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Quantum Mechanics in Biomolecular Simulations:
Benefits and Cost-Reduction Strategies for Integrated
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Mecénica Quéantica em Simulacées Biomoleculares: Beneficios e
Estratégias de Reducado de Custos para Abordagens Integradas QM/MM

Tainah M. R. Santos,®™ Mateus A. Goncgalves,** Teodorico C. Ramalho®<*

Quantum calculations play a fundamental role in understanding biological systems at the atomic level, as
they allow detailed investigation of electronic interactions, enzymatic mechanisms, and molecular recognition
processes. However, the direct application of these methods to large biomolecules is limited by the high
computational cost involved. An efficient alternative consists of combining classical Molecular Mechanics
(MM) simulations, such as molecular dynamics, with quantum mechanical (QM) methods, enabling a more
comprehensive multiscale description. This hybrid approach, however, introduces another challenge: classical
simulations generate a very large number of conformations, which makes it impractical to perform quantum
calculations on every frame. Therefore, the efficiency of this strategy depends on selecting a reduced and
representative set of structures to be analyzed in subsequent quantum stages. In this mini-review, we present
three complementary methods to achieve this selection: (1) Clustering, (2) Statistical Inefficiency (SI), and
(3) Optimal Wavelet Signal Compression Analysis (OWSCA). This filtering step makes it possible to explore
quantum effects with high accuracy without compromising conformational representativeness, drastically
reducing the computational cost and expanding the applicability of a sequential workflow of hybrid QM/
MM methodologies to the study of complex biological systems.

Keywords: QM/MM calculations; computational cost; clustering methods; statistical inefficiency;
OWSCA.

1. Introduction

The late 19th and early 20th centuries were marked by major scientific breakthroughs that
witnessed the emergence of a theory destined to revolutionize the entire understanding of the
atomic universe: Quantum Mechanics (QM). This theoretical computational method is primarily
grounded in the formalism of mathematics and physics.!

Centered around the concept of the wave function, it stands out as a powerful tool for the
investigation of chemical systems, enabling the accurate description of molecular structures,
reaction mechanisms, and electronic properties at the atomic level. Its development laid the
foundation for modern computational chemistry and continues to influence a wide range of
scientific disciplines.?

With the advent of modern computers capable of performing high-level numerical
calculations, quantum calculations have proven to be a powerful tool in the investigation of
chemical, physical, and biological systems.? This technological evolution has not only enhanced
the precision of theoretical predictions but also significantly reduced the need for costly and
time-consuming experimental procedures. As a result, many scientists rely on Computational
Chemistry to predict or assess a wide range of molecular, spectroscopic, thermodynamic, and
kinetic properties of interest, facilitating the rational design of new drugs and biocatalysts with
increased efficiency and reliability.*

Consequently, Computational Chemistry applied to the study of biological systems has
evolved substantially over the years. A clear testament to this progress is the awarding of the
2024 Nobel Prize in Chemistry to scientists David Baker, Demis Hassabis, and John Jumper.®
Their contributions were recognized for the development of computational tools capable of
predicting the three-dimensional structure of proteins, as well as designing novel proteins with
specific functions. These advances have not only deepened our understanding of fundamental
biological mechanisms but also opened new frontiers in drug discovery, enzyme engineering,
and synthetic biology.
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Biological systems — particularly proteins — lie at the
core of molecular activity in living organisms. The three-
dimensional structure of these biomolecules determines
their function, ranging from enzymatic catalysis to cellular
recognition and signaling. Understanding these structures
from quantum principles enables the elucidation of
fundamental electronic interactions, stabilization energies,
and conformational changes that govern functional
behavior. Such advances highlight the relevance of
exploring the structural and functional aspects of biological
macromolecules in greater depth.’

As shown, quantum calculations have become essential
for investigating and understanding biological systems at the
atomic level. By explicitly describing the electronic structure
of biomolecules, these methods enable the elucidation of
enzymatic catalysis mechanisms, the prediction of protein-
ligand interactions, the characterization of electronic and
vibrational spectra, and the understanding of energy and
electron transfer processes that are fundamental to life.?

Moreover, quantum approaches provide insights into
reaction pathways, transition states, and intermediate
species that are often inaccessible through experimental
techniques alone. This detailed molecular-level information
supports drug design, biomarker discovery, and the rational
engineering of enzymes and biomaterials, thereby bridging
the gap between theoretical predictions and practical
biomedical applications.’

However, to evaluate different chemical environments,
as well as to explore conformational space and account
for thermal and solvent effects, Molecular Dynamics
(MD) simulations are more widely employed.'™!> The
combination of MD with subsequent quantum calculations
on representative frames makes it possible to simultaneously
capture the dynamic nature of biomolecules and the quantum-
level details required to understand their behavior in complex
biological environments. This sequential hybrid workflow —
often referred to as sequential QM/MM or more generically
classified as integrated quantum-—classical (QM/MM)
approaches — is recognized as a robust standard in studies
of reactive biomolecular systems and forms the basis of
recent implementations that link extensive MD sampling
with accurate electronic structure calculations."

In line with this, an important application employing
quantum NMR (Nuclear Magnetic Resonance) calculations
was carried out to evaluate the chemical shift of platinum
in two distinct chemical environments: aqueous and
enzymatic.'' However, in order to investigate the behavior
of the PI3K—(platinum complex) system in different
environments, it was first necessary to simulate this system
using Molecular Dynamics (MD) to account for thermal
and solvent effects, thereby allowing energy barriers to be
overcome and new conformations to be explored.' !

A similar approach was adopted by Gongalves et al. (2022),
who combined MD and quantum chemical calculations
to investigate the structural and spectroscopic properties
of metal-based complexes in biological environments,
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reinforcing the importance of hybrid methodologies for
accurate modeling of metallodrugs.'® In this regard, the
sequential workflow of quantum chemistry methods and
Molecular Dynamics simulations has proven essential for
the accurate investigation of complex biomolecular systems,
particularly in the context of metal-based drugs and their
interactions in biological environments.'?

In this context, the importance of Molecular Dynamics
—whose formalism is based on Molecular Mechanics (MM)
—can be emphasized for the computational study of complex
systems. These methods allow for the simulation of atomic
motions of proteins, nucleic acids, and other biomolecules
within a realistic virtual environment, providing detailed
insights into conformational flexibility, structural stability,
and molecular interactions over time, as highlighted in
“Biomolecular Dynamics in the 21st Century”."

On the other hand, MD simulations generate a significantly
large number of conformations, making it impractical to
subsequently perform quantum calculations on all these
structures due to the associated computational cost. In this
regard, it becomes essential to apply techniques that select
the most representative conformations from the classical
simulations, thereby reducing the computational burden of
the subsequent quantum mechanical (QM) calculations.!

The combination of Molecular Mechanics
(MM) techniques with Quantum Mechanics (QM)
approaches enables, within a sequential workflow, the
assessment of (1) thermal effects, (2) solvent effects,
and (3) conformational space sampling. Following the
appropriate selection of representative frames, it becomes
possible to investigate (4) quantum properties of the selected
structures. This sequential hybrid approach, involving QM/
MM methodologies, constitutes a powerful strategy for
multiscale modeling.”

As can be seen, in order to successfully apply the
aforementioned hybrid approach, it is necessary that,
following classical molecular dynamics simulations (MM),
the most representative conformations be selected so that
subsequent QM calculations can be focused on them
— thereby reducing the computational cost of quantum
mechanical computations.'" In light of this, in the present
mini-review, we present three principal methods (Clustering,
Statistical Inefficiency and OWSCA) for selecting the most
relevant conformations obtained from MD simulations.

2. Techniques to Reduce the Computational
Cost in Sequential Hybrid QM/MM Methods

2.1. Clustering

This selection method uses the Geometric clustering
performed to identify similar structures sampled during
the MD simulation. There are several different clustering
methods, one of the most often used clustering algorithms
applied to MD trajectories is the one developed by Daura’s
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research group.'® By applying this strategy, it becomes
possible to capture the most recurrent structural patterns
while minimizing redundancy, thereby improving the
efficiency of downstream analyses. In addition, geometric
clustering offers a clearer view of how conformational states
are distributed along the simulation, supporting a more
detailed interpretation of dynamic behavior and transitions
between relevant structural populations.'®

Clustering is the most suitable computational intelligence
technique for dividing MD conformations into structurally
homogeneous groups and for quickly understanding the
resulting sets. In this approach, every MD conformation is
divided into several groups by using a measure of similarity/
dissimilarity. Clustering of MD conformations is especially
useful for molecular docking simulations since it provides
groups of similar receptor structures. In that regard,
clustering of MD conformations is particularly relevant in
molecular docking studies because MD simulations generate
a large ensemble of receptor conformations that capture its
intrinsic flexibility. By grouping similar structures according
to a similarity metric (typically pairwise RMSD), clustering
allows the identification of representative conformational
states. These representative structures are commonly used
in ensemble docking approaches, reducing the number of
redundant conformations and enabling a more efficient
and realistic evaluation of ligand-receptor interactions.
MD conformations that are placed in the same group are,
according to some criterion, similar to each other and
dissimilar from the conformations of other groups. Hence,
if a receptor conformation belongs to a cluster that interacts
favorably with a specific ligand, one could assume that other
conformations within the same cluster will behave similarly.
Otherwise, the conformations belonging to this cluster are
considered unpromising and consequently may be discarded
in order to reduce the number of docking experiments in
the model."

The method is based on the mutual RMSD (root-mean-
square deviation) between all conformations sampled
during the MD simulation. The Root mean square deviation
(RMSD) values obtained by pairwise or matrix error
distances are the most traditional and popular measure of
similarity used for partitioning MD trajectories, allowing
the extraction of representative structures, identification
of dominant conformational states, and simplification of
complex dynamical data.?

For instance, Lyman and Zuckerman (2006) generated
a set of reference structures by enforcing a cutoff radius
in RMSD for cluster assignment from biomolecular
simulation trajectories of metenkephalin, a pentapeptide
neurotransmitter.”! On the other hand, Shao and co-workers
(2007) made use of several clustering algorithms and two
validity metrics to find the best clustering partition based
on the pairwise RMSD values of small samples from an
MD trajectory.?

Thus, as can be seen, the clustering method is very
effective for the selection of MD structures, used in the
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selection of proteins and organic molecules. The spectral
clustering used is robust to anomalies introduced by
structural alignment, and different intrinsically disordered
protein classes can be reliably discriminated, leading to a
high level of reliability. In addition, its ability to capture
subtle similarities in high-dimensional conformational data
makes it particularly useful for exploring heterogeneous
ensembles. This ensures a more accurate representation
of the underlying conformational landscape and improves
the selection of representative structures for subsequent
computational analyses.

2.2. Statistical Inefficiency (SI)

Another widely used and robust method for structure
selection is the Statistical Inefficiency (SI)-based approach,
which focuses on the temporal correlations within molecular
dynamics trajectories to identify statistically uncorrelated
configurations. This ensures that the selected structures are
not biased by the intrinsic autocorrelation of the simulation
data, providing a representative and independent subset of
configurations. Canuto and Coutinho’s research group have
proposed and applied the sequential quantum mechanical/
molecular mechanics methodology. This methodology
suggests the structure selection by using Statistical
Inefficiency (SI) calculations and has been previously
reviewed on several different occasions.”? The method can
be efficiently applied in the treatment of MD signals. The
method uses the autocorrelation energy function to calculate
the correlation time (t), which is obtained by an exponential
decay following a Markovian process, equation 1. Thus,
through the autocorrelation function, it is possible to calculate
the correlation time (t) and, then obtaining the statistical
inefficiency (s), equation 2. The correlation time between
the structures shows that they are statistically different.?>*

C(n)= ic, e ()
i=1
1= TC(t)dt (2
0

Following this line, the statistical inefficiency (s) occurs
when the configurations are separated by 2t (s = 2t) or
larger intervals, i.e., in this interval, there is no correlation
among the configurations. Thus, the SI method was used to
obtain the uncorrelated MD configurations. In this sense,
it is observed that the uncorrelated structures are able to
present statistically the same results of all the structures
obtained by the MD simulation.** For example, in the
selection of MD structures by the statistical inefficiency
method of compound 3-FeOOH, a correlation time of
0.42 fs was obtained for this simulation, resulting in
7801 conformations. With this treatment, 208 uncorrelated
structures were obtained, a very significant reduction from
the total number of initial structures. Figure 1 shows the
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graph of the autocorrelation function as a function of time,
in picoseconds, for 3-FeOOH.*

C(t) - autocorrelation function

T v T T v T T T T
O 200 400 600 SO0 1000 1200 1400 1600 1800 2000
t(picoseconds)

Figure 1. Graph of the auto-correlation function for the time in
picoseconds of 3-FeOOH. The blue curve is the correction and the red
curve the adjustment done

As already observed in Figure 1, the decay of the time
autocorrelation function is used to estimate the correlation
time (1) of the 5-FeOOH MD trajectory. As shown, the curve
rapidly converges toward zero, indicating that configurations
separated by intervals greater than 2t are effectively
uncorrelated. The blue line represents the calculated
autocorrelation values, while the red line corresponds
to the fitted curve used to determine t. This behavior
corroborates the use of the statistical inefficiency method
by visually demonstrating the point at which correlations
vanish, reinforcing the selection of statistically independent
configurations. Altogether, this analysis strengthens the
rationale behind the structural selection approach adopted
in this study.

2.3. Optimal Wavelet Signal Compression Algorithm
(OWSCA)

Another method of selecting MD structures that is also
being widely used is the so-called Optimal Wavelet Signal
Compression Algorithm (OWSCA), which is based on the
wavelet transform. Wavelets are functions used as tools for
processing or manipulating data to analyze them at different
resolution scales, and aiming, mainly, to detect transients,
remove noise, and compress data. This method enables the
identification of the most relevant conformational changes
by decomposing the MD signal into distinct frequency
components, allowing a more accurate and compact
representation of the system’s dynamics. As a result, it
selects a reduced number of structures that still capture the
essential features of the trajectory, making it particularly
efficient for subsequent quantum mechanical calculations
or detailed analyses.?*?’

Wavelet transformations can be interpreted as
mechanisms for data decomposition into their constituent
parts, allowing them to be analyzed in different ranges of
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frequencies and space. The discrete wavelet transform can
be defined by equation 3.

dy= [ 1O, 3)

Where d, , is the discrete wavelet transform of f(7), which
results in a vector of coefficients d. It is possible to calculate
the value of the wavelet from the shrinkage (or expansion)
and translation of a simple wavelet-mother function (V).
When changing the index m, the location of the wavelet in
the domain changes; when changing the index n, the scale
of the wavelet changes (shrinking or stretching function).

In the selection of MD structures, the Haar wavelet
(simplest of the wavelet transforms) is used, which was
proposed in 1909 by the Hungarian mathematician Alfred
Haar.”® The Haar transform is a particular case of the discrete
wavelet transform. The Haar function is a square pulse that
uses an orthonormal basis defined over the interval [0,1],%° as
described below in equation 4. Figure 2 shows the treatment
of the MD signal for the [Fe(H,0)4]** complex; the signal in
black is the original, and in red it is the compressed signal.
It can be observed that the original data set x(#) presents a
high oscillatory (noisy) profile while the compressed data
set y(t) presents a smoother profile, not equidistantly spaced.
Thus, the original signal has a total of 7801 conformations
and the compressed signal has 50 conformations, where it is
possible to observe that the treatment of the MD simulation
signal considerably reduces the number of structures.?

x 10°
7.84; .

-7.845 (

Energy

-7.855

-7.86
4 5 6 7 8 9 10

time (fs) x 10*

Figure 2. Energy of MD [Fe(H,0)4]** conformations (original and
compressed) at each time (fs)

-1 0<r<05
Vi () =(1 05<1<1 4)

0 otherwise

In this context, the term MD signal refers to the numerical
values of a selected descriptor extracted at each step of the
molecular dynamics simulation, as illustrated in Figure 2.
As shown, the OWSCA method efficiently compresses MD
simulation data by significantly reducing the number of
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conformations while preserving essential structural features.
This capability not only decreases computational cost but
also improves the clarity of data interpretation by filtering
out noise and redundant information. Consequently, it
enables researchers to focus on the most relevant molecular
motions and conformational changes, facilitating more
accurate identification of functional states and transition
pathways. Additionally, by providing a compressed yet
representative subset of structures, OWSCA supports
enhanced sampling techniques and subsequent high-level
quantum mechanical calculations that would otherwise
be computationally prohibitive. The method finds broad
applications in biomolecular studies, coordination chemistry,
and materials science, where managing large and complex
datasets without losing critical information is crucial for
accurate modeling, drug design, materials optimization,
and the exploration of reaction mechanisms. Moreover, the
systematic reduction achieved through OWSCA contributes
to improved reproducibility and comparability across
simulations, enabling more robust statistical analyses and
fostering the integration of MD-derived data with machine
learning frameworks. This synergy broadens the potential
for predictive modeling and accelerates the discovery and
rational design of molecular systems.

3. Conclusion

Quantum mechanics has revolutionized our understanding
of the structure of matter by accurately describing the
behavior of particles at the atomic and subatomic scales. Its
rigorous mathematical formalism enables the investigation
of fundamental phenomena such as electronic interactions,
bond formation and dissociation, excited states, and
processes involving charge and energy transfer.

When applied to the study of biological systems, quantum
mechanics provides essential tools for unraveling complex
molecular mechanisms, including enzymatic catalysis,
molecular recognition, protein-ligand interactions, and
spectroscopic properties. However, the high computational
cost associated with quantum calculations imposes
significant limitations on their direct application to large
biomolecules, thus justifying the use of hybrid approaches
that combine classical and quantum methods.

The combination of Molecular Mechanics (MM)
techniques with Quantum Mechanics (QM) approaches,
within a sequential workflow, enables the consideration of
thermal effects, solvent effects, and conformational space
sampling. Once representative structures are appropriately
selected from molecular dynamics simulations, it becomes
possible to explore their quantum properties with greater
efficiency and precision. This stepwise hybrid strategy,
based on QM/MM methodologies, constitutes a powerful
approach for multiscale modeling of complex systems.

As demonstrated, the successful application of this
hybrid methodology critically depends on selecting the
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most representative conformations following classical
molecular dynamics simulations. This selection step ensures
that quantum calculations focus solely on the most relevant
structures, thereby significantly reducing the computational
cost while maintaining the scientific rigor of the results.

In this context, the methodologies discussed in this
review — Clustering, Statistical Inefficiency (SI), and Optimal
Wavelet Signal Compression Algorithm (OWSCA) —emerge
as complementary and effective tools for reducing the number
of conformations subjected to quantum mechanical analysis
while preserving structural representativeness.

Each method presents unique features that make it
particularly suitable for specific scenarios: Clustering
excels at grouping similar structures and facilitating the
interpretation of conformational space; the SI method
ensures statistical independence by selecting uncorrelated
structures; and the OWSCA approach offers an efficient
signal compression technique that retains essential structural
information. The most appropriate method should be
selected based on the system under study, the research
objectives, and the available computational resources.

Thus, the intelligent integration of these selection
techniques into QM/MM workflows represents a significant
advancement for computational chemistry applied to
biological systems, enabling both cost-effective calculations
and a more robust, accurate description of electronic and
structural properties at the atomic level.
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