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Abstract— Computational development of a drug requires the analysis of complex molecular structures, the prediction of molecular properties
and identifying promising drug candidates in large chemical spaces. However, the conventional computational approaches typically have
scalability problems, computational costs and processing efficiency in the case of high dimensional molecular data. In the present paper, a
hybrid QML framework is proposed, in which the QNNs and VQCs are combined with classical ML techniques to speed up the drug discovery
process. We propose to encode the molecular information into quantum data encoding, learn the features by variational quantum circuits, and
predict chemical properties by the quantum neural networks. We use a hybrid quantum-classical optimisation technique to break the limits
of current quantum hardware and boost the accuracy of predictions. The system is implemented using Python with Qiskit, PennyLane,
TensorFlow Quantum and Scikit-learn to enable efficient molecular analysis and candidate generation. Experimental results show the
efficiency of the proposed architecture for the prediction of molecular properties and binding affinity estimation, which is scalable to a
quantum-assisted computational chemistry. The proposed method highlights the potential of quantum computing in solving complex
problems, enhancing predictive accuracy, and expediting the future of drug discovery.

“Index Terms — Quantum Machine Learning (OQML), Drug Discovery, Quantum Neural Networks (ONNs), Variational Quantum

Circuits (VQCs), Hybrid Quantum-Classical Computing, Molecular Property Prediction”.

I. INTRODUCTION

In drug discovery, identification, assessment and
optimisation of the chemical compounds with desirable
therapeutic properties are time consuming, resource
consuming and a challenging process. The efficiency of
candidate screening has improved significantly over only
experimental methods with the introduction of traditional
computer technologies like molecular docking, virtual
screening and ML. However, these systems still confront
hurdles in digesting high-dimensional molecular data,
effectively modelling complex molecular interactions, and
exploring the huge chemical search space within acceptable
computational time. It is becoming more and more difficult to
store and process the molecular information needed to
understand the complexities of molecular structure, which
drives the need for alternative computing paradigms that can
do this job more efficiently.

The hope of quantum computing is that it will be able to
solve problems that are not easily or even solvable by
traditional computers. The fundamental principles of quantum
mechanics such as superposition, entanglement and quantum
interference are the basis used to store and process information
in new ways in quantum computers. The concept of using
quantum systems to efficiently simulate physical and
chemical phenomena was suggested by Feynman, and has
established the theoretical foundation of quantum simulation
in scientific applications [8]. New developments in quantum
algorithms and programmable quantum processors have
demonstrated that quantum computing holds promise for
solving certain problems: quantum computational chemistry
and molecular modelling [9, 15] are examples.
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QML is a field that blends quantum information
processing and data-driven learning approaches, to improve
computational efficiency and predictive capabilities. The
emergence of QML is due to the fusion of quantum computing
and ML. The two most promising QML techniques are VQC:s,
which enable to implement parameterised quantum models for
learning complex feature representations while current noisy
intermediate-scale quantum devices are still limited, and
QNNs, which is currently a well-established method for
learning wusing classical neurons. Variational quantum
algorithms have shown to be promising solutions for
optimisation and molecular simulation applications and are
ideal for hybrid quantum-classical algorithms that leverage
the strengths of both computational paradigms [2]. Moreover,
hybrid quantum-classical optimisation techniques provide an
avenue to implement quantum algorithms on existing
technology, ensuring computational robustness and scalability
[10].

Recent research have revealed the increasing potential of
QML in drug development, especially in the field of molecular
property prediction, molecular creation, and quantum
chemistry simulations. Better efficiency of the study of
molecules and the development of new therapeutic candidates
has been investigated by hybrid quantum-classical models,
which are faster than traditional computational methods [3].
Furthermore, the application of generative quantum models
has shown interesting potentials in exploring the vast chemical
space, and in molecular design with specific pharmacological
properties, suggesting that quantum computing may have
applications in drug research and development [5]. The
progress in these areas indicate that computational approaches
which benefit from quantum computers may play a crucial
role in future drug discovery processes, providing predictive
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models with improved performance at lower computational
cost [13].

Inspired by this, in this research we suggest a hybrid
Quantum ML framework for drug discovery, the idea being to
combine quantum data encoding, QNN, VQC and classical
optimisation methods in a coherent workflow for effective
drug discovery. The proposed approach aims to use hybrid
quantum-classical computation to enhance the prediction of
molecular properties and the development of therapeutic
candidates. The proposed system is based on the latest
quantum computing libraries and ML framework, which will
make the proposed system scalable and will allow
demonstrating the potential of QML as a new and promising
technology for accelerating pharmaceutical research.

II. RELATED WORK

In the past decade, Computational Intelligence has been
showing a substantial increase in its application to Drug
Development, with ML being one of the powerful tools in the
prediction of molecular properties, virtual screening and
optimisation of therapeutic candidates. Traditional ML
methods can be applied to chemical datasets analysis that can
uncover complex relationships between molecular descriptors
and biological activity. However, the large and complex
nature of the molecular data sets have revealed limitations in
the computation of classical methods, especially with regard
to modelling quantum mechanical interactions and exploring
large chemical space. While ML has accelerated a myriad of
processes in the drug development process, several challenges
remain, such as computing costs, scalability, and prediction
reliability, as highlighted in recent studies [1].

With the advent of quantum computing, which uses the
concepts of quantum mechanics, like superposition and
entanglement in information processing, new possibilities
have opened to solve such computational problems
Theoretically, quantum computers are more efficient than
classical computers in the simulation of a physical and
chemical system, which gives rise to the idea of quantum
chemistry applications [8]. Later, the development of quantum
algorithms including quantum simulation techniques
demonstrated processing power of quantum computers and
their usefulness in tackling the hard optimisation and
molecular modelling problems [14]. These developments
have sparked interest among the scientific community that
quantum computing could be wused in addition to
computational chemistry and drug discovery [12].

The application of QML in many fields such as data-
driven and computational sciences has attracted more and
more attention in recent years. Some approaches that use
quantum and classical computing resources have been
proposed for the high dimensional molecular data, such as
QNNs, parameterised quantum circuits and hybrid learning
models [7]. VQAs have been widely explored, especially
VQE which can be effectively optimized with hybrid
quantum-classical optimizers on NISQIDs [4]. These
techniques offer viable solutions to the optimisation problems
in molecular property prediction and quantum chemistry
simulations that are suitable to be performed on the existing
quantum computers [2],[10].

In the area of drug development, quantum computing has
been found to be helpful in a few studies related to molecular
simulation, binding affinity estimation, molecule synthesis,
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and prediction of chemical properties. Combination of
quantum feature learning and classical optimisation has been
called hybrid quantum-classical methods, which have been
shown to boost computing efficiency in molecular analysis
without requiring only fault-tolerant quantum hardware [3].
Moreover, quantum generative models have been explored for
innovative molecule design with desired pharmacological
properties, allowing more efficient exploration of huge
chemical spaces than standard computational approaches [5].
The importance of QML for computational drug discovery
and chemical design has also been successfully applied to a
variety of chemistry-related prediction problems, including
[6,11].

These promising advancements notwithstanding, several
challenges remain in implementing quantum machine
learning in the broader context for pharmaceutical
applications. They are also impacted by noise, qubit density,
coherence times, and circuit depth in the present day quantum
devices, which can reduce the performance of models, and
scalability. Moreover, effective quantum data encoding,
algorithm optimisation and smooth integration with classical
ML are still active fields of research [13]. The challenges drive
the proposed work, which is based on a hybrid Quantum ML
architecture that integrates quantum data encoding, QNN,
VQC and classical optimisation methods, to endorse an
efficient and scalable approach for molecular property
prediction and drug discovery.
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A. Overall Proposed Framework

III. METHODOLOGY

Journal of Animal Environment, Vol. 18, No. 8s, 2026

The suggested approach introduces a hybrid QML
framework to enhance the efficiency of drug discovery by
combining quantum computing with classical ML
approaches. The framework consists of a series of data
preprocessing, quantum data encoding, QNNs, VQCs and
hybrid quantum-classical optimisation to predict molecular
properties and identify new therapeutic candidates. Classical
preprocessing methods are used to prepare molecular
characteristics and quantum circuits capture intricate
molecular relationships which are hard to represent with
classical approaches alone. By combining the best features of
both approaches, it provides a more accurate prediction,
optimisation of molecular analysis and a scalable workflow
for today's noisy intermediate scale quantum computing
devices.

HYBRID QUANTUM-CLASSICAL FRAMEWORK
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Fig.1 System Architecture

The overall process of the proposed hybrid QML system
is illustrated in Figure 1. It consists of first collecting
molecular information, pre-processing the information, and
converting the information into a quantum state. The data is
encoded through QNN and VQC and the chemical
representations are learnt. The retrieved quantum properties
are then integrated into the classical optimization techniques
in the field of molecular property prediction and drug
development. Finally, the projected outcomes are visualised
for additional analysis and decision making in the drug
discovery process.

B. Data Preprocessing

Data preprocessing is a necessary stage of the proposed
QML framework, which converts raw molecule data into a
suitable form for classical and quantum processing. The
accuracy, stability and efficiency of the subsequent learning
models are directly related to the preprocessing quality.

Dataset: Molecular databases of chemical substances and
their related molecular features important for drug discovery
are used as datasets in the framework. Chemical descriptors
and target attributes are used for each sample as input for
prediction model. The data sets contain chemical information
that is required for training and benchmarking the hybrid
quantum-classical approach to molecular property prediction.

Cleaning: The molecular data collected is analysed for
missing values, duplicate records and inconsistent entries that
would affect the performance of model. Invalid or incomplete
samples are repaired or eliminated to ensure data consistency
and dependability. This cleaning works by minimizing noise
in the data set and making the prediction models which come
after it stronger.
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Normalization: This is done to remove the differences
caused by the different magnitudes of the features in the
cleaned molecular features, by normalising to a common
numerical scale. The molecular descriptors are standardised
using standard normalisation methods to ensure that all
molecular descriptors have an equal contribution in the model
training. This is to enhance the optimisation efficiency,
accelerate model convergence and enhance the stability of
prediction.

Feature Encoding: Quantum data encoding methods are
used to encode the normalised molecular features into a
representation suitable for quantum computation. Classical
chemical information is encoded into the Quantum States via
Feature Encoding so that QNN and VQC can learn complex
chemical relationships in a short time. This transformation
provides the link between classical data and quantum learning
methods.

The molecular information is cleaned, standardised and
encoded in a proper way before the hybrid quantum-classical
learning framework through the data pre-processing pipeline.
This preparation makes the models more reliable and allows
to predict molecular properties.

C. Quantum Data Encoding

The first step towards putting classical molecular
information into quantum computation is quantum data
encoding, which refers to mapping of molecular properties to
quantum states that can be processed in quantum circuits. The
suggested scheme uses amplitude encoding and angle
encoding to encode efficiently certain molecular properties in
a small number of qubits. Amplitude encoding is normalised
molecular data encoded in the probability values of quantum
states, providing a compact representation of high-
dimensional molecular data. Angle encoding maps each
chemical property into the rotation angles of quantum gates,
thus allowing the quantum circuit to learn the non-linear
correlations between the molecular properties. These
encoding techniques preserve the important chemical
information and facilitate the QNN and VQC to learn
meaningful feature representations for exact prediction of
molecule properties and efficient generation of drug
candidates.

D. Quantum Neural Network

The QNN is used to learn complicated representations of
chemical features for precise prediction of molecular
properties. The architecture comprises many PQGs in the
form of quantum layers, which is used to convert the encoded
molecular information into expressive quantum states, which
can be tuned using rotation gates and entangling operations.
The trainable parameters are then iteratively optimised by a
classical optimisation technique to reduce the prediction error
and improve the prediction performance of the model.
Measurement operations are then carried out on the qubits
following the evolution of the quantum state to provide the
classical prediction module with informative features. This
hybrid learning approach is much more efficient in using both
the computational strength of quantum systems and
conventional systems, and the ability of the QNN to capture
complex chemical correlations.
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E. Variational Quantum Circuit

Molecular optimisation is performed by the VQC which
is a parameterised quantum circuit with classical
optimisation. The circuit uses an ansatz which defines the
order of quantum gates and entanglement operations used to
represent molecular quantum states. The ansatz trainable
parameters are then iteratively changed with a standard
optimiser (e.g. COBYLA or gradient-based optimisation) in
order to achieve an optimum value of the objective function.
In every iteration, a loss function is used to evaluate the
circuit output, comparing the expected and target molecule
properties. The loss is minimised continuously to train the
VQC to learn optimal quantum parameters, reducing the loss
as much as possible, which improves the prediction of
molecular properties and allows to screen drug candidates
effectively.

F. Hybrid Quantum-Classical Framework

The proposed system utilizes classical ML techniques and
implements quantum computation to take advantage of the
strengths of both paradigms to efficiently develop drugs. The
molecular data is then preprocessed using classical data
preprocessing  methods, namely, data  cleaning,
normalisation, and feature preparation, for high-quality input
features. This analysed data is then encoded into quantum
states and fed into QNN and VQC, which perform complex
quantum  operations that extract more intricate
representations of the chemical structures, a task not feasible
with classical methods alone. The quantum circuit outputs are
then optimized using a classical optimiser that sequentially
changes the parameters of the quantum circuit as it attempts
to reduce the prediction loss. Finally, the optimised hybrid
model predicts chemical properties and discovers prospective
medication candidates with a good trade-off between
quantum computing capabilities and classical optimisation
efficiency.

IV. RESULTS & DISCUSSION
A. Experimental Setup

The recommended hybrid QML framework was built in
Python using classical ML packages and quantum computing
packages. The experimental method included molecular data
pre-processing, quantum data encoding, QNN modeling,
VQC optimization, and hybrid quantum-classical prediction.
This was implemented with the Qiskit and PennyLane
software for executing the quantum circuits, and the classical
optimisation and data processing was performed with the
TensorFlow and Scikit-learn software. The efficiency of the
proposed framework was tested on a quantum simulator for
the purposes of molecular property prediction and drug
candidate generation. The whole experimental setup is
summarised in Table 2.

Table 2. Experimental Configuration

Parameter Configuration
Programming Language Python
Quantum Framework Qiskit
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Quantum Machine
Learning Library

PennyLane

Deep Learning Framework TensorFlow Quantum

Classical ML Library Scikit-learn

Data Processing Libraries NumPy, Pandas

Quantum Backend Qiskit Aer Simulator

Quantum Model Quantum Neural Network
(QNN)
Quantum Circuit Variational Quantum
Circuit (VQC)
Classical Optimizer COBYLA
Visualization Tool Matplotlib
Prediction Task Molecular Property
Prediction
Application Domain Drug Discovery

B. Prediction Results

The results of the prediction demonstrate the ability of the
proposed hybrid QML framework for processing molecular
information and obtaining useful results for the drug
discovery field. Following the process of pre-processing and
quantum data encoding the molecular features are then
studied using QNN with VQC, followed by classical
optimisation, to boost the accuracy of the prediction. The
developed interface offers an interactive interface for the
execution of the prediction workflow and visualization of the
results. Results show the successful integration of quantum
and classical computing parts to achieve efficient molecular
analysis and thus identify potential drug candidates.

Prediction Results

Molecule Structure

voiots

I~

Molecular Properties

384.43 384 89.90 1 5 8

Quantum Properties

0351 0.891

Fig.2. Prediction Interface

The proposed system graphical prediction interface is
presented in figure 2. The interface is used to input molecular
information and to initiate the hybrid quantum-classical
prediction procedure. It integrates the preprocessing, the
quantum calculations, and the creation of results in a single
platform, giving a user-friendly environment for molecular
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property research and for use in drug development
applications.
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Fig.3. Predicted Binding Affinity

The prediction results using the proposed framework after
processing the molecular information are presented in Figure
3. The system offers expected molecular characteristics like
estimated binding affinity and other characteristics that are
relevant for the assessment of potential drug candidates. The
hybrid ML framework is effective in enabling the molecular
screening and speeding the drug discovery process, as
evinced by the prediction results.

C. Discussion

The proposed hybrid QML framework underscores the
potential of quantum computing and classical computing in
providing efficient drug development solutions. The QNN
and VQC can accurately represent complicated molecules
and enhance the prediction of molecular properties, while
also fostering the creation of potential drug candidates. The
hybrid computation technique achieves computational
efficiency through the quantum circuits for feature learning,
and the classical optimisation for parameter tuning and more
stable convergence. The framework allows for scaling up
quantum-assisted molecular analysis. However, current
constraints include the noise of quantum hardware,
availability of qubits, and quantum data encoding with a
limited amount of circuit depth introducing computational
overheads. As quantum hardware and the algorithms used to
these systems continue to improve, the practical application
of this method to study pharmaceutical drugs should become
more useful.

V. CONCLUSION

With this study, we present a hybrid approach using QML
that combines the QNN, VQC and classical optimisation in
one computational procedure for efficient drug discovery.
The methodology proposed included data pre-processing,
quantum data encoding, parameterised quantum circuits and
hybrid learning, which were used to enhance the prediction
of chemical properties and help the selection of therapeutic
candidates. The framework utilises the advantages of
quantum processing and the stability of classical ML, and
provides an efficient tool for the analysis of complicated
chemical data while overcoming the computational
restrictions of traditional methods. Based on the existing
libraries and simulators for quantum computing, the
experimental approach has demonstrated the feasibility of
quantum-assisted molecular prediction. However, the
proposed architecture provides a scalable architecture for
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future use in quantum-based pharmaceutical applications, yet
current limitations in quantum hardware prevent widespread
use. Finally, the authors showcase the potential of hybrid
classical-quantum computing in the field of molecular
analysis, prediction, and computational drug discovery,
opening the door to a bright future for this emerging
technology.

Future work could focus on deployment of the proposed
framework to real quantum systems of increased qubit size
and lower noise. Additional enhancements in the accuracy of
prediction can be realised using more sophisticated quantum
data encoding protocols, more sophisticated designs of the
quantum neural network, and the use of improved variational
optimisation methods. Moreover, with the help of generative
quantum models and explainable artificial intelligence
methods, quantum ML can enhance molecular design and
pave the way for its practical use in pharmaceutical research
and precision medicine, leveraging larger molecular data sets.
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