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ABSTRACT

Structure-Based Drug Design (SBDD) has emerged as a pivotal strategy in modern drug
discovery, enabling the rational design of therapeutics through detailed understanding of
biomolecular structures. This review presents a comprehensive overview of the
fundamental principles, methodologies, and computational tools that underpin SBDD. The
process begins with the determination of protein structures using techniques such as X-
ray crystallography, NMR spectroscopy, and cryo-electron microscopy, followed by
molecular modelling and visualization using tools such as PyMOL and Chimera. Molecular
docking approaches, both rigid and flexible, are employed to predict ligand binding modes
and affinities, while molecular dynamics (MD) simulations provide insights into the
dynamic behaviour of protein-ligand complexes. Advanced techniques such as quantum
mechanics (QM) and hybrid QM/MM methods further enhance the accuracy of active site
analysis and energy calculations. Pharmacophore modelling and virtual screening
facilitate the identification of novel hits, while ADMET predictions support the
optimization of drug-like properties early in the design process. The integration of
artificial intelligence (AI) and machine learning (ML) has significantly accelerated and
refined SBDD workflows, allowing for data-driven predictions and enhanced screening
efficiency. Despite remarkable progress, challenges such as limited accuracy in scoring
functions and computational costs persist. Future directions point toward leveraging
quantum computing and next-generation Al models to overcome these limitations. This
review highlights the synergistic role of computational chemistry and emerging
technologies in shaping the future of rational drug design.

Introduction

tructure-Based Drug Design (SBDD)
has emerged as a powerful approach in
modern drug discovery, offering a
rational and efficient method for
identifying and optimizing bioactive
compounds. Unlike traditional trial-and-error
methods, SBDD relies on the detailed
knowledge of the three-dimensional (3D)
structure of biological targets, such as enzymes,

receptors, or nucleic acids, to design molecules
that can interact specifically and effectively
with them. This approach has significantly
accelerated the drug development process and
improved the success rate of therapeutic agents
reaching the market [1]. Drug discovery is a
complex, multidisciplinary process that begins
with the identification of a biological target
implicated in a disease, and proceeds through
several stages, including hit identification, lead
optimization, preclinical testing, and clinical
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trials. Traditionally, drug discovery has been a
time-consuming and resource-intensive
endeavor, with a high rate of failure [2].
However, advancements in molecular biology,
genomics, and computational sciences have
transformed this landscape. The integration of
computational tools allows researchers to
predict biological activity, assess drug-likeness,
and model drug-target interactions early in the
development pipeline, thereby reducing costs
and time [3].

SBDD plays a vital role in rational drug design
using the structural information of target
biomolecules obtained from experimental
techniques such as X-ray crystallography,
nuclear magnetic resonance (NMR)
spectroscopy, and cryo-electron microscopy
(cryo-EM). Once the target structure is known,
computational tools are used to design ligands
that fit precisely into the active or allosteric
sites of the target [4]. Techniques such as
molecular docking, molecular dynamics
simulations, and pharmacophore modeling are
commonly employed to predict the binding
modes and affinities of potential drug
candidates. SBDD enables the identification of
novel scaffolds and optimization of binding
interactions, ultimately improving the potency,
selectivity, and safety profile of lead compounds
[5]. Computational chemistry is an
indispensable component of SBDD, providing
the theoretical framework and simulation
techniques required to understand molecular
interactions at the atomic level. It encompasses
a wide range of methods, from quantum
mechanics (QM) and molecular mechanics
(MM) to hybrid QM/MM approaches. These
techniques help in calculating the energetics of
ligand binding, predict protein conformational
changes, and stimulate reaction pathways [6].
Moreover, computational methods allow for
virtual screening of large chemical libraries,
prioritizing compounds with the highest
likelihood of biological activity. By guiding
experimental efforts and refining molecular
hypotheses, computational chemistry not only
accelerates the drug discovery process, but also
enhances the accuracy and predictability of
SBDD results. Accordingly, it is a vital tool in the
development of next-generation therapeutics

[7].

Fundamentals of Structure-Based Drug Design
Protein Structure and Function

Proteins are dynamic macromolecules that
serve as primary drug targets due to their vital
roles in cellular processes such as catalysis,
signaling, and regulation. Their function is
inherently linked to their three-dimensional
structure, including distinct features such as
active sites, binding pockets, and allosteric
sites. Recent advancements in structural
biology techniques, especially cryo-electron
microscopy (cryo-EM) and AlphaFold's Al-
based structure prediction, have significantly
enhanced the accuracy and availability of
protein structural data [8]. This structural
information is crucial for structure-based drug
design (SBDD), enabling precise modeling of
protein-ligand interactions. Understanding not
only static protein conformations, but also their
dynamic behavior through tools like molecular
dynamics simulations allows researchers to
account for target flexibility, thereby enhancing
the rational design of selective and potent drug
candidates [9].

Ligand-Receptor Interactions

Ligand-receptor interactions form  the
foundation of Structure-Based Drug Design
(SBDD), as the therapeutic efficacy of a drug
largely depends on its ability to bind specifically
and effectively to a biological target. A ligand,
typically a small molecule, interacts with a
receptor often a protein such as an enzyme or a
membrane-bound receptor through various
non-covalent forces, including hydrogen
bonding, ionic interactions, hydrophobic
contacts, T-m stacking, and van der Waals forces
[10]. The complementarity of shape, charge,
and hydrophobicity between ligand and binding
site determines binding affinity and specificity.
Recent advances in computational methods
such as molecular docking, binding free energy
calculations, and enhanced sampling
simulations have improved our ability to model
and predict these interactions at atomic
resolution. Moreover, understanding induced fit
and conformational selection where either the
ligand or the receptor (or both) undergoes
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structural adaptation upon binding has become
increasingly important in designing high-
affinity, selective drugs. These insights facilitate
rational drug optimization, improving
pharmacological profiles and reducing off-
target effects [11].

Figure 1 displays the process of ligand-receptor
interaction, a fundamental mechanism in cell
signaling. It shows a ligand approaching and
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binding to the extracellular domain of a
membrane-bound receptor. The receptor
consists of three main parts: the ligand-binding
domain, the transmembrane domain, and the
intracellular effector domain. Upon binding, the
ligand forms a receptor-ligand complex, which
induces a conformational change in the
receptor structure.

Receptor-
ligand-
complex

transmembrane
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Figure 1: Ligand receptor interaction

Structure Determination Techniques (X-ray,
NMR, and Cryo-EM)

The precise structural data of target
biomolecules are essential for Structure-Based
Drug Design (SBDD), and this is primarily
obtained  through  advanced  structure
determination techniques such as X-ray
crystallography, nuclear magnetic resonance
(NMR) spectroscopy, and cryo-electron
microscopy (cryo-EM). X-ray crystallography
remains the most widely used technique,
providing high-resolution atomic structures of
crystalline proteins, though it is limited by the
need for high-quality crystals [12]. NMR
spectroscopy enables the study of proteins in
solution, providing insights into protein
flexibility and dynamics, but is typically
restricted to smaller proteins (usually < 50
kDa). Cryo-EM, a rapidly advancing technique,
allows for the visualization of large and
complex biomolecules in near-native states
without crystallization. Recent breakthroughs
in detector technology and image processing

algorithms have propelled cryo-EM into
mainstream drug discovery, enabling near-
atomic resolution structures of membrane
proteins and macromolecular complexes. These
structural methods, often used in combination
with computational modeling, are critical for
identifying binding sites, understanding
molecular interactions, and guiding rational
drug design [13].

The integration of X-ray crystallography, NMR
spectroscopy, and cryo-EM has significantly
transformed the landscape of drug discovery by
enabling a detailed understanding of drug-
target interactions at the atomic level. These
techniques not only reveal the static structures
of biological targets, but also allow researchers
to examine conformational flexibility, binding-
induced changes, and protein-ligand dynamics,
which are critical for optimizing drug efficacy
and selectivity [14]. For instance, cryo-EM has
become particularly valuable for targets like G-
protein-coupled receptors (GPCRs) and ion
channels, which are difficult to crystallize, but
highly relevant in pharmacology. Moreover, the
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integration of Al-based tools such as
AlphaFold2, which predicts protein structures
with  remarkable accuracy, is further
accelerating the structure determination
process, especially when experimental methods
are limited. Together, these advancements
ensure that drug design is increasingly
informed by reliable structural data, enhancing
the precision and efficiency of SBDD strategies
[15].

Molecular Modeling and Visualization Tools
Protein and Ligand Preparation

The accurate preparation of protein and ligand
is a fundamental step in molecular modeling
workflows and is critical for the success of
structure-based drug design (SBDD). Before the
computational analyses such as docking or
molecular dynamics, the raw structural data
obtained from experimental techniques (eg.,
PDB files) must be refined and optimized.
Protein preparation involves several key steps,
including the addition of missing hydrogen
atoms, assignment of correct bond orders,

optimization of protonation states at
physiological pH, and the removal of
crystallographic artifacts such as water

molecules or co-crystallized ligands not
involved in the binding process [16]. Similarly,
ligand preparation ensures that the small
molecule is in the correct tautomeric and
ionization states, has minimized energy, and
includes accurate stereochemistry and 3D
conformation. Tools such as Schrodinger’s
Protein Preparation Wizard, MOE, Chimera, and
Open Babel are widely used for these tasks.
Proper preparation improves the reliability of
downstream modeling techniques by ensuring
realistic biological interactions and
energetically favorable conformations, thereby
enhancing the predictive accuracy of drug-
target binding studies [17].

Molecular Graphics Software (PyMOL, Chimera,
etc.)

Molecular graphics software plays a vital role in
the visualization, analysis, and interpretation of
biomolecular structures, significantly aiding

structure-based drug design (SBDD). Some
tools such as PyMOL, UCSF Chimera, ChimeraX,
and VMD (Visual Molecular Dynamics) are
widely used for rendering high-quality, three-
dimensional representations of proteins,
ligands, and complexes. These platforms allow
researchers to inspect binding sites, analyze
molecular interactions, and generate
publication-ready images. PyMOL, for instance,
is favored for its scripting flexibility and clarity
in visualizing protein-ligand complexes, while
Chimera and ChimeraX provide advanced
capabilities for molecular docking analysis,
surface rendering, electrostatic potential
mapping, and trajectory visualization from
molecular dynamics simulations [18]. These
tools also support structural alignment,
mutation modeling, and distance
measurements, all of which are essential for
understanding structure-activity relationships
(SAR). The integration of molecular graphics
software into the computational workflows
enhances  decision-making during lead
optimization by intuitively exploring structural
data and interaction patterns at the atomic level
in Table 1 [19].

Molecular Docking
Principles and Types (Rigid vs. Flexible)

Molecular docking is a core computational
technique in structure-based drug design
(SBDD) wused to predict the preferred
orientation of a small molecule (ligand) when
bound to a target protein (receptor) and to
estimate the strength and nature of the
interaction. The underlying principle involves
searching for the optimal fit between the ligand
and the binding site on the receptor based on
shape complementarity, chemical interactions,
and binding energy scoring. Docking algorithms
typically employ two main types: rigid docking
and flexible docking. In rigid docking, both the
protein and the ligand are treated as inflexible
bodies, simplifying the computational process
but often neglecting biologically relevant
conformational changes [20]. Flexible docking,
on the other hand, allows the ligand (and in
some cases the protein side chains or
backbone) to adopt multiple conformations,
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providing a more accurate and realistic
prediction of binding poses and affinities.
Advanced docking programs such as AutoDock,
AutoDock Vina, Glide, and MOE incorporate
flexible algorithms and scoring functions to
improve reliability. The choice between rigid
and flexible docking depends on the biological
system and computational resources, but
flexible docking is generally preferred for lead
optimization and when protein or ligand
flexibility = significantly influences binding
behavior [21].

Figure 2 depicts the workflow of 3D-QSAR
(Quantitative Structure-Activity Relationship)
guided drug design and evaluation, specifically
targeting the design of new LRRK2 inhibitors. It
begins with the generation of a 3D-QSAR model
based on the chemical structure and biological
activity of known compounds. The key
molecular features such as electropositive and
electronegative regions, hydrophobic and
hydrophilic sites, hydrogen bond
donor/acceptor regions, and electronic effects
are identified and mapped.

Table 1: Strategic insights into SBDD software ecosystem

Software Developer/Sour Key File Scripting/Custo
ce Features Support mization
PyMOL Schrédinger High- PDB, Python scripting
(open-core) quality SDF,
3D MOL2,
renderin, etc.
molecular
visualizat
ion,
electrosta
tics, and
plugins
UCSF UCSF Resource Extensive PDB, Python-based
Chimera for visualizat MOLZ2, command line
Biocomputing ion tools, SDF,
structure  DCD, etc.
editing,
density
maps,
and
docking
prep
Chimera UCSF Next-gen PDB, Python/Command
X Chimera:  mmCIF, -line scripting
faster cryo-EM
rendering maps
, better
VR
support,
AlphaFol
d
integratio

n

Use in SBDD

Ligand-

protein

binding

visualization,
interaction

mapping,
structure
analysis

Preparing
structures for
docking,
hydrogen
bond
visualization,
Ramachandr
an analysis

Advanced
interaction
analysis,
cryo-EM,
docking prep,
visualization
of predicted
protein
structures

Latest Updates
/ Highlights
(2024-2025)

Improved GPU
rendering,
integration with
Al plugins,
expanded
support for
mmCIF

Stable but being
replaced by
ChimeraX; still
used for custom
workflows

Native AlphaFold
& RoseTTAFold
support, VR
visualization,
interactive
docking tools
(2024)

Ref.

[19]

[21]
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VMD Theoretical Molecular PDB, Tcl, Python Analysis of Enhanced [22]
Biophysics dynamics DCD, scripting MD support for GPU-
Group (UIUC) (MD) PSF, simulations, based analysis,
visualizat GRO membrane quantum
ion, modeling, trajectory
trajectory and visualization
analysis, RMSD/RMSF (2024 update)
and large calculations
systems
MOE Chemical Integrate PDB, Proprietary Structure Al-enhanced [23]
Computing d MOE, scripting (SVL) cleanup, scoring, new
Group modeling MOL, pharmacoph QSAR tools,
+ SDF ore modeling, expanded
visualizat docking,and  pharmacophore
ion, ligand design analysis (MOE
structure- 2024 release)
based
design,
QSAR,
and
docking
3D-QSAR

Test compound concentration (M)

W
Cytosine |

:
N N N
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.
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Figure 2: Workflow of 3D-QSAR guided drug design and evaluation

Docking Algorithms and Scoring Functions

Docking algorithms and scoring functions are
vital for predictive power of molecular docking,
as they determine how effectively a ligand fits
into a target binding site and estimate the
strength of interaction. Docking algorithms are
responsible for exploring the conformational
and orientational space of the ligand within the
receptor site. Common search methods include

systematic searches, stochastic approaches
such as genetic algorithms, Monte Carlo
simulations, and molecular dynamics-based
sampling [22]. These methods aim to generate a
wide range of plausible binding poses by
accounting for ligand flexibility, and in some
advanced cases, receptor flexibility. Once
potential poses are generated, scoring functions
are used to evaluate and rank them based on
predicted binding affinity. These functions fall
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into three main categories: force-field-based,
which calculate physical interaction energies
(e.g, van der Waals and electrostatics);
empirical, which are based on experimentally
derived parameters; and knowledge-based,
which rely on statistical potentials derived from
known protein-ligand complexes [23]. Widely
used docking programs such as AutoDock,
Glide, GOLD, and DOCK use combinations of
these algorithms and scoring functions to
enhance prediction accuracy. Despite advances,
scoring functions still face limitations in
accurately  predicting absolute  binding
affinities, and are often complemented by
rescoring, consensus scoring, or post-docking
refinement methods to improve reliability in
virtual screening and lead optimization [24].
Docking algorithms work by probing the
conformational space of the ligand and protein
interactions, using various searching methods,
including genetic algorithms, molecular
dynamics, and Monte Carlo searches, and
systematic or stochastic approaches. These
algorithms aim to find multiple possible binding
poses of the ligand in the active site of the
target protein. These poses are evaluated using
scoring functions, which can be generally
categorized as force-field-based, empirical and
knowledge-based [25]. Force-field-based
scoring functions rely on molecular mechanical
principles and calculate interaction energy via
the sums of van der Waals forces, electrostatics
and bonded interactions, using parameter sets
such as AMBER or CHARMM. While these can
be physically interpreted, force-field based
scoring can be time-consuming and is less
adept at considering entropic contributions and
solvation effects. The empirical scoring
functions rely on weighted sums of different
interactions such as hydrogen bonding,
lipophilic contacts, and de-solvation energies,
with coefficients derived from regression based
on experimental binding data. This gives
empirical scoring functions speed on the
scoring aspect and reasonable accuracy,
although it is limited by the quality and extent
of the training data [26].

Applications and Limitations

Molecular docking is widely applied across
various stages of drug discovery, particularly in
virtual screening, hit identification, and lead
optimization. It enables the rapid screening of
large compound libraries against a biological
target to identify potential binders, significantly
reducing the cost and time of early-stage drug
development. Docking also aids in predicting
binding modes, ranking ligand affinities, and
understanding structure-activity relationships
(SAR), thereby guiding chemical modifications
to enhance potency and selectivity [27].
Additionally, it supports drug repurposing,
fragment-based drug design, and the
exploration of binding site druggability.
However, despite its utility, molecular docking
has several limitations. One major challenge is
the limited accuracy of scoring functions, which
may fail to reliably predict true binding
affinities or discriminate between true positives
and false positives. Moreover, receptor
flexibility is often oversimplified, and solvent
effects are either poorly approximated or
neglected entirely [28]. These factors can lead
to inaccurate binding pose predictions,
especially for highly dynamic or allosteric sites.

Therefore, docking results often require
validation = through molecular dynamics
simulations, free energy calculations, or

experimental assays. While docking remains a
powerful and accessible tool in rational drug
design, its predictions should be interpreted
cautiously and in  conjunction  with
complementary computational and
experimental methods [29].

Despite the general applicability of molecular
docking algorithms and scoring functions, they
suffer from limitations that will impact their
reliability as predictive methods. The major
limitation is related to the incomplete
representation of protein flexibility. While
many docking protocols allow for some limited
flexibility (or consider the receptor to be rigid),
the static snapshot provided by docking does
not reflect the dynamic nature of proteins nor
provide accurate binding poses. On the other
hand, force-field based methods are chemically

rigorous but computationally costly, and
sensitive to inaccuracies in parameters.
Empirical scoring functions have explicit

dependencies on both the quality and the
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diversity of the experimental data used to train
them, which limits generalizability across target
classes  [30]. Knowledge-based scoring
functions are also computationally efficient;
however, their implicit use of statistical
potentials, derived from known (and previously
been determined experimentally) structures,
may not work at all for novel targets (or ligand
chemotypes) that do not exist in the training
set. Furthermore, scoring functions occasionally
perform poorly for rank ordering ligands
because ligands with slight structural or
selectivity differences have similar binding
affinities - which produces (false) positives and
negatives in virtual screening. The ligand strain
energy and water-mediated interactions are
likely underrepresented as well, and the ability
to predictably dock ligands can rapidly
deteriorate due to these limitations. This is why
development of integrated protocols that
combine docking with "correct” post-docking
analyses (e.g, MM, MD, etc) will on average
produce more reliable results [31].

Molecular Dynamics (MD) Simulations
Basic Theory and Force Fields

Molecular Dynamics (MD) simulations are a
powerful computational technique used to
study the time-dependent behavior of
biomolecular systems at the atomic level. In the
context of drug design, MD simulations provide
detailed insights into protein flexibility, ligand
binding stability, and conformational changes
that are often missed by static docking
approaches. The basic theory involves
numerically solving Newton’s equations of
motion for a system of particles (atoms),
allowing simulation of their trajectories over
time under defined physical conditions. To
compute atomic interactions, MD relies on force
fields mathematical models that describe the
potential energy of the system [32]. Force fields
such as AMBER, CHARMM, OPLS-AA, and
GROMOS consist of parameters for bonded
interactions (bonds, angles, dihedrals) and non-
bonded interactions (electrostatics and van der
Waals forces). Accurate force field selection is
critical, as it influences the realism and
predictive power of the simulation. Recent

improvements in force fields, including
polarizable and machine learning-driven
models, have enhanced the ability of MD to
mimic physiological conditions, making it an
indispensable tool in modern structure-based
drug discovery [33].

System Setup and Simulation Protocols

System setup and simulation protocols are
foundational to conducting reliable Molecular
Dynamics (MD) simulations, particularly in the
context of drug discovery and protein-ligand
interaction studies. The process begins with the
preparation of the molecular structure,
typically a protein-ligand complex obtained
from crystallographic or modeled data. This
step includes assigning proper protonation
states at physiological pH, adding missing
hydrogen or heavy atoms, correcting bond
orders, and removing crystallographic artifacts
such as water molecules or unwanted ligands
[34]. The ligand should also be parameterized
using appropriate force field-compatible tools,
such as Antechamber for AMBER, CGenFF for
CHARMM, or LigParGen for OPLS-AA, to ensure
correct atomic charges, topology, and bonding
information. Once preparation is complete, the
system is placed in a simulation box—
commonly cubic or octahedral in shape and
solvated with explicit water molecules using
standard water models such as TIP3P or SPC/E.
To maintain electrical neutrality and replicate
physiological conditions, counterions such as
Na* or CI” are added [35].

Following the system construction, a multi-step
simulation protocol is employed to equilibrate
and simulate the system under realistic
biological conditions. The first stage involves
energy minimization to relieve any steric
clashes or unfavorable interactions in the initial
structure. This is followed by equilibration
phases, typically performed under the canonical
(NVT) and  isothermal-isobaric (NPT)
ensembles, during which temperature and
pressure are gradually stabilized while applying
positional restraints to the heavy atoms of the
protein and ligand. Once equilibration is
achieved, the production phase begins an
unrestrained simulation, allowing the system to
evolve naturally according to Newton’s laws of

2025, Volume 1, Issue 3


https://jpscc.samipubco.com/

Journal of Pharmaceutical Sciences and Computational Chemistry

2025, Volume 1, Issue 3 _

motion, usually over nanosecond to
microsecond timescales, depending on the
study objective. A time step of 1-2
femtoseconds is commonly used, with

temperature and pressure control algorithms
such as Langevin dynamics or Berendsen
thermostat and barostat. The long-range
electrostatics are calculated using methods
such as Particle Mesh Ewald (PME), and
periodic boundary conditions are applied to
mimic an infinite system [36].

Enhanced Sampling Techniques

While conventional molecular dynamics (MD)
simulations provide valuable insights into
biomolecular behavior, they are often limited
by timescale constraints, particularly when
attempting to observe rare events such as
ligand binding, conformational transitions, or
protein folding. To overcome these limitations,
enhanced sampling techniques have been
developed to accelerate the exploration of
conformational space and improve sampling
efficiency. These methods help escape local
energy minima and capture biologically
relevant, yet infrequent events within feasible
computational timeframes [37]. One widely
used technique is metadynamics, which adds
history-dependent biasing potentials to a set of
collective variables, encouraging the system to
explore new configurations. Replica Exchange
Molecular Dynamics (REMD) runs multiple
simulations (replicas) at different
temperatures, allowing exchanges between
replicas to improve conformational sampling
and reduce energy barriers. Accelerated
Molecular Dynamics (aMD) modifies the
potential energy surface to flatten energy wells,
facilitating transitions between states that are
otherwise kinetically inaccessible [38]. Other
methods, such as umbrella sampling, steered
MD, and Gaussian accelerated MD (GaMD), are
employed to quantify free energy landscapes
and study specific reaction pathways or
unbinding events. Enhanced sampling is
particularly valuable in structure-based drug
design for capturing the full flexibility of
protein targets, identifying transient or cryptic
binding pockets, and refining binding affinity
predictions. These techniques, when combined

with conventional MD and experimental
validation, significantly enhance the reliability
of in silico drug discovery [39].

Quantum Mechanics (QM) and QM/MM Methods
Overview of QM Methods (DFT, HF)

Quantum mechanical (QM) methods provide an
atomistic and electronic-level description of
molecular systems, making them essential for
accurately modeling chemical processes such as
bond formation/breaking, charge transfer, and
enzyme catalysis. Two widely used QM
approaches in computational chemistry are
Hartree-Fock (HF) and Density Functional
Theory (DFT). The HF method is an ab initio
approach that solves the Schrodinger equation
for a many-electron system by approximating
electron-electron repulsion through a mean-
field potential [40], while computationally
efficient, HF neglects electron correlation,
which limits its accuracy for many chemical
systems. However, DFT includes electron
correlation through functionals of electron
density, rather than wavefunctions, providing a
better balance between accuracy and
computational cost. Popular DFT functionals,
such as B3LYP or PBE, are widely applied in
organic, inorganic, and biological chemistry for
calculating molecular geometries, reaction
energies, and electronic properties. Both
methods are particularly useful in drug design
when evaluating reaction mechanisms, metal-
ligand interactions, or electronic structure-
based reactivity, which are often beyond the
capability of classical force fields. Nevertheless,
the high computational cost of QM methods
restricts their use to small molecules or
localized regions of larger biomolecular
systems, prompting the development of hybrid
techniques such as QM/MM [41].

Hybrid QM/MM in Active Site Analysis

Hybrid Quantum Mechanics/Molecular
Mechanics (QM/MM) methods combine the
accuracy of quantum mechanics with the
efficiency of classical molecular mechanics,
making them highly suitable for studying
complex biological systems, particularly active
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sites of enzymes and protein-ligand complexes.
In this approach, the system is partitioned into
two regions: the QM region, which typically
includes the ligand, catalytic residues, cofactors,
and nearby water molecules directly involved
in the chemical reaction; and the MM region,
comprising the rest of the protein and solvent
environment [42]. The QM region is treated
using methods such as DFT or semi-empirical
QM approaches, while the MM region is
modeled with classical force fields such as
AMBER, CHARMM, or OPLS. This hybridization
allows for high-accuracy modeling of electronic
events such as bond breaking/forming, proton
transfers, and charge redistribution in the
active site, without incurring the computational
cost of a full QM treatment. QM/MM has proven

especially valuable in elucidating enzyme
mechanisms, modeling transition states,
designing inhibitor, and studying metal
coordination [43]. It also allows the calculation
of reaction energy barriers and potential
energy surfaces, providing mechanistic insights
that are critical for rational drug design. By
capturing the quantum nature of chemical
reactions within a realistic biological
environment, QM /MM provides a powerful tool
for analyzing reactivity and guiding the design
of more effective and selective drug candidates
[44]. The comparison of key aspects across DFT,
HF, and hybrid QM/MM approaches for
structure-based drug design is indicated in
Table 2.

Table 2: Comparison of key aspects across DFT, HF, and hybrid QM /MM approaches

2025, Volume 1, Issue 3

Aspect Density Hartree-Fock (HF) Hybrid QM/MM Ref.
Functional Methods
Theory (DFT)
Core Principle Electron density- ~ Wavefunction-based QM for reactive [45]
based quantum mean-field site; MM for rest of
calculations approximation system
Level of Theory Post-HF accuracy  Fundamental ab initio Multi-scale [46]
with lower cost method simulation
combining
quantum and
classical mechanics
Accuracy High for ground- Moderate accuracy, High for localized [47]
state properties, lacks electron phenomena;
bond energies correlation balances accuracy
and efficiency
Computational Cost Moderate to high  Generally lower than  Lower than full QM; [48]
(basis-set DFT, but less accurate scalable for large
dependent) biomolecules
Application in Drug Predicting Basic estimation of Studying enzyme [49]
Design electronic energy levels, orbitals mechanisms, active
structure, site reactions, metal
reactivity, charge coordination
distribution
Use in Active Site Detailed Orbital models of Reaction pathways, [50]
Analysis interaction ligand binding ligand-metal
energies, coordination,
transition states enzyme catalysis
Software Tools Gaussian, ORCA, Gaussian, GAMESS, ONIOM (Gaussian), [51]

Q-Chem,
NWChem

and Psi4

ChemShell, Amber-
QM/MM, CHARMM-
QM/MM
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Advantages Good trade-off Conceptually simple; Allows realistic [52]
between speed foundation for more modeling of large
and accuracy; complex theories systems without
suitable for drug full QM expense
molecules
Limitations Struggles with Ignores electron Accuracy depends [53]
dispersion, correlation, not on boundary
excited states suitable for complex treatment and
(unless systems QM/MM
corrected) partitioning
Recent Advances Integration with Used as base for Real-time QM/MM [54]
(2024-25) Al-driven QM hybrid models or M.  dynamics, machine-
predictions; GPU- training learned force fields,

accelerated DFT

Energy Calculations and Reactivity

Energy calculations lie at the heart of quantum
chemical methods and are essential for
understanding molecular reactivity, stability,
and interaction strength key aspects in rational
drug design. Quantum Mechanics (QM) and
hybrid QM/MM approaches allow for accurate
estimation of potential energy surfaces (PES),
which depict the energetic landscape of
molecular systems as a function of nuclear
positions [55]. These calculations enable the
identification of stable intermediates, transition
states, and reaction pathways, providing
insights into the energetics of enzyme catalysis,
ligand binding, and drug metabolism. Key
parameters derived from QM calculations
include reaction energies, activation barriers,
ionization potentials, electron affinities, and
HOMO-LUMO gaps, which are closely related to
a molecule’s chemical reactivity and
pharmacological  potential. In QM/MM
simulations, energy decomposition techniques
can be utilized to quantify the contributions of
specific residues or functional groups to
binding or catalysis, aiding in the identification
of hot spots for drug targeting or optimization
[56]. Additionally, free energy calculations
using methods such as umbrella sampling,
thermodynamic integration, or metadynamics
can be coupled with QM or QM/MM models to
estimate reaction kinetics and binding affinities
more accurately. By capturing both electronic
effects and environmental influences, energy
and reactivity analyses provide a mechanistic

cloud platforms

foundation for designing more potent and
selective therapeutics [57].

Pharmacophore Modeling
Concept and Generation

Pharmacophore @ modeling is a  key
computational technique in drug discovery that
represents the essential spatial arrangement of
molecular features required for optimal
interaction with a specific biological target [58].
A pharmacophore is defined as an abstract, 3D
ensemble of features—such as hydrogen bond
donors/acceptors, hydrophobic centers,
aromatic rings, and positive or negative
ionizable groups—that are responsible for a
molecule’s biological activity. The concept is
based on identifying the common features
shared among a set of active compounds, or
deducing the interaction features directly from
the structure of a known receptor-ligand
complex. Ligand-based pharmacophore
modeling involves aligning multiple active
ligands to extract a shared pharmacophore,
while structure-based pharmacophore
modeling derives these features from the 3D
structure of the binding site, often using
protein-ligand complexes obtained from
crystallography or docking studies [59]. Tools
such as LigandScout, Discovery Studio,
PharmaGist, and MOE facilitate pharmacophore
generation by detecting interaction features,
optimizing spatial alignment, and validating
models using known actives and decoys. Once
generated, pharmacophore models can be used
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for virtual screening of large compound
libraries, identifying new scaffolds, and guiding
medicinal chemistry efforts by highlighting key
interaction points. By abstracting critical
binding features, pharmacophore modeling
provides a powerful, target-specific approach to
identify novel lead compounds and improve hit-
to-lead progression [60].

In pharmacophore modeling combined with
QM/MM  approaches, the  electrostatic
embedding and mechanical embedding
schemes refer to how quantum mechanical
(QM) and molecular mechanical (MM) regions
interact, particularly in hybrid simulations. In
mechanical embedding, the QM and MM regions
interact only through classical (MM-level) van
der Waals and bonded terms, with no effect of
the MM point charges on the QM electron
density—meaning the QM calculations are
performed as if in a vacuum, unaffected by the
electrostatic environment of the surrounding
MM atoms. This limits accuracy when modeling
systems where polarization effects or charge
transfer between the QM and MM regions are
significant. However, electrostatic embedding
includes the MM point charges in the QM
Hamiltonian, allowing the QM wavefunction to
respond to the electrostatic field created by the
MM atoms. This provides a more realistic
depiction of interactions, especially important
when the active site or pharmacophore region
involves charged or highly polar residues [61].
QM/MM becomes necessary over classical
molecular dynamics (MD) when electronic
effects such as bond breaking/forming, charge
delocalization, tautomerism, metal
coordination, or proton transfer are critical to
understanding ligand binding or
pharmacophore interactions. Classical MD,
based solely on fixed force fields, cannot
account for such electronic changes and may
misrepresent key features of the
pharmacophore if they involve polarization or
electronic rearrangement. QM/MM, especially
with electrostatic embedding, is essential in
modeling systems such as metalloenzymes,
reactive covalent inhibitors, or transition-state
mimetics, where electron redistribution
significantly influences binding or activity, and
precise representation of the electronic

environment is crucial for
pharmacophoric elements [62].

identifying

Virtual Screening Based on Pharmacophores

Virtual screening based on pharmacophores is a
highly efficient and widely used method in
early-stage drug discovery for identifying novel
bioactive compounds from large chemical
libraries. Once a validated pharmacophore
model is generated either from known active
ligands (ligand-based) or from a target's
structural information (structure-based) it
serves as a 3D query to scan databases of small
molecules [63]. Each compound is assessed for
its ability to map onto the defined
pharmacophoric features using conformational
flexibility and spatial arrangement matching
algorithms. Only those molecules that fulfill the
spatial and chemical constraints of the
pharmacophore are retrieved as potential hits.
This technique allows for the rapid and cost-
effective filtering of millions of compounds to
prioritize those most likely to exhibit the
desired biological activity [64]. Advanced
software tools such as LigandScout, Discovery
Studio, Pharmit, ZINCPharmer, and MOE
support  high-throughput pharmacophore-
based virtual screening, often incorporating
scoring functions to rank hits based on
geometric fit, feature alignment, and energy
terms. This method is especially valuable for
identifying scaffold-hopping candidates, novel
chemotypes, and non-obvious bioisosteres that
may not emerge from conventional similarity
searches. By focusing on key interaction
features rather than full chemical structure,
pharmacophore-based virtual screening
enables broader chemical diversity and
increases the chances of discovering unique,
potent lead compounds [65].

Figure 3 demonstrates the workflow of virtual
screening based on pharmacophore modeling, a
technique used to identify potential drug
candidates from a compound library. It begins
with a library of curcumin derivatives, which
are structurally diverse compounds. A known
active compound, Axitinib, is used to generate a
pharmacophore query model by identifying
essential chemical features required for
biological activity, such as hydrogen bond
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Figure 3: Virtual screening based on pharmacophore

Validation and Optimization

Validation and optimization are critical steps in
pharmacophore modeling to ensure the
reliability and predictive performance of the
generated model before it is applied to virtual
screening.  Validation typically involves
assessing the model's capability to discriminate
between known active and inactive compounds
using statistical metrics such as sensitivity,
specificity, enrichment factor (EF), and receiver
operating characteristic (ROC) curves [66]. A
well-validated pharmacophore should correctly
identify a high percentage of actives while
minimizing false positives. Common validation
approaches include test set validation, where
the model is applied to a curated set of known
actives and decoys, and cross-validation, which
involves building and testing multiple models
based on different ligand subsets. Following
validation, optimization may be necessary to
improve model performance. This can involve
refining the spatial arrangement and tolerance
of pharmacophoric features, adjusting feature
weights, or incorporating excluded volumes to
account for steric hindrance within the binding
pocket [67]. In structure-based models,
optimization may also include reanalyzing the
protein-ligand interactions or integrating
additional structural data. Some tools such as
LigandScout, MOE, and PharmaGist offer built-
in workflows for both validation and

optimization. Rigorous validation and careful
refinement enhance the model’s ability to
retrieve novel and biologically relevant
compounds, making pharmacophore screening
a powerful tool for hit identification and lead
generation in drug discovery pipelines [68].

ADMET Prediction and Optimization
In Silico Prediction (ADME and Toxicity)

In silico ADMET prediction is a crucial
component of modern drug design, aiming to
assess and optimize the pharmacokinetic and
safety profiles of drug candidates early in the
development pipeline. ADMET properties such
as absorption, distribution, metabolism,
excretion, and toxicity determine a compound’s
in vivo performance and are major contributors
to late-stage drug attrition [69]. Computational
tools use quantitative structure-activity
relationship (QSAR) models, machine learning
algorithms, and rule-based filters (eg.,
Lipinski’s Rule of Five) to predict ADMET
characteristics based on molecular structure.
Absorption predictions focus on some factors
such as intestinal permeability, solubility, and
P-glycoprotein interactions, while distribution
models estimate the volume of distribution,
plasma protein binding, and blood-brain barrier
penetration. Metabolism is analyzed using
models that simulate cytochrome P450
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(CYP450) interactions, enzyme
inhibition/induction potential, and metabolic
stability [70]. Excretion predictions include
renal clearance and biliary elimination, while
toxicity models assess risks such as
hepatotoxicity, cardiotoxicity (eg, hERG
inhibition), mutagenicity, and carcinogenicity.
Tools such as SwissADME, admetSAR, pkCSM,
Derek Nexus, and TOPKAT are commonly used
to perform these predictions. Integrating

ADMET screening early in the drug discovery
process helps prioritize compounds with
favorable safety and pharmacokinetic profiles,
reduces experimental costs, and improves the
likelihood of clinical success. Moreover, the
iterative ADMET optimization—guided by
predictive modeling—can inform structural
modifications to enhance drug-likeness without
compromising efficacy [71].

Table 3: In silico ADMET profiling tools for structure-based drug design

ADMET In Silico Prediction Key Tools and Relevance to SBDD Ref.
Parameter Methods Software
Absorption Lipinski's Rule of SwissADME, Helps pre-filter [72]
Five, Caco-2 ADMETlab, pkCSM, compounds with
permeability models, and QikProp poor oral
and logP/logD bioavailability
Distribution Volume of pkCSM, ADMET Predicts tissue [73]
distribution (Vd), Predictor, penetration and CNS
plasma protein PreADMET availability
binding (PPB), and
BBB models
Metabolism CYP450 interaction SMARTCyp, Avoids metabolic [74]
prediction, metabolic MetaSite, FAME 3, liabilities and drug-
site identification and ADMETlab drug interactions
Excretion Renal clearance, total pkCSM and Ensures appropriate [75]
clearance, and half- ADMETlab dosing and
life (t%2) estimation elimination profile
Toxicity hERG inhibition, ProTox-1I, VEGA Filters out toxic hits [76]
mutagenicity (Ames QSAR, Toxtree, early in drug
test), hepatotoxicity ADMET Predictor development

Integration with SBDD Workflow

The integration of ADMET prediction and other
computational  methodologies into  the
Structure-Based Drug Design (SBDD) workflow
enhances the efficiency, accuracy, and
translational success of drug discovery efforts.
SBDD typically begins with identifying and
modeling a biologically relevant target,
followed by structure analysis, ligand design,
and molecular docking. At each stage, in silico
ADMET prediction tools can be employed to
filter out compounds with poor
pharmacokinetic or toxicity profiles, thereby
minimizing the risk of late-stage failure [77].
After initial docking and binding affinity
assessments, top-ranking hits undergo ADMET
profiling, which helps prioritize compounds not
only based on efficacy, but also on their drug-
likeness and safety. Additionally, molecular

dynamics simulations and QM /MM calculations
can refine binding poses and explore reaction
mechanisms, while parallel pharmacophore
modeling can assist in the identification of
novel scaffolds [78]. This iterative process
enables medicinal chemists to perform
structure-guided optimizations that enhance
both binding affinity  and  ADMET
characteristics. =~ Moreover,  contemporary
workflows often integrate machine learning
models to predict multi-parameter optimization
(MPO) outcomes, aligning potency, selectivity,
and developability within a unified decision-
making framework. By seamlessly combining
target  structural  information,  binding
energetics, and predictive
pharmacokinetics/toxicology, SBDD workflows
become increasingly data-driven and rational,
accelerating the transition from hit to lead and
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ultimately to preclinical candidates with

improved success rates [79].

Artificial Intelligence and Machine Learning in
SBDD

9.1. Deep Learning Models for Drug Discovery

Deep learning, a subfield of machine learning,
has emerged as a transformative tool in
structure-based drug design (SBDD), enabling
the automatic extraction of complex, nonlinear
relationships from large and multidimensional

datasets. Deep learning models, such as
convolutional neural networks (CNNs),
recurrent neural networks (RNNs), graph

neural networks (GNNs), and transformer
architectures, are increasingly applied to
predict molecular properties, protein-ligand
interactions, binding affinities, and ADMET
profiles with high accuracy [80]. In drug
discovery, these models are trained on vast
datasets comprising molecular structures,
bioactivity data, and protein-ligand complexes
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to learn underlying patterns that conventional
methods may overlook. For example, CNNs are
used to process 3D voxelized representations of
protein binding pockets and ligand structures
to predict docking scores, while GNNs treat
molecules as graphs, effectively capturing
atomic connectivity and molecular topology for
tasks such as property prediction and de novo
drug design. Platforms such as DeepChem,
AtomNet, MolBERT, and AlphaFold showecase
how deep learning can accelerate hit
identification, optimize binding poses, and
improve protein structure prediction [81].
These models not only reduce the time and cost
associated with traditional experimental
screening, but also enhance predictive power
and scalability across diverse chemical and
biological spaces. As data availability continues
to grow, the integration of deep learning into
SBDD workflows holds great promise for
discovering novel therapeutics with improved
efficacy, selectivity, and safety profiles as
shown in Table 4 [82].

Table 4: Overview of artificial intelligence models and databases in structure-based drug design

Model / Type Application
Dataset
DeepChem ML General-
Framework / purpose drug
Toolkit discovery
platform
MoleculeNet Benchmark Evaluating ML
Dataset models on
chemical data
AlphaFold2 Deep Learning Protein
Model structure
prediction
D-MPNN Graph Neural Molecular
(Chemprop) Network property
prediction
MolBERT Transformer Molecular
Model representation
learning
AtomNet 3D CNN Structure-based

virtual
screening

Key Features Example Use Ref.
Cases
Provides tools Toxicity [83]
for molecular prediction,
featurization, QSAR
ML pipelines modeling, and
virtual
screening
Standardized Solubility, [84]
datasets for toxicity, and
molecular binding affinity
properties
Predicts 3D Structure- [85]
structures with  based docking,
high accuracy binding site
from sequence prediction
Directed ADMET [86]
Message prediction,
Passing Neural bioactivity
Network scoring
Pretrained on Molecular [87]
SMILES using generation,
NLP-style activity
techniques prediction
Uses 3D Hit [88]
protein-ligand identification
structures to in kinase
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Integration with Molecular Docking and QSAR

Artificial intelligence (Al) and machine learning
(ML) are increasingly being integrated with
traditional computational techniques such as
molecular docking and quantitative structure-
activity relationship (QSAR) modeling to
enhance the precision and efficiency of
structure-based drug design (SBDD) [89]. In
molecular docking, ML algorithms are
employed to improve scoring functions, predict
binding affinities, and prioritize ligand poses
with greater accuracy by learning from large
datasets of known protein-ligand complexes.
This approach addresses the limitations of
classical scoring functions that often fail to fully
capture complex intermolecular interactions.
Simultaneously, ML models enhance QSAR
analyses by identifying non-linear and higher-
order relationships  between  chemical
descriptors and biological activity, that
conventional regression models might miss
[90]. Techniques such as random forests,
support vector machines (SVMs), and deep
neural networks (DNNs) are commonly used to
construct robust, predictive QSAR models for
virtual screening and lead optimization.
Furthermore, hybrid frameworks are being
developed in which Al models guide docking-
based screening by filtering libraries for drug-
likeness and ADMET properties, while docking
results feed back into ML pipelines for iterative
refinement. This synergy enables more accurate
hit identification, reduces false positives, and
allows for data-driven molecular optimization,
making Al-driven docking-QSAR integration a
powerful strategy for accelerating drug
discovery and enhancing predictive reliability
in SBDD [90].

Challenges and Future Directions

Despite their transformative role in modern
drug discovery, current computational methods

predict binding inhibitors

in structure-based drug design (SBDD) face
several critical limitations that constrain their
predictive accuracy and translational reliability.
One major challenge is the static nature of
protein structures used in molecular docking,
which often fail to capture the dynamic
conformational changes that occur during
ligand binding. Although molecular dynamics
(MD) simulations provide dynamic insights,
they are computationally intensive and
sensitive to force field limitations. Additionally,
scoring functions used in docking often
oversimplify  intermolecular interactions,
leading to false positives or inaccurate binding
affinity predictions. In virtual screening, the
quality and chemical diversity of compound
libraries, as well as the completeness of protein

structural  data, significantly  influence
outcomes. Pharmacophore models and QSAR
techniques may suffer from data bias,

overfitting, and limited applicability domains if
not validated rigorously. Even with the advent
of Al and machine learning, the interpretability
and generalizability of many models remain
problematic due to the “black-box” nature of
deep learning algorithms and the dependence
on large, high-quality annotated datasets.
Moreover, computational predictions often lack
experimental correlation, necessitating time-
consuming and costly in vitro or in vivo
validation. These limitations underscore the
need for improved algorithms, enhanced
integration with experimental workflows, and
more interpretable, physiologically relevant
computational frameworks in the future. Next-
generation technologies such as artificial
intelligence (Al) and quantum computing are
poised to revolutionize structure-based drug

design (SBDD), providing unprecedented
opportunities to overcome the limitations of
traditional = computational = methods. Al

particularly through deep learning, enables the
rapid identification of novel drug candidates by
learning  complex  molecular  patterns,
predicting protein-ligand interactions, and
optimizing ADMET profiles with high accuracy.
Some tools such as AlphaFold2 have already
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demonstrated the power of Al in protein
structure prediction, while graph-based neural
networks and transformer models are enabling
more nuanced molecular generation and
property prediction. Meanwhile, quantum
computing promises to transform molecular
simulations by solving quantum mechanical
equations exponentially faster than classical
computers. This could enable highly accurate ab
initio  calculations, electronic  structure
predictions, and reaction pathway modeling,
even for large biomolecular systems. Hybrid
quantum/classical algorithms such as the
Variational Quantum Eigensolver (VQE) are
being explored to compute binding affinities
and energy landscapes with unprecedented
precision.

Conclusion

The exploration of computational chemistry
techniques for structural elucidation
underscores their pivotal role in modern
chemical and pharmaceutical research. By
integrating rigorous quantum mechanical
frameworks with scalable molecular mechanics
models, researchers can simulate, predict, and
refine molecular structures with remarkable
accuracy. These methodologies, when paired
with dynamic simulations and machine learning
algorithms, not only accelerate drug discovery,
but also provide deep insights into reactivity,
conformational flexibility, and biomolecular
interactions. The synergistic use of QM/MM
hybrids, solvation models, and Al-driven
potentials enables researchers to model
complex biological systems more realistically.
This convergence of computational efficiency
and molecular precision represents a paradigm
shift in how structural data is interpreted and
utilized. Ultimately, the continued refinement
and integration of these tools will expand the
frontier of molecular design, fostering
innovation across medicinal chemistry,
materials science, and chemical informatics.
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