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Abstract

Aromaticity, hydrogen bonding, and metal cofactors are fundamental interactions governing the structure, stability, and function
of biomolecular and catalytic systems. Their accurate computational representation remains a major challenge due to the
combined influence of electron delocalization, polarization effects, and complex quantum mechanical behavior, particularly in
transition-metal environments. Classical molecular mechanics force fields, while computationally efficient, fail to capture these
phenomena reliably, motivating the development of quantum mechanical (QM), hybrid QM/MM, and machine-learning (ML)
enhanced approaches. This article systematically reviews recent advances in the modelling of aromatic stabilization,
hydrogen-bonding dynamics, and metal-ligand coordination using density functional theory (DFT), multi-scale QM/MM
simulations, and modern ML potentials. Benchmark systems including aromatic hydrocarbons, hydrogen-bonded clusters,
peptide fragments, and biologically relevant metal complexes were analyzed using dispersion-corrected DFT functionals and
ML-based force fields trained on high-level QM datasets. Validation metrics such as interaction energies, geometric parameters,
aromaticity indices, hydrogen-bond lifetimes, and metal-coordination stability were employed to assess predictive performance.
The results demonstrate that modern DFT methods accurately reproduce electronic delocalization and interaction energetics,
while QM/MM techniques effectively capture environmental effects in large biomolecular systems. Machine-learning potentials
achieve near-QM accuracy at substantially reduced computational cost, showing strong performance for aromatic systems and
hydrogen-bond networks, though challenges remain for redox-active metal centers and multi-reference electronic states. Overall,
the study highlights that no single modelling strategy is universally optimal. Instead, integrated hybrid frameworks combining
QM accuracy, ML efficiency, and classical scalability offer the most promising pathway toward predictive and interpretable
simulations. Future progress will depend on metal-inclusive training datasets, physics-informed ML architectures, and improved
treatment of polarization and electronic correlation to enable robust modeling across complex chemical space.
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1. Introduction

Aromatic n-systems, hydrogen bonds (H-bonds), and tran-
sition-metal cofactors are ubiquitous in biological macro-
molecules, enzymatic catalysis, and materials [1]. Their be-
haviour controls protein folding, molecular recognition,
electron transfer, and metalloenzyme activity. Despite dec-
ades of development, fully accurate computational treatment
remains difficult because these interactions exhibit: Electron
delocalization (aromaticity), Directionally dependent elec-
trostatics (H-bonding), Strong correlation and variable oxi-
dation states (metal cofactors) [2]. Traditional force fields rely
on fixed-charge approximations, which fail to capture polar-
ization and multi-reference character. Therefore, modern
strategies combine QM calculations, machine learning, and
experimental calibration to enhance predictive capabilities.

Aromatic n-systems, hydrogen bonds (H-bonds), and tran-
sition-metal cofactors are fundamental interaction motifs in
biological macromolecules, enzymatic catalysis, and ad-
vanced materials. These chemical features play crucial roles
in determining protein folding pathways, molecular recogni-
tion events, electron-transfer processes, and the catalytic
efficiency of metalloenzymes. However, accurately model-
ling these interactions remains a major challenge in compu-
tational chemistry due to the complex electronic phenomena
that underlie them. Aromaticity involves extensive electron
delocalization, hydrogen bonding depends on highly direc-
tional electrostatics and polarization effects, and metal co-
factors often exhibit strong electron correlation, variable
oxidation states, and diverse coordination geometries [3, 4].

Traditional molecular mechanics force fields typically rely
on fixed-charge and pairwise-additive approximations, which
are insufficient for capturing polarization, charge transfer, and
multi-reference character inherent to these interactions [5]. As
a result, they often struggle to reproduce experimentally ob-
served structures and energetics. To overcome these limita-
tions, modern computational strategies increasingly integrate
quantum mechanical (QM) calculations, machine-learning—
based potentials, and experimental calibration. These hybrid
approaches offer improved accuracy and scalability, enabling
more reliable predictions of the structural and energetic
properties of complex biomolecular systems [6].

Aromaticity, hydrogen bonding, and metal-ligand interac-
tions have been extensively studied using both experimental
and computational tools. Early computational models relied
heavily on classical molecular mechanics, with force fields
such as AMBER, CHARMM, and OPLS describing non-
bonded interactions using fixed charges and pairwise poten-
tials. While successful for large biomolecular simulations,
these models fail to represent key quantum phenomena such
as m-electron delocalization, cooperative hydrogen bonding,
and the variable electronic structures of transition metals [7,
8].

Quantum mechanical (QM) approaches, especially density
functional theory (DFT), have significantly advanced the
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understanding of these interactions. Studies employing func-
tionals like B3LYP, PBEO, M06-2X, and long-rangecorrected
hybrids have demonstrated improved accuracy in describing
aromatic stabilization energies, intermolecular hydrogen
bonds, and metal coordination geometries As shown in Figure
1. Multi-reference methods such as CASSCF and CASPT2
have further provided insights into metal cofactors with strong
correlation, although at high computational cost [9, 10].

Hybrid QM/MM techniques have become widely used for
metalloenzymes, allowing quantum treatment of the active
site while retaining computational efficiency for the sur-
rounding protein environment. Meanwhile, machine-learning
(ML) force fieldssuch as ANI, SchNet, PhysNet, and
NequlPhave emerged as powerful tools capable of delivering
QM:-level accuracy at near-MM cost [11]. Recent work has
expanded these models to handle aromatic m-Systems, com-
plex water-mediated hydrogen-bond networks, and met-
al-containing datasets, enabling more reliable simulations of
chemically diverse biomolecules [12].

Accurate Modeling of Aromaticity,
Hydrogen Bonding, and Metal Cofactors
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Figure 1. Accurate Modelling of Aromaticity, Hydrogen Bonding,
and Metal Cofactors.

2. Methodology

2.1. Computational Framework

This study integrates quantum mechanical calculations,
ML-enhanced potentials, and classical molecular dynamics
(MD) simulations to evaluate the accuracy of modelling ar-
omatic, hydrogen-bonding, and metal-related interactions as
shown in Figure 2. Three methodological tiers were em-
ployed:

1) Quantum Mechanical Calculations (QM)

a) DFT with ©B97X-D, MO06-2X, and B3LYP-D3
functionals.

b) 6-31+G(d,p) basis set for organic systems.

c) Def2-TZVP/Def2-TZVPP for metal centres.

d) Vibrational frequency calculations to confirm mini-
ma.

2) QM/MM Hybrid Simulations
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a) Metal-containing active sites (Fe, Zn, Cu) treated with
QM.

b) Protein  environment
ff14SB.

¢) Boundary atoms frozen using link-atom formalism.

modelled using AMBER

3) Machine-Learning Potentials
a) ANI-2x for organic and hydrogen-bonding domains.
b) MACE-MP and SchNet for metal-containing com-
plexes.
¢) Training data curated from QM reference energies.
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Figure 2. Overview of computational methodologies used in this study.

The workflow integrates QM (DFT), QM/MM hybrid ap-
proaches, and machine-learning potentials [13, 14]. QM de-
scribes electron delocalization and metal electronic states;
QM/MM captures protein environments; ML accelerates
energy predictions while retaining near-QM accuracy.

2.2. Benchmark Systems

Representative systems were selected to evaluate each in-
teraction type:
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1) Aromaticity: Benzene, heteroaromatic
rings.

2) Hydrogen bonding: Water clusters, formamide dimers,
a-helix segments.

3) Metal cofactors: Fe(ll)-porphyrin complexes, Zn-finger
motifs, Cu(l/I1) coordination spheresas shown in Figure
3.

Hydrogen bonding test sets include water clusters, forma-

mide dimers, and a-helix peptide fragments [15].

naphthalene,
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2.3. Validation Metrics

@ . ° Models were evaluated using:
"""""" Qé"' & 1) Mean Absolute Error (MAE) in interaction energies.
%jQF Y 2) Comparison of geometrical parameters (bond lengths,
(Q [ =% Y angles).
9 ij ‘\ )_ 'a; 3) Aromaticity descriptors (HOMA, NICS).
= A - pr— 4) Hydrogen bond lifetimes from MD trajectories.
" 0 T 5) Metal—ligand coordination stability (RMSD, spin-state
- ° ordering).
*’o MAE (Mean Absolute Error) measures energy deviations;
el geometric descriptors compare bond lengths and angles; ar-
o omaticity was evaluated using HOMA and NICS; hydro-

gen-bond lifetimes were extracted from MD trajectories;
metal-ligand stability was analysed via RMSD and spin-state
orderingas shown in Figure 4 [16, 17].

Figure 3. Representative benchmark systems used to evaluate the
modelling of aromaticity, hydrogen bonding, and metal cofactors.

"
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Figure 4. Key validation metrics used for accuracy assessment.
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3. Results & Discussion

3.1. Aromaticity Modelling

DFT functionals incorporating dispersion (©B97X-D,
MO06-2X) showed superior performance, reproducing
bond-length equalization and resonance energies with MAE <
1 kcal/mol. Classical force fields failed to capture subtle

variations in aromatic stabilization, especially in heterocycles
[18, 19]. ML models performed comparably to DFT for small
aromatic systems, suggesting strong generalizability. Aroma-
ticity requires electronic delocalization, which classical
models cannot accurately replicate without ML correction or
QM reference data [20].
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Figure 5. Overview of aromaticity modelling approaches.

Aromaticity evaluation combines electronic structure (de-
localized w-electrons), geometric symmetry, and magnetic
response, assessed using modern DFT and machine-learning
models as shown in Figure 5. DFT functionals incorporating
dispersion corrections (such as ®B97X-D and MO06-2X)
demonstrated superior performance in capturing aromatic
stabilization. These methods reproduced bond-length equali-
zationandresonance energieswithMAE < 1 kcal/mol across
benchmark aromatic systems [21]. Classical force fields
lacked the capacity to model subtle variations in electron
delocalizationparticularly in heteroaromatic ringsdue to their
inability to represent mw-resonance explicitly. Ma-
chine-learning (ML) models showed near-DFT accuracy for
small aromatic systems, demonstrating strong generalizability
and providing faster predictions suitable for large-scale
screening [22, 23].

3.1.1. Challenges in Aromaticity Modelling

Aromaticity arises from cyclic m-electron delocalization.
Accurately representing it requires:

1) Proper bond-length equalization.

2) Correct electron currents under magnetic fields.

3) Resonance energy quantification.

Classic force fields cannot represent m-resonance or aro-

matic  stabilization directly. Aromaticity is a mul-
ti-dimensional property and is difficult to represent computa-
tionally because accurate modelling requires:

Bond-length equalization across the ring

1) Electron current prediction under magnetic fields.

2) Resonance energy quantification.

3) Simultaneous treatment of geometry + electronic struc-

ture + magnetism.

Classical force fields cannot capture these effects because
they lack electron delocalization and treat bonds as fixed
harmonic potentials [24, 25].

3.1.2. Quantum Mechanical Approaches

Density Functional Theory (DFT) remains the dominating
approach. Modern functionals such as ®B97X-D, M06-2X,
and B3LYP-D3 accurately capture dispersion and delocali-
zation.

Aromaticity indicators commonly used include:

1) Nucleus-Independent Chemical Shifts (NICS)

2) Harmonic Oscillator Model of Aromaticity (HOMA)

3) Aromatic Stabilization Energies (ASE)

Combined use of magnetic and structural indices gives a
multi-dimensional view [26].
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3.1.3. Machine-Learning Aromaticity Models

Graph neural networks (GNNs) and equivariant neural
networks can learn m-electron delocalization patterns from
QM datasets. ML-based energy predictions outperform clas-
sical force fields and allow rapid screening [27]. Aromaticity

evaluation combines electronic structure (delocalized
n-electrons), geometric symmetry, and magnetic response,
assessed using modern DFT and machine-learning models.
Limitations include dependence on training-set quality and
reduced interpretability compared to quantum methods as
shown in Table 1.

Table 1. Comparison of Aromaticity-Modelling Approaches.

Method Strengths

Fast, scalable, used in MD

Classical Force Fields . .
simulations

DFT (0B97X-D,
MO06-2X, B3LYP-D3)

NICS (Magnetic de-
scriptor)

Captures dispersion, n-delocalization,
resonance; good for NICS/HOMA

Excellent for magnetic response;
widely used

HOMA (Geometric
descriptor)

Simple, structure-based, useful for
large molecules

ASE (Energetic de-
scriptor)

ML Models (GNNSs,
equivariant NNs)

Direct measure of stabilization

Near-QM accuracy with force-field
speed; scalable

3.2. Hydrogen Bonding

DFT reproduced hydrogen-bond energies within 0.3-0.6
kcal/mol of experimental benchmarks. Classical force fields
systematically underestimated cooperative effects in water
clusters, while ML potentials such as ANI-2x accurately
captured both linear and bifurcated hydrogen bonds. MD
simulations revealed that polarizable force fields (AMOE-
BA+) significantly improved H-bond lifetimes compared to
fixed-charge models. Polarization and cooperativity are es-
sential for realistic hydrogen-bond dynamics [28].

3.2.1. Nature of Hydrogen Bonding

H-bonds include electrostatics, polarization, charge transfer,
and dispersion. They determine protein secondary structure,
solvation, and ligand-binding affinity. Their energies vary
from 1-40 kcal/mol depending on environment.

3.2.2. Classical vs. QM Descriptions

Classical force fields (AMBER, CHARMM, OPLS) rep-
resent H-bonds implicitly via Lennard—Jones and Coulombic
terms. However, they neglect: Cooperative effects,
Many-body polarization and Proton-shared or low-barrier
hydrogen bonds. QM (DFT, MP2) accurately describes
H-bond formation and breaking but is costly for large systems
[29].

Limitations

Cannot model n-delocalization; no
magnetic response; poor for heterocycles

Computationally expensive for large sys-
tems; functional-dependent

Overestimates aromaticity in anisotropic
fields

Geometry alone may not reflect electron
currents

Requires reference reactions; sensitive to
method

Needs extensive QM training data; limited
interpretability
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Typical Accuracy

Low for aromaticity
(qualitative only)

High (MAE < 1 kcal/mol
for resonance energies)

High for comparative
studies

Medium-high

High with good reference
data

High for small-medium
aromatics

3.2.3. Vibrational Signatures and Water Networks

Hydrogen bonding strength correlates with OH/NH vibra-
tional frequencies. Modelling these requires anharmonic
corrections, which modern ab initio molecular dynamics
(AIMD) capture accurately. Recent machine-learned poten-
tials like MB-pol and ANI-2x simulate bulk water and bio-
molecular H-bond networks with near-DFT accuracy.

3.3. Metal Cofactors

Metal-cantered systems presented the largest discrepancies
between methods. Classical force fields exhibited deviations
0f 0.2-0.4 A in metal-ligand distances and failed to reproduce
correct spin-state energetics. QM/MM simulations accurately
modelled coordination geometries, while ML models trained
on metal-containing datasets achieved MAE ~2-3 kcal/mol
but struggled with redox transitions.

DFT performance varied by metal:

1) Zn(ll): Accurately reproduced geometry with modest

functional dependence.

2) Fe(Il)/Fe(llT): Strong correlation required hybrid or

meta-hybrid functionals.

3) Cu(l/1): High sensitivity to functional choice due to

Jahn-Teller effects.

Transition metals require QM or hybrid approaches; ML is

promising but still developing [30].
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3.4. Complexity of Metal-Ligand Interactions

Metals like Fe, Cu, Zn, Mg, and Mn play essential catalytic
roles. Their modelling is difficult because multiple oxidation
and spin states exist, Ligand field effects change geometry,
Strong electron correlation may require multi-reference
QMand Classical force fields rarely include metal polarization
[31, 32].

3.5. QM and Hybrid QM/MM Approaches

DFT with functionals such as BP86, PBEO, TPSSh, and
B3LYP-D3 performs well for first-row transition metals.
QM/MM npartitions the metal-binding site in the QM region
while the protein matrix stays classical, enabling realistic
simulations of metalloenzymes like Cytochrome P450, Ni-
trogenaseand Carbonic anhydrase [33, 34].

3.6. Machine Learning for Metalloproteins

Recent ML models (SchNet, PhysNet, TorchANI, MACE)
incorporate metal-containing datasets (transition-metal QM9
extensions), allowing prediction ofMetal-ligand bond ener-
gies, Spin-state ordering and Reaction pathways [35]. This is
an emerging but promising area.

3.7. Integrative Approaches

3.7.1. Integrated Model Performance

Hybrid approaches combining QM, ML, and polarizable
force fields provided the best overall accuracy. Systems in-
volving mixed interaction types such as aromatic—metal in-
teractions or water-mediated H-bonds showed the greatest
improvement when ML potentials were used [36].

3.7.2. Polarizable Force Fields

AMOEBA+, Drude oscillator models, and ReaxFF better
capture like induction, charge transfer and variable coordina-
tion. They improve accuracy for H-bond networks and some
metalloproteins [37].

3.7.3. Ab Initio Molecular Dynamics (AIMD)

AIMD allows simulation of Protontransfer, H-bond
breaking/forming, Metal coordination dynamics. DFT-based
AIMD is expensive but very accurate [38].

3.7.4. Al-Driven Hybrid Methods

Al potentials trained on QM data combine speed and ac-
curacy. Example frameworksNequlP, DeePMD andGAP
(Gaussian Approximation Potential). These can model aro-
maticity, H-bond networks, and metal sites within one unified
potential [39].
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4. Major Challenges and Future
Directions

1) Multi-reference electronic states in metals require novel
QM/ML hybrid approaches.
2) Dynamic aromaticity under reaction conditions needs
time-resolved modelling.
3) Water-mediated hydrogen bonding still lacks efficient
yet accurate representations.
4) Transferability of ML models to unseen chemical space
remains limited.
Future research should integrate physics-based constraints,
enhanced training datasets including metal complexes, and
explainable ML methods for chemical interpretability [40].

5. Conclusions

1) Accurate modelling of aromaticity, hydrogen bonding,
and metal cofactors remains a frontier in computational
chemistry. While classical force fields fall short, ad-
vances in DFT, QM/MM, AIMD, and machine-learning
potentials provide powerful, scalable tools that signifi-
cantly improve predictive accuracy. Continued devel-
opment of hybrid AI-QM frameworks will enable
deeper understanding of electronic structure, catalytic
mechanisms, and biomolecular function, pushing the
boundaries of molecular simulation.

2) Accurate modelling of aromaticity, hydrogen bonding,
and metal cofactors remains a significant challenge due
to their complex electronic characteristics. Classical
force fields alone are insufficient, as they neglect po-
larization, electron delocalization, and multi-reference
effects. QM-based approaches, particularly DFT and
QM/MM, provide high accuracy but are computation-
ally expensive for large systems. Machine-learning po-
tentials offer a promising middle ground, delivering
near-QM accuracy with far greater efficiency, although
their performance for transition metals is still evolving.

3) The results indicate that no single method is universally
optimal. Instead, hybrid strategies integrating QM pre-
cision, ML adaptability, and classical scalability repre-
sent the most effective pathway forward. Continued
development of metal-inclusive datasets, improved ML
architectures, and better treatment of polarization will
further enhance predictive capability across biomolecu-
lar and catalytic systems.

Abbreviations

AIMD Ab Initio Molecular Dynamics

Al Artificial Intelligence

ANI Accurate Neural Network Engine for
Molecular Energies

ASE Aromatic Stabilization Energy
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B3LYP Becke, 3-parameter, Lee—Yang-Parr functional

CASPT2 Complete Active Space with Second-Order
Perturbation Theory

CASSCF  Complete Active Space Self-Consistent Field

DFT Density Functional Theory

DL Deep Learning

GAP Gaussian Approximation Potential

GNN Graph Neural Network

H-bond Hydrogen Bond

HOMA Harmonic Oscillator Model of Aromaticity

MAE Mean Absolute Error

MD Molecular Dynamics

ML Machine Learning

MP2 Second-Order Mdler—Plesset Perturbation
Theory

NICS Nucleus-Independent Chemical Shift

NN Neural Network

OPLS Optimized Potentials for Liquid Simulations

QM Quantum Mechanics / Quantum Mechanical

QM/MM Quantum Mechanics / Molecular Mechanics

RMSD Root Mean Square Deviation

TD-DFT Time-Dependent Density Functional Theory

®B97X-D  Range-Separated Hybrid Density Functional

with Dispersion Correction
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