding affinity between drug and target based on
drug molecular structure (e.g., SMILES string or molecular graph) and target information (e.g., amino
acid sequence).

Technical Solutions. There are two research lines to estimate the drug-target binding affinity.
First, traditional molecule dynamics can be used to simulate the drug-target binding trajectories [37].
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Quantum simulation algorithms such as Quantum Phase Estimation (QPE) for Density Functional
Theory (DFT) [38-40] and Quantum Amplitude Estimation(QAE) show remarkable promise in this
area, as detailed in Section 3.1. Second, machine learning methods can be used to predict the binding
affinity directly based on the drug and target’s molecular information. Considering the express ability,
QML has great potential to enhance its performance [35,41].

2.4. De Novo Drug Design

Background. Traditional drug discovery approaches, such as high-throughput screening, exhaustively
search the known molecule libraries to identify drug molecules with desirable pharmaceutical proper-
ties. However, the known drug molecules only take up a tiny fraction of the entire drug-like molecule
space. Concretely, the size of all the chemically valid drug-like molecules is estimated to reach 10 [1].
In contrast, all the collected drug-like molecule datasets are no larger than 10'° [5]. To explore the
unknown molecule space, we resort to de novo drug design, whose goal is to explore the chemical
space and create novel and diverse molecule structures with desirable pharmaceutical properties.

Broad impact. De novo drug design enables the creation of molecules that specifically target a
particular protein or receptor, leading to more precise and effective treatments with fewer side effects.
The ability to design entirely new compounds with tailored properties can lead to the discovery of
first-in-class drugs that address unmet medical needs. Also, de novo design can be used to optimize the
pharmacokinetic properties of a drug, such as solubility, stability, and bioavailability, which are critical
for its efficacy and safety.

Formulation. It is formulated as a generation task, where computational methods can directly design
novel and diverse drug molecular structures with desirable pharmaceutical properties.

Technical Solutions. The challenge is to identify desirable drug molecule structures from huge
chemical space (10%°). Drug design methods can be categorized into two classes. (1) Combinatorial
optimization approaches manipulate the discrete molecular space directly to identify the desirable
drug molecules, including genetic algorithm (GA) [42—44], Monte Carlo Tree Search (MCTS) [42,45],
reinforcement learning (RL) [46—48], etc. (2) Continuous optimization approaches learn a continuous
data distribution to fit the discrete molecular structure and sample the novel molecular structure of
the learned distribution, which includes most of the deep generative models, variational autoencoder
(VAE) [49-51], generative adversarial network (GAN) [52-54], energy-based model [55,56], diffusion
model [57], etc. QML has achieved initial success in this area thanks to its strong expressive ability. For
example, quantum GAN outperforms vanilla GAN in molecule generation [58,59].

2.5. Epitope Prediction

Background. An epitope, also known as an antigenic determinant, is the region of a pathogen that
can be recognized by antibodies and cause an adaptive immune response [60,61]. Identifying epitopes
helps scientists determine the binding site and is a crucial problem in early target identification for
biologics.

Broad impact. Accurate identification of the epitope helps pharmaceutical experts identify the region
that binds to the antibody and better understand the mechanism of the antigen.

Formulation. Epitope prediction can be decomposed into multiple binary classification problems.
Specifically, given an amino acid sequence, we need to predict the binary label for each amino acid
(whether it belongs to epitope).

Technical Solutions. The key challenge is to represent the amino acid sequence and 3D structure simul-
taneously. Various neural architectures are designed to solve this problem, such as three-dimensional
convolutional neural networks, and geometric deep neural networks [62].
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2.6. Clinical Trial Outcome Prediction

Background. The clinical trial is an indispensable step toward developing a new drug. In it, human
participants are tested to see how they respond to a treatment (e.g., a drug or drug combinations) for
treating target diseases. The costs of conducting clinical trials are extremely expensive (up to hundreds
of millions of dollars [63]), and the time to run a trial is very long (7-11 years on average) with low
success probability [64,65]. The clinical trial outcome can be abstracted into binary labels, e.g., whether
the tested drug passed a particular clinical trial phase.

Broad impact. If we can predict the clinical trial outcome before the trial starts, we can avoid running
high-risk trials and save money and resources.

Formulation. Clinical trial outcome prediction is formulated as a binary classification task, where the
input feature includes drug molecule, disease code, and eligibility criteria, the groundtruth is whether
the trial succeeds.

Technical Solutions. The main challenge is to make the trial outcome prediction based on multimodal
heterogeneous data features (e.g., drug molecule, disease, eligibility criteria, geographical location,
etc). To represent multimodal data features, [66] designed a hierarchical interaction network (HINT)
to capture the interaction between drug molecules, disease codes, and trial protocol (e.g., eligibility
criteria). [3,4] design an interpretable and uncertainty-aware deep learning method to produce a more
trustworthy estimation of the trial approval rate. However, there is a significant data privacy challenge.
For instance, a drug’s molecular structure is typically protected by patents and holds substantial
commercial value for pharmaceutical companies. There is a concern that a machine learning (ML)
property predictor might inadvertently leak this sensitive information. The inherent security features
of QML naturally mitigate this issue, offering a solution to protect such proprietary data. For example,
QML algorithms, such as Quantum Support Vector Machines (QSVMs) and Quantum Neural Networks
(QNNSs), can analyze diverse datasets (e.g., electronic health records, genomics, and imaging data) to
identify the most appropriate patient groups [67].

2.7. Clinical Trial Recruitment and Trial-Patient Matching

Background. Patient recruitment is a key step in running clinical trials. Given the trial’s eligibility
criteria, matching the appropriate patients based on their electronic health records is time- and labor-
intensive [2].

Broad Impact. Using Al for trial-patient matching significantly accelerates clinical trial enrollment by
identifying eligible patients more quickly and accurately, thereby speeding up the development of
new treatments. This approach also enhances patient access to innovative therapies and improves the
overall efficiency and success rates of clinical research.

Formulation. We formulate patient-trial matching as a machine learning task (binary classification) to
automate the process that selects appropriate patients for the target trial and alleviate the burden of
patient recruitment. Specifically, for each data point, the input feature is one patient’s electronic health
record and the trial eligibility criteria, the output is a binary variable indicating whether the patient
matches the trial.

Technical Solutions. The main challenge of trial-patient matching is to capture the interaction
between longitudinal patient health records and semantic information from clinical trial eligibility
requirements. To address this issue, [68] propose a recurrent neural network, and BERT-pre-trained
transformer to learn a homogeneous representation from the patient records and eligibility criteria,
respectively. [69] further enhances it by incorporating finer-grained text features such as disease code
and numeric values in patient health records.
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2.8. Clinical Trial Site Selection and Ranking

Background. The trial site is the physical location where a clinical trial recruits and interacts with
volunteer participants. Selecting the right trial site is crucial to the success of the trial, as it directly
influences participant recruitment, data quality, compliance, and overall study efficiency. Tradition-
ally, site selection is a complex and time-consuming process involving multiple criteria, such as the
availability of eligible participants, site infrastructure, staff expertise, and historical performance
data. This process often relies on manual assessment and expert judgment, which can be prone to
biases and inefficiencies. Machine learning has great potential for automating and optimizing the
site selection process. By leveraging large datasets and advanced algorithms, machine learning can
analyze a multitude of factors simultaneously, providing a more objective and data-driven approach
to site selection [70].

Broad Impact. More efficient site selection can accelerate the start-up phase of clinical trials, reducing
delays and enabling earlier access to investigational treatments. Improved site selection can lead to
more effective recruitment strategies, ensuring that trials are adequately powered and completed
within timelines.

Formulation. It can be formulated as a ranking problem or a subset selection problem. Given a pool
of all trial sites and their features (e.g., geographical location, therapy expertise), we need to select a
subset of these sites. Note that there is also an association between the selected sites. We hope to make
the recruited patients more diverse and cover patients from all races.

Technical Solutions. Quantum optimization algorithms like the Quantum Approximate Optimization
Algorithm (QAOA) [71-73] and Variational Quantum Eigensolver (VQE) [74] can efficiently navigate
high-dimensional parameter spaces to determine the optimal trial sites. Existing ML algorithms
encounter security concerns. For instance, a drug’s molecular structure is typically protected by
patents and holds substantial commercial value for pharmaceutical companies. There is a concern that
a ML property predictor might inadvertently leak this sensitive information. The inherent security
features of QML naturally mitigate this issue, offering a solution to protect such proprietary data.

3. Toolkit from Quantum Computing

Quantum computing leverages the fundamental principles of quantum mechanics, such as
superposition and entanglement, to solve complex problems that classical computers struggle to
address. Unlike classical computers, which process information in binary bits (0 or 1), quantum
computers use quantum bits, or qubits, which can exist in multiple states simultaneously. This allows
quantum computers to explore a vast number of possibilities at once, offering a significant advantage
in solving certain types of computationally intensive problems.

This difference in structure makes quantum computers especially powerful when tackling ques-
tions involving quantum mechanical phenomena, such as simulating molecular interactions or op-
timizing complex systems. Classical computers are often limited by the sheer scale of these tasks,
particularly when many interacting particles or highly complex optimization problems are involved. In
contrast, quantum computers can process and simulate these intricate systems more efficiently, making
them particularly valuable in areas like drug discovery, where understanding molecular behavior is
key to identifying and developing new treatments.

While still in an early phase, quantum computing is poised to complement classical methods,
offering new capabilities that could reduce the time and cost associated with solving some of the most
challenging problems in fields such as pharmaceuticals and materials science. Its potential to provide
faster and more accurate solutions marks it as a powerful tool for future innovations.

As quantum hardware and research progress, several key quantum algorithms have emerged as
especially promising in addressing specific computational challenges. The following section delves
into these algorithms and how they are being applied to accelerate advancements in drug discovery
and other fields.
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3.1. Quantum Simulation

3.1.1. Fault-Tolerant Quantum Algorithms for Drug Design Simulations

Quantum computing, with its transformative capabilities, is emerging as a powerful technique
to enhance the accuracy and efficiency of developing potential drug candidates. Particularly, the
deployment of fault-tolerant algorithms such as QPE for DFT [38-40] shows remarkable promise in
addressing complex challenges in drug design. Here, we explore how QPE and other fault-tolerant
quantum algorithms can be leveraged to resolve problems in drug design, supported by recent research
findings and practical examples.

Classical Model

Construction Data BlccelEstination

FT

Drug Binding Affinity Prediction

Preprocessing * Modeling Drug-Target Interactions
Quantum Encoding NIS * Molecular Structure Optimization
Q Drug Efficacy Classification

Figure 5. Quantum-Enhanced Drug Design Process. Classical data, including molecular structures
and biological information, is used to construct initial models. This data undergoes preprocessing and
quantum encoding before being fed into quantum algorithms for model estimation. Fault-tolerant
algorithms and NISQ algorithms are utilized to model drug mechanisms of action, enhancing the
precision and efficiency of drug discovery and development.

Quantum Phase Estimation

The QPE algorithm is used to determine the phase (or eigenvalue) associated with an eigenstate of
a quantum operator. The algorithm begins by preparing a superposition of quantum states, followed
by applying a series of controlled unitary operations that encode the phase information onto the
qubits. The key step is applying the Quantum Fourier Transform (QFT) to shift the information from
the phase into the probability amplitudes of the qubits as shown in Figure 6. When the qubits are
measured, the output is a binary representation of the phase, which appears as a high-probability state
in the measurement outcomes. This allows QPE to estimate phases efficiently—something classical
computers cannot do easily in complex quantum mechanical systems, such as those found in chemistry
and materials science.

The process of drug discovery involves predicting how candidate drugs interact with their targets,
typically proteins, within the human body. Accurate predictions require solving the electronic structure
problem, which is inherently complex and computationally intensive. Classical methods often fall
short due to their inability to efficiently handle the quantum mechanical nature of these systems,
particularly when strong electron correlations are present [75]. This is where QPE, a fault-tolerant
quantum algorithm, comes into play.

QPE is designed to find the eigenvalues of a Hamiltonian with high precision [40,76,77]. By
leveraging QPE, researchers can achieve more accurate calculations, which are crucial for predicting
the binding affinities and other pharmacological properties of drug molecules [78,79]. The workflow
for employing QPE in electronic structure calculations involves initial classical preprocessing to refine
the molecular geometry and identify a good starting state, followed by quantum computations to
determine the ground-state energy and other relevant properties [80].
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The practical implementation of QPE in drug design involves several stages. Initially, a classical
computer is used to optimize the molecular structure and prepare the initial state. This state is then
fed into a quantum computer, where QPE is applied to determine the ground-state energy [80]. This
hybrid approach capitalizes on the strengths of both classical and quantum computing, providing
a more efficient and accurate solution to the electronic structure problem. The primary benefits of
using QPE in drug design include increased precision, scalability, and efficiency. QPE provides high-
precision estimates of eigenvalues, which enhance the accuracy of molecular simulations. This is
critical for predicting binding affinities and understanding drug-target interactions. Fault-tolerant
quantum algorithms have the potential to handle the exponential complexity of large molecular
systems, offering a scalable solution that classical methods struggle to achieve. By leveraging quantum
mechanics, QPE can perform computations more efficiently, reducing the time and computational
resources required for electronic structure calculations.

QFT1

) u©® —um s —uNg=1)

Figure 6. Quantum Circuit for Quantum Phase Estimation

Despite its potential, the application of QPE in drug design faces significant challenges. One of
the main obstacles is the current state of quantum hardware, which requires substantial advancements
to perform fault-tolerant computations at scale. Quantum error correction is essential for fault-
tolerant algorithms but necessitates a large number of physical qubits, which presents a considerable
overhead [81-83]. Additionally, the efficiency of QPE depends on the overlap between the initial state
and the target eigenstate. Preparing an initial state with a high overlap is challenging, especially as the
system size increases [84-87]. Ongoing research is focused on improving quantum algorithms and
hardware to address these challenges and make QPE more practical for drug design applications.

QPE has demonstrated possible quantum advantage over classical algorithms in several applica-
tions, particularly in the realm of quantum chemistry. For instance, QPE has been successfully applied
to accurately determine the ground state energies of small molecules like hydrogen and lithium
hydride, outperforming classical methods in terms of precision and computational efficiency [88,89].
These applications illustrate QPE’s potential in drug design, where accurate energy calculations are
crucial for predicting molecular interactions.

In drug design, QPE can be used to predict the binding affinities of drug candidates with their
targets [90]. This involves solving the electronic structure problem of the drug-target complex to
determine how strongly the drug binds to its target. The high precision of QPE in determining
eigenvalues can lead to more accurate predictions of binding affinities, thereby identifying more
effective drug candidates. For example, studies have shown that QPE can achieve high accuracy in
simulating the electronic structure of complex biomolecules [91], which is essential for understanding
drug interactions at a molecular level.

While direct applications of QPE in drug design are still emerging, its success in related fields such
as materials science and chemical reactions underscores its potential. In materials science, QPE has
been used to simulate and predict the properties of novel materials, suggesting that similar techniques
can be applied to drug molecules. Additionally, QPE’s efficiency in handling large and complex
quantum systems positions it as a valuable tool for exploring vast chemical spaces in drug discovery.

In conclusion, QPE might offer significant advantages in drug design by providing high-precision
and scalable solutions to the electronic structure problem. Its demonstrated success in related fields
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further supports its potential application in drug discovery, making QPE a promising tool for devel-
oping new and effective drug candidates. As quantum computing technology continues to advance,
the integration of QPE into drug design workflows is expected to accelerate, leading to more accurate
predictions and faster discovery of new drugs.

Quantum Algorithms for Probability Amplification and System Simulation

QAE, amplitude amplification, and Hamiltonian simulation are interconnected quantum algo-
rithms with significant potential in drug design. While QAE and amplitude amplification focus on
enhancing the probability of desired outcomes, Hamiltonian simulation forms the backbone of many
quantum chemistry applications.

QAE is one algorithm that can improve the efficiency of probabilistic simulations and Monte
Carlo methods [92], which are often used in drug discovery for tasks such as calculating reaction
rates and binding affinities. QAE enhances these simulations by providing quadratic speedups over
classical counterparts, and this feature is also discussed in the financial realm, which is relevant to
drug discovery simulations [93].

Amplitude amplification, a generalization of Grover’s search algorithm, can be used to enhance
the probability of finding correct solutions in various quantum algorithms [94,95]. This technique is
particularly useful in scenarios where the solution space is vast [96,97], such as identifying potential
drug candidates from a large database of molecules.

Hamiltonian simulation is particularly crucial due to its broad applicability across multiple do-
mains. In quantum chemistry, it enables the precise modeling of molecular dynamics and electronic
structure [98], which is fundamental to understanding drug-target interactions. The quantum enhance-
ment of Hamiltonian simulation lies in its ability to efficiently simulate quantum systems that are
intractable for classical computers, especially as the system size increases [99,100].

For instance, in the field of materials science, quantum Hamiltonian simulation has shown
promise in predicting novel materials with desired properties [101]. This capability could be extended
to drug design, allowing for the prediction of molecular behavior and drug-protein interactions
with unprecedented accuracy. Furthermore, recent advancements in fault-tolerant quantum error
correction have paved the way for more robust and scalable Hamiltonian simulations [102], which
could significantly impact drug discovery processes.

While direct applications of fault-tolerant Hamiltonian simulation in drug design are still emerg-
ing, its success in related fields suggests strong potential. For example, researchers have used quantum
algorithms to simulate chemical reactions relevant to catalysis [103], a process with parallels to drug-
target interactions. These advancements indicate that fault-tolerant Hamiltonian simulation could
revolutionize our ability to model complex biochemical processes in drug design.

Quadratic Unconstrained Binary Optimization and Dequantization Approaches

Quadratic Unconstrained Binary Optimization (QUBO) is indeed often associated with NISQ
algorithms, particularly in the context of quantum annealing [104]. However, QUBO formulations have
also been explored in the context of fault-tolerant algorithms and their classical equivalents [105,106].

Recent work has investigated the use of QUBO formulations in dequantization efforts, aiming
to find efficient classical algorithms that can match or approximate the performance of quantum
algorithms [107,108]. For instance, researchers have explored QUBO-based approaches for solving
combinatorial optimization problems that are typically targeted by quantum algorithms.

While not directly related to fault-tolerant algorithm dequantization, these efforts contribute to
our understanding of the quantum-classical boundary and help benchmark the potential advantages
of quantum algorithms in various domains, including drug design.

The integration of fault-tolerant algorithms, such as QPE into DFT calculations, represents a
significant advancement in drug design. By enhancing the precision and efficiency of molecular
simulations, QPE can accelerate the discovery and optimization of new drug candidates. In addition to
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QPE, exploring various advanced fault-tolerant algorithms, including QAE, Hamiltonian simulation,
and amplitude amplification, offers new opportunities to further improve the accuracy and efficiency
of quantum chemistry calculations. Moreover, advanced techniques such as ground state preparation
and quantum linear solvers, though not directly part of these algorithms, play a crucial role in
optimizing quantum computing applications. While significant challenges remain, ongoing research
and technological advancements are paving the way for practical applications of quantum computing
in the pharmaceutical industry.

3.1.2. NISQ Algorithms in Drug Design and Development

While fault-tolerant quantum algorithms promise significant advancements in drug design, the
current state of quantum hardware necessitates the exploration of NISQ algorithms. These algorithms
are designed to operate on quantum devices with a limited number of qubits and are prone to noise and
errors. However, they can still provide valuable insights and speed-ups for complex computational
chemistry problems [109,110]. Among the most notable NISQ algorithms are variational quantum
algorithms, including QML, the QAOA [111], and the VQE [74,112-114].

Variational Quantum Eigensolver

VQE is a hybrid quantum-classical algorithm designed to find the ground state energy of a given
Hamiltonian. It operates by preparing a quantum state using a parametrized quantum circuit, which
is then measured to estimate its energy. A classical optimizer updates the parameters to minimize the
energy iteratively(Figure 7).

In the context of drug design, VQE can be applied to molecular structure optimization, binding
affinity predictions, and electronic structure calculations [109,115,116]. The VQE algorithm operates by
preparing a trial state on a quantum computer, measuring the expectation value of the Hamiltonian,
and then using a classical optimizer to adjust the parameters of the quantum circuit. This process is
repeated iteratively to minimize the energy, approximating the ground state.

Qubit Hamiltonian H

ChOiCe of Ansatz New Set of 8 Values Classical
Initial Parameters 6, Optimizer

¢ A

Energy Evaluation

0) — Ry (¢1)

0) — Ra(¢2) E(0) = (ol H o)

Parametrized quantum circuit

|0) — R (¢n)

State Expectation
Preparation Estimation

Figure 7. Schematic of the Variational Quantum Eigensolver (VQE) algorithm, which minimizes the
energy of a Hamiltonian H by adjusting variational parameters 6. The procedure starts with a classical
optimizer providing initial parameters 6y, which are used to configure a parametrized quantum circuit
for state preparation. Measurements are taken in the expectation estimation step to compute the
energy E(0) = (pg|H|y). The classical optimizer then updates the parameters based on the energy
measurements, repeating this process until convergence to the lowest energy is achieved.
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Recent studies have demonstrated VQE’s potential in drug discovery. Researchers have used VQE
to optimize the geometry of small molecules relevant to drug design, showing comparable or better
performance than classical methods for certain systems [109]. VQE has also been applied to estimate
binding energies between drug candidates and target proteins, potentially accelerating the screening
process in early-stage drug discovery [115]. Extensions of VQE, such as the quantum subspace
expansion technique, allow for the calculation of excited states, which is crucial for understanding
molecular reactivity and spectroscopic properties of potential drugs [116]. While these applications are
still in the early stages, they highlight VQE's potential to address computational challenges in drug
design that are intractable for classical methods, especially as quantum hardware improves.

Quantum Coupled-Cluster (QCC) methods represent a specific application of VQE, adapting
the classical Coupled-Cluster (CC) approach, which is widely regarded as the gold standard for
molecular electronic structure calculations. QCC algorithms have been proposed and are actively being
researched, with some early implementations demonstrating potential quantum advantages [116-118].

The key difference between QCC and classical CC lies in how electron correlations are treated.
While classical CC methods use a truncated expansion of the wave function, QCC can potentially
capture a more complete set of electron correlations, leading to higher accuracy in molecular property
predictions. This feature becomes particularly significant for larger molecules where classical CC
methods become computationally intractable.

Recent studies have shown promising results for QCC in calculating ground state energies of small
molecules [119,120]. While direct applications in drug design are still in the early stages, the potential
for QCC to handle larger molecular systems with high accuracy makes it a promising candidate for
future drug discovery applications. As QCC is a specialized form of VQE, it serves as an excellent
example of the power and versatility of VQE in solving complex quantum chemistry problems relevant
to drug design.

Quantum Approximate Optimization Algorithm

QAOA is another hybrid quantum-classical algorithm, primarily designed for combinatorial opti-
mization problems by preparing an initial quantum state and applying a series of alternating quantum
gates controlled by variational parameters(Figure 8). These parameters are adjusted iteratively by
a classical optimizer to maximize or minimize a given cost function. QAOA exemplifies quantum
computing’s ability to explore vast solution spaces through quantum superposition, offering potential
advantages over classical algorithms for solving combinatorial optimization problems in fields like
logistics and machine learning.

In drug discovery, QAOA can be applied to various optimization tasks. It has been used to
optimize molecular structures by encoding desired properties into a cost function and searching for
optimal configurations [101]. Researchers have applied QAOA to predict drug-target interactions by
formulating the problem as a graph-matching task [109]. QAOA can also assist in finding low-energy
conformations of molecules, which is crucial for understanding drug-receptor interactions [121]. The
capability of QAOA lies in its ability to potentially find near-optimal solutions to NP-hard problems
more efficiently than classical algorithms, especially for medium-sized instances relevant to drug
discovery.
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Figure 8. Illustration of the Quantum Approximate Optimization Algorithm (QAOA) process. The
quantum circuit consists of alternating layers of unitary gates Up(-y) and Up(B), applied to n qubits.
The parameters v and f are iteratively updated by a classical optimizer, which aims to maximize
or minimize the expectation value of the Hamiltonian (Hp). The variational parameters (v, §) are
adjusted based on feedback from the quantum circuit, with measurements performed at the end of
each iteration. This hybrid quantum-classical algorithm continues until convergence is reached.

Variational Algorithms in Partially and Early Fault-Tolerant Machines

As we transition from the NISQ era to fault-tolerant quantum computing, variational algorithms
such as the VQE and the QAOA remain pivotal. These algorithms, characterized by their adaptability
and robustness, are well-suited to leverage the advancements in early fault-tolerant machines, which
offer limited error correction capabilities. Variational algorithms are inherently flexible, allowing
them to incorporate advanced error mitigation techniques as hardware improves [109,122]. Early
fault-tolerant machines, benefiting from reduced error rates and increased coherence times, can exploit
these techniques to enhance algorithmic performance beyond what current NISQ devices achieve [123].
For instance, VQE can integrate error mitigation strategies such as zero-noise extrapolation and
probabilistic error cancellation, enabling more accurate molecular simulations [124]. This adaptability
ensures that variational algorithms can continue to provide substantial benefits even as quantum
hardware evolves.

The transition from NISQ to fully fault-tolerant quantum computing is incremental, with gradual
improvements in qubit quality and error rates [125]. Variational algorithms are well-positioned to
take advantage of these enhancements without necessitating a complete overhaul of computational
approaches. For example, VQE, with its iterative nature, can progressively utilize better qubits and
lower error rates to refine the precision of electronic structure calculations [126,127]. Additionally,
variational algorithms are typically less resource-intensive than fully fault-tolerant algorithms like
QPE, requiring fewer qubits and shorter coherence times, making them practical for early fault-tolerant
devices [128,129].

VQE has demonstrated significant success in molecular structure optimization and electronic
structure calculations. For instance, in early fault-tolerant machines, VQE has been used to calculate
the ground state energies of complex molecules such as lithium hydride (LiH) and beryllium hydride
(BeH)[128]. These studies utilized partial error correction methods to achieve results that surpassed
those obtained from purely classical simulations, highlighting VQE’s potential in leveraging improved
hardware capabilities. Similarly, QAOA has been effectively applied to combinatorial optimization
problems, showcasing its potential in early fault-tolerant regimes [71,111]. For example, QAOA has
been used to solve instances of the Max-Cut problem, where it outperformed classical algorithms in
specific cases due to enhanced hardware capabilities. This application underscores QAOA’s ability
to exploit incremental hardware improvements, providing near-term quantum enhancements in
optimization tasks.

The future of variational algorithms in early fault-tolerant quantum computing holds significant
promise. As quantum hardware continues to improve, ongoing research aims to optimize these
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algorithms to harness the capabilities of early fault-tolerant machines fully. For instance, advancements
in adaptive ansatz design and dynamic circuit reconfiguration are expected further to enhance the
efficiency and accuracy of VQE and QAOA. Additionally, the development of hybrid quantum-classical
workflows that integrate machine learning techniques with variational algorithms can lead to more
robust and scalable solutions for complex problems in drug design, materials science, and beyond.
In conclusion, variational algorithms such as VQE and QAOA play a critical role in bridging the gap
between NISQ and fully fault-tolerant quantum computing. Their inherent adaptability, coupled
with the ability to incorporate incremental hardware improvements and advanced error mitigation
techniques, ensures their continued relevance and effectiveness. As quantum computing technology
progresses, these algorithms are poised to deliver substantial benefits, driving significant advancements
in various scientific and industrial domains.

Other NISQ Algorithms

As the field of quantum computing advances, various NISQ algorithms are being explored for
their potential to revolutionize drug design and development. These algorithms offer promising
approaches to solving complex problems that are currently challenging for classical methods. By
leveraging quantum parallelism and other unique properties of quantum mechanics, NISQ algorithms
might provide benefits in terms of efficiency, accuracy, and scalability. This section delves into several
key NISQ algorithms, highlighting their applications in drug design, and their potential to help
pharmaceutical research.

Quantum Semi-Definite Programming (QSDP) Solvers can address optimization problems in-
volving semi-definite matrices, which are prevalent in quantum chemistry and drug design. By
leveraging quantum parallelism, QSDP solvers can potentially solve these problems more efficiently
than their classical counterparts [130,131]. Applications in finance and logistics have demonstrated the
effectiveness of QSDP solvers, suggesting their potential for optimizing drug discovery processes.

Quantum Hamiltonian Descent (QHD) is an optimization technique that uses Hamiltonian
dynamics to find optimal solutions. QHD has been applied to solve machine learning problems, such
as training neural networks and clustering data, with promising results [37,132]. In drug design, QHD
can optimize molecular conformations and reaction pathways, enhancing the accuracy of simulations
and predictions.

Quantum Annealing is a metaheuristic optimization technique used to find the global minimum
of an objective function. It has applications in drug design for optimizing molecular structures and
predicting protein-ligand binding affinities. Quantum annealing has shown promise in solving complex
optimization problems more efficiently than classical annealing methods, potentially accelerating
the drug discovery process [133,134]. The potential benefits of such algorithms include the ability to
explore vast solution spaces and identify optimal configurations more efficiently.

Quantum Simulated Annealing (QSA) combines classical simulated annealing with quantum
mechanics to solve optimization problems. In drug discovery, QSA can be applied to optimize
molecular conformations, docking poses, and other key properties of drug candidates. The benefit
of QSA is its ability to leverage quantum tunneling to escape local minima, potentially finding better
solutions than classical simulated annealing. This makes QSA particularly useful for solving the
complex optimization problems encountered in drug design. Researchers have demonstrated the
effectiveness of QSA in optimizing molecular structures, showing its potential to improve the efficiency
and accuracy of the drug discovery process [135,136].

The application of NISQ algorithms in drug design is an active area of research, with several
promising directions. QML models trained on NISQ devices have shown the potential to improve the
accuracy of virtual screening, potentially reducing the number of false positives in early-stage drug
discovery [137]. NISQ algorithms have been used to generate novel molecular structures with desired
properties, potentially accelerating the discovery of new lead compounds [33]. Quantum-classical
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hybrid models have demonstrated improved accuracy in predicting the absorption, distribution,
metabolism, excretion, and toxicity (ADMET) properties of drug candidates [31].

While many of these applications are still in the early stages, they demonstrate the potential
of NISQ algorithms to offer possible enhancements over classical methods in certain scenarios. For
example, a recent study showed that a quantum-inspired algorithm outperformed traditional machine
learning methods in predicting protein-ligand binding affinities for a set of challenging targets [132].
NISQ algorithms, particularly VQE and QAOA, offer promising approaches to address computational
challenges in drug design and development. While still in the early stages, these algorithms have
demonstrated potential enhancements in molecular structure optimization, binding affinity prediction,
and virtual screening. As quantum hardware continues to improve and algorithm development
progresses, we can expect NISQ approaches to play an increasingly important role in pharmaceutical
research, complementing both classical methods and future fault-tolerant quantum algorithms.

3.2. Data-driven Quantum Machine Learning

Rapid advances in quantum computing technology offer an exciting opportunity to utilize data-
driven approaches for QML. By combining the strengths of big data and quantum algorithms, data-
driven QML can improve both drug development and clinical trial processes [138,139]. This section
explores potential applications of data-driven QML and how it can transform these areas by improving
predictive accuracy, optimizing complex processes, and enabling personalized medicine.

3.2.1. Supervised and Unsupervised QML

QML plays a critical role in advancing drug design by leveraging the capabilities of quantum
computing. These approaches can be broadly categorized into two types: supervised and unsupervised
QML. Supervised QML algorithms are designed to classify data and predict outcomes based on labeled
training data, while unsupervised QML algorithms aim to identify patterns and generate new data
structures without labeled training data.

Within this framework, we concentrate on the unique enhancements both supervised and unsu-
pervised QML algorithms bring to drug design and development. These algorithms are well-suited for
the complexities of drug discovery and development due to their ability to process vast amounts of
data and uncover intricate patterns that classical algorithms may miss.

Given the broad applications of QML, we will now focus on specific supervised algorithms like
QSVM and QNN, as well as unsupervised algorithms like Quantum Boltzmann Machines (QBM)
and Quantum Generative Adversarial Networks (QGANSs). These algorithms harness the power of
quantum computing to enhance predictive accuracy, optimize complex processes, and accelerate the
discovery of new therapeutic agents.

The advent of quantum computing has brought forth powerful QML algorithms extending
classical methods’ capabilities. These QML algorithms, which operate on quantum principles, offer
possible enhancements in handling complex and high-dimensional data, making them highly suitable
for drug discovery. By leveraging quantum parallelism and entanglement, these algorithms can
uncover intricate patterns and relationships within molecular data that classical algorithms may miss.
This section explores several key supervised and unsupervised QML algorithms and their applications
in drug discovery.

3.2.2. Supervised QML Algorithms

Supervised QML algorithms are designed to classify data and predict outcomes based on labeled
training data, making them highly effective for various tasks in drug discovery.

Quantum Neural Networks

QNN s are the quantum counterparts of classical neural networks, designed to perform complex
classification and regression tasks by exploiting quantum superposition and entanglement [140]. QNNs
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can predict molecular activity, classify chemical compounds, and optimize drug design processes.
Their ability to handle high-dimensional data spaces and uncover complex patterns makes them
particularly useful in virtual screening and predicting drug-target interactions [138]. QNNs have
demonstrated superior performance in tasks such as molecular property prediction and drug efficacy
classification, making them a valuable tool in the pharmaceutical industry.

Quantum Kernel Methods

Quantum Kernel Methods extend classical kernel methods to the quantum domain, providing
powerful tools for machine-learning tasks such as classification, regression, and clustering [141]. By
mapping data into a high-dimensional quantum feature space, quantum kernel methods can exploit
quantum parallelism to reveal patterns and correlations beyond the reach of classical methods [142-
144]. In drug discovery, these methods can be used to classify molecular properties, predict drug-target
interactions (Section 2.3), and optimize drug design processes, enhancing the accuracy and efficiency
of pharmaceutical research.

Quantum Support Vector Machines

QSVM extends classical support vector machines to the quantum realm, providing powerful tools
for classification tasks in drug discovery [145,146]. QSVMs can handle high-dimensional data spaces
more efficiently, allowing for better classification of molecular properties such as toxicity, efficacy,
and binding affinity [33]. By mapping classical data to a higher-dimensional quantum feature space,
QSVMs can exploit quantum parallelism to uncover complex patterns that classical SVMs might
miss. This capability makes QSVMs particularly attractive in screening large compound libraries
and rapidly identifying promising drug candidates with desired characteristics. Researchers have
demonstrated the application of QSVMs in predicting molecular activity and classifying chemical
compounds, showing that QSVMs can achieve higher accuracy and faster processing times compared
to classical approaches.

3.2.3. Unsupervised QML Algorithms

Unsupervised QML algorithms are used to model complex probability distributions and generate
new data structures without requiring labeled training data, making them suitable for discovering
new patterns and insights in drug discovery.

Quantum Boltzmann Machines

QBMs are a quantum extension of classical Boltzmann machines used to model complex proba-
bility distributions. In drug discovery, QBMs can model the distribution of molecular properties and
interactions, aiding in the prediction of drug efficacy and safety. The quantum nature of QBMs allows
them to capture intricate dependencies and correlations within the data, which are often missed by
classical methods. This capability is particularly useful for understanding the probabilistic behavior of
molecular systems and predicting how different compounds will interact with their targets. QBMs
have been shown to provide more accurate models of molecular interactions, making them a valuable
tool in the early stages of drug design [147,148].

Quantum Generative Adversarial Networks

QGANSs extend classical GANs to the quantum domain [149,150], providing a powerful tool for
generating new molecular structures. In drug discovery, QGANSs can learn from existing chemical
datasets to generate novel drug-like molecules with desired properties [58,59]. The possible benefits of
QGAN:s lie in their ability to explore a vast chemical space more efficiently than classical generative
models, thanks to quantum parallelism. This capability allows QGANSs to propose innovative molecu-
lar structures that might not be discovered using traditional methods. Researchers have used QGANs
to generate potential drug candidates, demonstrating their ability to create diverse and promising
compounds for further investigation.
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Quantum Principal Component Analysis

QPCA leverages quantum computing to perform PCA more efficiently than classical methods [151,
152]. PCA is a widely used technique in data analysis for reducing the dimensionality of datasets
while preserving their variance. In drug discovery, QPCA can be used to analyze complex biological
data, identify key features of molecular structures, and reduce the computational load for subsequent
analysis. This is particularly useful in handling large datasets generated from high-throughput
screening and omics technologies, enabling more efficient data processing and insightful analysis [32].

Quantum Reinforcement Learning

QRL applies the principles of reinforcement learning to quantum systems. In drug discovery,
QRL can be used to optimize drug development pipelines by learning from previous experiments
and adjusting strategies to maximize outcomes [153,154]. This approach is beneficial for tasks such as
optimizing synthetic routes for drug production, enhancing the efficiency of clinical trial designs, and
dynamically adjusting treatment protocols based on patient responses. QRL'’s ability to process and
learn from large amounts of data in real-time makes it a powerful tool for adaptive and personalized
drug development strategies.

Quantum Topological Data Analysis

QTDA leverages quantum computing to perform topological data analysis more efficiently [155-
162]. QTDA can identify topological features of data, such as holes and connected components, which
are useful for understanding the shape and structure of complex datasets. In drug discovery, QTDA
can be used to analyze the topological features of molecular structures, identify novel drug candidates,
and understand the relationships between different compounds. This approach can provide new
insights into the molecular landscape, aiding in identifying and optimizing potential drugs.

3.2.4. QML in Drug Design and Clinical Trials

QML combines the power of machine learning with the unique capabilities of quantum com-
puting to revolutionize drug design and clinical trials. By leveraging quantum algorithms, QML
enhances the accuracy and efficiency of these processes through advanced classification and opti-
mization tasks(Figure 9). In drug design, QML can classify drug efficacy, predict toxicity, assess the
feasibility of clinical trial sites, and forecast patient responses. For clinical trials, QML optimizes drug
binding affinities, selects the best clinical trial sites, matches patients to trials, and optimizes molecular
structures. These advancements significantly improve the efficiency and accuracy of pharmaceutical
research and development.
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Figure 9. Machine learning and quantum computing are combined to enhance drug design and
clinical trial processes. QML acts as a classifier for drug efficacy and trial site feasibility. Hybrid
QML approaches optimize molecular structures, drug binding affinities, and patient-trial matching,
significantly improving the efficiency and accuracy of pharmaceutical research and development.

QML for Drug Design

QML holds the potential to transform drug design by tackling the inherent complexities of
molecular interactions and optimizing various stages of the drug discovery process. One of the
primary applications of QML is in predicting binding affinities, which is crucial for determining how
well a drug candidate will interact with its target. QNNSs, trained on extensive datasets of molecular
structures and biological activities, offer unprecedented accuracy in these predictions. This capability
allows for more efficient screening of vast chemical spaces, significantly accelerating the identification
of promising drug candidates [138].

In addition to improving predictions, QML facilitates the generation of novel molecular structures.
QGANS s can learn from existing chemical datasets to create new drug-like molecules with desired
properties. This approach not only speeds up the drug discovery process but also broadens the
exploration of chemical spaces, enabling the discovery of unique compounds that may have been
overlooked by traditional methods. QGANSs can produce a diverse range of molecular structures
that meet specific design criteria, providing a valuable tool for expanding the pool of potential drug
candidates [139].

Understanding the intricate interactions between drug molecules and their targets is another
critical aspect of drug design where QML excels. QBMs are particularly effective in modeling these
complex interactions, offering deeper insights into the dynamics of drug-target relationships. By
capturing the nuanced dependencies and correlations within molecular data, QBMs enhance the ability
to design drugs with higher efficacy and reduced side effects. This advanced modeling capability is
essential for developing drugs that precisely target specific molecular pathways [67].

Finally, QML plays a significant role in optimizing molecular conformations, a process critical to
ensuring a drug’s effectiveness. Quantum Annealing is an optimization technique that can identify
the global minimum of a cost function, thereby finding the most stable and effective molecular
conformations. This optimization is crucial for drug efficacy, as the spatial arrangement of atoms within
a molecule determines its interaction with biological targets. Similarly, QSA integrates the principles
of classical simulated annealing with quantum mechanics, further enhancing the optimization process.
These techniques collectively contribute to the discovery of stable and efficacious drug candidates,
driving innovation in drug design [163].
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QML for Clinical Trial

QML has the potential to significantly impact the field of clinical and drug development. Tradi-
tional computational methods often struggle with the complexity of designing and optimizing clinical
trials, but quantum computers can process vast amounts of data simultaneously through superposition
and entanglement. Applications of QML in clinical trials include enhancing clinical trial simulations,
optimizing site and cohort selection, and improving patient stratification strategies.

In clinical trial simulations, QML can improve the prediction of drug efficacy and safety by
accurately modeling drug interactions within the human body [163]. Quantum differential equation
solvers and quantum-enhanced PBPK (Physiologically Based Pharmacokinetic) models can simulate
these interactions more precisely, leading to better-informed trial protocols. For site selection, quantum
optimization algorithms such as the QAOA and VQE can efficiently explore high-dimensional parame-
ter spaces to identify the optimal trial sites. These algorithms can handle the non-convex optimization
landscapes often encountered in site selection, thus ensuring a more effective and efficient trial setup.

Cohort identification is another area where QML can provide significant enhancements. QML
algorithms, including QSVMs and QNNSs, can analyze heterogeneous datasets (e.g., electronic health
records, genomics, and imaging data) to identify the most suitable patient groups [67]. By uncovering
complex correlations in the data, QML can improve the accuracy and relevance of cohort selection,
thereby enhancing trial outcomes.

In summary, the integration of QML into clinical and drug development processes promises to
overcome many current challenges, from improving trial simulations and optimizing site selection to
enhancing cohort identification. As quantum hardware and algorithms continue to advance, QML will
play an increasingly crucial role in transforming the landscape of clinical trials and drug development.

3.3. Security Enhancement in Quantum Machine Learning

Among the toolkits poised to revolutionize drug discovery, machine learning stands out as one
of the most promising techniques for enhancing the accuracy and efficiency of developing potential
drug candidates. To fuel the learning machine, it is crucial to collect high-quality biological data or
clinical data for the training procedure. However, the private data, e.g., patients’ clinical data owned
by a hospital, might be too sensitive to be shared [164]. Federated learning addresses this problem
by proposing a framework where multiple parties, as edge devices, can collaboratively train a shared
model without directly sharing the private data [165]. Instead, each party trains its models locally,
after which the updated model parameters will be sent to a shared center and aggregated. During this
process, the private data can be further protected by employing differential privacy, which adds noise
to the updated parameters before uploading them [166].

With the advent of QML, quantum learning models hold the promise of efficiently solving sophis-
ticated problems across various fields, ranging from quantum chemistry to generative modeling [167].
In the scenario where a quantum learner is efficient and the sensitive data is held separately by different
parties, quantum federated learning has been proposed as a candidate for ensuring data privacy from
being violated [168,169]. As indicated by the name, quantum federated learning leverages quantum
computing into the federated learning framework. The benefit of this interdisciplinary approach is
multi-fold: 1) The quantum paradigm may provide computational enhancements to boost learning
efficiency; 2) As edge devices, various quantum learners can train a shared model without leaking pri-
vate data [170-172]; 3) The privacy can be further enhanced, stemming from the intrinsic randomness
of quantum mechanics.
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Figure 10. Schematic illustration of quantum federated learning. Multiple clients hold private data
that can not be leaked to or shared with the outside, while the quantum federated learning scheme
enables the training of a public model without uploading their private data.

Traditional federated learning may struggle with the complexity and high dimensionality of data,
such as accurate modeling of molecular interactions, leading to prohibitive computational costs on
edge devices. By leveraging quantum resources, quantum learners are able to achieve possible learning
advantages over their classical counterparts [173,174]. For instance, assuming the widely accepted
hardness of discrete logarithm problems, quantum kernel methods provide rigorous exponential
speedups for a specific supervised learning task [175]. Quantum nonlocality and contextuality also
enable quantum-classical learning separations in both classifications [176] and generative models [177].
In addition, quantum learning models may potentially improve accuracy by exploring larger solution
spaces, leading to more precise predictions and better generalization from training data to unseen
scenarios [178]. Under the quantum federated learning framework, edge quantum devices can fully
utilize the learning efficiency to handle their private data. After the local optimization, the updated
model parameters from all the parties are sent to a shared center. These parameters are aggregated
into global parameters for the updated shared model, which are then sent back to these parties for the
next training step. During this procedure, local private data is not required to be shared. At the same
time, the distributed edge quantum devices can fully exploit their quantum learning capability and
enhance the collaborative training performance.

Quantum federated learning takes a further step in leveraging computational power and privacy
protection. A general federated scheme utilizes differential privacy safeguards data by introducing
controlled noise to the updated model parameters, making it intricate for adversaries to extract
sensitive information from the aggregated data. When equipped with quantum learners, the inherent
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randomness stemming from the principle of quantum mechanics provides a natural source of noise,
which can be adapted into differential privacy to provide an information-theoretic guarantee of privacy
protection. Furthermore, the combination of federated learning and blind quantum computing allows
quantum computations to be delegated on a remote quantum server and the quantum learning is
executed on encrypted data without revealing the underlying information [171,179]. In this setup,
data holders can send encrypted data to a quantum server, which performs computations without
ever accessing the raw data, ensuring that sensitive information remains confidential throughout the
process. This method, as a subroutine to implement the local training, not only maintains stringent
privacy as standard federated learning, but also lightens the load on the local computing devices. In
certain scenarios, there is a need to protect the transmission of parameters between edge devices and
the share center from third-party adversaries. For such cases, (quantum) federated learning can be
fortified with post-quantum cryptography to ensure security against intermediate quantum attacks.
Post-quantum cryptographic techniques are designed to be resistant to the advanced capabilities of
quantum computers [180]. By integrating these cryptographic methods, federated learning systems
can safeguard against the potential threats posed by quantum computing, providing robust protection
for data transmission and model updates even as computational technologies evolve.

4. Discussion

This paper has examined the integration of classical machine-aided drug discovery methods with
emerging quantum computing techniques. While both approaches offer significant advancements,
there remains a gap in how effectively they are combined. This section addresses that gap by outlining
the costs, time constraints, and limitations inherent to classical methods, and demonstrating how quan-
tum computing can, both theoretically and practically, serve as a complementary tool in overcoming
these challenges.

Despite significant advances, quantum computing still faces several challenges before fully
integrating it into drug discovery and development. Currently, we are in the NISQ era, where noise,
error rates, and qubit count limit quantum devices. While NISQ algorithms have demonstrated early
promise in specific drug discovery applications, particularly involving quantum simulations and
optimization problems, their practical use remains constrained by hardware limitations.

One of the key challenges in integrating quantum computing into drug discovery lies in bridging
the gap between classical machine-aided methods and emerging quantum algorithms. Classical
computational methods—such as molecular dynamics simulations, machine learning, and structure-
based drug design—have provided invaluable tools for accelerating the drug discovery pipeline.
However, they often encounter computational cost, time, and precision limitations when addressing
complex molecular systems. The vast search space for molecular structures and interactions can
quickly become intractable for classical systems, even with advanced algorithms.

NISQ Era: Quantum as a Collaborative Tool

In the NISQ era, quantum computers are still constrained by noise, limited qubit numbers, and
the lack of full error correction. Nevertheless, they are showing promise as powerful collaborators
to classical systems in specific drug discovery applications. NISQ devices have demonstrated early
potential in quantum simulations of molecular structures, predictions of binding affinities, and op-
timizations of molecular geometries—tasks that are critical to the early stages of drug design. By
leveraging hybrid quantum-classical workflows, quantum computers handle the computationally
intensive quantum simulations, while classical systems process broader tasks, such as initial geometry
optimization and large-scale data management.

NISQ devices are not yet capable of tackling the most complex molecular systems, but they can
provide speedups in smaller-scale simulations and optimization problems. These benefits, however,
are limited by the noise and instability inherent in NISQ devices. Quantum error mitigation techniques
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and algorithmic improvements are crucial to extending the usefulness of NISQ systems in real-world
applications.

Another key area where NISQ algorithms are beginning to show a tangible advantage is in
optimization. Quantum algorithms, even in their noisy intermediate state, have demonstrated early
success in solving complex optimization problems faster and more accurately than classical methods.
This has significant implications for clinical trials, where optimization tasks—such as determining
patient cohorts, dosage levels, and trial protocols—are both time-sensitive and resource-intensive.
In the near future, as NISQ devices mature, they could help streamline the optimization pipeline in
clinical trials, potentially reducing the reliance on classical machine learning models. By optimizing
these complex variables more efficiently, quantum computing could shorten the length of trials and
improve the accuracy of outcomes, leading to faster and more successful drug development processes.

Current estimations suggest that NISQ devices will continue to evolve over the next 5-10 years,
with gradual improvements in qubit coherence and error mitigation techniques. During this period,
NISQ systems will likely find their place as valuable tools in hybrid quantum-classical workflows,
particularly for early-stage drug discovery tasks such as small molecule simulations and basic optimiza-
tion processes. However, for more complex and large-scale applications, such as full protein-ligand
binding simulations or multi-target drug design, NISQ systems will remain limited. As NISQ devices
mature, researchers may develop more efficient quantum optimization pipelines for clinical trials,
potentially reducing the role of classical machine learning in this area.

While NISQ devices offer incremental advancements, their long-term impact on drug discovery
and clinical trials will depend on how effectively they can be integrated into classical workflows and
whether future algorithmic developments can mitigate the noise and instability that currently limit
their broader application. Nevertheless, in a hybrid context, NISQ computers are expected to support
classical systems in solving specific, computationally expensive sub-problems in drug discovery and
clinical trial optimization, helping to bridge the gap until fault-tolerant quantum computers become
widely available.

The Future of Fault-Tolerant Quantum Algorithms

Looking ahead, the transition to fault-tolerant quantum computing (FTQC) holds significant
promise for transforming drug discovery by providing the precision and scalability necessary to
address some of the most complex molecular systems. Currently, quantum algorithms, such as those
used in electronic-structure calculations, show potential in simulating strongly correlated systems. For
instance, FTQC could help researchers better understand the physics of enzymes like cytochrome P450,
which plays a critical role in drug metabolism. However, the full impact of FTQC will be realized when
we move beyond single-point energy calculations to more comprehensive simulations that predict
thermodynamic properties, such as binding affinities and reaction rates—properties that are essential
for drug design.

While substantial progress has been made in both quantum hardware and algorithm development
over the last few decades, more work is still required to make quantum computing practical for
large-scale drug discovery applications. Early fault-tolerant quantum computers may not be able to
run complex, useful calculations unless further improvements are made in algorithmic efficiency and
error correction. Current estimates suggest that fully operational fault-tolerant quantum computers,
capable of handling larger, more intricate molecules with the necessary precision, are likely to be at
least 10-20 years away.

Quantum error correction, which is critical for maintaining the stability of quantum computations,
presents one of the main challenges in scaling up quantum devices. Each logical qubit requires
thousands of physical qubits for error correction, meaning that millions of qubits will be necessary to
simulate larger molecular systems accurately. Developing more efficient algorithms and improving
hardware with lower error rates and increased qubit connectivity are essential steps in reducing the
overhead associated with error correction. For example, new quantum error correction codes and
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topological techniques, such as surface codes, are being explored to reduce the computational cost of
fault-tolerant quantum calculations.

As quantum technology progresses, algorithms like Quantum Phase Estimation (QPE) could
provide quadratic speedups for calculating ground-state energies, paving the way for highly accurate
simulations of quantum mechanical systems. These advancements would allow researchers to solve
quantum chemistry problems that are currently inaccessible to classical computers, particularly for
large proteins and other complex biological structures. However, the path to realizing these benefits
remains long, and ongoing research is required to refine quantum algorithms and improve their
efficiency.

In an ideal scenario, fully fault-tolerant quantum computers could become more widely accessible
in the next 15-20 years. Once operational, they will offer groundbreaking accuracy and efficiency in
predicting molecular behavior, which will have far-reaching implications for drug discovery. This
technology could significantly reduce the time and cost associated with bringing new drugs to market
by enabling more accurate simulations of drug-target interactions, optimizing molecular designs, and
predicting pharmacokinetic properties with greater precision than current classical methods.

The road to practical, fault-tolerant quantum computing in drug discovery is long and challenging,
but the potential rewards are vast. Continued advancements in both hardware and algorithms,
alongside a strong focus on quantum error correction and efficient computation, will be critical
in ensuring that quantum computing becomes an essential tool in pharmaceutical research and
development.

Benchmarking Quantum Algorithms: Maximizing Impact in Drug Discovery

Drug discovery often involves computationally intensive tasks, such as molecular docking, virtual
screening, and structure-based design. However, classical methods struggle with the complexity and
scale of these problems, creating a need for more advanced tools like quantum algorithms. Quantum
algorithms have the potential to address these limitations by offering more efficient simulations,
optimization, and predictive modeling, particularly in areas where classical approaches reach their
limits.

As NISQ devices advance, benchmarking studies have already shown how quantum algorithms
can offer concrete benefits in certain areas of drug discovery. For example, NISQ algorithms have
demonstrated the potential to optimize clinical trial processes by improving cohort selection, dosage
calculations, and protocol adjustments—tasks that traditionally rely on classical machine learning mod-
els. These early successes illustrate the immediate practical applications of NISQ devices in enhancing
the efficiency and precision of clinical trials. Looking ahead, as FTQC becomes more accessible, their
algorithms are expected to significantly accelerate larger-scale tasks, such as comprehensive molecular
optimization, multi-target drug design, and the precise modeling of pharmacokinetics. Benchmarking
these algorithms will be essential to understanding how quantum computing can further revolutionize
drug development by speeding up processes that currently hinder the swift creation of new, effective
treatments.

By continuing to evaluate the performance and limitations of both NISQ and fault-tolerant
quantum algorithms, the field will gain a clearer understanding of how these tools can be effectively
applied in real-world drug discovery scenarios. Benchmarking will also help pinpoint the specific areas
where quantum computing can provide the greatest impact, guiding future research and highlighting
where further algorithmic or hardware improvements are most needed.

In summary, while quantum computing remains in its infancy, it shows enormous potential to
complement classical methods in drug discovery and development. Continued advancements in
both NISQ and fault-tolerant quantum devices, along with benchmarking efforts, will determine
how quickly these technologies can be fully integrated into the pharmaceutical industry. Although
challenges remain, the potential benefits of quantum computing are vast, offering the prospect of faster,
more accurate drug discovery processes and, ultimately, the development of more effective therapies.
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5. Conclusions

In this paper, we have discussed the potential of quantum computing for drug discovery and
development. We have explored how quantum technologies can accelerate and enhance various stages
of the drug development cycle, focusing on the application of quantum computing in addressing
challenges related to drug discovery, such as molecular simulation and the prediction of drug-target
interactions, as well as the optimization of clinical trial outcomes.

We have highlighted the significant advancements in quantum computing, particularly in the
areas of quantum simulation and QML, and how they can be applied to drug discovery. QCC methods,
for instance, offer the potential to capture a more complete set of electron correlations, leading to
higher accuracy in molecular property predictions. This feature becomes particularly significant for
larger molecules where classical methods become computationally intractable.

Furthermore, we have examined how the integration of advanced, fault-tolerant quantum algo-
rithms into established computational frameworks, such as DFT, marks a significant leap forward in
drug design. This integration enhances the accuracy and efficiency of molecular simulations, poten-
tially accelerating the identification and refinement of promising drug candidates. Beyond this, we
explored various fault-tolerant quantum algorithms, such as QPE, that can significantly improve the
precision of quantum chemistry calculations. Other techniques, like QAE and quantum optimization
algorithms, further expand the toolkit available for tackling the intricate problems of drug discovery,
offering new paths to achieve higher accuracy and efficiency in the development of novel therapeutics.

Finally, we discuss how security could be enhanced in the context of quantum federated learning.
Considering the security and data privacy in quantum-computing enhanced drug discovery, we
discussed the potential enhancement under the framework of quantum federated learning. Compared
with the classical scenario, the intrinsic randomness of quantum mechanics and nonlocal quantum
correlations can be well utilized as resources to provide an information-theoretic or unconditional
security guarantee in delegated learning tasks on a quantum server, which further extends to multi-
partite federated learning. With QML algorithms deployed on various clients’ nodes connected by
quantum and classical networks, a shared model can be trained without leaking each client’s private
data. For future developments, it is appealing to develop photon-based quantum channels for clients’
side for efficient communication and link them to quantum servers of superconducting, ion-trap [181],
and atomic systems for handling complex problems in drug discovery.

Despite the significant challenges that remain, ongoing research and technological advancements
are paving the way for practical quantum computing applications in the pharmaceutical industry. As
quantum hardware continues to evolve, the potential for quantum computing to significantly reduce
the time and cost associated with bringing new drugs to market might become increasingly realistic.
Ultimately, the integration of quantum computing into drug discovery and development might hold
the promise of benefiting public health by accelerating the discovery of novel and effective drugs.
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