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Abstract

This dissertation comprises a series of studies that collectively elucidate the nature 

and modeling of halogen-mediated, noncovalent interactions through a combination of 

quantum mechanical (QM) and data-driven approaches. In the first part, a QM 

investigation of halogen···water interactions is conducted, with emphasis on their 

energetic and structural characteristics in biologically relevant environments such as 

protein binding sites. The second, and more extensive part of the thesis focuses on 

halogen··· interactions, integrating high-level QM calculations with machine learning 

(ML) approaches.

The first study investigated halogen···water interactions. Starting from a distinct 

iodine···water contact in a solved protein crystal structure, a comprehensive QM and 

database analysis was conducted and revealed that these interactions, though 

moderate in strength, are structurally well-defined and follow systematic trends across 

the halogen series. Chlorine was found to form flexible, mixed halogen-hydrogen-

bonding arrangements, while iodine engaged in highly directional -hole interactions 

with water oxygen lone pairs.

The second study provided a quantitative benchmarking of halogen··· interactions 

and established MP2/TZVPP as the most balanced QM method for their description. 

This level of theory achieved near-reference accuracy with a 

root-mean-square deviation of approximately 1 kJ/mol relative to CCSD(T)/CBS data, 

ensuring consistency for subsequent modeling studies. 

The third study introduced neural network models trained on high-level QM data to 

predict halogen··· interaction energies. The models reproduced MP2-level energies 

with excellent agreement (R² ≈ 0.998) and achieved an approximate eight-order-of-

magnitude (108) reduction in computational cost. Validation against both random and 

protein-derived geometries confirmed robust generalization within the -hole 

interaction domain.

The fourth study extended this QM-AI framework to include halogen··· interactions 

with phenol, imidazole, and indole systems, representing the aromatic side chains of 

tyrosine, histidine, and tryptophan. The extended models maintained near-MP2 

accuracy across all systems (R² ≈ 0.99) and demonstrated successful transferability to 

protein-derived geometries, confirming their scalability to chemically diverse 



xi

environments. Furthermore, the model’s scalability and adaptability to new chemical 

environments was demonstrated by incorporating additional data and retraining, which 

led to improved performance.

Together, these findings establish a coherent and transferable framework for accurate 

and efficient modeling of halogen-mediated noncovalent interactions across varied 

molecular contexts.
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Zusammenfassung

Diese Dissertation umfasst eine Reihe von Studien, die gemeinsam das Verständnis 

halogenvermittelter, nichtkovalenter Wechselwirkungen vertieft und deren 

Modellierung durch eine Kombination aus quantenmechanischer und 

datengetriebener Ansätze voranbringt. Im ersten Teil wird eine quantenmechanische 

(QM) Untersuchung von Halogen···Wasser-Wechselwirkungen durchgeführt, wobei 

der Schwerpunkt auf deren energetischen und strukturellen Eigenschaften in 

biologisch relevanten Umgebungen wie Proteinbindungstaschen liegt. Der zweite, 

umfangreichere Teil konzentriert sich auf Halogen···-Wechselwirkungen und 

kombiniert hochpräzise, quantenmechanische Berechnungen mit Methoden des 

maschinellen Lernens (ML).

In der ersten Studie wurden Halogen···Wasser-Wechselwirkungen untersucht. 

Ausgangspunkt war ein eindeutiger Iod···Wasser-Kontakt in einer von uns 

aufgeklärten Proteinkristallstruktur. Eine umfassende quantenmechanische und 

datenbankgestützte Analyse zeigte, dass diese Wechselwirkungen zwar energetisch 

moderat, jedoch strukturell klar definiert sind und systematische Trends entlang der 

Halogenreihe aufweisen. Chlor bildet bevorzugt flexible, jedoch gemischte Halogen-

Wasserstoffbrücken-Anordnungen, während Iod stark gerichtete 

-Loch-Wechselwirkungen mit den Elektronenpaaren des Wassersauerstoffs eingeht.

Die zweite Studie lieferte einen quantitativen Maßstab für Halogen···-

Wechselwirkungen und identifizierte MP2/TZVPP als die ausgewogenste 

quantenmechanische Methode zu deren Beschreibung. Dieses Berechnungsniveau 

erreichte nahezu Referenzgenauigkeit mit einer mittleren quadratischen Abweichung 

von etwa 1 kJ/mol gegenüber CCSD(T)/CBS-Daten und gewährleistete somit eine 

verlässliche Grundlage für die nachfolgenden Modellierungsstudien.

In der dritten Studie wurden auf hochpräzisen, quantenmechanischen Daten trainierte 

neuronale Netzwerke entwickelt, um Halogen···-Wechselwirkungsenergien 

vorherzusagen. Die Modelle reproduzierten die MP2-Energien mit ausgezeichneter 

Übereinstimmung (R² ≈ 0.998) und ermöglichten eine Reduktion der Rechenzeit um 

etwa acht Größenordnungen (108). Validierungen anhand zufällig generierter sowie 

aus Proteinstrukturen abgeleiteter Geometrien bestätigten eine robuste 

Generalisierungsfähigkeit innerhalb des -Loch-Wechselwirkungsbereichs.
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Die vierte Studie erweiterte das QM-AI-System auf Halogen···-Wechselwirkungen mit 

Phenol-, Imidazol- und Indol-Systemen, die den aromatischen Seitenketten der 

Aminosäuren Tyrosin, Histidin und Tryptophan entsprechen. Die erweiterten Modelle 

erreichten über alle Systeme hinweg nahezu MP2-genaue Vorhersagen (R² ≈ 0.99) 

und zeigten eine erfolgreiche Übertragbarkeit auf Protein-abgeleitete Geometrien, was 

ihre Skalierbarkeit auf chemisch vielfältige Umgebungen bestätigte. Darüber hinaus 

wurden die Skalierbarkeit und Anpassungsfähigkeit des Modells an neue chemische 

Bedingungen durch die Einbeziehung zusätzlicher Daten und erneutem Training 

demonstriert, was zu einer Leistungssteigerung führte.

Insgesamt etablieren diese Studien ein konsistentes und übertragbares Gerüst zur 

präzisen und effizienten Modellierung halogenvermittelter, nichtkovalenter 

Wechselwirkungen in unterschiedlichen molekularen Kontexten.
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1. Introduction

1.1 Introduction on Halogen Bonding

A comprehensive understanding of all factors contributing to protein-ligand recognition 

is essential for modern drug discovery and design. Although extensive research has 

been conducted on classical molecular interactions such as hydrogen bonding, van 

der Waals contacts, ion pairs, ion-dipole interactions, cation···, C-H···, and ··· 

interactions, other types of noncovalent interactions, including halogen and chalcogen 

bonds (generally known as -hole interactions), have attracted significant attention 

over the past decades but still remain not fully understood.1-8 Halogen bonding (XB) is 

characterized by the directional attraction between an electrophilic region on a halogen 

atom (-hole), typically chlorine, bromine, or iodine, and a nucleophilic region in 

another entity, such as the protein binding site.9-11 Its main appeal lies in its high 

directionality, which arises from a strongly anisotropic electron distribution around the 

halogen atom.12 This anisotropy generates regions of high lateral electron density 

around the halogen atom perpendicular to the R-X axis, and a corresponding -hole, 

a region of positive electrostatic potential in elongation of the R-X bond axis.13 

Computational methods have been extensively applied to accurately characterize the 

geometric and energetic features of halogen bonding.14-18 The strength of halogen 

bonds generally follows the trend Cl < Br < I, reflecting the increasing size and 

polarizability of the -hole for the heavier halogens. In systems where the substituent 

R exerts a strong electron-withdrawing effect on the halogen X, pronounced 

“tuning effects” can further enhance both the strength of the halogen bond and the 

accessibility of the -hole.19-23 The spatial arrangement of the halogen bond complex 

also plays a critical role in determining interaction strength. Two key geometric 

parameters influence this effect: (i) The halogen bond distance and (ii) the -hole 

angle.24, 25 When the interacting atoms are positioned too closely, repulsive forces 

dominate, whereas increasing the distance beyond the optimal range leads to a 

gradual reduction in interaction strength. Similarly, deviations from the optimal -hole 

angle ( = 180°) result in a substantial loss of interaction energy E, with the attractive 

component essentially disappearing at angular deviations exceeding approximately 

40°. In a simplified definition, the interaction energy E is calculated as:

E = E௑஻−௖௢௠௣௟௘௫ − ௑஻−ௗ௢௡௢௥ܧ) + (௑஻−௔௖௖௘௣௧௢௥ܧ          (eq. 1)
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where EXB-complex denotes the system energy of two molecules in complex, and EXB-donor 

and EXB-acceptor denote the individual system energies of the single molecules 

separately. Beyond these electronic and geometric features, halogen bonds are 

distinguished by their versatility in interacting with a broad variety of binding-site 

partners and by their capacity to form complex interaction networks analogous to 

hydrogen bonds.26, 27 Owing to this combination of directionality, tunability, and 

adaptability, halogen bonds have gained considerable importance in medicinal 

chemistry and drug design, where they can enhance ligand binding affinity and 

specificity, improve protein-ligand complex stability, and even promote unconventional 

binding modes that expand the possibilities of molecular recognition.6-8, 28-42

1.2 Halogen Bond Acceptors

Halogen bonds exhibit considerable versatility in biological systems, forming with a 

wide range of electron-rich acceptors, including lone-pair donors such as oxygen, 

nitrogen, and sulfur atoms, as well as -systems and even solvent molecules.

To date, many of these nucleophilic interaction partners have been studied 

systematically. Among these, the most common acceptor is the carbonyl oxygen of the 

protein backbone, which is abundant throughout biomolecular structures. In a 

systematic study, Wilcken et al.24, 25 analyzed interactions between halogenated 

ligands and backbone carbonyl groups in protein crystal structures from the Protein 

Data Bank (PDB)43. Using quantum mechanical (QM) calculations on representative 

complexes, they determined adduct formation energies and provided insights into the 

characteristic geometric features governing halogen bond formation. Their results 

indicated that the most favorable halogen bond geometry features an interaction 

distance of roughly 3.1 Å and a -hole angle of  = 180°, underscoring the highly 

directional nature of halogen bonds. Zimmermann et al.44, 45 extended this previous 

work by investigating halogen bonds onto the -system of the peptide bond of 

N-methylacetamide as a surrogate for the protein backbone. Halogen bonds can also 

form with the sulfur atoms of methionine and cysteine, typically involving the interaction 

with a lone pair of the sulfur.46 Interestingly, sulfur itself possesses a -hole along the 

R-S bond axis, enabling it to participate in -hole interactions known as chalcogen 

bonds.47, 48 Beyond the protein backbone and sulfur-containing residues, other 

potential halogen bond acceptors have been investigated, including the nitrogen atoms 

2



of the imidazole ring in histidine49, the carboxylate oxygens of aspartate and 

glutamate50, and the carboxamide oxygens and nitrogens of asparagine and 

glutamine50. The hydroxyl groups of serine, threonine, and tyrosine have likewise been 

proposed as halogen bond acceptors, although systematic studies of these 

interactions remain limited.7, 35 Similar to these hydroxyl functionalities, the oxygen 

atoms of water molecules can also engage in halogen bonding. In 2010, Zhou et al.51 

provided valuable insights into this aspect by examining crystal structures of 

halogenated nucleic acids, proteins, and small molecules, and by introducing the 

concept of halogen-water-hydrogen (XWH) bridges. Given the ubiquity of water in 

protein binding sites, its role in mediating protein-ligand interactions is particularly 

relevant for drug design.52-60 However, accounting for water molecules in such systems 

can be challenging. Water molecules located deep within the binding pocket, often 

referred to as “interstitial waters”, can establish extensive hydrogen-bonding networks 

with both the protein and the ligand. While retaining such waters is entropically 

unfavorable due to restricted mobility, their presence can be enthalpically 

advantageous, as they contribute multiple stabilizing interactions.61, 62 A net increase 

in binding affinity is achieved only when this enthalpic gain compensates for the 

entropic loss. Conversely, displacing ordered water molecules, especially those 

located near hydrophobic surfaces, can enhance binding affinity by releasing them into 

the bulk solvent and thus increasing the overall system entropy.63-69

Another major class of halogen bond acceptors in protein-ligand-interactions are the 

electron-rich -systems of aromatic amino acid sidechains of tyrosine, phenylalanine, 

histidine, and tryptophan, where systematic evaluations are still underrepresented. The 

-systems of these residues are characterized by delocalized electron clouds above 

and below the aromatic ring plane, providing regions of high electron density that can 

interact favorably with the positively polarized -hole of a halogen atom.36, 70-75 

However, accurately describing and quantifying such halogen interactions remains 

challenging, as they often coexist and compete with other noncovalent forces, 

including  stacking, cation, and van der Waals interactions. Moreover, the 

anisotropic nature of the halogen’s electrostatic potential and the spatially diffuse 

character of the -electron density make these interactions highly dependent on 

geometric orientation and local chemical environment. Understanding halogen 

interactions therefore requires careful theoretical and computational treatment, 
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allowing genuine -hole interactions to be distinguished from more general or 

secondary contacts, e.g.  or C-H contacts.76 In 2012, Rezac et al.77 conducted 

a comprehensive benchmarking study to evaluate how different QM methods and basis 

sets perform in describing various types of noncovalent interactions involving 

halogenated molecules. From this work, they established a small but valuable 

benchmark data set of interaction geometries. To specifically assess halogen 

interactions, the authors employed simple model systems such as halomethane and 

its tuned derivative, trifluorohalomethane, in complex with benzene. In 2020, 

Zhu et al.78 presented a perspective on the application of QM approaches for 

investigating halogen bonding, extending the analysis to include aromatic acceptor 

systems. Despite these important contributions, comprehensive large-scale analyses, 

particularly those focusing on halogen bond donors and acceptors of relevance to drug 

discovery remain scarce. Accurate computational modeling of such interactions is 

crucial for understanding their energetic significance in protein-ligand binding and for 

their rational use in structure-based drug design. Along similar lines, Wallnöfer et al.79 

explored halogen interactions using chlorobenzene and bromobenzene in complex 

with p-cresol, offering an initial comparison of different QM methods and basis sets for 

these systems. These experimental and computational findings highlight both the 

diversity and complexity of halogen bond acceptor environments. To accurately 

describe and quantify such interactions, particularly in the context of halogen 

systems, reliable QM methods are required.

1.3 Quantum Mechanical Methods and Basis Sets

To gain a deeper understanding of the underlying forces and directional preferences 

that define halogen bonding, computational chemistry has become an indispensable 

tool.14, 16, 76, 80 Quantum mechanical (QM) calculations allow for a detailed 

characterization of the electronic features responsible for halogen bond formation, 

such as the presence of the -hole, charge distribution, and polarization effects. These 

methods enable the decomposition of interaction energies into their electrostatic, 

dispersion, and induction components, thereby providing insights that are difficult to 

obtain experimentally. Furthermore, molecular dynamics and hybrid QM/MM 

(molecular mechanics) approaches extend this understanding to complex biological 

systems, where environmental effects and conformational flexibility can play crucial 
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roles.81 Together, these computational techniques complement experimental 

observations and offer a molecular-level perspective on the nature, strength, and 

variability of halogen bonding in chemical and biological contexts. A variety of QM 

methods exist that differ in how they treat electronic interactions, exchange, and 

correlation effects, which in turn determine their accuracy and computational cost.82, 83

Balancing these factors is particularly important for accurately describing complex 

biological systems. The Hartree-Fock (HF) method serves as the foundation of most 

quantum mechanical approaches.84 The electronic structure of a molecule is described 

as the average potential of all other electrons in a system, where molecular 

wavefunctions are expressed as Slater determinants, which inherently account for 

electron exchange effects exactly. However, HF neglects electron correlation, the 

instantaneous interactions between electrons, leading to inaccuracies in describing 

properties such as reaction energies or dispersion forces. To address these limitations, 

post-Hartree-Fock (post-HF) methods have been developed that explicitly account for 

electron correlation.85, 86 Configuration Interaction (CI) methods do so by constructing 

a linear combination of multiple Slater determinants, improving accuracy but at the cost 

of computational efficiency.87 

Møller-Plesset perturbation theory (MPn)88 represents a class of post-HF methods that 

incorporate electron correlation through a systematic perturbative expansion of the 

wavefunction derived from the simple HF reference. Among these, the second-order 

Møller-Plesset method (MP2)89 is particularly popular, as it offers a favorable balance 

between computational cost and accuracy for a wide range of molecular systems. 

Building upon this, MP390, 91 includes third-order corrections, providing a more refined 

treatment of electron correlation, albeit with a substantially higher computational 

expense. Recognizing the limitations of both, intermediate variants such as MP2.592 

have been introduced. MP2.5 effectively averages the MP2 and MP3 energies, 

exploiting the systematic error compensation between MP2’s tendency to 

underestimate and MP3’s tendency to overestimate correlation effects. This pragmatic 

approach often yields results comparable to the more computationally demanding 

 

(CCSD(T))83, but at a fraction of the cost. Further refinements have also been 

developed to enhance the predictive power of MP2. For example, 

Spin-Component-Scaled MP2 (SCS-MP2)93, 94 can improve the accuracy of the 

standard MP2 correlation energy calculation across diverse chemical environments by 
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applying distinct scaling factors to the parallel and opposite spin components. This 

mitigates the tendency of conventional MP2 to overestimate the effects of electron 

correlation.

Coupled cluster (CC) methods provide a more rigorous and systematically improvable 

approach to treating electron correlation than perturbative methods.95 In CC theory, the 

electronic wavefunction is expressed using an exponential approach which considers 

correlated electron excitations from occupied to virtual orbitals. Among the available 

approaches, the CCSD(T) method is widely considered as the “gold standard,” offering 

the highest accuracy among nonempirical methods that remain feasible for systems of 

practical size.96 Despite being computationally demanding, the exceptional accuracy 

and reliability of CC methods make them a benchmark and reference for evaluating 

and developing other quantum mechanical approaches.97

Unlike post-HF methods, which explicitly construct correlated wave functions, density 

functional theory (DFT) methods describe electronic structures in terms of electron 

densities.98-100 This makes DFT a more computationally efficient alternative. In DFT, 

the complex effects of electron exchange and correlation are incorporated through 

exchange-correlation functionals, which approximate many-body interactions as a 

function of local electron density and its derivatives. Various families of functionals 

have been developed to improve the balance between accuracy and efficiency. The 

TPSS101 functional, for instance, is a meta-generalized gradient approximation 

(meta-GGA102) that includes the kinetic energy density as an additional variable 

beyond the local density and its gradient. This extension enhances accuracy for 

systems involving weak intermolecular interactions, transition metal complexes, and 

reaction barriers. B3LYP103, 104 and M06-2X105 are two widely used hybrid GGA 

functionals. They incorporate a fraction of exact HF exchange into the DFT exchange-

correlation formulation but differ in the amount of exchange contribution. This 

hybridization reduces systematic errors associated with self-interaction and often 

yields reliable thermochemical and structural predictions across diverse chemical 

systems at reliable computational cost. To further improve the treatment of noncovalent 

interactions, which are often underestimated by conventional DFT, empirical dispersion 

corrections such as Grimme’s “D3” are frequently employed.106 These corrections 

account for long-range van der Waals forces, significantly enhancing the accuracy of 

DFT calculations. 
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In addition to selecting an appropriate QM method, the choice of basis set plays a 

crucial role in determining the accuracy and computational cost of electronic structure 

calculations.107 A basis set defines the mathematical functions used to represent 

molecular orbitals (or electron density in DFT), and its quality and size directly affects 

the accuracy of the electronic structure description. Commonly used basis sets include 

the triple-ζ valence with polarization (def2-TZVPP)108 and its augmented variant 

TZVPPD109, which adds diffuse functions to better describe the electron density. The 

TZVPP basis set, widely used in both density functional theory (DFT) and post-HF 

methods, offers an excellent balance between computational efficiency and accuracy 

by including multiple polarization. Another important family is the correlation-consistent 

polarized valence X-ζ (cc-pVXZ)110 basis sets, where X represents the cardinal number 

(D = double, T = triple, Q = quadruple, etc.). These basis sets are systematically 

constructed to converge toward the complete basis set (CBS) limit, thereby improving 

the description of electron correlation effects with increasing cardinality. The 

augmented versions (aug-cc-pVXZ)111 include diffuse functions that further enhance 

the treatment of weak, long-range interactions such as dispersion and hydrogen 

bonding. This is critical for accurately modelling noncovalent complexes and large 

biomolecules. Some basis sets contain the suffix “-PP” to the names denoting the 

inclusion of pseudopotentials (or effective core potentials), which replace the explicit 

treatment of inner-core electrons for heavier elements such as iodine, thereby reducing 

computational cost without significantly compromising accuracy. Although the most 

accurate results would theoretically be obtained from CCSD(T) calculations using a 

complete basis set, such computations are practically impossible. Instead, basis set 

extrapolation techniques are commonly employed, allowing energies computed with 

smaller, typically correlation-consistent basis sets, to be extrapolated toward the CBS 

limit, providing near-converged results at a fraction of the computational cost.112 

Throughout the thesis, the short term “CCSD(T)/CBS” will be used and always refers 

to this CBS extrapolation approach.

A further consideration in achieving more accurate interaction energies is the basis set 

superposition error (BSSE), which arises when the basis functions of one interacting 

fragment artificially lower the energy of another due to basis set overlap. This effect 

leads to an overestimation of the binding strength, particularly when using smaller 

basis sets. The most common way to account for BSSE is the counterpoise correction 

proposed by Boys and Bernardi113, in which the energy of each monomer is corrected 
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by subtracting the contribution arising from the overlap of basis functions in the dimer 

calculation. While this correction can improve the accuracy of interaction energies, its 

application remains somewhat controversial, as it may sometimes overcompensate or 

distort the error.114 Together, the appropriate choice of QM method and basis set 

determines the achievable balance between computational efficiency and predictive 

accuracy. Nevertheless, even with these optimizations, high-level QM calculations 

remain computationally intensive, motivating the development of more efficient energy 

estimation schemes.

1.4 Classical Scoring Functions

To overcome the limitations of high-level QM calculations, a variety of scoring functions 

have been developed to provide rapid estimates of intermolecular interaction 

energies.115 These methods simplify the underlying physics to achieve computational 

efficiency and can generally be categorized into three major classes: force-field-based, 

empirical, and knowledge-based scoring functions.116-121

Force-field-based scoring functions, e.g. Autdock122, 123 or GOLD124, originate from 

classical mechanics and model molecular interactions using predefined potential 

energy terms. These functions typically include bonded contributions, such as bond 

stretching, angle bending, and torsional terms, as well as nonbonded interactions like 

electrostatics and van der Waals forces. The parameters of these force fields are 

calibrated against experimental measurements or high-level quantum mechanical 

data. Because of their simplicity and computational efficiency, force-field approaches 

are extensively applied in molecular dynamics simulations, where rapid energy 

evaluation is essential.

Empirical scoring functions, e.g. FlexX125 or Glide126, build on simplified physical 

models by introducing parameterized terms that are fitted to reproduce experimental 

binding affinities or high-level QM reference data. These functions typically combine 

weighted contributions representing various interaction types, such as hydrogen 

bonding, hydrophobic contacts, electrostatic interactions, and desolvation effects. The 

parameters are optimized to best match known data sets, allowing empirical models to 

provide fast and reasonably accurate energy estimates. However, their transferability 

is often limited outside the chemical space on which they were parameterized.
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Knowledge-based scoring functions, e.g. PMF127, 128 or DrugScore129, adopt a 

statistical approach, deriving effective interaction potentials from the frequency with 

which atom-atom contacts are observed in large structural databases, such as 

collections of protein-ligand complexes. The underlying assumption is that frequently 

observed spatial arrangements correspond to energetically favorable interactions. By 

translating these statistical preferences into potential energy terms, knowledge-based 

methods capture recurring patterns of molecular recognition in experimental 

structures. Although computationally efficient and effective in many docking 

applications, their accuracy depends strongly on the size, diversity, and quality of the 

structural data used to construct them.

While these conventional scoring functions enable fast and practical energy estimation, 

their accuracy and transferability remain limited by the assumptions inherent in their 

parameterization and reference data. In recent years, machine learning (ML)-based 

scoring functions have emerged as a new generation of models that aim to overcome 

these constraints by learning complex relationships directly from high-quality, QM or 

experimental data sets.

1.5 Machine Learning-derived Scoring Functions

Although traditional scoring functions based on force fields, empirical approaches, and 

knowledge-based methods have each provided valuable frameworks for estimating 

intermolecular interaction energies, they inevitably depend on simplifying assumptions 

and fixed functional forms. These constraints often prevent them from generalizing 

across diverse chemical systems or accurately capturing the complex, nonlinear 

relationships inherent in molecular interactions. However, recent advances in 

computational power, data availability and algorithmic development have opened up 

new opportunities to overcome these limitations through machine learning (ML) 

approaches. Unlike traditional scoring functions, which are based on predefined 

analytical expressions, ML-based scoring functions learn the mapping between 

molecular features and the target property, e.g. interaction energies, directly from 

data.130-133 This allows them to reproduce high-level quantum mechanical (QM) 

accuracy while maintaining computational efficiency. The origins of ML as a scientific 

discipline trace back to early research in pattern recognition and artificial intelligence 

in the mid-20th century. Over the past decades, advances in algorithms, data 
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availability, and computational power have transformed ML into a powerful framework 

for predictive modeling across numerous scientific domains.134-139 Many scoring 

functions, e.g. KDEEP140 or OnionNet141, 142, have already been developed for the 

prediction of protein-ligand binding affinities.  In general, ML methods can be classified 

into three main categories: (i) supervised learning, where models are trained on labeled 

data to predict target properties; (ii) unsupervised learning, which identifies hidden 

structures or correlations within unlabeled data sets; and (iii) reinforcement learning, 

where algorithms iteratively improve their performance by interacting with an 

environment and receiving feedback.

Within supervised learning, by far the most common paradigm in molecular modelling, 

a wide range of algorithms has been applied. Linear and nonlinear regression models, 

decision trees, random forests (RFs)143, 144, support vector machines (SVMs)145, and 

kernel ridge regression (KRR)146 have all been used to relate molecular descriptors to 

properties such as binding energies, dipole moments, or reaction barriers. In recent 

years, artificial neural networks (ANNs)147-149 have gained significant prominence 

owing to their exceptional capacity to model complex, non-linear relationships within 

data. A major advantage of neural-network-based ML methods lies in their scalability 

and adaptability, which enable them to effectively handle large and diverse data sets. 

Once trained, these models can predict molecular properties or interaction energies 

for a vast range of systems within seconds, offering a radical reduction in 

computational cost compared to QM calculations. Typically, neural networks (NNs) are 

provided with molecular descriptors that encode essential geometric or electronic 

information, such as intermolecular distances, angles, or atomic environment features. 

Through nonlinear transformations, the model learns to map these descriptors to the 

corresponding interaction energies, effectively capturing complex relationships that are 

difficult to describe analytically. In a typical artificial neural network, the architecture is 

organized into multiple layers of interconnected nodes, or “neurons.” These layers 

usually include an input layer, one or more hidden layers, and an output layer. The 

input layer receives molecular descriptors, which are then propagated through the 

hidden layers where each neuron performs a weighted summation of its inputs followed 

by a nonlinear transformation known as an activation function. Common activation 

functions include the rectified linear unit (ReLU, or LeakyReLU), sigmoid, and 

hyperbolic tangent (tanh), each introducing nonlinearity that enables the network to 

capture complex dependencies between input features and target properties.150, 151 
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The number of hidden layers and the number of neurons per layer determine the 

model’s capacity or “depth,” with deeper architectures often providing enhanced 

representational power at the cost of increased training complexity and risk of 

overfitting. During training, the network’s weights are iteratively optimized using 

algorithms such as stochastic gradient descent or its variants (e.g., Adam Optimizer), 

guided by a loss function that quantifies the deviation between predicted and reference 

values, e.g. mean-squared error (MSE).152-154 Through this process, the ANN learns 

an internal representation of the structure-property relationships encoded in the 

training features, allowing it to generalize and make rapid, accurate predictions for 

unseen molecular systems. Integrating QM-derived data sets with NN-based models 

enables researchers to close the gap between computational efficiency and the 

accuracy of advanced quantum mechanical methods. 

The potential of ML to model noncovalent interactions155-160, in this case particularly 

halogen bonding, has already been demonstrated in several recent studies. Shaw et 

al. (2019)161 introduced one of the earliest applications of statistical modeling to 

halogen bonding, employing a simple two-parameter regression approach to predict 

interaction energies within a small data set of halogenated complexes. Despite its 

simplicity, the model achieved a mean deviation of approximately 2.1 kJ/mol on an 

unseen test set of 80 systems, illustrating how even basic data-driven models can 

reproduce QM-level accuracy for specific interaction types. Building upon this 

foundation, Samuel et al. (2023)162 provided a comprehensive overview of ML 

approaches applied to halogen bonding, emphasizing their growing importance as 

tools for deciphering the subtleties of molecular recognition. They highlighted that ML 

serves as a “powerful tool for unravelling the intricacies of molecular interactions and 

guiding the design of functional molecular systems,”162 and predicted that progress in 

this field will accelerate as larger, curated data sets become available and hybrid 

quantum mechanical-machine learning (QM-AI) frameworks gain prominence. Further 

illustrating this trend, Devore et al. (2024)163 developed a ML-based strategy to 

characterize halogen bonding interactions using molecular fingerprints as input 

descriptors. Their results demonstrated that supervised learning algorithms can not 

only classify different halogen-bond donor types but also accurately predict 

corresponding interaction strengths. Collectively, these studies underscore the growing 

synergy between QM data and ML.
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In summary, the integration of ML techniques into computational chemistry represents 

a powerful advancement toward achieving quantum-level accuracy at a fraction of the 

computational cost. By leveraging data derived from 

high-level QM calculations, ML models can capture subtle electronic effects and 

complex, non-linear dependencies that are often inaccessible to traditional scoring 

functions. Their flexibility allows them to generalize across diverse molecular systems, 

while their scalability makes them well-suited for handling large data sets. As research 

in this field continues to evolve, hybrid QM-ML approaches are expected to play an 

increasingly central role in modeling noncovalent interactions with both efficiency and 

precision.
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1.6 Goal of the Thesis

The comprehensive goal of this thesis is to advance the understanding and 

computational modeling of halogen bonding, with a particular focus on its role in 

biomolecular systems and protein-ligand interactions. While halogen bonding has 

become an increasingly recognized noncovalent contribution in molecular recognition 

and drug design, many aspects of its energetic and geometric behavior remain 

insufficiently explored, particularly in interactions with solvent molecules and aromatic 

-systems that are commonly present in protein binding sites and can substantially 

influence ligand binding and stabilization. To address these gaps, this work follows a 

two-part structure that reflects both a fundamental and a methodological perspective. 

The first part of this work, described in Chapter 1 (Publication 1), presents a quantum 

mechanical (QM) investigation of halogen···water interactions, focusing on their 

energetic and structural characteristics in biologically relevant environments such as 

protein binding sites. Protein crystal structures from the Protein Data Bank (PDB) are 

analyzed to identify and statistically evaluate halogen···water interactions in biological 

systems. The extracted interaction geometries are subsequently examined using QM 

calculations to determine interaction energies and characteristic geometric 

parameters. Together, these findings provide new insight into solvent-mediated 

halogen bonding and highlight the relevance of water molecules in stabilizing 

protein-ligand complexes under specific conditions.

The second, and more extensive part of the thesis, focuses on halogen··· interactions, 

integrating high-level QM calculations with machine learning (ML) approaches. This 

work is detailed in Chapters 2 and 3, which together form the methodological core of 

the thesis. In Chapter 2 (Publication 2), different QM methods and basis sets are 

systematically benchmarked to identify accurate and computationally efficient 

protocols for modeling halogen interactions in representative systems. The 

benchmarking results provide a foundation for generating consistent, high-quality data 

sets that capture the energetic and geometric features of these noncovalent 

interactions. In Chapter 3 (Publications 3 and 4), these findings are further utilized to 

generate comprehensive data sets comprising halogen··· interaction geometries. 

These data sets are employed to train neural network models on high-level QM data, 

enabling the prediction of interaction energies with near-quantum accuracy at 

substantially reduced computational cost. The models are evaluated on unseen test 
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sets comprising both random geometries and structures extracted from the PDB, and 

their limitations are analyzed in relation to key geometric features. Furthermore, the 

expandability of NN-models is demonstrated by retraining the models on additional 

data to enhance the predictive performance and diminish outliers. The resulting models 

not only demonstrate the potential of ML to accelerate high-accuracy interaction energy 

predictions but can also be integrated into docking or scoring frameworks to improve 

the assessment of halogen-bonding contributions in 

protein-ligand systems. Together, these studies advance both the understanding and 

computational modeling of halogen bonding in biological systems.

14



2. Results and Discussion

Chapter 1 – Publication 1: Halogen Bonding on Water - A Drop in the Ocean?

Upon solving the crystal structure of the Dual-specificity tyrosine 

phosphorylation-regulated kinase 1A (DYRK1A)164, an important regulator in 

proliferation and differentiation of nerve cells, in complex with the inhibitor 

2-cyclopentyl-7-iodo-1H-indole-3-carbonitrile165 (PDB: 8R8E166), an interesting binding 

mode characterized by a halogenwater interaction was observed. Specifically, the 

ligand’s iodine atom engages with a nearby “interstitial” water molecule, forming part 

of an extended network of halogen and hydrogen bonds within the active site. The 

presence of this water molecule in the immediate vicinity of the iodine atom suggests 

the formation of a potential halogen bond. The measured interaction distance 

(dI···O = 3.35 Å) and -hole angle (C-I···O = 168.3°) between the iodine and the water 

oxygen closely match the geometrical parameters previously reported for favorable 

halogen bond complexes. Although said interaction could only be observed in chain A 

of the protein, examination of the electron density strongly supports the existence of 

the water molecule. For a detailed analysis, a section of the binding site including the 

ligand, the addressed water molecule, and all surrounding amino acid residues within 

4 Å was extracted, protonated using the Protein Preparation Wizard within the 

Schrödinger Suite167, and subsequently geometrically optimized at a 

TPSS-D3/TZVP108 level of theory using TURBOMOLE168. To maintain the 

experimentally obtained binding conformation, heavy atoms were kept frozen during 

this process, thus only optimizing the hydrogen bond network. From the optimized 

structure (Figure 1 ), geometries of the interacting partners were extracted, and adduct 

formation energies were obtained from MP2/TZVPP single-point calculations of the 

isolated components. The halogen bond between the ligand’s iodine and the water’s 

oxygen atom (Figure 1a, A) exhibited an interaction energy of E = -8.44 kJ/mol for the 

original ligand. Substituting the ligand with the model compound iodobenzene resulted 

in a comparable value of E = -8.54 kJ/mol, aligning with previously reported data for 

non-tuned haloaryl systems, though slightly weaker in magnitude. The reported values 

represent pairwise adduct formation energies and do not account for cooperative and 

synergistic effects that may occur within the interaction network. These observations 

 Figure and table references refer to figures and tables from the corresponding papers and are 
reproduced in the Appendix.
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prompted us to perform a more systematic analysis of such halogenwater 

interactions across the PDB to evaluate their frequency, geometric preferences, and 

potential contribution to ligand binding and stability. 

A total of 197,120 crystal structures were analyzed with 7635 unique structures 

containing ligands that bear chlorine, bromine, or iodine moieties. Fluorine contacts 

were neglected because fluorine naturally does not possess a -hole. A total of 3780 

water contacts in 1726 unique PDB structures were found. The majority of contacts is 

attributed to chlorine followed by bromine, and iodine (Table 2). We analyzed 

interaction distance (dX···O) and -hole angle (C-X···O) and angle distributions of all 

contacts (Figure 2), where distances below 2.0 Å were neglected indicating either 

clashes or artifacts in the crystallography process. Chlorine and bromine distributions 

show densed regions of 3.5 Å to 3.9 Å with interaction angles of 80° to 130°. The iodine 

distribution shows a slightly narrowed region of 3.5 Å to 3.7 Å and angle values of 90° 

to 110°. To focus only on relevant -hole interactions, geometric constraints were 

applied with an interaction distance of <4 Å and an interaction angle of >140°. A total 

of 741 examples featuring a promising XB interaction were subsequently examined. 

B-factors and electron density of the ligands and the interacting water molecules were 

inspected resulting in a decreased data set of 721 structures. Binding site sections of 

these structures were extracted containing the ligand, water molecules, as well as 

surrounding amino acid residues within 4 Å. Ligand analysis across PDB crystal 

structures shows substantial variation in size and scaffolds, with halogenated aromatic 

or heteroaromatic scaffolds commonly observed. For simplicity and comparability, each 

ligand was replaced by the corresponding halobenzene model, which is exactly 

matched onto the halogen and ring system of the original ligand. Subsequently, 

extracted binding site sections were protonated, followed by a hydrogen bond network 

optimization on a TPSS-D3/TZVP level of theory. To avoid overrepresentation of 

interaction geometries, only unique interactions within a PDB structure were 

considered. Interactions that occur throughout multiple chains of the same crystal 

structure were neglected, resulting in a final data set of 516 unique structures 

(386 chlorine, 104 bromine, and 26 iodine interactions). 

To evaluate adduct formation energies and quantify halogen bond strengths, 

MP2/TZVPP single-point calculations were performed on complexes composed of 

halobenzene and interacting water. On average, chlorine and bromine interactions 
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exhibited comparable mean energies while iodine interactions were notably stronger 

(Table 3). The observed increase in interaction strength from chlorine to iodine reflects 

the growing polarizability and van der Waals radii of the halogens, consistent with the 

larger -hole character of the heavier atoms. The geometric diversity of these 

interactions was further analyzed by plotting the interaction distance against the 

interaction angle (Figure 4). Chlorine interactions (N = 341) displayed a wide 

distribution of moderately stabilizing energies, while bromine interactions (N = 88) 

exhibited a similar spatial pattern but slightly enhanced energies. Iodine interactions, 

though less frequent (N = 25), demonstrated the strongest adduct formation energies 

and a clear trend of increasing stability with larger -hole angles. Among the halogens, 

iodine exhibited the strongest interaction (E = -9.83 kJ/mol) with an interaction 

distance of dI···O = 3.25 Å and an angle of C-I···O = 175.5°, followed by bromine 

(E = 6.34 kJ/mol, dBr···O = 3.62 Å, C-Br···O = 142.3°) and chlorine (E = 6.02 kJ/mol, 

dCl···O = 3.52 Å, C-Cl···O = 142.8°). The corresponding geometries were examined, 

showing a classical -hole interaction of the iodine perpendicular to the plane formed 

by the water atoms, thus addressing the oxygen’s lone pair. Chlorine and bromine 

exhibit a “shifted, anti-parallel” interaction pattern relative to the O-H bond vector of the 

water molecule, indicating a concurrent involvement of halogen bonding and hydrogen 

bonding. In this configuration, the halogen atom acts as a halogen bond donor toward 

the oxygen atom while concurrently serving as a hydrogen bond acceptor through its 

negatively charged equatorial belt (Figure 6 and 7). Therefore, both directionality and 

spatial orientation of the halobenzene relative to the water molecule’s lone pairs are 

critical for stabilizing -hole-mediated interactions. Accurate assessment of these 

features requires optimization of the water molecule’s proton positions (or ideally the 

whole hydrogen bond network) within the binding site. Investigating the energy-

dependence of this spatial distribution (Figure 8) reveals that chlorine atoms are 

positioned closer to the hydrogen atoms, while bromine shifts slightly above and iodine 

distinctly toward the oxygen atom. This directional trend becomes less pronounced in 

weaker interactions. Additionally, we examined the spatial distribution of the C-X bond 

vectors addressing the water molecule (Figure 9) to identify directional preferences of 

the respective halogen interactions. Iodine interactions predominantly exhibit a 

perpendicular -hole orientation toward the water molecule plane, directly addressing 

the oxygen lone pairs, though some also adopt the “shifted, anti-parallel” geometry, but 

with significantly weaker interaction energies. Bromine interactions largely maintain 
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-hole directionality toward the lone pairs, with occasional deviations toward the shifted 

orientation. In contrast, chlorine interactions primarily display this mixed “shifted, 

anti-parallel” pattern, reflecting a combined halogen- and hydrogen-bonding character. 

This tendency likely arises from chlorine’s smaller -hole and more pronounced lateral 

electron density. 

To address the imbalance in the experimental data set containing predominantly 

chlorinated ligands, additional virtual complexes were generated using a matched 

molecular pair approach. In this halogen-centered procedure, both halogen atoms 

were precisely superimposed, followed by alignment of the C-X bond and the aromatic 

scaffold, thereby simulating halogen exchange while preserving the original binding 

geometry. This strategy enables evaluation of how substitution with different halogens 

may enhance or reduce interaction energies without altering the overall binding mode. 

Within the virtually enhanced data set, previously found trends become more evident 

(Figure 12 and 13). Chlorine interactions preferentially adopt shifted antiparallel 

orientations, engaging partly in halogen and hydrogen bonding. Bromine interactions 

are positioned slightly above the water oxygen, while iodine atoms localize directly 

above it, aligning with the lone pairs. Correspondingly, C-Br and C-I bond vectors 

exhibit increasing -hole directionality from bromine to iodine, confirming progressive 

strengthening of halogen bonding with the water oxygen atom.

Conclusion:

This study demonstrates that halogen···water interactions can contribute favorably to 

protein-ligand binding, although their overall energetic impact remains moderate. 

Analysis of the DYRK1A complex with 2-cyclopentyl-7-iodo-1H-indole-3-carbonitrile, 

supported by a systematic PDB survey and QM calculations, revealed versatile 

halogen···water geometries depending on halogen type and local environment. The 

strongest interaction observed ( 10 kJ/mol) is notably weaker than typical halogen 

bonds to protein residues such as backbone carbonyls ( 20 kJ/mol)25 or carboxylates 

(up to 56 kJ/mol)50. While these weaker interactions may seem marginal, their modest 

strength likely reflects a balance with the desolvation cost of water molecules, 

suggesting limited but potentially exploitable contributions to molecular recognition.
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In addition to enthalpic contributions, the observed halogen···water interactions likely 

involve enthalpy-entropy compensation. Chlorine···water interactions, characterized by 

more flexible and “shifted, antiparallel” geometries, may benefit from greater entropic 

freedom despite weaker interaction energies. In contrast, iodine···water interactions 

exhibit strong directionality and higher enthalpic stabilization but reduced 

conformational flexibility, leading to a lower entropic contribution. These trends suggest 

that the balance between enthalpy and entropy depends strongly on the halogen type, 

with chlorine favoring flexibility and iodine favoring specificity in binding. 

Halogen bonding to interstitial water molecules, those stably integrated into the binding 

site through multiple hydrogen bonds, may offer an enthalpic advantage and even 

contribute to ligand selectivity. The extent of this effect depends strongly on the specific 

spatial context of the water molecule within the binding site. Consequently, systematic 

investigations are needed to assess when such water molecules represent meaningful 

targets in ligand design.
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Chapter 2 – Publication 2: Comparison of QM Methods for the Evaluation of 

Halogen- Interactions for Large-Scale Data Generation

The accurate description of halogen bonding and related noncovalent interactions 

remains a topic of active research within computational chemistry. Various studies have 

reported differing conclusions regarding the suitability of quantum mechanical (QM) 

methods for modeling halogen bonds, reflecting the delicate balance between 

computational efficiency and accuracy required for these weak interactions. Building 

on previous findings, where the MP2/TZVPP level of theory proved effective for 

modeling halogen bonds, this chapter investigates whether the same approach can 

reliably describe halogen··· interactions. In addition, alternative QM methods, 

including M06-2X, are evaluated to determine whether more suitable options exist for 

this interaction type. The comparison between MP2 and M06-2X was of high interest 

because M06-2X showed very accurate results particularly for interactions with 

dispersion contributions (including XBs). Therefore, a series of benchmark calculations 

on different combinations of QM methods and basis sets was performed to evaluate 

their accuracy and suitability.

We systematically generated interaction geometries of iodobenzene in complex with 

benzene (as XB acceptor). Iodobenzenes were placed on a regular grid of data points 

in five different distances (defined as the perpendicular distance between the halogen 

atom and the benzene plane), and with an optimal -hole angle of C-I···-plane = 180°. 

Adduct formation energies E of the individual interaction geometries were calculated. 

Results were compared to reference calculation on a CCSD(T) level of theory, 

extrapolated to the basis set limit using the approach proposed by Halkier et al.112 Due 

to extraordinarily high computational cost of these calculations, a smaller subset of 

~30% of all geometries was used. Mean energy deviations (E), mean absolute 

energy deviations (|E|), and root-mean-square errors (RMSE) in kJ/mol from the 

reference CCSD(T)/CBS, as well as the corresponding computational cost in 

CPU hours were investigated (Table 1). Differences are calculated as:

E =  Emethod −  ECCSD(T)/஼஻ௌ          (eq. 2)

Mean differences indicate a method’s overall tendency to over- or underestimate 

energies but can be misleading. Additionally, mean absolute energy deviations and 
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RMSD are reported, giving further insights into the magnitude of differences. The 

runtime is averaged over all single-point calculations. 

With a mean energy difference of E = -0.23 kJ/mol, a mean absolute difference of 

|E| = 0.64 kJ/mol, an RMSD = 0.91 kJ/mol, and a notably low computational cost of 

~1.16 CPU hours, MP2/TZVPP shows an excellent balance between accuracy and 

computational cost (Figure 1). Applying BSSE correction at the MP2/TZVPP level led 

to slightly reduced accuracy and a notable increase in computational time. Similarly, 

the diffuse-function-enhanced TZVPPD basis set yielded the poorest performance 

among the triple-ζ variants, further confirming that the addition of diffuse functions does 

not necessarily improve accuracy for these systems. Among the correlation-consistent 

basis sets, cc-pVTZ-PP delivers excellent accuracy (ΔΔE = 0.59 kJ/mol, 

RMSD = 0.73 kJ/mol) at a total computational cost of ~1.23 CPU hours, representing 

only a modest overhead relative to TZVPP and making it a practical and efficient 

alternative. In contrast, larger and augmented variants such as cc-pVQZ-PP and 

aug-cc-pVXZ-PP offer no significant improvement in accuracy but require drastically 

longer runtimes, rendering them impractical for large-scale applications. Although the 

MP3 method is expected to provide improved accuracy over MP2, the results show 

substantially larger deviations while requiring significantly more computational time, 

making it impractical for routine use. The intermediate MP2.5 approach, which 

averages MP2 and MP3 energies to balance their opposing errors, likewise offers no 

improvement in accuracy, as its computational demand remains dominated by the 

costly MP3 calculations. 

Among the tested DFT methods, B3LYP(-D3) and TPSS(-D3) show noticeably larger 

deviations from the reference data, and the inclusion of BSSE correction further 

increases these discrepancies. Despite its computational efficiency 

(~0.5 to 4 CPU hours depending on the basis set), M06-2X consistently yields larger 

deviations than MP2, with errors of several kJ/mol even for medium-sized basis sets. 

BSSE correction and the addition of diffuse functions both worsen the agreement, and 

M06-2X/TZVPPD produces the highest RMSD of all tested methods. Overall, DFT 

methods reproduce general energetic trends but lack the quantitative accuracy 

required for reliable predictions of halogen··· interaction energies. A detailed grid-

based analysis was performed for the five halogen distances to visualize mean 

adduct formation energies (ΔE) and deviations from the CCSD(T)/CBS 
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reference (ΔΔE). “2D energy surface plots” revealed consistent interaction trends 

across all distances, with both MP2/TZVPP and M06-2X/TZVPP showing the strongest 

attraction near 3.5 Å (Figure 2). While larger deviations were observed for highly 

repulsive regions, particularly for M06-2X, these discrepancies may be of limited 

practical relevance, as they occur outside the energetically favorable interaction range. 

These analyses further confirm the robustness of MP2/TZVPP across different 

interaction distances and support its use as a reference-level method for subsequent 

benchmarking.

We primarily focused on iodine··· interactions, as iodine’s large and highly polarizable 

-hole enables the formation of particularly strong and directional halogen bonds, 

making it especially relevant in medicinal chemistry. Since the fundamental nature of 

halogen bonding is consistent across the halogen series, interaction strengths 

observed for iodine can generally be extended to predict proportionally weaker 

interactions for bromine and chlorine. However, to ensure comparability and broader 

applicability of important findings, bromine and chlorine were also included for 

reference. Accordingly, single-point calculations for chlorobenzene and bromobenzene 

complexes with benzene were performed only at MP2, MP2 with BSSE correction, and 

M06-2X levels using the TZVPP basis set. The same set of geometries was employed 

across all halogens to maintain consistent halogen distances and enable a direct 

comparison of interaction trends. For chlorine and bromine, the overall interaction 

trends closely mirror those observed for iodine. MP2/TZVPP provides consistently 

good agreement with the CCSD(T)/CBS reference at minimal computational cost 

(~1-1.3 CPU hours), making it an efficient choice for these halogens as well. 

Application of BSSE correction slightly improves accuracy for chlorine and bromine but 

at more than triple the computational time, reducing its applicability for large-scale 

calculations. In contrast, M06-2X(-D3) reproduces similar qualitative trends but yields 

roughly twice the energy deviations of MP2, indicating that, despite their low 

computational cost, these methods are less reliable for quantitative energy predictions. 

Conclusion:

We demonstrated that MP2/TZVPP provides an excellent balance between accuracy 

and computational efficiency for describing halogen··· interactions, showing close 

agreement with CCSD(T)/CBS reference data. These findings indicate that MP2 
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captures the essential properties of these noncovalent interactions, while offering a 

substantial computational speed-up of approximately two orders of magnitude (10²) 

compared to CCSD(T). This performance is consistent across iodine, bromine, and 

chlorine, confirming the method’s reliability for different halogen types. In contrast, 

commonly used DFT functionals, including M06-2X, failed to achieve comparable 

quantitative accuracy and are therefore less suitable for precise energy evaluations in 

this context. While BSSE correction can slightly improve accuracy for lighter halogens, 

its computational cost limits practicality for large-scale studies. We use these findings 

as the basis for generating large-scale, high-quality data sets, which are subsequently 

employed in machine learning approaches to efficiently model and predict halogen 

interaction energies.
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Chapter 3.1 – Publication 3: A QM-AI Approach for the Acceleration of Accurate 

Assessments of Halogen- Interactions by Training Neural Networks

Building on our previous investigations of quantum mechanical (QM) methods suitable 

for describing halogen··· interactions, we now extend those findings toward their 

integration into machine learning models (neural networks) through a systematic 

analysis of halogen··· complexes. With the goal of developing NN-models for 

integration into the drug design process, such as virtual screening and molecular 

docking, we focus on halogen··· interactions in the context of protein-ligand 

complexes. These interactions typically occur between the halogen atoms of the ligand 

and the aromatic side chains of residues such as phenylalanine, tyrosine, histidine, 

and tryptophan. To systematically generate representative interaction geometries, we 

employed halobenzenes (chlorobenzene, bromobenzene, and iodobenzene) in 

complex with a benzene molecule, which serves as a simplified model of the 

phenylalanine side chain. For each halobenzene-benzene complex, interaction 

geometries were generated by positioning the halogen atom at fixed halogen···-plane 

separations ranging from 2.75 Å to 4.50 Å. The orientation of the C-X bond was 

constrained to deviate by no more than 40° from the normal of the aromatic plane 

(Figure 7, Materials and Methods), ensuring that the resulting data set primarily 

captures geometries characteristic of -hole-driven halogen··· interactions while 

minimizing secondary effects such as ··· or C-H··· contacts. Almost 1.4 million 

single-point calculations were conducted on an MP2/TZVPP level of theory to obtain 

adduct formation energies. Geometric descriptors comprising pairwise distances and 

angular parameters were derived from all interaction geometries, ensuring invariance 

with respect to translation and rotation of the coordinate system. The resulting data set 

was partitioned into distinct training, validation, and test subsets. Model optimization 

involved an extensive hyperparameter and architecture search conducted within a 

leave-one-out five-fold cross-validation framework. The training subset served to fit the 

neural network weights, while the validation set was used to monitor convergence and 

refine model parameters. Final predictive performance was evaluated on an 

independent test set (Figure 8, Materials and Methods). The models were trained in a 

supervised learning scheme using the mean-squared error as the loss function. The 

final model demonstrated excellent predictive performance, achieving an R² = 0.9979 

and maintaining low RMSE values across both validation and test sets, indicating 

consistent accuracy and strong generalization to unseen data (Figure 1 and 2). 
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To assess the model’s generalization beyond the training distribution, a new data set 

was generated using single-point calculations on interaction geometries with randomly 

varied translational and rotational features. The model demonstrated strong predictive 

performance on this unseen data, achieving an R² = 0.856 and an RMSE of 

1.33 kJ/mol. However, several outliers with large energy deviations were identified. 

Causes for such behavior generally originates either from data points lying outside the 

training feature space, indicating limited extrapolation ability, or from inherent model 

limitations such as overfitting or insufficient representational capacity. To further 

investigate these deviations, the Mahalanobis distance (MD) was employed as a 

reliability measure to quantify how far individual data points statistically deviate from 

the training feature distribution. Higher MD values indicate greater dissimilarity from 

the training data and may be associated with reduced predictive accuracy, suggesting 

a reasonable correlation between model reliability and feature-space proximity 

(Figure 3). Outlier analysis was further illustrated using six representative cases 

exhibiting large energy deviations (either over- or underestimation of the model), for 

which the corresponding geometric features were examined in detail (Figure 3, 

Figure 4, and Table 1). Analysis of these outliers revealed two primary sources of 

deviation. Some correspond to compact, tilted geometries where the halogen lies very 

close to the -plane and near the boundaries of the model’s feature space. In these 

cases, additional stabilizing contributions may arise from ··· contacts and lateral 

C-H···X interactions, which were insufficiently represented in the training data and thus 

led to systematic underestimation of the interaction energies. Others involve 

configurations dominated by close C-H··· contacts, where the model tended to 

overestimate interaction strengths due to limited exposure to repulsive geometries 

during training. Overall, these cases exhibit high MD values, confirming that they fall 

outside the distribution of the training data. The deviations therefore arise mainly from 

insufficient sampling of extreme geometries, either strongly attractive or repulsive. 

To assess real-world relevance, a large-scale PDB scan was performed focusing on 

protein-ligand complexes involving halogenated ligands. Focusing on phenylalanine 

residues as the primary aromatic acceptor, a data set composed of 1114 interaction 

geometries that fulfilled the defined geometric and angular criteria was extracted 

(Table 2). In a matched molecular pair approach, each ligand was replaced by a 

simplified halobenzene model to isolate the halogen··· interaction. The halogen atom 

and its C-X vector were precisely aligned with those of the original ligand, and the 
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benzene ring was optimally oriented to match the ligand’s aromatic system. The 

phenylalanine side chain was truncated and replaced with a protonated benzene 

model for consistency. While this approach lacks the chemical versatility of full ligands, 

it enables a controlled comparison of intrinsic interaction geometries and energies. 

Single-point calculations on an MP2/TZVPP level were performed using TURBOMOLE 

and adduct formation energies reported. After excluding two sterically clashing cases, 

1112 complexes were analyzed. The model achieved good predictive accuracy with an 

R² = 0.805 and an RMSE of 1.57 kJ/mol, indicating reliable transferability to real-world 

data. Most predictions closely matched the calculated energies, while a few outliers 

exhibited larger deviations that followed the same patterns observed in the earlier test 

set arising from geometries at or beyond the training feature space 

(Figure 5, Figure 6, and Table 3). These include non-ideal orientations, excessively 

short contacts, and interaction types differing from -hole-driven 

halogen··· interactions. It can be argued, that the model’s performance on repulsive 

geometries is of minor relevance, since such cases are typically excluded by earlier 

filtering or separate repulsive terms. 

To avoid bias introduced by the simplified halobenzene model systems, the original 

heteroaromatic ligand ring geometries were also analyzed. The resulting predictions 

showed only minimal deviations (~0.3 kJ/mol), confirming the model’s good 

transferability and robustness across different aromatic ring types.

Regarding accuracy and computational cost, the developed neural network models 

reproduce MP2-level interaction energies with near-quantum accuracy while reducing 

computational cost by approximately eight orders of magnitude (108) compared to the 

underlying ab initio calculations. This immense acceleration enables the large-scale 

application of accurate halogen··· interaction scoring in molecular modeling and drug 

design contexts.

Conclusion:

In this study, we developed neural network models to predict the interaction energies 

of halogen··· complexes between halobenzenes and benzene with near-quantum 

accuracy. Trained on geometric descriptors extensive MP2/TZVPP data sets, the 

models achieved excellent predictive performance and maintained strong accuracy 
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across independent and PDB-derived test sets. Larger errors were limited to 

geometries outside the training distribution, emphasizing the model’s defined 

applicability to -hole-driven interactions. By leveraging a methodological, hierarchical 

“double jump” from CCSD(T) → MP2 → NN, this QM-AI approach preserves 

near-CCSD(T) accuracy while achieving speed-ups of up to eight orders of magnitude 

(108) compared to MP2 calculations. In this case, although the approach was 

specifically designed to describe -hole interactions, it can be easily extended by 

incorporating additional data to enrich the training feature space and capture a broader 

spectrum of interaction types. Moreover, it can be extended to other halogen bond 

acceptors, such as the aromatic side chain residues of histidine, tyrosine, and 

tryptophan.  
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Chapter 3.2 – Publication 4: Expanding and Enhancing Neural Network-Based 

QM-AI Models for the Accurate Prediction of Halogen- Interaction Energies in 
Protein Contexts

Building on the excellent performance of the previously developed QM-AI models for 

the accurate description of halogen··· interactions in halobenzene-benzene systems, 

we now extend this approach towards a broader set of aromatic acceptors. In this 

follow-up study, halogen··· interactions involving phenol, imidazole, and indole are 

systematically investigated, representing the aromatic side chains of tyrosine, histidine, 

and tryptophan, respectively. Several million interaction geometries of halobenzenes 

complexed with the respective acceptor systems (phenol, imidazole, and indole) were 

systematically generated and subsequently subjected to single-point calculations at 

the MP2/TZVPP level. Halogen atoms were positioned at fixed distances ranging from 

2.75 Å to 4.50 Å, where a plane of data points was used at each distance (Figure 7, 

Materials and Methods). The orientation of the C-X bond was constrained to deviate 

by no more than 40° from the normal of the aromatic plane. To account for the structural 

and electronic diversity of the three aromatic acceptor systems, the generation of 

interaction geometries was adapted individually for each case. For phenol, the 

presence of the hydroxyl substituent introduces an additional interaction site via the O-

H group, and especially the lone pairs of the oxygen atom. Accordingly, a 

complementary set of geometries was generated to specifically probe interactions 

involving the hydrogen and oxygen atoms of the hydroxyl group, ensuring adequate 

sampling of -hole configurations. In the case of imidazole, the non-protonated 

nitrogen atom provides an alternative acceptor and lone-pair interaction site. To 

capture this behavior, additional geometries were constructed with the halogen atom 

positioned in a hemisphere around the center of the nitrogen, thereby extending the 

sampling space toward orientations characteristic of halogen···N interactions. For 

indole, the fused bicyclic ring system required an enlarged sampling volume to 

comprehensively describe both the five- and six-membered ring surfaces. 

Consequently, the grid dimensions were significantly expanded, leading to a 

substantially larger number of generated geometries. Geometric descriptors capturing 

all relevant pairwise distances and angular relations were derived from the generated 

interaction geometries, ensuring full independence to translation and rotation of the 

underlying coordinate system. The data set was divided into training, validation, and 

test subsets following the same protocol as described previously in chapter 3.1. Model 
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optimization involved a comprehensive hyperparameter and architecture search 

performed through leave-one-out five-fold cross-validation. The network was trained in 

a supervised learning framework using the mean-squared error as loss function, with 

the validation set used to monitor convergence and tune model parameters, and the 

independent test set employed to assess final predictive performance (Figure S2). For 

each acceptor system, an individual model was generated and trained independently. 

All three models exhibited excellent agreement with reference data, achieving values 

of R²phenol = 0.9983, R²imidazole = 0.9919, and R²indole = 0.9982, along with consistently 

low RMSE values (RMSEphenol = ~0.15 kJ/mol, RMSEimidazole = ~0.28 kJ/mol, 

RMSEindole = ~0.17 kJ/mol) for both validation and test set. These findings confirm the 

models’ reliability and strong generalization performance even on previously unseen 

geometries. 

To circumvent potential bias arising from feature-space overlap between training and 

test data, model generalization was further evaluated using a separate set of randomly 

generated geometries. This data set comprised both fully out-of-distribution samples 

and configurations that lie within the training distribution but correspond to interpolated 

combinations of geometric parameters. In the first step (i) a subset containing only data 

points with features lying within the training distribution (2.75 Å  dX···-plane  4.5 Å; 

C-X···⊥(-plane)  40°) was analyzed. In the second step (ii) distance and angle constraints 

were dropped and the full test data set was evaluated. Within the constrained subset 

(step i), the models effectively reproduced the excellent performance observed during 

validation, yielding coefficients of determination of R²phenol(i) = 0.9935, 

R²imidazole(i) = 0.9848, and R²indole(i) = 0.9953, together with RMSE values of 0.27, 

0.34, and 0.28 kJ/mol, respectively. These results demonstrate the models’ ability to 

interpolate smoothly within the training distribution. When evaluated on the full test 

data set (step ii; Figure 1), predictive performance remained strong, with values of 

R²phenol(ii) = 0.9644, R²imidazole(ii) = 0.9096, and R²indole(ii) = 0.9269, along with RMSE 

values of 0.90, 0.94, and 1.17 kJ/mol for phenol, imidazole, and indole, respectively. 

Outliers exhibiting large deviations between predicted and reference interaction 

energies were analyzed in detail (Figure 2, Table 1). Most of these correspond to 

geometries featuring additional stabilizing contributions from ··· or lateral C-H···X 

interactions, which were underrepresented in the training data and therefore often 

underestimated by the models. In contrast, a smaller number of outliers originated from 
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configurations with excessively short halogen···-plane distances, leading to strong 

repulsive forces and overestimated interaction strengths. In both cases, the 

corresponding high Mahalanobis distance (MD) values indicate that these geometries 

lie outside the feature space covered during training. 

Conducting a PDB scan yielded real-world examples from protein crystal structures 

which were used as an additional evaluation set. Ligands were replaced by a simplified 

halobenzene model to isolate the halogen··· interaction. The halogen atom and its 

C-X vector were precisely aligned with those of the original ligand, while the benzene 

ring was oriented to reproduce the aromatic geometry of the ligand. Each aromatic 

residue was substituted by its corresponding protonated, QM-optimized model system. 

The resulting PDB-derived data sets are hereafter referred to as the “tyrosine (TYR)”, 

“histidine (HIS)”, and “tryptophan (TRP)” sets. These sets comprise 1152 geometries 

for tyrosine, 661 for histidine, and 384 for tryptophan. Single-point MP2/TZVPP 

calculations were performed to obtain adduct formation energies. Geometries with 

interaction energies exceeding +10 kJ/mol were excluded, yielding final data sets of 

NTYR = 1142, NHIS = 660, and NTRP = 384. The same two-step evaluation protocol was 

applied. 

For the constrained subset (step i), the models again demonstrated excellent predictive 

performance, achieving R² values of 0.9904, 0.9834, and 0.9900 with RMSE values of 

0.30, 0.43, and 0.33 kJ/mol for tyrosine, histidine, and tryptophan, respectively. 

Evaluation of the full PDB-derived data sets (step ii; Figure 3) yielded slightly reduced 

but still strong performances, with R² values of 0.9530 for tyrosine, 0.8840 for histidine, 

and 0.8819 for tryptophan with RMSE values of 0.76, 1.65, and 1.33 kJ/mol, 

respectively. As observed previously, most predictions closely matched the reference 

interaction energies, while a small number of outliers displayed larger deviations 

consistent with those identified in the randomly generated test sets (Figure 4, Table 3). 

These deviations primarily originated from geometries located at or beyond the 

boundaries of the training feature space.

To assess the models’ behavior and performance following data set expansion and 

retraining, additional data sets comprising 300,000 interaction geometries between 

halobenzenes (100,000 per halogen) and the three model systems were generated by 

randomly varying translational and rotational features. All model architectures and 

hyperparameters were kept unchanged, and each system - phenol, imidazole, and 
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indole - was retrained using the expanded data set. As a result of the increased data 

diversity, a slight reduction in training and validation accuracy was observed, with 

R² values of 0.9958, 0.9827, and 0.9952 and corresponding RMSE values of 0.34, 

0.45, and 0.39 kJ/mol for phenol, imidazole, and indole, respectively. Importantly, this 

modest decrease in in-sample performance was accompanied by a notable 

improvement in predictive accuracy on external data. Evaluation on the randomly 

generated geometry test set (Figure 5) yielded R² values of 0.9851, 0.9555, and 0.9803 

with RMSE values of 0.58, 0.86, and 0.80 kJ/mol for phenol, imidazole, and indole, 

respectively. Consistent with this trend, performance on the PDB-derived test set 

(Figure 6) also improved, achieving R² values of 0.9610for tyrosine, 0.9252 for 

histidine, and 0.9179 for tryptophan with corresponding RMSE values of 0.69, 1.35, 

and 1.11 kJ/mol, respectively, further confirming the enhanced generalization of the 

retrained models. 

All three neural network models reproduce MP2-level interaction energies with near-

quantum accuracy while achieving a drastic reduction in computational cost. 

Consistent with our previous findings, the present models likewise provide an 

acceleration of approximately eight orders of magnitude (∼10⁸) compared to the 

underlying ab initio calculations.

Conclusion: 

In this study, the previously developed QM-AI framework was extended beyond the 

halobenzene-benzene model to encompass halogen··· interactions with phenol, 

imidazole, and indole, representing the aromatic side chains of tyrosine, histidine, and 

tryptophan, respectively. Individually trained neural network models reproduced 

MP2/TZVPP interaction energies with near-quantum accuracy and demonstrated 

excellent predictive performance across independent, randomly generated, and 

PDB-derived test sets. Model generalization was assessed in detail using a two-step 

evaluation strategy that distinguishes between interpolation within the training 

distribution and extrapolation beyond its boundaries. Within the constrained feature 

space, the models demonstrated consistently high accuracy, confirming their ability to 

smoothly interpolate between sampled interaction geometries. When evaluated on fully 

unconstrained test sets, predictive performance remained robust, with larger 

deviations confined to a small number of geometries located outside the training 
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feature space. Larger deviations were limited to geometries lying outside the training 

feature space, confirming the models’ well-defined applicability to -hole-driven 

halogen··· interactions. Furthermore, we demonstrated and evaluated the models’ 

extendibility by incorporating additional data and re-training the initial network which 

led to improved predictive performance and confirmed the capability to generalize and 

adapt to an expanded interaction space. Consistent with previous findings, the 

developed models maintain near-quantum accuracy while reducing computational cost 

by approximately eight orders of magnitude (∼10⁸) compared to ab initio reference 

methods. 
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3. Conclusion and Outlook
The studies presented in this thesis collectively deepen our understanding of halogen-

mediated noncovalent interactions and demonstrate how combining high-level 

quantum mechanics (QM) with machine learning can provide both physical insight and 

computational efficiency for molecular modeling and drug discovery.

The work began with an exploratory investigation of halogen···water interactions 

(Publication 1), which served as a stand-alone study and the conceptual foundation for 

subsequent research. Analysis of a halogenated inhibitor bound to DYRK1A revealed 

an unusual iodine···water contact that inspired a comprehensive database and QM 

survey. This systematic evaluation established that halogen···water interactions, 

although energetically modest, are structurally well defined and exhibit clear trends 

across the series of halogens. Chlorine typically forms more flexible, mixed halogen-

hydrogen-bonding arrangements, whereas iodine engages in highly directional -hole 

interactions with water oxygen lone pairs. These findings demonstrated that interstitial 

water molecules can participate in subtle but potentially meaningful recognition 

patterns within protein binding sites. Importantly, this study underscored the sensitive 

balance between enthalpic stabilization and entropic cost in such systems.

Publications 2 to 4 form the main body of the thesis and focus on halogen··· 

interactions, which play a central role in biomolecular recognition processes involving 

aromatic residues such as phenylalanine, tyrosine, histidine, and tryptophan.

In Publication 2, a systematic benchmarking study was conducted to identify an optimal 

QM method for the quantitative description of these interactions. Through extensive 

comparisons against CCSD(T)/CBS reference data, MP2/TZVPP emerged as the most 

balanced approach, combining near-reference accuracy (RMSD ≈ 1 kJ/mol) with 

reasonable computational cost. This finding provided the methodological basis for 

generating the large and consistent data sets required for data-driven modeling.

The subsequent work (Publication 3) integrated these high-quality QM data into neural 

network models capable of predicting halogen··· interaction energies with near-

quantum accuracy. By training on geometrically diverse halobenzene-benzene 

complexes, the developed model reproduced MP2-level interaction energies with 

excellent agreement (R² ≈ 0.998) while reducing computation time by approximately 

eight orders of magnitude (108). Tests on both random-generated and PDB-derived 
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geometries confirmed robust generalization, and error analyses revealed a well-

defined applicability domain limited to -hole-driven interactions. This established a 

new, efficient pathway for integrating physically meaningful halogen bonding 

representations into large-scale molecular simulations and structure-based design 

workflows.

Finally, Publication 4 extended the QM-AI approach completing the set of halogen··· 

acceptors by incorporating interactions addressing phenol, imidazole, and indole, the 

aromatic side chain residues of tyrosine, histidine, and tryptophan. Despite the 

increased chemical complexity, the neural networks maintained near-MP2 accuracy 

across all systems (R² ≈ 0.99) and successfully transferred it to real-world PDB 

geometries. The retraining and extension of the models further demonstrated their 

scalability and adaptability to new chemical environments. This modular approach 

provides a generalizable framework that can be incrementally expanded to include 

additional interaction types and environments.

Beyond their specific focus on halogen bonding, the methods and insights developed 

here contribute to the broader field of noncovalent interaction modeling. The 

demonstrated QM-AI workflow provides a template for other interactions, such as 

chalcogen or pnictogen bonds, where similar challenges of accuracy and scalability 

arise. Moreover, integration of these models into molecular docking or free-energy 

frameworks could significantly improve the physical realism of computational screening 

and scoring functions.

In summary, this thesis establishes a conceptual and computational bridge between 

detailed QM understanding and data-driven modeling of -hole interactions. Future 

work will focus on expanding the chemical and environmental scope of these models, 

exploring cooperative effects in multi-interaction networks, and embedding them into 

practical workflows for virtual screening and molecular docking.
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ABSTRACT: Halogen bonding is a valuable interaction in drug
design, o�ering an unconventional way to influence a�nity and
selectivity by leveraging the halogen atoms’ ability to form
directional bonds. The present study evaluates halogen−water
interactions within protein binding sites, demonstrating that
targeting a water molecule via halogen bonding can in specific
cases contribute beneficially to ligand binding. In solving and
examining the crystal structure of 2-cyclopentyl-7-iodo-1H-indole-3-
carbonitrile bound to DYRK1a kinase, we identified a notable
iodine−water interaction, where water accepts a halogen bond with
good geometric and energetic features. This starting point triggered
further investigations into the prevalence of such interactions across
various halogen-bearing ligands (chlorine, bromine, iodine) in the
PDB. Using QM calculations (MP2/TZVPP), we highlight the versatility and potential benefits of such halogen−water interactions,
particularly when the water molecule is a stable part of the binding site’s structured environment. While the interaction energies with
water are lower compared to other typical halogen bond acceptors, we deem this di�erent binding strength essential for reducing
desolvation costs. We suggest that “interstitial” water molecules, as stable parts of the binding site engaging in multiple strong
interactions, could be prime targets for halogen bonding. Further systematic studies, combining high-resolution crystal structures and
quantum chemistry, are required to scrutinize whether halogen bonding on water is more than a “drop in the ocean”.

■ INTRODUCTION

A thorough understanding of all contributions to protein−

ligand recognition is of fundamental importance for modern
drug discovery and design. While there is numerous research
on various more classical molecular interactions (such as
hydrogen bonds, van der Waals contacts, ion-pairs, ion-dipole
interactions, cation···π, C−H···π, or π···π interactions), other
interactions such as halogen and chalcogen bonds, both so-
called σ-hole interactions, have just more recently gained
attention and are not fully understood, yet.1−7

Halogen bonding (XB) has been compared to hydrogen
bonding, because of its high directionality, the necessity to
meet rather strict geometric requirements to hit the sweet spot
of the interaction energy, its versatility to interact with a
multitude of quite di�erent partners in the binding site, and its
ability to engage in a network of interactions (including
hydrogen bonds). Hence, XBs can o�er novel and useful
principles and opportunities for molecular recognition and
drug design.8−13 In a nutshell, the σ-hole is an electron-
deficient and, thus, positively charged region on the halogen’s
surface typically in elongation of the R−X axis.5,14−16 The σ-
hole facilitates attractive interactions (XBs) between this
electrophilic region on the halogen atom (X), typically
chlorine, bromine, or iodine, and a nucleophilic region in
another molecular entity, e.g. the protein binding site. It should

be noted that this strongly anisotropic electron distribution
leads to a high lateral electron density, surrounding the
halogen perpendicular to the R−X axis. This e�ect is important
for the high directionality of the XB interaction. In systems,
where R exerts a strongly electron-withdrawing e�ect on the
halogen X, such strong “tuning e�ects” can lead to a great
enhancement of the strength of the XB and the accessibility of
the σ-hole, while the ability to accept hydrogen bonds laterally
can vanish completely.17,18 Consequently, also directionality
can be impaired. Often a chlorine, bromine or iodine atom is
reduced to its capability of donating XBs through their σ-hole
with nucleophilic binding partners, because it is the more
unexpected interaction mode. Still, the versatility to donate
XBs and accept hydrogen bonds, as well as to integrate into an
interaction network with both, can be important for its
applicability.9 To date, di�erent nucleophilic interaction
partners in the protein binding site accepting halogen bonds
have been studied systematically, including backbone carbonyls
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and the π-surface of the peptide bond,19,20 the sulfur atom21 in
methionine, the nitrogen atoms22 in histidine, carboxylate23

(aspartate/glutamate) and carboxamide moieties23 (aspara-
gine/glutamine). While the relevance of π-systems (aromatic
side chains of tyrosine, phenylalanine, histidine, and
tryptophan) and hydroxyl groups as XB acceptors has been
highlighted,13,24,25 systematic studies are still work in progress.

Similar to the hydroxyl functions in serine, threonine, or
tyrosine residues, halogen bonds evidently could be formed
with the oxygen atom of water molecules. In 2010, Zhou et
al.26 analyzed the interaction of halogenated nucleic acids,
proteins, or small molecules with water molecules in crystal
structures. Based on angle thresholds, they identified halogen−

water−hydrogen (XWH) bridges, which could have an impact
on protein, DNA, or RNA stability, and facilitate particular
folding of these biomolecules. In these contacts, a halogen
bond replaces a hydrogen bond in a water-mediated
interaction. They further extend their XWH bridge concept
to the recognition of small molecules in their biomolecular
binding sites. Despite this pioneering work on halogen−water
interactions, awareness of this topic is still limited in drug
discovery. One reason might be that they have been
traditionally perceived as surrogate hydrogen bond donors
onto halogens, underestimating the possibility of engaging in
halogen bonds. Since water is ubiquitous in the binding site of
proteins, it plays a crucial role in many aspects of drug design,
e.g., by mediating interactions between ligands and pro-
teins.27−34 Ligands are typically designed to replace energeti-
cally unfavorable water molecules. Displacing particularly
ordered water molecules at hydrophobic surfaces of the
protein into the bulk solvent can have a high influence on a
ligand’s binding a�nity by increasing entropy.35−39 On the
other hand, tightly bound water molecules can be conserved as
“interstitial waters” and can become especially important for
the ligand’s binding mode, because they are to be treated as
part of the binding site.40,41 “Trapping” a water molecule in the
binding site can entropically be unfavorable but enthalpically
favorable as water can form multiple interactions with its
surroundings. An increase in binding a�nity is thereby only

achieved if the enthalpic contribution overcompensates the
entropic penalty.42

Based on a series of indole-3-carbonitriles bearing a chlorine,
bromine, or iodine atom in position 7, identified through a
fragmentation approach by Meine et al.,43 we were able to
solve the crystal structure of 2-cyclopentyl-7-iodo-1H-indole-3-
carbonitrile (6s,43 Chemical ID in PDB structure 8R8E: YOX)
in complex with DYRK1a. In this crystal structure, we observed
a network of halogen and hydrogen bonds involving
“interstitial water molecules”, inspiring us to conduct a more
systematic assessment of such interactions in the protein data
bank (PDB).44 A water molecule lies in the immediate vicinity
of the ligand’s iodine atom indicating a potential halogen bond.
The interaction distance dI···O and σ-hole angle αC−I···O

between the iodine atom and the water’s oxygen atom are
similar to previously described favorable halogen bond
complexes.45

Starting from a detailed analysis of our newly obtained
crystal structure of Compound YOX with DYRK1a (PDB:
8R8E), we extend this analysis of halogen−water interactions
to all protein crystal structures in the PDB. Using custom
Python46/PyMOL47 scripts, we identified potentially interest-
ing water molecules in close proximity to halogenated ligands
providing insights into their occurrence. Using quantum
mechanical (QM) calculations, we optimized and analyzed
the hydrogen bond networks for each complex to assess the
interaction energy of the potential halogen bond. These
certainly depend on various geometric parameters including
orientation and hydrogen bond patterns of the individual water
molecules. We highlight the frequency of combinations of
distances dX···O and σ-hole angles αC−X···O for these halogen−

water contacts and their calculated adduct formation energies.
Likewise, spherical distribution patterns around the oxygen of
the water molecule are analyzed with respect to the type of
halogen atom and their relevance for determining the nature of
the interaction as halogen or hydrogen bonding is discussed.

■ RESULTS AND DISCUSSION

DYRK1a Crystal Structure. The Dual-specificity tyrosine
phosphorylation-regulated kinase 1A (DYRK1a) is an

Figure 1. (a) Crystal structure of DYRK1a kinase (PDB: 8R8E) and the compound YOX. Interaction A: Compound YOX forming a favorable
I···Owater interaction to the water residue W1 (HOH618) with an interaction distance dI···O = 3.35 Å and an interaction angle αC−X···O = 168.3°

(cyan). Interaction B: The compound forms a hydrogen bond to another water molecule W2 (HOH761) with dH···O = 2.2 Å. Interaction C:
Hydrogen bond between W1 and W2 with dH···O = 3.9 Å. Interaction D: Hydrogen bond between W1 and W3 (HOH800) at dH···O = 2.2 Å.
Interaction E: Hydrogen bond between W1 and the backbone carbonyl of LEU241 at dH···O = 1.7 Å. (b) Di�erent orientation of the complex. The
figure was prepared using PyMOL.
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important regulator in proliferation and di�erentiation of nerve
cells and plays a crucial role in the development of Down
syndrome and Alzheimer’s disease.48 We solved the crystal
structure of DYRK1a kinase containing the inhibitor 2-
cyclopentyl-7-iodo-1H-indole-3-carbonitrile (PDB: 8R8E).

The crystal structure provided evidence for a water molecule
in close contact with the iodine atom of the ligand YOX. The
interaction distance between the iodine atom and the oxygen
of the water molecule and the σ-hole angle were measured as
dI···O = 3.35 Å and αC−I···O = 168.3°, respectively, suggesting a
potentially favorable halogen bond. The addressed water
molecule is only observed in chain A of the protein, raising
doubts about its presence in that specific location across other
chains. However, examination of the electron density strongly
supports the existence of this water molecule. An analysis of
the B-factors reveals variations in the flexibility of the binding
site (Individual values can be found in Table S2 in the
Supporting Information). Notably, the B-factors for the
backbone carbonyl of the nearby Leucine 241, which is part
of the hinge region, increase progressively across chains A to D.
This indicates greater flexibility of Leucine 241, which likely
influences the mobility of the water molecule and may explain
its exclusive observation in chain A.

Subsequently, a section of the binding site, including the
ligand, the interacting water molecule, and all surrounding
amino acid and water residues within 4 Å, were extracted and
protonated using the Protein Preparation Wizard of the
Schrödinger Suite.49 In this process, di�erent hydrogen atom
positions are sampled, clustered and optimized with respect to
their ability to form hydrogen bonds and participate in the
bond network. Finally, the most likely hydrogen bond network
is retrieved as an initial guess and, subsequently, optimized at a
TPSS50-D351/TZVP52 level of theory using TURBOMOLE.53

Heavy atoms were kept frozen to maintain the experimentally
determined binding situation. From the QM-optimized
structure (Figure 1), the interaction geometries of di�erent
interaction partners were extracted. To obtain the adduct
formation energy, MP254/TZVPP52 single-point calculations
of the individual interaction partners were conducted. The
halogen bond (Figure 1a, A) between the iodine and the
oxygen atom shows a strength of −8.44 kJ/mol for the original
ligand YOX. In previous systematic evaluations, we used a
simple halobenzene as a model system for a not tuned haloaryl
system.19−23,45 Replacing the ligand with the model
iodobenzene yields a similar interaction strength of −8.54
kJ/mol. The halogen bond acceptor W1 forms a multitude of
polar interactions with the surrounding binding site moieties.
The hydrogen bond (Figure 1a, B) between the ligand and
water W2 shows a strength of −23.7 kJ/mol, while the
interaction (Figure 1a, C) between the two water molecules
W1 and W2 is only weak with a strength of −3.46 kJ/mol, due
to the rather large distance of close to 4 Å. Further, the
hydrogen bond (Figure 1a, D) between W1 and W3 exhibits a
strength of −19.14 kJ/mol, while the interaction between W1

and the nearby leucine (Figure 1a, E) shows a strength of
−11.78 kJ/mol. It should be noted that the interaction energies
here are provided as the simple adduction formation energies
of two directly interacting molecules without taking into
account the possible synergistic e�ects of the entire network,
e.g., with respect to mutual polarization.
PDB Scan for Halogen−Water Contacts. To identify

further ligand-halogen contacts with water molecules, a PDB
scan was conducted. Compared to the analysis performed by

Zhou et al.,26 data availability has increased more than 4-fold
over the past 15 years. In addition, we completely focused on
protein−ligand recognition from a drug discovery perspective,
thus, excluding all types of halogenated biomolecular building
blocks. 197120 crystal structures (as of March 2023) were
analyzed with 7635 (3.87%) unique structures containing
ligands that bear chlorine, bromine, or iodine moieties (Table
1). Fluorine contacts were not considered, since fluorine

naturally does not possess a σ-hole and therefore will not be
able to engage in a halogen bond, except for extreme cases
where fluorine itself is heavily tuned.55 Halogen···water
contacts were reported if they were located within 4 Å around
the halogen atom. A total of 3780 water contacts in 1726
unique PDB structures were found. The di�erence derives
either from multiple addressed water molecules within the
same chain or multiple contacts in several di�erent chains of
the crystal structure.

With 74.55% of all contacts, the majority is attributed to
chlorine, followed by 19.79% to bromine and 5.66% to iodine
(Table 2). Figure 2 shows the distance and angle distribution
of all water contacts. Distances below 2.0 Å were neglected
indicating clashes or artifacts rather than favorable contacts.
Chlorine (green), bromine (dark red), and iodine (purple)
contacts are plotted separately (A version of the figure for
readers with red-green color vision deficiency can be found in
the Supporting Information, Figure S2). For better compara-
bility between the halogens, the relative occurrence was
measured. The top histogram shows the relative angle
distribution in bins of 10° from 0° to 180° for chlorine,
bromine, and iodine. The sum of each bin is normalized with
the sum of all data points of the respective halogen. The right
histogram shows relative distance distribution in bins of 0.1 Å
from 2.0 Å to 4.0 Å, also for chlorine, bromine, and iodine.
Bins are also normalized by the sum of all data points of the
respective halogen. Most chlorine contacts are in a region of
3.5 Å to 3.9 Å with angles αC−X···O of 80° to 130° with bins of
10−12%. Bromine shows a similar distribution. For iodine,
most of the contacts lie in a region of 3.5 Å to 3.7 Å with a
higher relative distribution in this region (bins of 12−14%).
Angle distribution also peaks at values of αC−X···O = 90° to 110°

(15−16%). To be classified as a σ-hole interaction, certain
interaction distance and angle criteria need to be fulfilled.
Wilcken et al.45 evaluated the interaction between halogenated
ligands and the carbonyl oxygen atom of the protein backbone
systematically. Optimal interaction geometries were found to
have a distance dX···O of around 3.1 Å and an interaction angle
αC−X···O of 180°. Gradually deviating from the optimal halogen
bond interaction distance or interaction angle led to increasing
energy loss. For an interaction distance of about 4 Å, an energy
loss of more than 50% is expected. For deviations of more than
40° from the optimal σ-hole angle (αC−X···O = 180°), no
significant attractive interaction could be found. To focus only
on relevant σ-hole interactions, we applied the following
restrictions for our current analysis: the interaction distance
between the halogen atom and the water’s oxygen atom dX···O

must be <4 Å and the interaction angle αC−X···O must be >140°.

Table 1. PDB Scan for Halogenated Ligands

Halogenated Ligands Total Chlorine Bromine Iodine

Unique PDB IDs 7635 5656 1350 454

Percentage 77.15% 18.41% 6.19%
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Interaction angles >160° can be considered highly favorable.
Further information and details of the individual contacts of
the PDB scan can be found as an Excel Spreadsheet in the
Supporting Information.

Hydrogen Bond Network Optimization and Calcu-
lation of Adduct Formation Energy. Based on restrictions
of distance dX···O and σ-hole angle αC−X···O, we focused on 741
promising XB interactions in our subsequent analysis. The B-
factor given for each atom in a PDB structure is a measure of
uncertainty in the atom’s position. B-factors of the interacting
water molecule were compared to values of the interacting
ligand and the surrounding protein binding site. If the value of
the water molecule is more than 2.5 times higher than either
the value of the ligand or atoms of the protein, the structure is
inspected manually. Such high values indicate a high
inaccuracy in the atom’s position due to thermal motion.
After manually inspecting the electron density, all structures
were removed when clearly there was not enough electron
density visible for either the water molecule or the ligand, thus,
reducing the data set to 721 structures.

Furthermore, resolution of current X-ray crystallography
does not enable the accurate detection of hydrogen atom
positions. To address uncertainties and incorrectness of
hydrogen positions, all present hydrogen atoms were removed.
Extracted structures were protonated and hydrogen bond
networks were initially optimized using Schrödinger’s Protein
Preparation Wizard, while all other atoms were kept frozen.
The so retrieved structures were used as starting points for the
subsequent QM optimization of the hydrogen bond network.
Evaluation of the ligands in crystal structures of the PDB shows
a large range of ligand sizes and chemical variety.56,57 Often,
aromatic or heteroaromatic sca�olds are decorated with
halogen atoms. For simplicity and comparability, ligands
were replaced with a simple model system of a corresponding
halobenzene. Here, the halogen atom and the vector of the C−

X bond of the rigid, optimized halobenzene are matched
exactly onto the original ligand. The plane of the benzene ring
is then optimally aligned onto the ligand’s aromatic ring
system. Since the halobenzene model system is much less
tuned than typical ligands, we expect stronger interaction

Table 2. PDB Scan Results of Water Contacts

Water contacts Total Chlorine Bromine Iodine

Number of contacts with dX···O < 4 Å (in unique PDB IDs) 3780 (1726) 2818 (1269) 748 (368) 214 (102)

Percentage of contacts 74.6% 19.8% 5.7%

Hits αC−X···O > 140° (% of contacts) 741 (19.6%) 561 (19.91%) 144 (19.25%) 36 (16.82%)

Hits αC−X···O > 160° (% of contacts) 246 (6.51%) 178 (6.32%) 56 (7.49%) 12 (5.61%)

Figure 2. Distribution of halogen−water contacts in crystal structures
of the PDB. Distance dX···O is plotted against the angle αC−X···O.
Chlorine (green), bromine (dark red), and iodine (purple) contacts
are measured independently. Contour lines show the density
distribution of all data points combined. Five contour levels are
measured. Histograms show the relative occurrences of distance and
angle values. The top histogram shows the occurrences of angles for
chlorine, bromine, and iodine separately in bins of 10°, from 0°−180°

relative to the sum of all data points. The right histogram shows the
occurrences of distances for chlorine, bromine, and iodine separately
in bins of 0.1 Å, from 2.0 Å - 4.0 Å relative to the sum of all data
points.

Figure 3. Number of atoms included in the binding site representations extracted from PDB structures for optimization of the hydrogen atom
positions. Atom count is given in bins of 10. Occurrences are given for each bin. Blue bars show the total number of atoms including hydrogens in
the binding site. Red bars show the number of heavy atoms.
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energies in regular ligand systems, where di�erent sca�olds or
electron withdrawing groups a�ect the strength of the σ-hole.17

A total of 721 binding site representations were subjected to
QM optimization of the hydrogen bond network. The
geometry of a total of 652 structures successfully converged
and was further analyzed. Figure 3 illustrates the distribution of
binding site sizes in terms of heavy atom count and all atoms
included in the binding site for hydrogen bond optimization.
The size of the total binding site certainly has a crucial impact
on the runtime and complexity of the optimization step.58,59

Hence, the right balance between size, accuracy, calculation
time and costs, the applied level of theory and the avoidance of
convergence failures had to be chosen. Eventually, we
optimized the hydrogen bond networks on a TPSS-D3/
TZVP level of theory using TURBOMOLE.

To address any bias of overrepresentation in interaction
geometries, only unique interactions within a PDB structure
were considered. Therefore, interactions that occurred in
multiple chains of the same PDB structure and turned out to
be equal were neglected. Multiple interactions within the same
chain addressing di�erent water residues were kept. The final
data set consists of 516 unique structures with 386 chlorine,
104 bromine, and 26 iodine interactions onto water.
Adduct Formation Energy Evaluation. We emulated the

method applied for DYRK1a kinase (PDB: 8R8E) to the other
PDB structures resulting from our selection process. To obtain
the adduct formation energy and to assess the halogen bond
strength, MP2/TZVPP single-point calculations of the
individual interaction partners were conducted.

Table 3 shows the summary of the resulting mean energies
and their standard deviations for each halogen interaction

separately. Chlorine and bromine interactions show a mean
energy of −1.41 kJ/mol, and −1.54 kJ/mol, respectively.
Iodine interactions, however, show a mean energy of −4.22 kJ/
mol for all interactions. It should be noted that the standard
deviations are rather high and even some quite repulsive
contacts are identified. Neglecting such positive energy values,
and therefore unfavorable interactions, the mean energies are
moderately improved to −2.64 kJ/mol, −3.24 kJ/mol, and
−5.27 kJ/mol for chlorine, bromine, and iodine, respectively.
The complete data set with all energies, distances, and angles
can be found as an Excel Spreadsheet in the Supporting
Information.The increasing interaction strength from chlorine
to iodine correlates with the enhanced polarizability and
atomic size of the halogens in terms of their van der Waals
radii and, consequently, the larger σ-hole of the heavier
halogens.19

To illustrate the diversity of binding geometries, we plotted
the interaction distance dX···O against the interaction angle
αC−X···O in Figure 4. The best energy is highlighted as a
diamond shaped data point. Each data point is colored by their
respective adduct formation energy, according to the given
color scale for the energy range from −10.0 to 0.0 kJ/mol.

Chlorine, with N = 341 interactions, shows a broad
distribution of moderately negative energies. Bromine,
consisting of N = 88 interactions, shows a similar spatial
distribution and slightly more favorable interactions compared
to chlorine. With only N = 25, iodine interactions are more
scarce, but display the most favorable adduct formation
energies of the three halogen elements. In stark contrast to

Table 3. Mean Energies of the Halogen Interactions (in kJ/
mol) Found in PDB Interaction Geometries

All interactions Only favorable

ΔE N SD ΔE N SD

Chlorine −1.41 386 5.31 −2.64 341 1.39

Bromine −1.57 104 6.50 −3.24 88 1.59

Iodine −4.22 26 5.58 −5.27 25 2.01

Figure 4. Distribution of favorable adduct formation energies for
chlorine (N = 341), bromine (N = 88), and iodine interactions (N =
25). Geometries are characterized and di�erentiated by plotting the
interaction angle αC−X···O against the interaction distance dX···O. Each
data point is colored according to its adduct formation energy with
respect to the given scale. The diamond shaped data point, featuring a
black edging, emphasizes the best interaction geometry found.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.4c00834
J. Chem. Theory Comput. 2024, 20, 10716−10730

10720

52

https://pubs.acs.org/doi/suppl/10.1021/acs.jctc.4c00834/suppl_file/ct4c00834_si_003.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.jctc.4c00834/suppl_file/ct4c00834_si_003.xlsx
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig4&ref=pdf
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.4c00834?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


the chlorine and bromine plots, in the case of iodine, a clear
gradient of increasing adduct formation energies with higher σ-
hole angles αC−X···O is easily evident.

Figure 5 shows the energy value distributions of adduct
formation energies for chlorine, bromine, and iodine
interactions, separately. Energy values are combined in bins
of 1.0 kJ/mol from −10.0 to 0.0. An additional bin represents
repulsive values >0.0 kJ/mol. The distribution reveals that
iodine has a significant peak at around −6 kJ/mol, while also
reaching most negative values of nearly −10 kJ/mol. Bromine
and chlorine show a more uniform distribution across the
energy range, with notable occurrences from −4 kJ/mol to −2
kJ/mol.

Iodine forms the strongest interaction with an energy of
−9.83 kJ/mol, an interaction distance dI···O = 3.25 Å, and an
angle of αC−I···O = 175.5°. Weaker interaction energies are
obtained for bromine and chlorine. The strongest interaction

found for bromine is −6.34 kJ/mol with an interaction
distance and angle of dBr···O = 3.62 Å and αC−Br···O = 142.3°,
respectively. For chlorine the most favorable energy is −6.02
kJ/mol with dCl···O = 3.52 Å and αC−Cl···O = 142.8°.

Figure 6 shows the respective geometry of each halogen
interaction. Three di�erent points of view are given to illustrate
the spatial arrangement. Dashed lines illustrate the direction-
ality of the formed halogen bond. The directivity of the σ-hole
given by the C−I bond of the iodobenzene perpendicular to
the plane formed by the water atoms clearly points to the lone
pair of the oxygen atom. For the chlorine and bromine
interaction the C−X vector shows an interesting pattern of a
more “shifted, anti-parallel” direction in comparison to the O−

H bond vector of the water molecule. This indicates that the
halogen atom engages as a halogen bond donor with the
oxygen atom, but can simultaneously act as a hydrogen bond
acceptor. In this case, the hydrogen bond is formed to the

Figure 5. Histogram of relative occurrences of energy values for chlorine, bromine, and iodine interactions. Energy values are summed up from
−10.0 to 0.0 in bins of −1.0 kJ/mol. An additional bin is added for values >0.0. Occurrences are reported relative to the sum of all data points of
the respective halogen.

Figure 6. Spatial arrangement of best scoring interaction geometries for chlorobenzene, bromobenzene, and iodobenzene in complex with the
addressed water molecule, extracted from PDB structures. The chlorine interaction (green) is found in 4UAL, the bromine interaction (dark red) in
5S41, and the iodine interaction (purple) in 5U84. The original ligands were replaced by the respective halobenzene as described in detail in the
method section. (a−c) show di�erent orientations of the same geometries. Dashed lines represent the X···O contact, allowing for a comparison
with the expected directionality of a halogen bond. Figures were prepared with PyMOL.
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negatively charged belt in the equatorial position of the
halogen atom (δ− interactions). To clarify the shifted,
antiparallel interaction profile, Figure S3 can be found in the
Supporting Information showing each interaction separately in
three di�erent orientations. To illustrate the di�erent
interaction types based on matches and mismatches of the
electrostatic potential (ESP) of each individual molecule,
calculations on a regular grid around each system (chlor-
obenzene, bromobenzene, or iodobenzene) were conducted
separately. Figure 7 A visualizes the ESPs of the three
halobenzenes emphasizing the increased strength of the σ-hole
for iodine over bromine, and chlorine. The water is depicted as
a ghost molecule indicating its position and orienation in the
respective top scoring geometry (Figure 6). Complementary to
Figure 7 A, the ESP of the water molecule was calculated and
visualized, while the halobenzenes of the respective interaction
geometries are depicted as ghost molecules in the exact same
orientation (Figure 7 B).

An additional orientation was selected to illustrate di�er-
ences in the directivity of the C−X vector onto the water
molecule (Figure 7 C). In the background, the halobenzene is
shown again as ghost molecule. For better visibility, the
halogen atom is labeled. From Figure 7 B and C, we identify
clear di�erences between the three halogen atoms. While
bromine and iodine clearly point toward the “lone pair” (blue
region), chlorine points obviously past it. Iodine shows a clear
overlap of the σ-hole with the negative potential caused by the

“lone pair” of the water. Bromine still indicates a partial overlap
of the σ-hole with the “lone pair”, while also forming a “side-
on” weak hydrogen bond.

Directionality, represented by the σ-hole angle αC−X···O, is an
important geometric feature for classifying a contact as a
halogen bond, mediated through the σ-hole. In our PDB scan
process, this parameter has been monitored and discussed as
an important prerequisite for halogen bonding. However, as
demonstrated in Figure 6 and Figure 7 for the best interactions
identified for each element, the spatial arrangement of the
halobenzene toward the “lone pairs” of the water molecule is
similarly essential for an attractive σ-hole-based interaction.
This can only be addressed after optimization of the proton
positions of the water molecule in the context of the binding
site. To investigate the energy-dependence of this spatial
distribution of halogen atoms around the water molecule, we
depict in Figure 8 the halogen atom positions with respect to a
default orientation of the water molecule, di�erentiated by the
type of halogen atom and the relative energy level of the
interaction. All halogen atom positions are transformed into
one hemisphere for better visibility. Energies were normalized
by the best adduct formation energy of the respective halogen
data set (geometries indicated by diamonds in Figure 4 and
shown in Figure 6). The resulting range of normalized energies
ranges between 0.0 for the start of attractive interactions and
1.0 for the most favorable interaction detected. Looking at the
interaction geometries in the top range of 0.8 to 1.0, chlorine

Figure 7. Depiction of di�erent electrostatic potentials (ESP) of the top scoring geometries of chlorobenzene, bromobenzene, and iodobenzene in
complex with the addressed water molecule. ESPs are calculated for each system separately, not for the complex. Positive ESPs at an energy of
+0.01 au are colored in red, + 0.005 au in orange. Negative ESPs at an energy of −0.01 au are colored in blue, −0.005 au in cyan. Values at
approximately 0.000 au, indicating the transition between positive and negative ESPs, are colored white. (A) ESPs shown for chlorobenzene,
bromobenzene, and iodobenzene, illustrating the increasing σ-hole for: Cl < Br < I. A cutting plane through the C−X bond was used to show ESPs
from the inside. For better visibility, the uncut halobenzene was rendered separately and superimposed later. In addition, a ghost molecule with a
black outline highlights the position where the water molecule would be found in the interaction complex. (B) ESP of the water molecule in the
same orientation as the respective ghost water molecule in (A). A cutting plane through the oxygen parallel to the point of view was used. The
water molecule was rendered separately and superimposed later. A ghost molecule with a black outline illustrates the position of the corresponding
halobenzene. (C) Selected orientations of the interaction geometries, chosen to visualize di�erences in the directivity of the C−X vector toward the
water molecule. As in (B), a cutting plane through the oxygen atom and parallel to the point of view was used. The water molecule was rendered
separately and superimposed later. A ghost molecule with a black outline illustrates the position of the corresponding halobenzene. Figures were
prepared with PyMOL.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.4c00834
J. Chem. Theory Comput. 2024, 20, 10716−10730

10722

54

https://pubs.acs.org/doi/suppl/10.1021/acs.jctc.4c00834/suppl_file/ct4c00834_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834?fig=fig7&ref=pdf
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.4c00834?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


atom positions are always located in closer proximity to the
hydrogen atoms than the oxygen atom. Bromine positions
slightly shift to an area above the oxygen atom, whereas iodine
positions clearly shift toward the oxygen atom. This pattern is
significantly less pronounced for the weaker interactions (range
0.0−0.8). Since halogen atom positions alone do not give
information about the directionality of the σ-hole, we also
examined the spatial distribution of vectors of the C−X bond
addressing the water molecule (Figure 9). Focusing on the best
20% of interaction geometries in terms of the adduct formation
energy (normalized energies from 0.8 to 1.0), the figure shows
the C−X vectors as sticks and the halogen atom positions as
spheres. Each vector/sphere is colored with the corresponding
adduct formation energy and exemplifies the spatial and
directional preferences of the respective halogen interactions.
Iodine vectors dominantly show a perpendicular σ-hole
directionality toward the plane spanned by the water atoms,
clearly addressing the lone pair of the oxygen atom. It has to be
noted, that iodine also engages in such “shifted anti-parallel”
interaction profiles. Considering the overall small amount of
iodine interactions, four of the 25 geometries representing 16%
of the interactions, display a spatial arrangement where
hydrogen-bonding waters may still contribute to the
interaction, albeit with weaker energies. While most bromine
vectors still point toward the lone pairs, few interactions tend
to shift into the previously mentioned “shifted, anti-parallel”
orientation. In contrast, this orientation can be observed for
most of the chlorine interactions. The vector distribution hints
at a mixed interaction profile of both, halogen and hydrogen
bonding. This finding mainly occurs among chlorine
interactions and we suggest that it is due to the smaller size
and extent of the σ-hole for chlorine, while the lateral negative
electron density is more pronounced.

Expansion to Virtual Data Sets through a Matched
Molecular Pair Approach. While the analysis so far is based
on experimental data, the size of the data sets is unbalanced
due to a much higher preference for chlorinated ligands
compared to brominated or iodinated ligands in the PDB. As a
first step toward balancing this inequality, we have generated
further geometries for virtual data set expansion from the
original geometries by employing the complementary
halobenzenes. Such a “gedankenexperiment”, following the
concept of virtual matched molecular pairs, can provide
evidence, of whether simple halogen exchange can improve or
diminish the interaction energy, while exactly conserving the
binding mode. Based on di�erent C−X bond lengths, there is,
in principle, a halogen-centered and a sca�old-centered
approach for this exchange. Either, in the halogen-centered
approach, both halogen atoms are exactly matched onto each
other, retaining interaction distance and angle, followed by
exactly matching the C−X bond and the plane of the aromatic
sca�old. Alternatively, in a sca�old centric approach, the
aromatic sca�olds are matched onto each other, starting with
the neighboring carbon atoms of the halogens, followed by
aligning the C−X bond and the plane of the aromatic sca�old.
While the latter method is useful from a molecular design
perspective, it would lead to halogen···water contacts with not
directly comparable geometries. Thus, the halogen-centered
approach was employed herein. Based on the PDB results,
there is a strong inequality of examples found for chlorine,
bromine, and iodine. Through this data set expansion, we
retrieve 516 examples for each halogen, strongly increasing the
number of examples for iodine (+490), bromine (+412), and
to a lesser extent for chlorine (+130).

Table 4 shows the mean energies for all interactions of
chlorine (−1.4 kJ/mol), bromine (−1.58 kJ/mol), and iodine
(−1.61 kJ/mol). Considering only favorable energies, values
decrease to −2.6 kJ/mol, −3.34 kJ/mol, and −4.61 kJ/mol,
respectively. The complete data set with all energies, distances,
and angles can be found as an Excel Spreadsheet in the
Supporting Information. Figure 10 shows the distribution of

Figure 8. Halogen position overview of the initial halogen interaction
geometry data set for chlorobenzene (N = 341), bromobenzene (N =
88), and iodobenzene (N = 25) in complex with water. Halogen
positions are clustered in bins of normalized energies. Spheres are
colored according to their respective energy bases on the given scale.

Figure 9. Depiction of the initial halogen interaction geometry data
set for the best 20% of adduct formation energies for chloro-, bromo-,
and iodobenzene in complex with water. Each sphere represents the
position of the respective halogen, while vectors illustrate the Car−X
bond. Spheres and vectors are colored according to the respective
interaction energy based on the given scale.
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interaction angles αC−X···O and interaction distance dX···O of the
virtually complemented data sets. Triangular shaped data
points derive from the original data set, while circular data
points represent the virtually exchanged, and therefore, newly
added data points. For chlorine and iodine, the best interaction
energies remain the same as before, while for bromine, a newly
top-scoring interaction energy was identified. Since iodine
interactions in general are sparsely represented in crystal
structures of the PDB, it is not surprising that a huge number
of virtual geometries are added through our halogen exchange.
Still, it is noteworthy that a quite significant number of
stronger interactions are found within a distance range dI···O of
3.0 Å to 3.5 Å and an angle range αC−I···O of 160° to 180°.

To showcase the benefit that halogen exchange can have on
the adduct formation energy of an interaction, we focus here
on a few examples. Figure 11 shows pairwise halogen
exchanges and the corresponding increase in energy.
Exchanging iodine to bromine in the interaction geometry
found in 5S40, yields an energy increase of nearly 60% from
−2.09 kJ/mol to −3.57 kJ/mol, while exchanging to chlorine,
the energy is even doubled to −4.22 kJ/mol. In 5S40, the
iodine’s σ-hole does not address the lone pair of the water
oxygen atom, but shows a shifted antiparallel interaction
pattern. Hence, in this binding situation, replacing iodine by
chlorine and bromine seems intuitive, because these halogens
will benefit more strongly from the halogen and hydrogen
interactions of such a shifted antiparallel binding mode.

For chlorine, the exchange to one of the heavier halogens,
can be seen as a natural halogen bond tuning e�ect, due to the
increase in σ-hole size and strength. Given the interaction
geometry found in 6DUV, the chlorine’s σ-hole clearly points
to the negatively charged lone pair. As a result, the exchange to
bromine increases the interaction energy from −2.75 kJ/mol to
−5.14 kJ/mol, while an exchange to iodine will further
strengthen the interaction energy to −8.85 kJ/mol, ranking
among the most favorable interactions observed.

Based on its intermediate position between chlorine and
iodine, when replacing bromine, two distinct cases need to be
di�erentiated: Exchange to chlorine in the binding mode of
2QLQ (no halogen bond) increases the energy from −2.42 kJ/
mol to −3.91 kJ/mol. Replacing bromine with iodine in the
geometry of 5HEX (halogen bond) increases the interaction
energy from −5.43 kJ/mol to −8.67 kJ/mol, providing again
an example of one of the highest-scoring geometries.

As previously examined for the initial halogen interaction
data sets in the PDB (Figure 8 and Figure 9), spatial
distribution and directionality of the C−X bond vectors for
these enhanced data sets are depicted in Figure 12 and Figure
13, respectively. While Figure 13 focuses only on the 20% best
interaction geometries, Figure S1 in the Supporting Informa-
tion (complemented by an individual Figure_S1_Cl.pse,
Figure_S1_Br.pse, and Figure_S1_I.pse file) depicts the entire
data set as shown in Figure 12.

What has been observed anecdotically in Figure 11, appears
as a more obvious trend in Figure 12 (compared to Figure 8)
and Figure 13 (compared to Figure 9) based on the enhanced
number of representative structures. Looking at the best 20%
of the interaction geometries (normalized energy: 0.8−1.0),
preferred chlorine atom positions were observed consistently

Table 4. Mean Interaction Energies of the Virtual SAR
Study for All Three Halobenzenes (in kJ/mol)

All interactions
(N = 516) Only favorable

ΔE SD ΔE SD

Chlorine −1.40 5.23 −2.60 (N = 456) 1.36

Bromine −1.58 6.99 −3.34 (N = 446) 1.6

Iodine −1.61 10.21 −4.61 (N = 422) 2.32

Figure 10. Distribution of adduct formation energies for chloro-
benzene, bromobenzene, and iodobenzene molecules with respect to
interaction distance dX···O and interaction angle αC−X···O. Each data
point is colored according to the respective interaction energy based
on the given scale. Triangular shaped data points with black stroke are
derived from the original PDB data set, while circled data points are
derived as the complementary data set through halogen exchange.
The best interaction energy is indicated by a larger data point with a
black stroke.
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in a region above the hydrogen atoms. In combination with
their C−X bond vectors (Figure 13), this emphasizes that

chlorine tends to adopt shifted antiparallel geometries,
engaging partially in halogen and hydrogen bonding. Bromine
atom positions slightly shift to an area above the oxygen atom,
whereas iodine atoms are located clearly above the oxygen
atom, approaching its lone pairs. Vectors of the C−Br bond are
distributed more evenly around the full hemisphere (Figure
13). A larger fraction compared to chlorine shows the typical
σ-hole directionality. Eventually, most C−I bond vectors and
iodine positions feature a preferential σ-hole directionality,
indicating halogen bonding with the water oxygen atom.

■ CONCLUSION AND OUTLOOK

The herein presented evaluation of halogen−water interactions
in the binding site of proteins illustrated that addressing a
water molecule through halogen bonding can, in principle,
yield a beneficial contribution to protein−ligand binding. We
have started to elucidate, whether it is just a “drop in the
ocean” or can and should be harnessed in molecular design.

We identified an interesting halogen−water interaction in
our crystal structure of 2-cyclopentyl-7-iodo-1H-indole-3-
carbonitrile binding to DYRK1a kinase (PDB: 8R8E) and
carefully evaluated the binding situation. Subsequently, a PDB
scan, followed by QM calculations of interaction geometries
was conducted. Our results show that the interaction with
water molecules can be highly versatile depending on the
halogen, and of course, the binding situation. The strongest
interaction energy of −9.83 kJ/mol is based on a good XB
geometry of an iodinated ligand. In previous studies targeting
the backbone carbonyl,19 the sulfur of methionine,21 and the
carboxamide group of asparagine or glutamine by halogen
bonds,23 optimal interactions of close to −20 kJ/mol were
found.45 For XB on the carboxylate group of aspartate or
glutamate,23 interaction energies even in the range of −56 kJ/
mol were observed, due to the impact of the negative charge of
the anionic carboxylate function. In comparison to such
contributions to molecular recognition, the resulting inter-
action energies with water appear underwhelming at first sight.

Figure 11. Examples of pairwise halobenzene exchanges yielding an
energy gain. The halogen position remains the same throughout the
exchange.

Figure 12. Halogen position overview of the expanded data set of
interaction geometries for chlorobenzene, bromobenzene, and
iodobenzene in complex with water. Halogen positions are clustered
in bins of normalized energies. Spheres are colored according to their
respective energy bases on the given scale.

Figure 13. Depiction of the virtually expanded halogen interaction
geometry data set for the best 20% of adduct formation energies for
chlorobenzene, bromobenzene, and iodobenzene in complex with
water. Each sphere represents the position of the respective halogen,
while vectors illustrate the Car−X bond. Spheres and vectors are
colored according to the respective interaction energy based on the
given scale.
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Still, stronger interactions would consequently increase the
costs of desolvation accordingly. Thus, replacing water
molecules from the unbound state of the ligand with a
“more favorable” interaction partner in the binding site, would
become significantly more di�cult to achieve, if not
impossible.

Obviously, the other elemental contribution to the free
energy of binding is entropy. As often evidenced in drug
discovery, a certain enthalpy/entropy compensation can occur.
While our focus in this study is not an assessment of entropy, it
can still be useful to contemplate our findings with respect to
entropic e�ects. From Figure 12, we deduce that point clouds
representing a diverse set of geometries, but showing similar
color (i.e., energy), indicate more mobility of the ligand and,
thus, more degrees of freedom for the ligand−water complex.
Such distributions are more clearly found in the case of
chlorine, than bromine or iodine. We already discussed that
chlorine−water interactions are often preferring a shifted
antiparallel binding mode, showing intermediate states
between clear halogen or clear hydrogen bonding. In contrast
to the high directionality of halogen bonds, such intermediate
interactions are significantly more flexible. Both aspects
suggest, that for chlorine−water contacts, a lesser enthalpic
interaction strength could be (partially) compensated by a
stronger entropic contribution to the free energy of binding.
The opposite situation is found for iodine, where a broader
range of interaction energies occur, and the best interaction
geometries are restricted to an ideal placement, yielding a quite
directional halogen bond interaction through the σ-hole.
Hence, a stronger enthalpic contribution to the free energy
of binding could be (partially) compensated by a weaker
entropic contribution.

The situation may change significantly, when the water
molecule is not highly flexible, as in “bulk water”, but is
engaging in up to three hydrogen bonds as an “interstitial”
water toward the binding site. In case that the water molecule
is oriented to facilitate accepting an additional halogen bond
through one of its lone pairs, while not having any further
restraining e�ect on the water molecule, the enthalpic gain of
the formed halogen bond could improve the a�nity of the
ligand compared to a more flexible water molecule. Thus,
“interstitial” water molecules, identified as stable parts of the
binding site by having quite similar B-factors as compared to
the protein environment, might be prime targets for halogen
bonding. This e�ect could be likewise relevant for inducing

selectivity, because an assembly of identical amino acids in two
quite homologous binding sites, could still di�er enough in its
spatial arrangement to bind an “interstitial” water molecule
more tightly or loosely.

Based on these considerations, we suggest that it will largely
depend on where the “drop” is located in the “ocean” to
determine, whether it is worth targeting this water molecule.
Hence, in the future, more systematic studies will be required
to assist this initial analysis. Likewise, the combination of
crystal structures of higher resolution, considerate crystallo-
graphers and detailed analysis of the binding modes of waters
using quantum chemistry could provide further valuable
examples of water molecules that make a di�erence in drug
discovery.

■ MATERIALS AND METHODS

DYRK1a Crystallization. Crystallization was performed
using the sitting drop vapor di�usion method at 4 °C as
previously described.60 The protein containing the His-Tag
was concentrated to 12 mg/mL and AMP-PCP was added to a
final concentration of 1−2 mM. The reservoir solution
consisted of 100 mM TRIS, 100 mM Li2SO4 and 34% (v/v)
PEG300 at pH = 8.5. Protein (4 μL) was mixed with the
solution (2 μL) and crystals grew within a week. Streak seeding
was performed to enhance crystal growth and quality. 2-
Cyclopentyl-7-iodo-1H-indole-3-carbonitrile (Compound
YOX) was added to a fresh drop of reservoir solution
containing 5% DMSO to a final concentration of 1 mM and
crystals were soaked for about 24 h.
Data Collection and Refinement. Di�raction data was

collected at the SLS beamline X06DA. Data reduction was
performed using XDS.61 Initial phases were obtained using
PHASER62 included in the CCP4 suite63 and using the
searchmodel 2VX3.64 Structure and phase improvement was
performed in multiple cycles of manual building in Coot65 and
refinement using PHENIX.66 Restraints for 2-cyclopentyl-7-
iodo-1H-indole-3-carbonitrile were generated using AceDRG67

as part of the CCP4 suite.
Analysis of Protein−Ligand Complexes in the Protein

DataBank (PDB). A PDB scan was conducted using a custom
Python/PyMOL script. Alternative conformations, metal ions
and hydrogen atoms were removed from the structure. PDB
structures containing halogenated ligands (chlorine, bromine,
iodine) with the halogen atom connected to an aromatic ring
system and a ligand size of six or more heavy atoms were

Figure 14. Overview of the workflow to extract interaction geometries from binding sites in PDB crystal structures. (a) Example binding site
selection (PDB: 5NWG) containing the ligand, the addressed water molecule, and further surrounding amino acids and water molecules within 4 Å
of the ligand and water of interest. Loose ends of amino acids are extended by two bonds to avoid charges at the backbone. (b) Protonation of the
extracted binding site section using Schrödinger’s Protein Preparation Wizard module. (c) The original ligand is replaced by the corresponding
halobenzene. Optimization of the hydrogen network on a TPSS(D3)/TZVP level of theory using TURBOMOLE. (d) Adduct formation energies
are calculated on a MP2/TZVPP level of theory for extracted interaction geometries of halobenzene (red), water molecule (blue), and of both in
complex (dashed black).
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considered for further analysis. Water residues within 4 Å of
the halogen atom are retained. Structures were selected only if
water and halogen atom show occupancies of 1.0. The B-factor
of the relevant water molecules were compared to the average
B-factors of the ligand and the surrounding protein residues.
Binding Site Selection and Hydrogen Bond Network

Optimization. Interaction geometries between halogenated
ligands and water molecules were extracted from the PDB
structures. Additionally, all surrounding amino acid residues
and other water molecules within 4 Å of the water molecule of
interest and the halogen atom were included into the binding
site section. Loose ends of amino acid residues were extended
by two bonds including the backbone carbonyl and Cα of the
following amino acid to avoid potential charges at the protein
backbone (Figure 14a). Extracted binding site sections were
protonated using the Protein Preparation Wizard module of
Schrödinger suite version 2021−1 (Figure 14b). Additional
parameters were used to fix heavy atoms and minimize
sampled hydrogen atoms using the default force field.

We replaced each ligand with a halobenzene (chloro-,
bromo-, iodobenzene) by matching the halogen atoms, the C−

X bond vector and the planes of the (hetero)aromatic systems.
Separate geometry optimization of the halobenzenes was done
at the MP2-level of theory using TURBOMOLE 7.4.1 with a
triple-ζ basis set (def2-TZVPP). Calculations were done in
combination with the resolution of identity (RI) technique and
the frozen core approximation. Frozen core orbitals were
defined using default settings, where orbitals with energies
below −3.0 au are considered core orbitals. SCF convergence
criterion was increased to 10−8 hartree. Relativistic e�ects for
iodine were considered by an e�ective core potential
(ECP).68−75 Hydrogen bond networks were optimized at the
TPSS(D3) level of theory with a triple-ζ basis set (def2-
TZVP) using TURBOMOLE 7.4.1 (Figure 14c). Calculations
were done in combination with the resolution of identity (RI)
technique. Heavy atoms were kept frozen. The TPSS
functional was augmented with an empirical dispersion
correction as proposed by Grimme,51 which is indicated by
adding “(D3)” to the name. The SCF convergence criterion
was increased to 10−8 hartree.
Calculation of Adduct Formation Energies and

Halogen Exchange. After the QM optimization of hydrogen
atom positions, the halobenzene and the addressed water
molecule were extracted from its binding site section (Figure
14d). Single point calculations of the halobenzene, the water
molecule and of the complex of both were carried out at the
MP2 level of theory with a triple-ζ basis set (def2-TZVPP).
Furthermore, in each structure the halobenzene was exchanged
with both other halobenzenes (e.g., chlorobenzene into
bromobenzene or iodobenzene), keeping the position of the
halogen, the C−X bond vector and the plane of the benzene
ring identical. This systematic replacement was performed in
this manner to allow for a direct comparison between the
di�erent halogen atoms for exactly the same interaction
geometry. Adduct formation energies were calculated as

E E (E E )complex ligand water= + (1)

and reported as kJ/mol.
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structure: YOX, Residue ID: 501. Authors will release the
atomic coordinates and experimental data upon article
publication. DYRK1a protein structure in complex with 2-
cyclopentyl-7-iodo-1H-indole-3-carbonitrile was deposited in
the PDB under the accession code 8R8E. This material is
available free of charge via the Internet at https://www.rcsb.
org/.

*sı Supporting Information
The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00834.

Additional details, figures, and information on data
collection and refinement of the crystal structure, of the
PDB scan process, the energy evaluation, and interaction
geometries (PDF)
PDB scan results (XLSX)
Halogen−water interaction energies (XLSX)
PyMOL sessions of the individual halogen position data
sets, additional data and details to Figures 12 and 13
(ZIP)

■ AUTHOR INFORMATION

Corresponding Authors

Markus O. Zimmermann − Laboratory for Molecular Design
& Pharmaceutical Biophysics, Institute of Pharmaceutical
Sciences, Department of Pharmacy and Biochemistry and
Interfaculty Institute for Biomedical Informatics (IBMI),
Eberhard Karls Universität Tübingen, 72076 Tübingen,
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ABSTRACT: Halogen−π interactions play a pivotal role in molecular recognition processes, drug design, and therapeutic strategies,
providing unique opportunities for enhancing and fine-tuning the binding a�nity and specificity of pharmaceutical agents. The
present study systematically benchmarks various combinations of quantum mechanical (QM) methods and basis sets to characterize
halogen−π interactions in model systems. We evaluate both density functional theory (DFT) methods and wave function-based
post-HF methods in terms of accuracy to reference calculations at the CCSD(T)/CBS level of theory and runtime e�ciency. By
balancing these crucial aspects, we aim to identify an optimal configuration suitable for high-throughput applications. Our results
indicate that MP2 using the reasonably large TZVPP basis set is in excellent agreement with reference calculations, striking a balance
between accuracy and computational e�ciency. This allows us to generate large, reliable data sets, which will serve as a basis to
develop and train machine-learning models capable of accurately capturing the strength of halogen−π interactions, thereby providing
a robust data-driven foundation for medicinal chemistry analysis.

■ INTRODUCTION

Noncovalent interactions play a fundamental role in biological
systems and molecular recognition processes, serving as the
keystone for understanding biomolecular function, drug
binding, and protein−ligand interactions.1−5 Among these,
halogen bonding (XB) has emerged as a unique and versatile
interaction, characterized by the directional attraction between
an electrophilic region on a halogen atom (σ-hole), typically
chlorine, bromine, or iodine, and a nucleophilic partner.6−12

These interactions have proven particularly useful in medicinal
chemistry and drug design, where they not only enhance the
binding a�nity and specificity of ligands and stability of
protein−ligand complexes13−21 but also can contribute to
ligands engaging in unconventional binding modes.22−24

Various nucleophilic moieties that form noncovalent
interactions with a halogen atom in the protein binding site
have been systematically investigated.25−27 Although XB
acceptors such as backbone carbonyls and the π-surface of
the peptide bond,28,29 the sulfur atom in methionine,30 the
nitrogen atoms in histidine,31 carboxylate (aspartate/gluta-
mate) and carboxamide (asparagine/glutamine) moieties,32

and oxygen atoms of water molecules33,34 have already been
studied extensively, the importance of addressing π-systems
(aromatic side chains of tyrosine, phenylalanine, histidine, and
tryptophan) as XB acceptors in protein−ligand interactions has
only been highlighted and systematic approaches are still
underrepresented.35−38

To date, the nature of halogen bonding is still a controversial
subject, and thus, theoretical calculations are of tremendous
importance.39−43 In 2012, Rezac et al.44 analyzed and
benchmarked calculations of various noncovalent interactions
of halogenated molecules using diAerent quantum mechanical
(QM) methods and basis sets and generated a small
benchmark set of interaction geometries. With respect to
halogen−π interactions, halomethane or a tuned variant,
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trifluorohalomethane, in complex with a benzene molecule,
was used. In 2020, Zhu et al.45 published a perspective on the
application of QM methods to evaluate halogen bonding,
where they further investigated halogen interactions in general,
including aromatic systems as acceptors. Despite their initial
and pioneering work, in-depth analysis on a larger scale,
especially for halogen bonding donors and acceptors with
relevance to the drug discovery process, is still limited.
Accurate modeling of these interactions is essential for
capturing their energetic contributions to protein−ligand
binding and their application in guiding structure-based drug
design. Wallnoefer et al.38 investigated interactions of
chlorobenzene and bromobenzene, addressing a p-cresol
system, and provided an initial comparison of QM methods
and basis sets for such systems.
QM methods diAer in how they treat electronic interactions,

electron correlation, and exchange eAects, impacting their
accuracy and computational cost.46 Balancing these factors is
crucial, especially when dealing with complex biological
systems. Among several methods, the coupled cluster method
CCSD(T) is widely used as the “gold standard” because it is
the most accurate, nonempirical method applicable to
reasonably large systems of practical interest.47 Mo̷ller-Plesset
perturbation theory (MPn)48 methods are post-Hartree−Fock
approaches that explicitly account for electron correlation by
systematically improving the wave function obtained from the
Hartree−Fock calculation using nth order perturbation theory.
MP249 (second-order Mo̷ller-Plesset) is widely used for its
balance between accuracy and computational cost. MP350,51

extends this approach by including third-order terms, oAering
improved accuracy but at an exponentially higher computa-
tional cost. MP2.5 is a pragmatic compromise that averages
MP2 and MP3 energies, often providing results closer to
CCSD(T) with reduced computational requirements in
comparison to coupled cluster calculations.52 This approach
exploits the systematic error compensation between MP2’s
tendency to underestimate and MP3′s tendency to over-
estimate in some systems. Spin-Component-Scaled MP2 (SCS-
MP253,54) refines MP2 by applying diAerent scaling factors to
the parallel spin and opposite spin electron correlation
components. This adjustment improves the accuracy by
reducing the tendency to overestimate electron correlation
eAects by MP2.
In contrast, density functional theory methods (DFT)

approximate the electron correlation through exchange-
correlation functionals based on electron density rather than
the wave function.55 TPSS56 is a GGA57 (generalized gradient
approximation) functional that includes a kinetic energy
density term, improving the accuracy for weak interactions
and transition metal chemistry. B3LYP58,59 and M06−2X60 are
popular hybrid GGA functionals, mixing parts of the exact
Hartree−Fock exchange with DFT exchange-correlation func-
tionals, to balance computational cost and accuracy. Accuracy
of the DFT methods can be enhanced by adding Grimme’s D3
dispersion correction for noncovalent interactions.61

Besides the choice of an appropriate QM method, a
reasonable choice of the basis set for the calculation is
certainly important. Commonly used basis sets include the
triple-ζ valence with polarization (TZVPP62) or an enhanced
variant with an additional diAuse function (TZVPPD), the
correlation-consistent polarized valence X-ζ63 (cc-pVXZ,
where X = D, T, Q, etc.), and its extended counterpart, aug-
cc-pVXZ.64 The TZVPP basis set, widely used in density

functional theory (DFT) and post-Hartree−Fock methods,
provides a robust trade-oA between computational e�ciency
and accuracy by including multiple polarization functions. The
cc-pVXZ family of basis sets, on the other hand, is designed to
improve electron correlation eAects with increasing cardinality
X. The extended versions (aug-cc-pVXZ) also include diAuse
functions, which further enhance contributions of dispersion
eAects for noncovalent interactions. The su�x “-PP” indicates
an additional pseudopotential for certain higher-order atoms,
such as iodine. Although such calculations are practically
impossible, the most accurate result would be achieved by
CCSD(T) calculations using a complete basis set (CBS). To
address this issue, calculations using smaller basis sets, typically
correlation-consistent basis sets, can be extrapolated to the
complete basis set limit.65

In this study, we focus on the systematic investigation of
halogen−π interactions using high-level quantum mechanical
(QM) methods, including post-Hartree−Fock and DFT, in
combination with commonly used basis sets. We aim to select
a proper method with a reasonable balance between speed and
accuracy, in order to apply this method for generating big data
sets of several million halogen−π interaction geometries. Based
on this big data, we will strive to derive models from machine
learning approaches that enable us to predict the interaction
energy for a given geometry almost instantly without the need
for calculations at the QM level.
A systematic grid of iodobenzene as a ligand model system

in complex with benzene as a halogen bond acceptor is
generated, and single-point calculations are carried out. Our
focus clearly is on iodobenzene, as a complementary halogen
bond donor to previous studies,38 but also, particularly,
because it provides the strongest halogen bonds in comparison
to bromobenzene or chlorobenzene. To ensure comparability
and applicability among the halobenzenes, single-point
calculations for combinations of methods and basis sets of
particular importance were conducted for chlorobenzene and
bromobenzene as well. Calculations on the CCSD(T) level of
theory extrapolated to the complete basis set limit serve as a
reference. We report energy diAerences and computational
costs (CPU runtime) to evaluate the most suitable method and
basis set combination for representing halogen−π interactions.
From previous studies,27,28,30−32 we have often observed good
applicability of calculations on an MP2/TZVPP level of theory.
Thus, we were interested to see whether this experience could
be transferred to noncovalent interactions with π-systems.

■ RESULTS AND DISCUSSION

Comparison of QM Methods and Basis Sets. In
comparison to interactions involving single atom acceptors,
such as oxygen or nitrogen, halogen−π interactions in haloaryl
systems (where the halogen atom is directly attached to an
aromatic ring) exhibit greater structural diversity. This is based
on the strong increase of possible interaction geometries,
correlating to the larger π-surface for forming attractive
interactions. This diAerence arises from the extended π-plane
of the aromatic systems, which provides a delocalized electron
cloud capable of interacting with the σ-hole of the halogen
atom in multiple geometric orientations. In contrast, the
localized lone pair electrons of oxygen or nitrogen constrain
the halogen bond donors to fewer but more specific
orientation geometries, showing less flexibility than the π-
systems. Still, the extended π-surface is also a “double-edged
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sword”, as it increases the risk for the formation of secondary
interactions such as π···π or C−H···π.

Researchers have reported diAerent results and opinions
regarding the suitability of diAerent QM methods for halogen
bonding. However, our group’s previous investigations at the

Table 1. Mean Energy Di�erence, ΔΔE, Mean Absolute Energy Di�erences (|ΔΔE|), and RMSD of Di�erent QM Methods and
the Used Basis Setsb

method basis set mean ΔΔE to CCSD(T)/CBS abs. mean |ΔΔE| to CCSD(T)/CBS RMSD to CCSD(T)/CBS
mean runtime
(CPUh)

MP2 TZVPP −0.23 0.64 0.91 1.16

TZVPP+BSSE 1.71 1.71 2.43 3.69

TZVPPD −2.56 2.57 3.51 2.56

cc-pVTZ-PP 0.51 0.59 0.73 1.23

cc-pVQZ-PP −0.69 0.96 1.66 8.23

aug-cc-pVTZ-PP −3.39 3.39 4.44 7.57

aug-cc-pVQZ-PP −3.20 3.20 4.39 60.14

SCS-MP2 TZVPP 2.19 2.19 3.23 1.16

TZVPP+BSSE 4.12 4.11 6.18 3.73

MP3 TZVPP 3.95 3.95 6.22 92.68

MP2.5 TZVPP 1.86 1.85 2.83 93.84

TPSS (-D3) TZVPP 2.12 2.11 4.25 0.09

TZVPP+BSSE 2.91 2.91 4.81 0.37

B3LYP (-D3) TZVPP 2.94 2.93 6.25 0.57

TZVPP+BSSE 3.24 3.23 6.53 1.33

M06−2X (-D3) TZVPP 3.67 3.66 5.10 0.53

TZVPP+BSSE 5.23 5.21 6.57 1.58

TZVPPD 4.49 4.51 11.44 1.42

cc-pVTZ-PP 3.60 3.59 5.10 0.68

aug-cc-pVTZ-PP 3.40 3.40 4.86 4.06

CCSD(T) cc-pVTZ-PP 2.08 2.08 3.46 105.51

CCSD(T) CBS a a a 114.97
aNo values reported, since CCSD(T)/CBS is the reference for all other methods. bEnergy values are given as diAerence between corresponding
method values and the reference calculations of CCSD(T)/CBS in kJ/mol. Runtime is given in CPU hours.

Figure 1. Mean energy diAerence ΔΔE (in kJ/mol) to the reference CCSD(T)/CBS and runtime (in CPU hours) of the evaluated methods and
basis sets of iodine. The dashed horizontal line at ΔΔE = 0 kJ/mol indicates the CCSD(T)/CBS reference level (golden diamond), while the x-axis
break indicates the large jump in computational cost for higher-level methods. Each color corresponds to a diAerent level of theory and basis set
treatment as shown in the legend. The figure was prepared by using custom Python scripts and the matplotlib library.
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MP2 level, using a triple-ζ (def2-TZVPP) basis set on diAerent
halogen bond acceptors, yielded accurate adduct formation
energies while maintaining a feasible computational time. To
ensure that this level of calculation is also suitable for
halogen−π interactions, we conducted benchmark calculations
of diAerent combinations of QM methods and basis sets.
Adduct formation energies were compared to high-level
reference calculations on a CCSD(T) level of theory,
extrapolated to the basis set limit using the approach proposed
by Halkier et al.65 It should be noted that we will use the short-
term “CCSD(T)/CBS” subsequently as always referring to this
complete basis set extrapolation approach. At this level of
theory, only a smaller subset (∼30% of all geometries) was
used due to the extraordinarily high computational cost.
Several applied methods were counterpoise corrected (BSSE
correction) with the procedure of Boys and Bernardi.66

However, it has to be noted that the eAectiveness of BSSE
correction remains a controversial subject in the literature.67

Table 1 shows the mean energy deviations (ΔΔE), the mean
absolute energy deviations (|ΔΔE|), and the root-mean-square
deviations (RMSD) in kJ/mol from the reference CCSD(T)/
CBS, together with the corresponding computational cost in
CPU hours. A detailed table incorporating the individual data
points and energies of all methods is provided as a separate
Excel file, which can be found as part of the Supporting
Information. Mean diAerences, calculated as ΔΔE =
ΔEmethod−ΔECCSD(T)/CBS, where ΔE denotes the adduct
formation energy, indicate an overall deviation between the
methods and their tendency to over- or underestimate
energies. However, these values can be misleading, as large
positive and negative values can level each other out.
Therefore, we additionally report the mean absolute energy

deviation and the RMSD. RMSD values can give further
insight into the magnitude of the large diAerence compared to
|ΔΔE|. The runtime is averaged over single-points of diAerent
distances and across the calculated grid. It is obvious that the
CCSD(T) reference calculations require by far the highest
resources, with about 115 h per single-point. The majority of
the computational costs for extrapolation are caused by the
CCSD(T)/cc-pVTZ-PP calculation (105.51 h).
Among the evaluated methods, MP2 using the TZVPP basis

set stands out with an excellent balance between accuracy and
computational cost (Figure 1). The method shows mean
deviations and absolute mean deviations of ΔΔE = −0.23 kJ/
mol and |ΔΔE| = 0.64 kJ/mol, respectively. This level of
accuracy is achieved with a notably low computational cost of
about 1.16 CPU hours on average per single-point calculation.
In contrast, the BSSE-corrected version of MP2/TZVPP
results in larger deviations (ΔΔE = |ΔΔE| = 1.71 kJ/mol,
RMSD = 2.43 kJ/mol) and requires significantly more time
with 2.56 CPU h, due to the calculations of ghost molecules to
eliminate overlapping terms. Calculations using the diAuse
function enhanced TZVPPD basis set, unfortunately, show the
worst results of the triple-ζ variants with ΔΔE = −2.56 kJ/mol,
|ΔΔE| = 2.57 kJ/mol, and RMSD = 3.51 kJ/mol. The
correlation-consistent basis sets cc-pVTZ-PP and cc-pVQZ-PP
also show very good results with ΔΔE = 0.59 kJ/mol (RMSD
= 0.73 kJ/mol) and ΔΔE = 0.96 kJ/mol (RMSD = 1.66 kJ/
mol), respectively. However, looking at the runtime, cc-pVTZ-
PP with 1.23 CPU hours may still compete with TZVPP, while
the larger cc-pVQZ-PP basis set with 8.23 CPU hours on
average seems neither e�cient nor most eAective. Further-
more, augmented basis sets aug-cc-pVTZ-PP and aug-cc-
pVQZ-PP both perform quite similarly for all energy results,

Figure 2. Adduct formation energy surfaces of MP2 and M06−2X with the TZVPP basis set, as well as the surfaces of the reference CCSD(T)/
CBS. Surfaces represent the halogen−π interaction energies ΔE of iodobenzene in complex with the targeted benzene at distances of dI···π‑plane =
[2.75, 3.25, 3.50, 3.75, 4.25 Å]. The iodobenzene is oriented perpendicular to the π-plane. Data points of the surface are interpolated and colored
according to the given energy scale. (a) Surfaces of adduct formation energies ΔE. Positive energies and negative energies are capped to 10 and
−20 kJ/mol, respectively, for better visibility. (b) Surfaces of the diAerence between adduct formation energies of MP2 and M06−2X and the
reference CCSD(T)/CBS (calculated as ΔΔE = ΔEmethod−ΔECCSD(T)/CBS). Positive and negative diAerences were capped to 10 and −10 kJ/mol.
Figures were prepared by using custom Python scripts and the matplotlib library.
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but the deviations here are rather large and with much higher
runtimes of 7.57 and even over 60 CPU hours, respectively.
As an alternative post-Hartree−Fock method, MP3 should

give relatively accurate predictions with slightly underestimated
energy values.68 With an energy diAerence of |ΔΔE| = 3.95 kJ/
mol (RMSD = 6.22 kJ/mol) and the vast computational eAort
requiring almost 93 CPU hours, however, it is less practical for
routine calculations. Although MP2.5, as the arithmetic mean
of MP2 and MP3, should compensate for over- and
underestimations of both methods respectively, it shows higher
deviations (|ΔΔE| = 1.85 kJ/mol, RMSD = 2.83 kJ/mol) with
the runtime obviously dominated by the MP3 calculations.69

However, calculation of MP2.5 energies is, of course, cheap if
both MP2 and MP3 calculations are conducted.
Computationally less demanding DFT methods, including

B3LYP(-D3) and TPSS(-D3), generally show larger absolute
deviations in this comparison (|ΔΔE| = 2.9 and 2.1 kJ/mol,
respectively). Incorporating BSSE correction even increases
the diAerence in energy values. In previous studies, the widely
used M06−2X functional showed very accurate results,
especially for weak interactions with dispersion contribution
(including halogen bonding).70,71 Therefore, the comparison
between M06−2X and MP2 across diAerent basis sets is of
high interest. Although computationally e�cient, with
runtimes ranging from 0.53 to 4 h depending on the basis
set, M06−2X generally shows larger deviations from the
CCSD(T)/CBS reference than MP2. For example, M06−2X/
TZVPP shows an absolute deviation of 3.66 kJ/mol (RMSD =
5.1 kJ/mol), and the BSSE-corrected version further increases
this deviation to 5.21 kJ/mol (RMSD = 6.57 kJ/mol). This
indicates that M06−2X may be suitable for highlighting
tendencies but lacks the necessary quantitative accuracy for
this application. M06−2X/TZVPPD shows trends similar to
those of MP2/TZVPPD in terms of increasing the diAerence
even further. M06−2X/TZVPPD even shows the highest
RMSD among all of the tested methods. Using cc-pVTZ-PP
and aug-cc-pVTZ-PP yields similarly inaccurate results as MP2
using the same basis sets.
“2D energy surface plots” of the actual adduct formation

energies ΔE were generated for each of the five diAerent
distances individually to highlight attractive and repulsive
areas. This means that the surface in plane with the aromatic
ring system of benzene is colored at the position of the halogen
atom above this plane based on the ΔE value for this
halogen−π interaction, followed by interpolating between

these energies. Furthermore, we generated 2D surface plots of
ΔΔE, as well, showing the deviation from the reference
calculations of ΔΔE in a similar fashion. For simplicity, here
we only compare MP2/TZVPP and M06−2X/TZVPP.
Surface plots of ΔE and ΔΔE of the remaining methods can
be found in the Supporting Information Figures S1 and S2.
Figure 2a shows the adduct formation energy surface plots of
MP2/TZVPP and M06−2X/TZVPP for all investigated
distances (2.75 3.25, 3.50, 3.75, and 4.25 Å) individually as
well as the surfaces of the reference CCSD(T)/CBS energies.
For MP2/TZVPP, adduct formation energies ΔE range from
−18.88 kJ/mol as the most favorable interaction to 31.19 kJ/
mol as highly repulsive. Use of M06−2X/TZVPP provides
ranges from −11.59 to 53.55 kJ/mol, while “gold standard”
CCSD(T)/CBS yields a range of adduct formation energies
from −16.17 to 33.43 kJ/mol. For better visibility, positive
energy values were capped at 10 kJ/mol. For d = 2.75 Å,
mainly repulsive or only minimal attractive interactions can be
observed. Increasing the distance rapidly shifts the interaction
from repulsive to attractive. Most favorable interactions with
minimum energy values can be observed at d = 3.5 Å for both
methods. Figure 2b shows the energy surface based on the
adduct formation energy diAerence ΔΔE between the two
methods and CCSD(T)/CBS for all distances. Positive and
negative values were capped at 10 and −10 kJ/mol,
respectively. Original values are provided in spreadsheet
format (xlsx) in the Supporting Information. MP2/TZVPP
shows very low diAerences to the reference calculation, ranging
from ΔΔE = 0.59 to −2.9 kJ/mol, while for M06−2X/TZVPP,
deviations from the reference energies range from ΔΔE = 0.58
to 20.11 kJ/mol. It can be argued that precise predictions of
highly repulsive energies are less relevant for drug discovery
purposes as long as the strong repulsion is recognized and the
area of the transition between attractive and repulsive
interactions is not strongly altered. Thus, for benchmarking
purposes, we keep them in the data set.
In summary, we find MP2 to be in very good agreement with

the “gold standard” CCSD(T)/CBS across multiple basis sets,
with absolute deviations as low as 0.64 kJ/mol for MP2/
TZVPP and 0.59 kJ/mol for MP2/cc-pVTZ-PP. RMSD values
also show minimal diAerences to the reference with 0.91 and
0.73 kJ/mol, respectively, with cc-pVTZ-PP performing
slightly better. Thus, MP2, using either TZVPP or cc-pVTZ-
PP, having almost identical levels of accuracy while
maintaining feasible computational eAort, seems an excellent

Table 2. Mean Energy Di�erence, ΔΔE, Mean Absolute Energy Di�erences (|ΔΔE|), and RMSD of Di�erent QM Methods for
Chlorine and Bromine Interactionsb

method basis set mean ΔΔE to CCSD(T)/CBS abs mean ΔΔE to CCSD(T)/CBS RMSD to CCSD(T)/CBS
mean runtime
(CPUh)

Chlorine

MP2 TZVPP −0.68 0.68 1.06 1.01

TZVPP+BSSE 0.35 0.35 0.51 3.23

M06−2X (-D3) TZVPP 0.84 0.85 1.20 0.49

CCSD(T) CBS a a a 79.28

Bromine

MP2 TZVPP −0.79 0.79 1.30 1.15

TZVPP+BSSE 0.32 0.33 0.50 3.56

M06−2X (-D3) TZVPP 1.35 1.35 1.86 0.57

CCSD(T) CBS a a a 105.37
aNo values reported, since CCSD(T)/CBS is the reference for all other methods. bEnergy values are given as diAerence between corresponding
method values and the reference calculations of CCSD(T)/CBS in kJ/mol. Runtime is given in CPU hours.
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choice. Given the overall results and the shorter runtime of
MP2/TZVPP (1.16 h) compared to MP2/cc-pVTZ-PP (1.23
h), which could amount to saving several million CPU hours
for large data sets, it was emphasized that our previous choice
of MP2/TZVPP is a quite reasonable approach.
Additional Calculations with Chlorobenzene and

Bromobenzene. Since interactions of chlorobenzene and
bromobenzene with π-systems have been studied previ-
ously,38,44,45 the focus of this study mainly lies on iodine
interactions. Iodine has emerged as a particularly interesting
element in medicinal chemistry because its large σ-hole enables
the formation of exceptionally strong and highly directional
halogen bonds, which medicinal chemists can exploit to
modulate the binding a�nity, target selectivity, and physico-
chemical properties of drug candidates. Although their halogen
bonding ability is weaker than iodine’s, traditionally bromine
and chlorine remain more prevalent due to their milder steric
impact and favorable synthetic versatility. In computational
studies, iodine is typically modeled with a relativistic eAective-
core potential to account for its heavy-atom inner electrons.
When benchmarked, conclusions gained for iodine can be
confidently extended to its lighter halogen colleagues, bromine
and chlorine, whose smaller relativistic contributions arise from
the same underlying interactions. To ensure comparability and
applicability, single-point calculations of chlorobenzene and
bromobenzene in complex with benzene were performed at the
MP2 and M06−2X levels of theory using the basis set TZVPP,
as well as CCSD(T)/CBS extrapolation as a reference. The
same set of 150 geometries was used for this comparison,
applying a proper shift of the halobenzene scaAold to keep the
halogen-π distance always identical to the iodine data set.
Table 2 shows the results of both chlorine and bromine
interactions. Similar to iodine, we report mean energy
deviations (ΔΔE), mean absolute energy deviations (|ΔΔE|),
and root-mean-square deviations (RMSD) in kJ/mol from the
reference CCSD(T)/CBS, together with the corresponding
computational cost in CPU hours. A detailed table
incorporating the individual data points and energies of all
methods for both chlorine and bromine results can be found in
the Supporting Information. It can be concluded that chlorine
and bromine interactions behave similarly to those of iodine.
Using MP2 with TZVPP yields comparably good results

(agreement with reference calculations) for chlorine and
bromine as for iodine, while maintaining very low computa-
tional costs of around 1−1.3 CPU hours. Interestingly,
however, the application of the counterpoise correction diAers
for chlorine and bromine interactions and shows even better
results with lower energy diAerences from the reference.
Unfortunately, MP2/TZVPP+BSSE still shows runtimes of
more than 3-fold compared to MP2/TZVPP and thus appears
less applicable to the calculation of very large data sets.
Looking at the results of M06−2X(-D3) calculations, trends
similar to those of iodine can be derived. While showing rather
low computational costs, the energy diAerences are doubled
compared to MP2 calculations. Using the same visualization
strategy as in Figure 2, we generated individual “2D energy
surface plots” and energy diAerence plots for each method at
every examined distance (2.75, 3.25, 3.50, 3.75, and 4.25 Å)
which can be found in the Supporting Information (Figure S3
for chlorine and Figure S4 for bromine).

■ CONCLUSIONS

In this work, we investigated the potential of diAerent QM
methods to correctly assess halogen−π interactions with a
focus on iodine. Adduct formation energy diAerences, ΔΔE,
between QM methods and reference calculations using
CCSD(T)/CBS, as well as the average runtime of single-
point calculations, were reported. Results show that MP2 with
the reasonably large basis set TZVPP is an excellent choice and
is in very good agreement with reference calculations while
maintaining feasible computational demands. With this study,
we aim to provide a solid basis for characterizing halogen−π

interactions in ab initio approaches and beyond. Similar to our
previous experience,27,28,30−32 good performance of MP2/
TZVPP appears to be transferable onto the evaluation of
iodine−π systems. We were able to demonstrate that MP2/
TZVPP remains a very good choice for chlorine and bromine
interactions with the π-surface of benzene as well. It is
interesting to note that applying a counterpoise correction
enhances the accuracy of MP2/TZVPP for chlorine and
bromine. However, the still very high computational demands
make this method quite impractical for large data applications.
Based on a good balance of accuracy and speed for MP2/
TZVPP, this method will be employed to generate large data

Figure 3. Overview of the interaction geometry generation on a regular grid. (a) Grid points on the XZ-plane were generated with dimensions
Xtranslation = [0.0−5.0 Å], Ztranslation = [0.0−4.0 Å] in steps of 0.5 Å. (b) Grid points were generated for five diAerent distances dI···π‑plane between the
halogen atom and the benzene plane, dI···π‑plane = [2.75 3.25, 3.5, 3.75, and 4.25 Å]. In this distance definition (dI···π‑plane) the respective point on the
π-plane is individually determined by the normalization to the plane through the iodine atom. Figures were prepared with PyMOL.82
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sets as a source for machine learning of this pharmaceutically
interesting interaction. With such a QM-AI approach, high-
accuracy interaction energies could become available on the
millisecond scale.

■ COMPUTATIONAL METHODS

Structure Optimization. Geometry optimizations of the
individual ligand model system (iodobenzene, chlorobenzene,
and bromobenzene) and the amino acid model system of
phenylalanine (benzene) were done at the MP2 level of theory
using TURBOMOLE 7.7.172 with a triple-ζ basis set (def2-
TZVPP). Calculations were performed in combination with
the resolution of identity (RI) technique and the frozen core
approximation. Frozen core orbitals were defined using default
settings, where orbitals with energies below −3.0 au are
considered core orbitals. SCF convergence criterion was
increased to 10−8 hartree. Relativistic eAects for iodine were
considered by an eAective core potential (ECP).73−81

Generation of Interaction Geometries. Interaction
geometries of iodobenzene in complex with benzene were
generated. Iodobenzenes were placed on a regular grid using X-
and Z-translations (Figure 3a) for five diAerent distances along
the Y-axis (Figure 3b). Following previous approaches, an
optimal σ-hole angle of αC−I···π‑plane = 180° was used. In this
angle definition (αC−I···π‑plane), the respective point on the π-
plane is individually determined by the normal to the plane
through the iodine atom. Due to the symmetric nature of
benzene, only one quadrant of the grid was considered. With
this procedure, a total of 495 interaction geometries were
generated to carry out a single-point calculation. For the
comparison to CCSD(T)/CBS reference calculations, the
same smaller subsets (∼30% of all geometries) were used for
all halobenzenes.
QM Methods, Basis Sets, and Adduct Formation

Energies. An overview of the diAerent methods and basis set
combinations can be seen in Table 1. All single-point
calculations were carried out using TURBOMOLE 7.7.1 on
the JUSTUS2−bwHPC Cluster,83 where a standard node has a
2 × Intel Xeon E6252 Gold (Cascade Lake) CPU (2.1 GHz
base, 3.7 GHz max. accelerated) with 192GB or 384GB
memory. Calculations were done in combination with the
resolution of identity (RI) technique and the frozen core
approximation, if applicable. Frozen core orbitals were defined
using default settings, where orbitals with energies below −3.0
au are considered core orbitals. SCF convergence criterion was
increased to 10−8 hartree. Relativistic eAects for iodine were
considered by an eAective core potential (ECP). Methods of
choice comprise MP2, MP3, SCS-MP2, B3LYP, M06−2X, and
TPSS. For selected methods and basis set combinations (see
Table 1), energy values were counterpoise corrected using the
procedure of Boys and Bernardi to eliminate basis set
superposition errors (BSSEs). Basis sets included in the
study were the triple-ζ basis set def2-TZVPP and the diAuse
function enhanced variant def2-TZVPPD. Further, the
correlation consistent basis sets cc-pVNZ-PP and the
augmented basis sets aug-cc-pVNZ-PP (N = T, Q) were
used with an additional pseudo potential for iodine (denoted
by the “-PP” su�x). The DFT functionals TPSS, B3LYP, and
M06−2X were augmented with an empirical dispersion
correction as proposed by Grimme et al.,61 which is indicated
by adding “(-D3)” to the name. For the previously investigated
chlorobenzene and bromobenzene, a small set of methods and

basis sets was applied to provide the possibility of comparing
our data for iodine to both less heavy halogens.
As a reference, single-point calculations at the complete basis

set limit approximation were carried out using an extrapolation
scheme proposed by Halkier et al.65 Higher-order correlation
energy was calculated using the following equation:

= +E E E E( )CBS
CCSD(T)

CBS
MP2 CCSD(T) MP2

cc pVTZ PP

(1)

This is due to the assumption that the diAerence between the
CCSD(T) and MP2 interaction energies depends only slightly
on the basis set and can therefore be estimated using a small or
medium basis set, such as cc-pVTZ-PP. ΔECBS

MP2 represents the
energy at the complete basis set limit and can be determined as
follows:

=E
E X E Y

X Y

X Y

CBS

MP2

MP2 3 MP2 3

3 3 (2)

where X and Y denote the cardinal numbers of the cc-pVTZ-
PP and cc-pVQZ-PP basis set (T = 3 and Q = 4). Adduct
formation energies were calculated as

= +E E E E( ( ))complex halobenzene benzene (3)

and reported as kJ/mol.

■ ASSOCIATED CONTENT

Data Availability Statement

PyMOL is an open-source software maintained and distributed
by Schrödinger. There is an open-source version of PyMOL
available at: https://github.com/schrodinger/pymol-open-
source. Python and all of its’ packages is an open-source
programming language available and downloadable from
https://www.python.org/. Detailed results of the QM method
comparison and an overview of the individual data points are
provided in spreadsheet format (xlsx) as Supporting
Information. TURBOMOLE is a purchasable software
maintained and distributed by the TURBOMOLE GmbH.
Demo versions are available at https://www.turbomole.org/.
The licensed software was provided to us by the bwHPC
Cluster JUSTUS2.
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The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.5c00456.

Additional details and figures of the energy evaluation
and visualization (PDF)

Detailed table of the individual data points with
corresponding adduct formation energies and diAerences
to the reference (XLSX)
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ABSTRACT: Noncovalent interactions, such as halogen bonds (XB),
play a crucial role in molecular recognition and drug design, yet
halogen···π contacts remain comparatively underexplored. Here, we report
a proof-of-concept QM-AI approach that integrates high-level quantum
mechanical (QM) calculations with neural networks (NNs) to predict
halogen···π interaction energies. Nearly 1.4 million MP2/TZVPP single-
point calculations on halobenzene−benzene complexes were carried out
to generate exhaustive training data, which were represented by simple
geometric descriptors as input features for machine learning. The resulting
neural network model is specifically designed to capture σ-hole-driven
halogen···π interactions under well-defined geometric constraints. The
resulting model reproduced reference interaction energies with excellent
accuracy (R2 = 0.998, RMSE = 0.16 kJ/mol) and maintained strong
performance on independent, randomly generated and PDB-derived test sets. Previously, we have demonstrated in a benchmarking
study that “gold standard” CCSD(T) energies of this interaction can be appropriately represented by MP2/TZVPP calculations, but
at a better calculation e=ciency by 2 orders of magnitude (∼102). Consequently, we herein exploit a methodological “extension”
from CCSD(T) → MP2 → NNs. Our approach maintains accuracy close to CCSD(T) benchmarks while achieving a runtime
acceleration of up to 8 orders of magnitude (∼108) compared to MP2 calculations. This study demonstrates the feasibility of fast,
accurate neural network models based on QM data for halogen···π interactions in a QM-AI approach.

■ INTRODUCTION

Noncovalent interactions are central to a wide range of
processes in biological systems and molecular recognition, such
as protein folding, drug binding, and protein−ligand
interactions. In particular, understanding the individual
contributions is crucial for elucidating biomolecular functions
and guiding the rational design of potential therapeutics.1−5

Among diverse types of noncovalent interactions, halogen
bonding (XB) has emerged as a powerful and versatile tool due
to its high directionality and ability to interact with a multitude
of diAerent partners in the protein binding site. It is defined by
a directional attraction between a nucleophilic site and an
electrophilic region, the σ-hole, typically located on the
elongation of the R−X axis on a halogen atom such as
chlorine, bromine, or iodine.6−11 The highly anisotropic
electron distribution around halogen atoms results in a
significant lateral electron density, oriented perpendicular to
the R−X bond axis. This feature contributes to the
characteristically pronounced directionality of halogen bond
interactions. In systems where the substituent R exerts a strong
electron-withdrawing eAect on the halogen (X), such “tuning
eAects” can significantly enhance the strength of the halogen
bond.12−15 Accordingly, the strategic incorporation of halogen
bonds in drug design has attracted increasing attention to
optimize pharmacological profiles by enhancing ligand binding

a=nity or improving specificity and stability in protein−ligand
complexes.16−33

Computational methods have been extensively applied to
accurately characterize the geometric and energetic features of
halogen bonding. To date, halogen bonds have been
systematically investigated in the context of various nucleo-
philic moieties within binding sites, including backbone
carbonyl groups and the π-surface of the peptide bond,34,35

the sulfur atom in methionine,36 the nitrogen atoms in
histidine,37 carboxylate groups of aspartate and glutamate, as
well as carboxamide groups of asparagine and glutamine
moieties,38 and the oxygen atoms of water molecules.39,40 In
contrast, halogen bonding involving the electron-rich π-system
of the aromatic side chain residues of phenylalanine, tyrosine,
histidine, and tryptophan, however, remains comparatively
unexplored in the context of protein−ligand interactions.41−45

In a very recent study, we used quantum mechanical
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calculations to examine halogen···π interactions between
halobenzenes (strongly focusing on iodine interactions) as
ligand systems and benzene as a surrogate for the aromatic side
chain of phenylalanine.46 We compared calculations of
diAerent QM methods and basis sets and showed that
calculations on an MP2 level of theory using a reasonably
large basis set of TZVPP or cc-pVTZ yield highly accurate
energies compared to reference calculations (CCSD(T)/
CBSextrapolation) while maintaining feasible computational
demands, even for larger data sets. This transition from
CCSD(T) to MP2 corresponds to a computational speed-up
of about 2 orders of magnitude (∼102) without a significant
loss in accuracy. This enabled us to generate the basis for the
following machine learning approach, aiming for a tremendous
speed-up to an almost instant geometric assessment of high
quality energies of halogen···π interactions.
The computational complexity of QM methods can become

a significant obstacle, when applied to larger systems or when
evaluating large data sets. To address this limitation, data-
driven approaches such as neural networks (NNs) are
emerging as powerful tools to complement or even replace
QM calculations in certain contexts.47−50 One of the key
strengths of NN-based approaches is their scalability and
versatility. Once trained, models can predict interaction
energies for a wide range of molecular systems in a tiny
fraction of the time required for QM calculations. Inputs to
these NNs are typically molecular descriptors representing
crucial geometric features such as interaction distances and
angles. Thus, the integration of QM-calculated data sets with
NN-based models represents a promising approach to bridge
the gap between computational cost and accuracy.51−53

Shaw et al.54 introduced a simple two-parameter statistical
model to predict halogen bond interaction energies for a small
data set of halogenated compounds. Using this basic type of
machine learning model on an unseen test set of 80 complexes,

they achieve accuracies within ∼2.1 kJ/mol emphasizing the
applicability of machine learning in general. In 2023, Samuel et
al.55 published a general overview of various machine learning
approaches on halogen bonding and their diAerences
concluding that it is a “...powerful tool for unravelling the
intricacies of molecular interactions and guiding the design of
functional molecular systems”. They foresee continued
progress as larger data sets become more available, and hybrid
quantum-machine learning (“QM-AI”) approaches become
more prevalent. Devore et al.56 published a machine learning-
based approach to characterize halogen bonding interactions
using molecular fingerprints as input descriptors. Their study
showed that supervised learning models can accurately classify
halogen-bond donor types and predict interaction properties,
further highlighting the potential of data-driven techniques to
complement QM methods in evaluating halogen bonding
complexes.
In this study, we focus on the systematic investigation of

halogen···π interactions using high-level quantum mechanical
(QM) methods and integrating them into NN models. Based
on findings of our previous study, a data set of interaction
geometries composed of halobenzenes (chlorobenzene,
bromobenzene, and iodobenzene) in complex with benzene
is generated and used in single point calculations on an MP2/
TZVPP level of theory. To specifically investigate and assess σ-
hole interactions, a systematic grid of interaction geometries
was generated in planes parallel to the π-plane. Each plane was
positioned at a fixed halogen···π-plane separation, with
distances ranging from dmin(X···π‑plane) = 2.75 Å to dmax(X···π‑plane)

= 4.50 Å. In this distance definition (dX···π‑plane) the respective
point on the π-plane is individually determined by the normal
onto the π-plane through the halogen atom. Within each plane,
geometries were sampled to include orientations deviating by
no more than 40° between the C−X bond vector and the
normal onto the benzene molecule (π-plane). This setup

Figure 1. Results of the training process of the final model. (a) RMSE values in kJ/mol for each training epoch. The blue values represent the
RMSE for each epoch of the training process, while orange values represent the RMSE of the validation after each training epoch. (b) Final model
performance on the validation set with a coe=cient of determination of Rval

2 = 0.9979, and root-mean-square error of RMSEval = 0.1579 kJ/mol.
The calculated energy is plotted against the predicted energy. The red, dashed line indicates the perfect correlation between calculated and
predicted value, while the gray dashed lines indicate the transition from negative to positive energies.
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ensures that the data set selectively represents configurations
characteristic of σ-hole interactions, while reducing contribu-
tions of secondary interactions, e.g π···π, or C−H···π
interactions. The results are then used to train NN models
in a supervised learning approach to predict adduct formation
energies with high accuracy and significantly reduced computa-
tional cost. We demonstrated that MP2 reproduces CCSD(T)
reference data with excellent accuracy. This close agreement
indicates that MP2 captures the essential properties of these
noncovalent interactions, while oAering a substantial computa-
tional speed-up of approximately 2 orders of magnitude (102)
compared to CCSD(T). Building on this finding, we propose a
methodological “double jump” approach, first from CCSD(T)
to MP2, and then from MP2 to machine-learning (NN)
models. In the first “jump”, CCSD(T) → MP2, we replace the
computationally prohibitive CCSD(T) calculations with MP2,
achieving near-CCSD(T) accuracy at a fraction of the cost. In
the second “jump”, MP2 → NNs, we train neural network
models on extensive MP2 data sets, enabling the prediction of
interaction energies with a further acceleration of approx-
imately 8 orders of magnitude (108) compared to the
underlying MP2 computations. Together, this “double jump”
preserves the accuracy hierarchy established between
CCSD(T) and MP2, while extending it further into the field
of machine learning. As a result, the NN models inherit the
near-CCSD(T) accuracy of MP2 but with unprecedented
computational e=ciency. A PDB57 scan provided examples
from real-world biological systems to evaluate the model and
its potential to quickly predict halogen bond interaction
energies. By integrating QM calculations with machine
learning techniques, this work serves as an initial step to set
the stage for the generation of subsequent QM-AI hybrid
models able to assess interactions between halogens and other
acceptor systems. Ultimately, we aim to employ these models
into the molecular docking framework PLANTS, to enhance
the identification and scoring of halogen bond interactions in
protein−ligand complexes.

■ RESULTS AND DISCUSSION

NN Model Training and Validation. First, we conducted
almost 1.4 million single-point calculations of the generated
interaction geometries. Energies were calculated using the
supermolecular approach. Features were derived from the
individual interaction geometries. A complete list of all features
with their descriptions, along with a more detailed schematic of
the feature definitions, is provided in the Supporting
Information (Figure S1 and Table S1). To ensure the feature
space is translationally and rotationally independent from the
underlying coordinate system, we chose pairwise distances and
angles. The resulting data set was partitioned into training,
validation, and test subsets (Figure 8). Final model training
was conducted using the training subset, with performance
evaluation on the validation subset at the end of each epoch.
Figure 1a illustrates the progression of model performance on
the training and validation data set over consecutive epochs.
Training was terminated after 276 epochs upon satisfaction of
the early stopping criterion. The results of the final evaluation
step on the validation set are presented in Figure 1b, where the
predicted adduct formation energies are plotted against the
calculated values. The model achieved a coe=cient of
determination R2 = 0.9979 and a root-mean-square error
RMSEval = 0.1579 kJ/mol, indicating excellent predictive
accuracy. Results on the test set also show excellent accuracies
with minimal amounts of large energy diAerences ΔΔE (Figure
2a). Results are given for each halogen individually. Most
diAerences lie within ±0.5 kJ/mol with only a minimal fraction
of 1.8% in total lying beyond. An overall maximum of ΔΔE =
+2.40 kJ/mol and a minimum of ΔΔE = −2.35 kJ/mol was
observed. Overall, the model achieved an R2 = 0.9979 and an
RMSEtest = 0.1590 kJ/mol on the test set, indicating that the
predictive accuracy is maintained even on previously unseen
data (Figure 2b). The observed performance may be inflated
due to similarities between the training and test sets,
potentially introducing data leakage as the data points likely
reside within the same feature space. Consequently, a more
profound evaluation involves assessing the model’s general-

Figure 2. Model performance on the test set. (a) The histogram shows the relative frequencies of energy diAerences between calculated and
predicted energy (total of 279,450 data points) in bins of 0.5 kJ/mol from −4.0 to 4.0 kJ/mol for chlorine (green, N = 93,138), bromine (dark red,
N = 93,137), and iodine (purple, N = 93,175) separately. Energy diAerences are calculated as ΔΔE = ΔEcalc − ΔEpred. Larger values are clipped to
the respective limitation for better visibility. (b) Calculated energy is plotted against the predicted energy. The model achieved an R2 = 0.9979 with
an RMSE = 0.159 kJ/mol. The red, dashed line indicates the perfect correlation between calculated and predicted value, while the gray dashed lines
indicate the transition from negative to positive energies.
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ization capability on entirely unknown data that fall outside the
distribution of the training set.
The geometric inclusion criteria employed in the sub-

sequently used data sets of randomly generated and PDB-
derived geometries (next sections) were defined with relatively
broad angular and distance limits. This approach was chosen to
capture a diverse range of halogen···π interaction geometries,
including those near the characteristic boundaries of σ-hole
interactions. While more restrictive definitions would exclude
such borderline geometries and reduce statistical outliers, they
would also narrow the physical diversity of the data set and
potentially obscure the model’s limitations. Our aim is to
evaluate the model’s generalizability across a wide spectrum of
interaction geometries, rather than to optimize its performance
under tightly constrained conditions. This broader definition
also preserves the size and representativeness of the
experimentally derived PDB data set, which would otherwise
have been substantially reduced by stricter geometric filters
applied to the already small data set.
Prediction of Adduct Formation Energies on Unseen

Data. A data set of interaction geometries with randomly
chosen translational and rotational features was generated. For
a total data set of 30,000 geometries, single point calculations
on the MP2/TZVPP level of theory were conducted. Positive
energies of more than +10 kJ/mol (repulsions) were excluded,
resulting in a final set of 26,481 complexes. Geometric features
were extracted from each complex and fed into the model. A
detailed table incorporating the individual data points, energies
Ecalc and Epred, as well as the diAerence between both is
provided in spreadsheet format in the Supporting Information.
The distribution of energy diAerences between the calculated
and predicted energies is illustrated in Figure 3a. Results are
shown for each halogen individually. Most diAerences still lie
within ±0.5 kJ/mol. Approximately 14% of the data points lie
beyond ±0.5 kJ/mol, with a maximum of ΔΔE = +27.02 kJ/
mol and a minimum ΔΔE = −9.62 kJ/mol. Such outliers are of
high interest, because the question arises where they originate
from and why the model’s prediction on these data points is
poor. DiAerent possibilities can be considered when analyzing
outliers in a model’s predictions: (i) The features of the outlier

lie outside the range covered by the training data. In this case,
poor predictive performance may indicate that the model lacks
generalizability and is unable to extrapolate to previously
unseen feature spaces. (ii) The features of the outlier lie within
the distribution of the training data, but the model still fails to
predict accurately. This suggests a deficiency in the model
itself, possibly due to overfitting, underfitting, or an
insu=ciently expressive model architecture. This raises
concerns about the model’s internal representation and
robustness. To further investigate these outliers and examine
their deviation from the expected model behavior, a scatter
plot of the calculated and the predicted energy values was
generated (Figure 3b). The coe=cient of determination R2 =
0.856 and the root-mean-square error RMSE = 1.33 kJ/mol
confirm the model’s overall strong accuracy. The plot
highlights individual deviations across the test set with a
color scale indicating the relative Mahalanobis distance (MD),
an estimate of how far a given data point lies from the center of
the feature distribution. The MD accounts for correlations
between input features and scales the distance based on the
covariance structure of the data, making it well-suited to
identify outliers in multivariate spaces. In this context, a higher
MD suggests that the corresponding data point diAers
substantially from the typical feature profiles seen during
training. The majority of the data points lie close to the
diagonal, indicating good agreement between predicted and
calculated values and consistent with the narrow energy
diAerences observed in Figure 3a. Notably, data points that
deviate more strongly from the parity line also tend to exhibit
higher MD, suggesting a reasonable correlation between poor
predictive performance and a greater dissimilarity from the
training data distribution. Additionally, several data points
(labeled A−F) show significant deviation and are marked as
prominent outliers for illustrative purposes. These points serve
as examples for the error sources discussed above and are
looked at in detail. Calculated and predicted adduct formation
energies, energy diAerences, distances dX···π‑plane between the
halogen and the π-plane, as well as the angle between the C−X
vector and the normal to the π-plane αC−X···⊥(π‑plane) of these
examples are listed in Table 1. Figure 4 visualizes the

Figure 3. Model performance on the random geometry set. (a) The histogram shows the relative frequencies of energy diAerences between
calculated and predicted energy (total of 26,481 data points) in bins of 0.5 kJ/mol from −4.0 to 4.0 kJ/mol for chlorine (green, N = 9064),
bromine (dark red, N = 8812), and iodine (purple, N = 8605) separately. Energy diAerences are calculated as ΔΔE = ΔEcalc − ΔEpred. Larger values
are clipped to the respective limitation for better visibility. (b) Calculated energy is plotted against the predicted energy. The model achieved an R2

= 0.856 with an RMSE = 1.33 kJ/mol. The red, dashed line indicates the perfect correlation between calculated and predicted value, while the gray
dashed lines indicate the transition from negative to positive energies. Each data point is colored according to its relative MD with respect to the
given color scale. Data points outlined with a red circle and labeled with (A−F) are shown in detail in Figure 4.
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corresponding interaction geometries. The halogen···π-inter-
actions in Figure 4A−C all feature geometries, where the
halogen lies near the edge of the model’s training grid
dimensions (illustrated as the teal-colored plane through the
benzene), with a C−X vector pointing away from the π-plane,
while engaging in potential π···π interactions. The geometry of
example A shows an iodobenzene molecule in complex with
benzene and is characterized by a short distance of dI···π‑plane =
1.70 Å and an angle of αC−I···⊥(π‑plane) = 59.2°. A large energy
diAerence ΔΔE(A) = −9.11 kJ/mol (ΔEcalc = −23.77 kJ/mol,
ΔEpred = −14.66 kJ/mol) indicates that the model significantly
underestimates the interaction energy. Geometric features
likely fall outside the typical range of the feature space covered
by the training, as indicated by an MD more than three times
higher than that of the feature distribution center. A direct
comparison with the training data supports this assumption.
The distance in example A dI···π‑plane(A) = 1.70 Å is

substantially shorter than the minimum value in the training
set dmin(X···π‑plane)(training) = 2.75 Å, and the angle
αC−I···⊥(π‑plane)(A) = 59.2° exceeds the maximum training
value of αmax(C−X···⊥(π‑plane))(training) = 40°. Furthermore, the
halogen’s proximity to the benzene plane, and thus its in-plane
hydrogen atoms, may also contribute beneficially due to
contacts between the negatively charged belt of the halogen
atom and nearby hydrogen atoms. Similar observations can be
found in B and C with underestimations of the interaction
energy for both examples (ΔΔE(B) = −8.59 kJ/mol, ΔΔE(C)
= −8.6 kJ/mol). Distance and angle values also show
significant deviations from the training features with similar
geometric attributes. Such errors suggest that the model lacks
prior information about π···π interaction motifs or X···H motifs
with such compact and tilted geometries, leading to a
systematic underestimation of their energetically favorable
contribution. Looking at examples D−F, the spatial arrange-

Table 1. Overview of Energy Values and Geometric Parameters for Outlier Structures (A−F) (from the Random Geometry
Set) Highlighted in Figure 3 and Depicted in Figure 4a

halogen ΔEcalc [kJ/mol] ΔEpred [kJ/mol] ΔΔE [kJ/mol] dX···π‑plane [Å] αC−X···⊥(π‑plane) [deg]

A I −23.77 −14.66 −9.11 1.70 59.18

B I −22.83 −14.24 −8.59 1.53 59.66

C Br −7.06 1.54 −8.60 1.83 57.28

D I −5.50 −18.93 13.43 2.73 59.69

E I 6.24 −18.21 24.45 2.45 57.69

F Cl 9.89 −16.73 26.62 1.76 53.82
aThe halogen symbolizes the interacting halobenzene. Values of calculated and predicted energies, as well as the diAerence between both are given
in kJ/mol. Distance values dX···π‑plane between the halogen and the π-plane are given in Å. Angle values between the C−X vector and the normal to
the π-plane are given in degree [deg].

Figure 4. Interaction geometries corresponding to selected outliers of the random geometry set identified in the scatter plot shown in Figure 3.
These structures represent data points with high deviations between calculated and predicted adduct formation energies. Each geometry (A−F)
illustrates the spatial arrangement of the halobenzene (gray) relative to the π-system of benzene (teal), including the halogen distance dX···π‑plane

(dashed line, colored according to the halogen) to the π-system plane in Å, the torsion angle αC−X···⊥(π‑plane) (colored yellow) in degrees between
the C−X vector and the normal of the π-system plane, as well as the energy diAerence ΔΔE. The gray dashed line highlights the type of interaction
that may contribute to the observed prediction error. For better visibility, the teal-colored plane illustrates the benzene plane and the dimensions of
the model’s training grid. (A) Iodobenzene interaction with dI···π‑plane = 1.70 Å and αC−I···⊥(π‑plane) = 59.2°. The gray dashed line indicates a π···π-
interaction. (B) Iodobenzene interaction with dI···π‑plane = 1.53 Å and αC−I···⊥(π‑plane) = 59.7°. The gray dashed line indicates a π···π-interaction. (C)
Bromobenzene interaction with dBr···π‑plane = 1.83 Å and αC−Br···⊥(π‑plane) = 57.3°. The gray dashed line indicates a π···π interaction. (D) Iodobenzene
interaction with dI···π‑plane = 2.73 Å and αC−I···⊥(π‑plane) = 59.7° The gray dashed line indicates a C−H···π contact. (E) Iodobenzene interaction with
dI···π‑plane = 2.45 Å and αC−I···⊥(π‑plane) = 57.7°. The gray dashed line indicates a C−H···π contact. (F) Chlorobenzene interaction with dCl···π‑plane =
1.76 Å and αC−Cl···⊥(π‑plane) = 53.8° The gray dashed line indicates a C−H···π contact.
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ments change from π···π to C−H···π contributions. With
positive energy diAerences of ΔΔE(D) = 13.43 kJ/mol,
ΔΔE(E) = 24.45 kJ/mol, and ΔΔE(F) = 26.62 kJ/mol, the
model significantly overestimates these interactions. Halogen
atom positions lie close to the edges of the grid dimensions
while the halobenzene is oriented above the benzene. While
the distance of example D, dI···π‑plane(D) = 2.73 Å, shows direct
proximity to the minimum training distance, the angle value
αC−I···⊥(π‑plane)(D)= 59.7° still deviates significantly from the
training set. However, the acceptable distance, combined with
a reasonable C−H···π contact yields a calculated energy of
ΔEcalc(D)= −5.5 kJ/mol, while the model predicts ΔEpred(D)=
−18.93 kJ/mol. Example E and F show decreased distances of
dI···π‑plane(E) = 2.45 Å, and dI···π‑plane(F) = 1.76 Å, respectively.
Still observing high angle values, the decreased distance leads
to repulsive interactions, with ΔEcalc(E) = 6.24 kJ/mol, and
ΔEcalc(F) = 9.89 kJ/mol. In summary, all six outlier examples
(A−F) lie outside the range of features represented in the
training set, as reflected by their high MDs. Examples A−C
exhibit geometries characteristic of close π···π interactions,
which are not well represented in the training data. As a result,
the model fails to properly capture these types of interaction
and underestimates their energetic contributions. In contrast,
examples D−F involve very close C−H···π contacts leading to
repulsions that are not precisely accounted for in the model.
Since such geometries were not explicitly included in the
training set, the model naturally lacks the necessary
information to recognize and appropriately penalize these
interaction patterns. However, the model’s performance on
repulsive geometries is not crucial, as such interactions are
typically identified and filtered out during earlier stages of the
scoring process or by separate repulsive terms. Still,
incorporating representative repulsive configurations of σ-
hole interactions in future training could further improve the
model’s completeness and transferability. The same applies to
recognition of π···π interactions. The model will be explicitly
used for scoring halogen···π interactions with respect to the σ-
hole interacting with aromatic moieties.
PDB Scan for Halogen···π Interactions in Crystal

Structures. To apply the model to real-world biological
examples, a PDB scan was conducted where we focused on
protein−ligand recognition from a drug discovery perspective,
thus excluding all types of halogenated biomolecular building
blocks. 239,149 crystal structures (as of July 2025) were
analyzed with 9810 (4.1%) unique structures containing
ligands that bear chlorine, bromine, or iodine connected to
an aromatic moiety. Initially, halogen···π contacts were
considered if the aromatic side chain residue of phenylalanine,
tyrosine, histidine, or tryptophan were located within 5 Å of
the halogen atom. Results of the PDB scan are summarized in
Table 2. A total of 23,536 contacts in 6796 unique PDB
structures were found.
Since the model is supposed to assess halogen interactions

onto benzene, we only focus on phenylalanine. With 10,174
(43.23%) contacts, halogen···PHE contacts are the most
prevalent. To concentrate on potential halogen bonds in
terms of σ-hole interactions, we applied distance and angle
constraints. Furthermore, the C−X vector of the ligand must
point toward the benzene plane to increase the likelihood of a
σ-hole interaction. Based on these restrictions, we identified
1114 (10.95% from the initial total PHE contacts) XB
interactions for subsequent analysis. In a matched molecular
pair approach, ligands were replaced with a model system of

the corresponding halobenzene. The halogen atom and the C−
X vector are matched exactly onto the original ligand.
Additionally, the plane of the benzene ring is optimally aligned
onto the ligand’s aromatic ring system. The benzene ring of
phenylalanine side chain residue was capped at the Cγ−Cβ-
bond and replaced by a protonated and optimized benzene
system by aligning the two ring systems. It should be noted
that the halobenzene model system can be much less tuned
than original ligand systems where thewere calculated. Two
examples were excluded, resulting scaAold or functional groups
aAect the σ-hole strength. The final data set consists of 1114
unique interaction geometries with 806 chlorine, 198 bromine,
and 110 iodine interactions. Single-point calculations on an
MP2/TZVPP level of theory were conducted using TURBO-
MOLE.
Evaluation of the Model Using the PDB Set. Similar to

the previous data set, adduct formation energies of the PDB set
in a final set of 1112 complexes. These examples originate from
the crystal structures 4HSX and 7EPZ, containing two
geometries with very low distances facilitating severe clashes,
and in turn, leading to repulsive energies. Geometric features
were extracted from the geometries and fed into the model to
assess its applicability to real-world biological examples, rather
than relying solely on artificially derived data. The individual
data points and energies are provided in spreadsheet format in
the Supporting Information. As shown in Figure 5a, the
distribution of energy diAerences (ΔΔE) between calculated
and predicted interaction energies remains centered around
zero for all halogens (Cl, Br, I), with most diAerences falling
within ±1 kJ/mol (82.22%). A maximum of ΔΔE = +20.42 kJ/
mol and a minimum of ΔΔE = −6.49 kJ/mol was observed.
The model achieves good predictive accuracy on the PDB
examples, with an R2 = 0.805 and an RMSE = 1.57 kJ/mol
(Figure 5b). Despite the overall good accuracy, a few outliers
(labeled A−D) still show notable prediction errors. These
structures correspond to interaction geometries that lie
statistically at the edge of, or outside the training feature
distribution, as indicated by increased MDs. Detailed
information on the four examples is given in Table 3. Figure
6 illustrates the detailed geometries of these four outlier
examples (A−D) identified in the PDB data set analysis
(Figure 5b). These structures show substantial deviations
between predicted and calculated interaction energies.
Example A displays a close contact with dBr···π‑plane = 1.68 Å
and a relatively large angle of αC−Br···⊥(π‑plane) = 43.2°. The
halogen, and particularly the C−X bond vector, is oriented

Table 2. PDB Scan Results for Halogen···π Contacts and
Halogen···π Interactionsa

addressed AA
halogen···π contacts
within 5 Å (% of total)

halogen···π interaction after
applied filters (% of contacts)

histidine 3597 (15.28%) 661 (18.38%)

phenylalanine 10,174 (43.23%) 1114 (10.95%)

tryptophan 2855 (12.13%) 384 (13.45%)

tyrosine 6910 (29.36%) 1152 (16.67%)

total 23,536 3311 (14.07%)

Phenylalanine Interactions per Halogen

Cl 7667 (75.36%) 806 (10.51%)

Br 1874 (18.42%) 198 (10.57%)

I 633 (6.22%) 110 (17.38%)
aThe focus is on phenylalanine contacts and interactions with
corresponding results reported for each halogen separately.
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away from the aromatic plane. This orientation places the σ-
hole outside the optimal interaction direction. However, this
geometry exhibits features of other interaction types, resulting
in a mixed interaction profile that combines aspects of π···π
stacking and lateral C−H···X contacts onto the negative belt of
the halogen. The overall interaction remains attractive, but its
nature diAers from the purely σ-hole-driven contacts
represented in the training data. Therefore, this configuration
lies outside the range of training data, leading to a notable
underestimation by the model. In contrast, examples B, C, and
D are characterized by short halogen−π distances (dCl···π‑plane =
2.15 Å, 1.61 Å, and 1.25 Å, respectively) and moderate angles
(αC−Br···⊥(π‑plane) = 44.6°, 40.1°, and 38.3°), yet the model
overestimates their interaction strength. These discrepancies
likely arise from the fact that these geometries, although
derived from biological examples, are underrepresented or
absent in the training distribution, limiting the model’s ability
to assign accurate energies. Importantly, these interaction
motifs fall outside the intended scope of σ-hole interactions. In
these cases, the halogen atom is positioned outside the π-
system plane, or the halobenzene adopts a geometry with
unrealistically short contact distances to the benzene molecule,
leading to steric repulsion as confirmed by positive ΔEcalc
values. Additionally, the C−X bond vector typically points
away from the π-system, preventing the spatial arrangement
required for a directional σ-hole interaction. The origin of
these apparent steric clashes in examples B (2YLP) and C
(2Q6N) is further examined in the Supporting Information,

where we provide a more detailed structural analysis (Figures
S2 and S3). Thus, while such geometries may appear in
experimental structures, they do not constitute σ-hole
interactions and are neither expected nor intended to be well
captured or prioritized by the model. In addition, although the
model was trained exclusively on halobenzenes, some PDB
examples contain halogens bound to heteroaromatic five-
membered rings. To evaluate transferability, we recalculated
the interaction features using the corresponding five-ring
geometries and compared the predicted energies to those
obtained with the initial six-membered ring features of the
halobenzene. On average, the diAerence between both
predictions was 0.3 kJ/mol with a standard deviation of 0.44
kJ/mol, demonstrating that the model generalizes well to
heteroaromatic π-systems and that the feature representation is
not biased toward a particular ring type.
For practical applications such as docking algorithms or

virtual screening, additional empirical terms for π···π or C−
H···π interactions would be required to properly capture these
motifs. Addressing such eAects lies beyond the present scope
of this study. However, repulsive geometric arrangements are
typically already handled by standard distance-dependent
terms in scoring functions, while attractive motifs such as
π···π or C−H···π interactions should or could be incorporated
through dedicated scoring functions or extensions of existing
ones.
Conclusion and Outlook. In this proof-of-concept study,

we have employed neural networks (NNs) to predict the

Figure 5. Model performance on the PDB set. (a) The histogram shows the relative frequencies of energy diAerences between calculated and
predicted energy (total of 1112 data points) in bins of 0.5 kJ/mol from −4.0 to 4.0 kJ/mol for chlorine (green, N = 805), bromine (dark red, N =
197), and iodine (purple, N = 110) separately. Energy diAerences are calculated as ΔΔE = ΔEcalc − ΔEpred. Larger values are clipped to the
respective limitation for better visibility. (b) Calculated energy is plotted against the predicted energy. The model achieved an R2 = 0.805 with an
RMSE = 1.57 kJ/mol. The red, dashed line indicates the perfect correlation between calculated and predicted values, while the gray dashed lines
indicate the transition from negative to positive energies. Each data point is colored according to its relative MD with respect to the given color
scale. Data points outlined with a red circle and labeled with (A−D) are discussed in detail in Figure 6.

Table 3. Overview of Energy Values and Geometric Parameters for Outlier Structures (A−D) (from the PDB Set) Highlighted
in Figure 5 and Depicted in Figure 6a

halogen PDB ID ΔEcalc [kJ/mol] ΔEpred [kJ/mol] ΔΔE [kJ/mol] dX···π‑plane [Å] αC−X···⊥(π‑plane) [deg]

A Br 5RTQ −15.17 −8.68 −6.49 1.68 43.2

B Cl 5CU3 −10.58 −16.6 6.02 2.15 44.6

C Cl 2YLP 3.33 −9.06 12.39 1.61 40.1

D Cl 2Q6N 7.26 −13.2 20.47 1.25 38.3
aThe halogen symbolizes the interacting halobenzene. The PDB ID indicates the crystal structure the interaction geometry was extracted from.
Values of calculated and predicted energies, as well as the diAerence between both are given in kJ/mol. Distance values dX···π‑plane between the
halogen and the π-plane are given in Å. Angle values between the C−X vector and the normal to the π-plane are given in degree [deg].

Journal of Chemical Information and Modeling pubs.acs.org/jcim Article

https://doi.org/10.1021/acs.jcim.5c02136
J. Chem. Inf. Model. XXXX, XXX, XXX−XXX

G

81

https://pubs.acs.org/doi/suppl/10.1021/acs.jcim.5c02136/suppl_file/ci5c02136_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.jcim.5c02136/suppl_file/ci5c02136_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.jcim.5c02136/suppl_file/ci5c02136_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c02136?fig=fig5&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c02136?fig=fig5&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c02136?fig=fig5&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c02136?fig=fig5&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://doi.org/10.1021/acs.jcim.5c02136?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


interaction strength of halogen···π interactions between
halobenzenes (chlorobenzene, bromobenzene, iodobenzene)
and a simple benzene model. Nearly 1.4 million single-point
calculations were conducted and adduct formation energies
calculated. NN models were trained on geometric features
extracted from the interaction geometries. Extensive hyper-
parameter tuning was used to find the most suitable model
configuration. Model validation was carried out using stratified
5-fold cross-validation and further tested on independent data
sets. The model demonstrated excellent predictive perform-
ance on the cross-validation set, achieving an R2 = 0.998 and a
very low RMSE = 0.16 kJ/mol, a level of accuracy that likely
approaches the intrinsic limits of computability of interaction
energies. These results reflect the model’s ability to interpolate
accurately within the feature space of the training data. When
applied to a separate random geometry test set, the model still
performed strongly with R2 = 0.86 and RMSE = 1.33 kJ/mol,
while similar results were obtained for the PDB-derived data
set with R2 = 0.81 and RMSE = 1.57 kJ/mol. Most predictions
fall within a narrow error range, demonstrating the model’s
ability to generalize across a wide variety of geometries.
Analysis of outliers revealed that large prediction errors occur
primarily when input features lie far beyond the training

distribution. In such cases, the model either fails to recognize
favorable π···π interaction motifs or misinterprets repulsive C−
H···π contacts, which were not explicitly covered during
training. Nonetheless, these geometries are not representative
of the directional σ-hole interactions the model was designed
to capture and can therefore be neglected or are covered by
other terms. Nevertheless, incorporating the repulsive part of
σ-hole interactions in future developments would improve the
robustness of the model and extend its applicability beyond the
attractive interaction space. Overall, this study demonstrates
that NNs trained on well-defined and well-chosen geometric
features can reliably predict halogen···π interaction energies
within their defined purpose. The approach oAers a fast and
accurate alternative to quantum chemical calculations. By
leveraging the methodological “double jump” from CCSD(T)
→ MP2 → NNs, the model retains accuracy close to
CCSD(T) benchmarks while achieving a runtime speed-up
of up to 8 orders of magnitude compared to MP2 calculations.
However, this study represents an initial step involving only a
single aromatic residue model. As a next step, we aim to extend
this approach to the remaining aromatic amino acid side chain
residues of histidine, tyrosine, and tryptophan, for which data
generation and model development are already underway. By
constructing exclusive NN models for each of these residues,
we seek to capture the diversity of biologically relevant
halogen···π interactions. Ultimately, these models will be
integrated into the molecular docking framework PLANTS,
enabling improved recognition and scoring of halogen bonding
interactions in protein−ligand complexes. Additionally, we aim
to gradually integrate the models within the Galaxy
Webserver58 as standalone scoring function modules. Up-
loaded molecular structures will be systematically analyzed to
detect halogen···π interactions, and, if present, the interaction
strengths will be quantitatively evaluated.

■ MATERIALS AND METHODS

Structure Optimization. Geometry optimizations of the
individual ligand model systems (iodobenzene, bromobenzene,
and chlorobenzene) and the amino acid model system
(benzene) were done at the MP259,60-level of theory using
TURBOMOLE 7.7.161 with a triple-ζ basis set (def2-
TZVPP62) on the JUSTUS2−bwHPC Cluster.63 Calculations
were done in combination with the resolution of identity (RI)
technique and the frozen core approximation. Frozen core
orbitals were defined using default settings, where orbitals with
energies below −3.0 au are considered core orbitals. SCF
convergence criterion was increased to 10−8 hartree.
Relativistic eAects for iodine were considered by an eAective
core potential (ECP).64−72

Generation of Interaction Geometries. Interaction
geometries of chloro-, bromo-, and iodobenzene in complex
with benzene were generated. Halobenzenes were placed on a
regular grid using X- and Z-translations (Figure 7a) for eight
diAerent distances (Figure 7b). Following previous approaches,
an optimal σ-hole angle of αC‑X···π‑plane = 180° was initially used.
To capture rotational features, the halobenzene itself was
rotated around the y-axis. Furthermore, the σ-hole angle was
altered to deviations from −40° to 40° in steps of 10° in the x-,
and z-directions (Figure 7d). Two additional rotation axes
were incorporated, lying in 45° to the x-, or z-axis (Figure 7e).
Due to the symmetric nature of benzene, only one quadrant of
the grid was considered. With this systematic procedure,
508,032 interaction geometries per halobenzene were

Figure 6. Interaction geometries corresponding to selected outliers of
the PDB set identified in the scatter plot shown in Figure 5. These
structures represent data points with unusually high deviations
between calculated and predicted adduct formation energies. Each
geometry (A−D) illustrates the spatial arrangement of the
halobenzene (gray) relative to the π-system of benzene (teal),
including the halogen distance dX···π‑plane (dashed line, colored
according to the halogen) to the π-system plane in Å, the torsion
angle αC−X···⊥(π‑plane) (colored yellow) in degrees between the C−X
vector and the normal of the π-system plane, as well as the energy
diAerence ΔΔE. The gray dashed line highlights the type of
interaction that may contribute to the observed prediction error.
For better visibility, the teal-colored plane illustrates the benzene
plane and the dimensions of the models’ training grid. (A)
Bromobenzene interaction with dBr···π‑plane = 1.68 Å and αC−Br···⊥(π‑plane)

= 43.2° The gray dashed line indicates a π···π interaction. (B)
Chlorobenzene interaction with dCl···π‑plane = 2.15 Å and
αC−Cl···⊥(π‑plane) = 44.7°. The gray dashed line indicates a C−H···π
contact. (C) Chlorobenzene interaction with dCl···π‑plane = 1.61 Å and
αC−Cl···⊥(π‑plane) = 40.1°. The gray dashed line indicates a C−H···π
contact. (D) Chlorobenzene interaction with dCl···π‑plane = 1.25 Å and
αC−Cl···⊥(π‑plane) = 38.3°. The gray dashed line indicates a C−H···π
contact.
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generated. A total of 1,397,247 single point calculations were
conducted on an MP2/TZVPP level of theory. Adduct
formation energies were calculated as

= +E E E E( ( ))calc complex halobenzene benzene (1)

and reported as kJ/mol.
Feature Extraction and NN Model Training. All data

preprocessing, feature extraction, and learning approaches were
built in Python using custom scripts with the PyTorch73 and
scikit-learn package, two open-source Python libraries for

Figure 7. Overview of the interaction geometry generation and the feature extraction. (a) Grid points on the XZ-plane were generated with
dimensions Xtranslation = [0.0 Å to 5.0 Å], Ztranslation = [0.0 Å to 5.0 Å] in steps of 0.25 Å. (b) Grid points were generated for eight diAerent distances,
dX···π‑plane = [2.75 Å to 4.5 Å] in steps of 0.25 Å, between the halogen atom (Cl, Br, or I) and the benzene plane. (c) Rotations of the halobenzene
around the y-axis yrot = [0° (initially), 45°, 90°, 135°]. (d) Deviations from the optimal σ-hole angle αC−X···π‑plane = 180° from −40° to 40° in steps
of 10° achieved by rotating around the x- and z-axis. (e) Custom-generated rotational axis (c45 and c-45), lying in 45° to the x-, and z-axis.
Rotations around these axes similar to (d). (f) Pairwise distances from the halogen atom and the green colored carbons of the halobenzene to all
carbon atoms of the benzene are extracted as features. (g) Angle feature of the halogen atom, its neighboring carbon and the center of mass of the
benzene, αC−X···CoM(benzene) . (h) Angle feature of the C−X vector and the normal of the benzene plane αC−X···⊥(π‑plane). (i) Angle feature of the vector
between the orange-colored carbons of the halobenzene and the normal of the benzene plane.

Figure 8. Overview of the diAerent data sets. The systematic grid data set (1,397,248 geometries) is split into training (80% of the whole data set,
1,117,798 geometries) and test set (20%, 279,450 geometries). The training set is further split into model training (again 80%, 894,236 geometries)
and model validation set (20%, 223,560 geometries). The two model data sets are fed into the model in a supervised training approach. The
random geometry test set (30,000 geometries) is used to evaluate the models’ generalized performance on unseen data. The PDB set (1114
geometries) is used to represent and evaluate biological examples. The respective geometries shown are only a small excerpt of the full data sets.
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machine learning. NN models were trained on geometric
features extracted from the interaction geometries. The
training process was performed on the BinAC−bwHPC
Cluster.74 The feature vector v⃗= (d1, d2, ..., dn, a1, a2, a3)
consists of 30 features. Table S1 shows details of all features.
The adduct formation energy ΔE of each geometry serves as
the target value. Distance features are calculated as pairwise
distances between selected atoms of the halobenzene (halogen
atom, its neighboring carbon atom, and from this carbon two
adjacent carbon atoms) and the benzene system (Figure 7f).
The features are sorted according to the distances between
halogen and benzene carbon atoms in ascending order, such
that the nearest distance is defined as dX···C(min) = v⃗(d1), the
second-shortest distance as v⃗(d2), and so forth. The distances
between the benzene carbons and the halobenzene carbons
follow the same ordering as the halogen−carbon distances.
Three angle features are calculated between vectors of the
halobenzene and the benzene plane. One angle is calculated
between the halogen atom, its neighboring carbon atom, and
the center of mass of the benzene (Figure 7g). A second angle
is calculated between the C−X vector and the normal of the
benzene plane (Figure 7h). And a third is calculated between
two carbon atoms of the halobenzene and the normal of the
benzene plane (Figure 7i). Before training, all features were
individually normalized using a min-max scaler (scikit-learn
MinMaxScaler). The data set was split into training (80% of
the data) and test set (20%) in a stratified leave-one-out 5-fold
cross validation approach to ensure model consistency (Figure
8). Stratification was applied using (1) the halogen, and (2)
distances between halogen and π-plane to ensure features were
equally distributed and divided across the corresponding sets.
Subsequently, the training set was further split into model
training (80%) and model validation (20%) using the same
stratification strategy. Extensive hyperparameter tuning was
performed on the training data set within a supervised learning
approach. This process involved systematic variation of
activation functions (Sigmoid, Tanh, and Leaky ReLU, as
provided by PyTorch), the number of hidden layers (ranging
from two to six), and the sizes of hidden layers using
combinations from the set [256, 128, 64, 32, 16, 8] in a fully
connected feed-forward network. Additional parameters
included initial learning rates (10−1 to 10−5), batch sizes (32,
64, 128, 256), and the number of training epochs (10 to 1000).
Model training utilized the Adam optimizer (PyTorch built-in),
an elastic-net-weighted-MSE loss function to address data
imbalance, and early stopping criteria to prevent overfitting.
The combination yielding the best performance on the
validation set was selected for final training and evaluation.
The mean absolute error (MAE), the root-mean-square error
(RMSE), and the coe=cient of determination (R2) were
employed to evaluate the predictive performance of the
models. An R2 value approaching 1.00, alongside low MAE
and RMSE values, indicates that a model achieves high
predictive accuracy. Energy diAerences between calculated and
predicted adduct formation energies are reported as

=E E Ecalculated predicted (2)

in kJ/mol. The training started with a fixed learning rate and
was adapted (value was halved) up to a minimum of 0.0001 if
there had not been a loss improvement for 10 epochs. The
final model consists of three internal hidden layers (of size: 64,
32, 16) with Leaky Rectified Linear Unit (Leaky ReLU) as

activation functions, an initial learning rate of 0.01, and was
trained on a batch size of 128.
Generation of a Random Geometry Test Set. Similar to

the generation of the systematic data set used for the training,
we generated a smaller subset of 30,000 interaction geometries
(10,000 per halobenzene) with random geometric features to
test the model’s generalized performance on unseen data.
Therefore, parameters of X,Ztranslation = [−5.0 Å to 5.0 Å],
Ytranslation = [1.5 Å to 5.0 Å], yrot = [0° to 360°], αC−X···⊥(π‑plane)

= [0° to 60°] were randomly chosen and applied to a
halobenzene. To ensure uniqueness of the generated geo-
metries, newly chosen parameters were compared to previous
ones, and only applied if found to be distinct.
Such a more inclusive definition of broad angular and

distance limits was employed to capture a diverse range of
halogen···π interaction geometries, including those near the
characteristic boundaries of σ-hole interactions. Our aim is to
evaluate the model’s generalizability and highlight its potential
limitations.
PDB Scan of Phenylalanine Acceptors. A PDB (as of

July 2025:239,149) scan was conducted using a custom
Python/PyMOL75 script. Alternative conformations, metal
ions and hydrogen atoms were removed from the structure.
PDB structures containing halogenated ligands (chlorine,
bromine, iodine) with the halogen atom connected to an
aromatic ring system and a ligand size of six or more heavy
atoms were considered for further analysis. Aromatic amino
acid side chain residues of phenylalanine within 5 Å of the
halogen atom were retained as XB acceptors. As an additional
constraint, the C−X vector must point toward the benzene
plane (αC−X···⊥(π‑plane) < 50°) increasing the likelihood of a
potential halogen bond. As lower distance limit we chose a
minimal distance of dX···AA= 1 Å. The side chain residue was
replaced by a benzene molecule. For simplicity, we replaced
each ligand with the corresponding halobenzene (chloro-,
bromo, or iodobenzene) by matching the halogen atom, the
C−X bond vector and the plane of the (hetero)aromatic
system in a matched molecular pair approach. Both molecules
were separately geometry optimized on an MP2/TZVPP level
of theory as previously described. A total of 1114 interaction
geometries of the halobenzene in complex with the addressed
benzene were extracted to carry out a single point calculation
on an MP2/TZVPP level of theory. They again represent a
more inclusive set of diverse geometries, even at the border of
typical halogen bonds. Adduct formation energies were
calculated using the supermolecular approach.
Model Evaluation and Outlier Detection. To evaluate

the model’s ability to predict adduct formation energies of a
given interaction geometry we use the three data sets (20% test
set, random geometry set, and PDB set). Ideally, the data sets
consist of “unseen” data for the model to test its’ general-
izability. Similar to the training process, we examined the
results of the prediction using the root-mean-square error
(RMSE) and the coe=cient of determination (R2). Given that
interaction geometries in the random geometry set and the
PDB set can lie outside the feature space of the training set, the
Mahalanobis Distance76 (MD), a statistical measure of
dissimilarity between each test point and the center of the
multivariate distribution of training features, was employed to
assess the degree to which a given data point deviates from the
input space. It is defined as

=D x x x( ) ( ) ( )
M

T 1
(3)
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where x is the feature vector of the data point, μ is the mean
vector of the training data, and ∑ is the covariance matrix of
the training data. High distances indicate that a geometry lies
in a statistically rare region of input space relative to the
training set, thus identifying it as a potential extrapolation
point or outlier. Relative MDs were computed for all
geometries in the test sets, and a threshold for outlier
classification was set based on the 95th percentile of the
distribution of distances within the training set.

■ ASSOCIATED CONTENT

Data Availability Statement

PyMOL is an open-source software maintained and distributed
by Schrödinger. There is an open-source version of PyMOL
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Germany; Interfaculty Institute for Biomedical Informatics
(IBMI), Eberhard Karls Universität Tübingen, 72076
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ABSTRACT: In this study, we extend a previously introduced QM-AI
strategy for predicting halogen···π interaction energies from a single aromatic
model (representing phenylalanine) to multiple biologically relevant aromatic
environments. Herein, neural network models were developed for halogen···π
interactions involving phenol, imidazole, and indole, serving as model systems
for the aromatic side chain residues of tyrosine, histidine, and tryptophan.
Large, systematically generated datasets of halobenzene-aromatic system
complexes (in total, over 18 million interaction geometries) were evaluated at
the MP2/TZVPP level of theory and represented by compact geometric
descriptors to train residue-specific neural networks. Across all systems, the
models reproduce quantum-mechanical reference energies with high accuracy
(R2 > 0.98 and RMSE < 0.5 kJ/mol) within the targeted σ-hole interaction
domain and retain robust performance on independent, randomly generated
geometry and PDB-derived test sets. Model limitations are primarily associated with geometric arrangements outside the training
distribution, such as π···π, C−H···π, or other non-σ-hole interaction motifs. By augmenting the training data with additional
randomly generated geometries, model robustness and generalization were further improved without modifying the underlying
network architecture. Overall, this work establishes a scalable and transferable QM-AI strategy for the rapid and accurate prediction
of halogen···π interaction energies across diverse aromatic environments, enabling near-quantum-mechanical accuracy at negligible
computational cost and supporting future applications in structure-based drug design.

■ INTRODUCTION

Understanding the individual contributions of di=erent
noncovalent interactions is crucial for elucidating biomolecular
functions and guiding the rational design of potential
therapeutics.1−5 Halogen bonding (XB) is a directional
noncovalent interaction between a halogen atom acting as an
electrophilic site due to its σ-hole, a positive electrostatic
region along the extension of the C-X bond (X = Cl, Br, or I),
and a nucleophilic site, such as a lone pair or π-system.6−10

The highly anisotropic electron distribution around the
halogen atoms results in a pronounced lateral electron density
oriented perpendicular to the R-X bond axis. When the
substituent R exerts a pronounced electron-withdrawing
influence on the halogen (X), such tuning e=ects lead to a
substantial increase in halogen-bond strength.11−16 In bio-
molecular systems, halogen bonds have been increasingly
recognized as relevant contributors to protein−ligand binding
and drug-target recognition.17−27 Aromatic π-systems, hetero-
aromatic residues, and backbone carbonyl groups can act as
halogen bond acceptors, giving rise to well-defined interaction
motifs in protein−ligand complexes. Consequently, halogen
substitution has become an established strategy in medicinal

chemistry to modulate binding aDnity, selectivity, and
pharmacokinetic properties.28−35

Computational chemistry has played a central role in
elucidating both the structural preferences and energetic
characteristics of halogen bond interactions.36−38 Previous
studies have focused predominantly on halogen bonds formed
with classical nucleophilic sites commonly found in protein-
binding pockets, such as backbone carbonyl oxygen atoms,39,40

peptide π-surfaces,41 heteroatoms in amino acid side
chains,42,43 carboxylate and carboxamide functionalities,44

and coordinated or structural water molecules.45,46

Recently, we investigated halogen bonding to the electron-
rich π-system of the aromatic amino acid side chain of
phenylalanine using high-level quantum-mechanical calcula-
tions. We demonstrated that MP2 calculations with suDciently
large basis sets (TZVPP) reproduce CCSD(T)/CBS reference
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interaction energies for halogen···π complexes with high
accuracy, while reducing computational cost by approximately
2 orders of magnitude relative to CCSD(T).47 This eDciency
gain enabled the generation of large, high-quality reference
datasets suitable for systematic analysis. Building on this
foundation, we subsequently trained neural network models on
the MP2-derived data to predict halogen···π interaction
energies directly from geometric descriptors.48 These models
achieved excellent predictive accuracy at negligible computa-
tional cost, corresponding to an overall acceleration of roughly
10 orders of magnitude compared to CCSD(T) calculations.
The results demonstrated that directional σ-hole interactions
can be reliably captured using well-chosen geometric features
by exploiting a methodological and hierarchical “double-jump”
strategy from CCSD(T) to MP2 and ultimately to neural
networks, providing a practical alternative to explicit quantum-
mechanical evaluations of halogen···π interactions.
In the present study, we build directly on this framework and

extend it beyond a single aromatic reference system,
implementing aromatic environments representative of the
remaining amino acid side chains. Specifically, we investigate
halogen···π interactions involving phenol, imidazole, and
indole, serving as model systems for the aromatic side chain
residues of tyrosine, histidine, and tryptophan, respectively. For
histidine, only the neutral imidazole form was considered,
while the protonated imidazolinium state was excluded.
Although histidine can be protonated in certain protein
environments (e.g., kinase active sites), explicitly accounting
for variable protonation states would substantially increase the
model complexity and require extensive site-specific prepro-
cessing. Moreover, protonated histidine (imidazolinium) and
related cationic π-systems, such as the guanidinium group of
arginine, represent a distinct class of positively charged
aromatic interaction motifs that are beyond the scope of the
present work. From a physicochemical perspective, positively
charged histidine is also expected to be less favorable for σ-
hole-driven halogen bonding, as electrostatic attraction would
preferentially promote charge-assisted hydrogen bonding or
interactions with the lateral electron-rich belt of the halogen
rather than directional σ-hole contacts, potentially leading to
reoriented binding geometries. In contrast, neutral imidazole
provides a more plausible acceptor environment for stabilizing
genuine halogen···π interactions. A systematic treatment of
positively charged π-systems, including both imidazolinium
and guanidinium motifs, therefore represents a related and
promising direction for future investigation. For each system,
large and systematically generated datasets of approximately 6
million interaction geometries between halobenzenes (chlor-
obenzene, bromobenzene, and iodobenzene) and the corre-
sponding aromatic acceptor were constructed and evaluated at
the MP2/TZVPP level of theory. As in our previous work, the
interaction geometries were sampled on structured grids
defined by halogen···π-plane distances (from dmin(X···π‑plane) =
2.75 Å to dmax(X···π‑plane) = 4.50 Å) and angular constraints
(maximum deviation of 40° between the C-X bond vector and
the π-plane normal) chosen to selectively represent directional
σ-hole interactions while minimizing contributions from
competing motifs such as π···π or C−H···π contacts. The
resulting quantum-mechanical reference data were used to
train dedicated neural network models for each aromatic
system in a supervised learning approach. Model performance
was assessed using both test sets of randomly generated
geometries and geometries derived from protein crystal

structures of the Protein Data Bank (PDB),49 enabling a
direct evaluation of transferability to biologically relevant
examples. Here again, only neutral histidine/imidazole motifs
were retained, as reliable inclusion of protonated histidine
would require prior protonation-state assignment, binding-site
environment analysis, and optimization of hydrogen-bond
networks for each structure, which is computationally
prohibitive on the scale considered in this study.
In addition to extending the framework to multiple aromatic

side-chain models, the present study explicitly examines the
modular expandability of the trained neural network models. A
central premise of the approach is that model robustness and
transferability can be systematically improved by incorporating
additional training data without modifying the underlying
network architecture. To assess this capability, we further
generated approximately 100,000 randomly sampled inter-
action geometries for each aromatic system and halogen type
and employed them in a retraining step. These augmented
datasets were designed to broaden the sampled feature space
beyond the structured grids used for the initial training,
thereby enabling a targeted evaluation of how expanded
training distributions influence predictive performance, gen-
eralization to previously challenging geometries, and trans-
ferability to PDB-derived interaction motifs. By combining
systematic data generation, controlled retraining, and evalua-
tion on both randomly sampled and biologically derived test
sets, this study aims to establish a scalable and adaptable
machine-learning framework for the eDcient prediction of
halogen···π interaction energies across diverse aromatic
environments. It should be noted that the present models
predict gas-phase interaction energies (ΔE) rather than
binding free energies (ΔG). In practical structure-based drug
design workflows, solvation, desolvation penalties, and entropic
contributions are accounted for by the surrounding docking or
scoring framework, while the present models provide an
interaction-specific description of directional halogen···π
interactions. This represents a further step toward integration
into structure-based drug design workflows, including molec-
ular docking and scoring applications.

■ RESULTS AND DISCUSSION

Model Training and Validation

First, we conducted single-point calculations of the generated
interaction geometries. Energies were calculated by using the
supermolecular approach (eq 1). Features were derived from
the individual interaction geometries. A complete list of all
features of the individual model systems, along with
descriptions and a more detailed schematic of the feature
definitions, is provided in the Supporting Information (Figure
S1, Tables S1 and S2). To ensure the feature space is
translationally and rotationally independent of the underlying
coordinate system, we chose pairwise distances and angles. For
the training process, the resulting datasets were partitioned
into training, validation, and test subsets (for more details, see
Materials and Methods). Hyperparameter search and training
processes were performed in a stratified 5-fold cross-validation
with an 80%/20% test/validation split. Final model training on
the best-performing model configuration was conducted using
a slightly adapted training subset (95% of the data), with
evaluation on the corresponding validation subset (5% of the
data) at the end of each epoch. Training was terminated upon
satisfaction of the early stopping criterion. Model evaluation of
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the withheld test sets shows excellent accuracy across all three
models, with only very few large energy deviations (ΔΔE, eq
2). For each system, the vast majority of predictions fall within
±0.5 kJ/mol, and only a small fraction exceeds this range, with
1.49% for phenol, 5.04% for imidazole, and 2.02% for indole.
For phenol, the maximum and minimum deviations were
+4.08 and −3.11 kJ/mol, respectively, yielding an Rphenol

2 =
0.9983 and an RMSEphenol‑test = 0.15 kJ/mol, demonstrating
that predictive performance remains strong even on unseen
data (Figure S2a/b).
Similarly, the imidazole model exhibited maximum and

minimum deviations of +8.92 and −7.84 kJ/mol, respectively,
achieving an Rimidazole

2 = 0.9919 and an RMSEimidazole‑test = 0.28
kJ/mol (Figure S2c/d). For indole, the deviations ranged from
+3.76 to −2.95 kJ/mol, with an Rindole

2 = 0.9982 and an
RMSEindole‑test = 0.17 kJ/mol (Figure S2e/f). Despite these
promising results, the performance may be somewhat inflated
due to similarities between the training and test sets,
potentially introducing data leakage, as both likely occupy
the same region of feature space. Therefore, a more rigorous
assessment requires evaluating the models on entirely novel
data that fall outside the distribution of the training set to truly
estimate their generalization capabilities. In addition to such
fully unseen, out-of-distribution samples, it is equally important
to assess data points that lie within the training distribution but
involve interpolated parameter combinations. This ensures that
the models are not merely memorizing known values but can
also generalize smoothly across the interior of the feature
space. Therefore, a two-step evaluation scheme of the
individual models’ test datasets was applied. In the first step
(i), a subset containing only data points with features lying
within the training distribution (2.75 Å ≤ dX···π‑plane ≤ 4.5 Å;
αC‑X···⊥(π‑plane) ≤ 40°) was analyzed. In the second step (ii),
distance and angle constraints were dropped, and the full test
dataset was evaluated. This removal of the restrictions was
intended to test and identify the models’ limitations and ability
to generalize on unseen data on the edges or outside of the
feature space covered by the underlying training distribution.

Predicting Adduct Formation Energies of Unseen Datasets

To rigorously assess the generalization capability of the trained
models, we generated independent test sets comprising
interaction geometries with randomly sampled translational
and rotational parameters for each molecular system. Each test
set contained 60,000 structures (20,000 per halogen). Single-
point interaction energies were computed at the MP2/TZVPP
level of theory, and repulsive geometries with interaction
energies exceeding +10 kJ/mol were discarded. The resulting
curated datasets contained Nphenol = 56,591, Nimidazole = 57,297,
and Nindol = 55,415 complexes. Geometric features were
extracted from each complex. A detailed table incorporating
the individual data points, energies Ecalc and Epred, as well as the
di=erence between both, is provided in spreadsheet format in
the Supporting Information. To examine the dependence of
model performance on the amount of training data, we
constructed learning curves by training the models on
progressively larger fractions of the original training set.
Model accuracy was evaluated both on the internal test split
and on the independent random-geometry test set described
above. A detailed representation of the learning curves is
provided in the Supporting Information (Figure S7). In both
evaluations, the prediction errors decrease rapidly with
increasing training set size and approach a plateau once
approximately 30−40% of the data is included. Beyond this
point, further enlargement of the training set yields only
marginal improvements in MAE and RMSE. These results
indicate that the chosen feature representation eDciently
captures the relevant geometry−energy relationships, while the
full dataset primarily contributes to improved robustness and
coverage of the interaction space.

Phenol Model Evaluation

The halobenzene···phenol model was evaluated using the two-
step protocol described above. In the constrained subset (step
i, N = 16,062), which contains only geometries lying within the
feature space sampled during training (2.75 Å ≤ dX···π‑plane ≤

4.5 Å, αC‑X···⊥(π‑plane) ≤ 40°), the model attained excellent

Figure 1. Model performance on the random geometry set. Calculated adduct formation energies are plotted against the corresponding predicted
values for the phenol, imidazole, and indole models. The phenol model achieves an R2 = 0.9644 with an RMSE = 0.90 kJ/mol, the imidazole model
achieves an R2 = 0.9096 with an RMSE = 0.94 kJ/mol, and the indole model achieves an R2 = 0.9269 with an RMSE = 1.17 kJ/mol. The red dashed
line denotes perfect agreement between the calculated and predicted energies, while the gray dashed lines mark the transition between negative and
positive energies. Data points are colored according to their relative MD, as indicated by the color scale. Data points highlighted by red circles and
labeled A−L correspond to selected outliers and are discussed in detail in Figure 2.
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accuracy (R2 = 0.9935, RMSE = 0.27 kJ/mol), essentially
matching the performance observed during training with low
energy deviations between ΔΔE = +3.21 and −3.65 kJ/mol,
and 5.51% lying beyond ±0.5 kJ/mol (Figure S3).
Evaluating the model on the full dataset (step ii, N =

56,591), where all geometric constraints were removed,
resulted in a modest decrease in accuracy but still strong
predictive ability (R2 = 0.9644, RMSE = 0.90 kJ/mol). The
observed deviations ranged from ΔΔE = +27.98 to −16.58 kJ/
mol, with 12.41% lying beyond ±0.5 kJ/mol. To better
understand the origins of these deviations, a parity plot of Ecalc
and Epred was generated and colored by Mahalanobis distance

50

(MD) (Figure 1). The MD reflects how far each geometry lies
from the center of the training feature distribution, accounting
for feature correlations through the covariance matrix (eq 3).
Most points lie close to the diagonal and exhibit low MDs,
indicating close agreement between predicted and reference
energies for structures similar to those encountered during
training. In contrast, points with larger errors typically show
elevated MDs, demonstrating a clear link between reduced
predictive performance and increasing dissimilarity from the
training distribution. Four representative outliers (A−D) were
selected for closer inspection (Figure 2). It should be noted
that these subsequently discussed examples are some of the

Figure 2. Interaction geometries for selected outliers from the random geometry set involving phenol, imidazole, and indole, as identified in the
scatter plot in Figure 1. These structures correspond to data points exhibiting large deviations between calculated and predicted adduct formation
energies. Geometries A−D depict the relative orientation of the halobenzene (gray) with respect to the phenol π-system (teal). Shown are the
halogen distance dX···π‑plane (dashed line, colored according to the halogen) to the π-system plane in Å, the torsion angle αC‑X···⊥(π‑plane) (yellow)
between the C-X bond vector and the normal to the π-system plane in degrees, and the corresponding energy di=erence ΔΔE. The gray dashed line
indicates the type of interaction that may contribute to the observed prediction error. For clarity, the teal plane also illustrates the extent of the
training grid used in the corresponding model. Geometries E−H show halobenzene interactions with imidazole, while geometries I−L show
interactions with indole. Outliers of the phenol dataset: (A) Iodobenzene interaction with dI···π‑plane = 2.32 Å and αC−I···⊥(π‑plane) = 56.9°. The gray
dashed line indicates a π···π-interaction. (B) Iodobenzene interaction with dI···π‑plane = 2.28 Å and αC−I···⊥(π‑plane) = 59.8°. The gray dashed line
indicates a π···π-interaction. (C) Bromobenzene interaction with dBr···π‑plane = 2.28 Å and αC−Br···⊥(π‑plane) = 58.0°. The gray dashed line indicates a
C−H···π contact. (D) Iodobenzene interaction with dI···π‑plane = 2.20 Å and αC−I···⊥(π‑plane) = 52.8°. The gray dashed line indicates a C−H···π

contact. Outliers of the imidazole dataset: (E) Iodobenzene interaction with dI···π‑plane = 2.26 Å and αC−I···⊥(π‑plane) = 48.0°. The gray dashed line
indicates a C−H···π contact. (F) Iodobenzene interaction with dI···π‑plane = 2.38 Å and αC−I···⊥(π‑plane) = 59.0°. The gray dashed line indicates a C−

H···π contact. (G) Iodobenzene interaction with dI···π‑plane = 2.20 Å and αC−I···⊥(π‑plane) = 57.5°. The gray dashed line indicates a C−H···π contact.
(H) Iodobenzene interaction with dI···π‑plane = 2.21 Å and αC−I···⊥(π‑plane) = 54.5°. The gray dashed line indicates a C−H···π contact. Outliers of the
indole dataset: (I) Iodobenzene interaction with dI···π‑plane = 2.30 Å and αC−I···⊥(π‑plane) = 57.1°. The gray dashed line indicates a π···π interaction. (J)
Iodobenzene interaction with dI···π‑plane = 2.13 Å and αC−I···⊥(π‑plane) = 56.5°. The gray dashed line indicates a π···π interaction. (K) Bromobenzene
interaction with dBr···π‑plane = 2.10 Å and αC−Br···⊥(π‑plane) = 48.5°. The gray dashed line indicates a C−H···π contact. (L) Chlorobenzene interaction
with dCl···π‑plane = 2.38 Å and αC−Cl···⊥(π‑plane) = 52.9°. The gray dashed line indicates a C−H···π interaction.
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very few strong outliers, highlighting “worst-case” scenarios.
Calculated and predicted adduct formation energies, energy
di=erences, distances dX···π‑plane between the halogen and the π-
plane, as well as the angle between the C-X vector and the
normal to the π-plane αC‑X···⊥(π‑plane) of these phenol outliers
are listed in Table 1. Outliers can arise for two principal
reasons: (a) the geometry resides outside the feature space
spanned by the training data, requiring the model to
extrapolate; or (b) the geometry lies within the training
distribution but is still poorly predicted, implying limitations in
the model architecture or training strategy.
Example A corresponds to a complex formed between

iodobenzene and phenol and exhibits a highly compact
interaction geometry. The iodine atom is positioned at a
distance of dI···π‑plane = 2.32 Å and an angle of αC−I···⊥(π‑plane) =
56.9°. For this configuration, the predicted adduct formation
energy deviates strongly from the reference value, yielding an
energy di=erence of ΔΔE(A) = −9.45 kJ/mol (ΔEcalc =
−25.83 kJ/mol, ΔEpred = −16.38 kJ/mol), indicating a
pronounced underestimation of the interaction strength by
the model. This discrepancy can be attributed to the fact that
the corresponding geometric descriptors lie well outside the
region of the feature space sampled during training. This is
reflected by a Mahalanobis distance that is more than three
times higher than that of the distribution center. Comparison
with the training set confirms this assumption because the
iodine···π-plane separation in Example A is markedly shorter
than the minimum distance encountered during training
(dmin(X···π‑plane)(training) = 2.75 Å), while the associated torsion
angle substantially exceeds the largest value present in the
training data (αmax(C‑X···⊥(π‑plane))(training) = 40°). In addition,
the proximity of the halogen atom to the phenol ring, and in
particular to the hydroxyl substituent, may introduce stabilizing
contributions not adequately captured by the model,
potentially arising from interaction between the negatively
charged region surrounding the halogen and the nearby
hydrogen atom. The mutual arrangement of the aromatic rings
may further stabilize the complex through a π···π interaction.
Example B exhibits a comparable trend, with the predicted

interaction energy again markedly underestimated (ΔΔE(B) =
−16.58 kJ/mol). This discrepancy arises from a qualitative
misclassification of the interaction, as the calculated and
predicted energies di=er not only in magnitude but also in sign

(ΔEcalc = −14.61 kJ/mol, ΔEpred = 1.97 kJ/mol), indicating
that the stabilizing π···π contribution is not adequately
represented by the model. As in Example A, the associated
distance and angle values fall well outside the range sampled
during training, indicating a closely related but distinct
geometric representation. In this configuration, the mutual
alignment of the aromatic rings enhances the π···π interaction
character even further. The resulting prediction error high-
lights a broader limitation of the model, which appears
insuDciently able to generalize such highly compact, strongly
tilted geometries that enable favorable π···π or X···H
interaction motifs, thereby leading to a systematic under-
estimation of their stabilizing energetic contributions.
Examples C and D show the opposite trend compared to A

and B, with the interaction energies strongly overestimated by
the model. In Example C, the calculated energy is moderately
stabilizing (ΔEcalc = −7.38 kJ/mol), whereas the model
predicts a substantially stronger interaction (ΔEpred = −21.35
kJ/mol), resulting in a large positive deviation (ΔΔE(C) =
13.97 kJ/mol). An even more pronounced discrepancy is
observed for Example D, where the calculated energy indicates
a slightly repulsive interaction (ΔEcalc = 5.47 kJ/mol), while
the model predicts a strongly attractive complex (ΔEpred =
−21.63 kJ/mol).
In both geometries, the halogen approaches the phenol π-

system at very short distances and with pronounced tilt angles,
placing these structures outside the range of configurations
represented in the training data. While such compact
arrangements may still resemble stabilizing contacts, the
reference calculations indicate that short-range repulsive
contributions can become significant in these cases. The
inability of the model to capture this repulsive part suggests
that it primarily extrapolates attractive interactions from short
contact distances, thereby failing to account for steric and
electronic repulsion at close approach.
In the present case, all four examples fall into category (a),

exhibiting features not covered during training and corre-
spondingly high MD values. Because these atypical and often
repulsive interaction geometries were not included in the
training set, the model lacks the necessary information to
penalize them appropriately. The same applies to the
recognition of π···π interactions and their beneficial contribu-
tion. While accurately modeling these configurations is not

Table 1. Overview of Energy Values and Geometric Parameters for Outlier Structures of the Random Geometry Set of Phenol
(A−D), Imidazole (E−H), and Indole (I−L), Highlighted in Figure 1 and Depicted in Figure 2a

halogen π-system ΔEcalc [kJ/mol] ΔEpred [kJ/mol] ΔΔE [kJ/mol] dX···π−plane [Å] α(C‑X···⊥(π−plane))[°, deg]

A I phenol −25.83 −16.38 −9.45 2.32 56.88

B I phenol −14.61 1.97 −16.58 2.28 59.85

C Br phenol −7.38 −21.35 13.97 2.28 57.96

D I phenol 5.47 −21.63 27.11 2.20 52.76

E I imidazole −22.83 −12.43 −10.40 2.26 48.00

F I imidazole −20.53 4.49 −25.01 2.38 58.97

G I imidazole −8.65 −17.24 8.59 2.20 57.51

H I imidazole 7.30 −15.83 23.13 2.21 54.55

I I indole −24.76 −7.04 −17.72 2.30 57.57

J I indole −12.55 8.18 −20.73 2.13 56.54

K Br indole −10.70 −28.41 17.71 2.10 48.47

L Cl indole 2.94 −27.15 30.09 2.38 52.94
aThe halogen symbolizes the interacting halobenzene. Values of calculated and predicted energies, as well as the di=erence between both, are given
in kJ/mol. Distance values dX···π‑plane between the halogen and the π-plane are given in Å. Angle values between the C-X vector and the normal to
the π-plane are given in degrees [°, deg].
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essential, since they are typically identified and filtered out
earlier or handled by dedicated repulsion terms, future models
may benefit from including representative repulsive σ-hole or
π···π arrangements to further enhance robustness and
transferability.

Imidazole Model Evaluation

The imidazole model was evaluated using the same two-step
procedure. For the constrained subset (step (i), N = 16,075),
the model achieved high accuracy (R2 = 0.9848, RMSE = 0.34
kJ/mol) with ΔΔE between +3.71 kJ/mol and −3.17 kJ/mol
(9.42% beyond ±0.5 kJ/mol). When applied to the full test set
(step (ii), N = 57,297), the performance remained strong with
R2 = 0.9096 and RMSE = 0.94 kJ/mol, although the spread of
deviations widened, with ΔΔE values ranging from +25.01 kJ/
mol to −24.29 kJ/mol (19.28% beyond ±0.5 kJ/mol).
A corresponding parity plot of the imidazole results is shown

in Figure 1. Similar to the phenol model, most data points
cluster along the parity line, while a small number of higher-
MD structures exhibit larger prediction errors. Four extreme
outliers (labeled E−H) are examined in detail (Figure 2).
Calculated and predicted adduct formation energies, energy
di=erences, distances dX···π‑plane between the halogen and the π-
plane, as well as the angle between the C-X vector and the
normal to the π-plane αC‑X···⊥(π‑plane) of these imidazole outliers,
are listed in Table 1.
Examples E−H exhibit closely related interaction geometries

characterized by strongly tilted halobenzene orientations and
halogen positions located near the boundaries of the model’s
training grid. In all four cases, the halogen atom resides outside
the π-plane, and the dominant stabilizing motif is limited to
C−H···π contacts rather than direct halogen···π interactions.
The primary geometric di=erences among these structures
arise from the specific positioning of the halogen, which, in
turn, governs the relative placement of the C−H···π and H···X
contacts. Despite their overall similarity, three of the four
geometries (E−G) correspond to attractive interactions,
whereas example H is predicted to be repulsive by the
reference calculation. A particularly instructive comparison can
be made between examples E and H, which share nearly
identical orientations but di=er subtly in distance and angular
values. In example E, the slightly larger contact distance and
smaller interaction angle give rise to a strongly stabilizing
interaction, while the modest geometric changes observed in
example H shift the balance toward repulsion with a shorter
distance and larger angle. This sharp transition from attractive
to repulsive behavior occurs over a narrow region of geometric
space that is sparsely sampled in the training data and is
therefore not reliably captured by the model. It should be
emphasized that the geometries discussed here represent only a
limited subset, selected from the “worst-case” identified
outliers, and are not intended to be exhaustive. They serve
as illustrative examples highlighting characteristic failure
sources of the model rather than a comprehensive description
of all deviations present in the test set. In particular, although
not shown explicitly, the imidazole-derived data also contain
outlier geometries involving alternative interaction motifs, such
as π···π contacts, which may give rise to similar prediction
challenges. In summary, the imidazole model demonstrates
performance analogous to the phenol model, with closely
related error characteristics and limitations, but retains good
overall agreement between calculated and predicted energies.

Indole Model Evaluation

The indole model showed similarly strong performance under
the two-step evaluation framework. Within the constrained
region (step (i), N = 15,211), the model achieved excellent
agreement with reference data (R2 = 0.9953, RMSE = 0.28 kJ/
mol) and notably low energy deviations between +2.72 kJ/mol
and −2.36 kJ/mol (6.94% beyond ±0.5 kJ/mol). Evaluation
on the unconstrained full dataset (step (ii), N = 55,415)
resulted in a decrease to R2 = 0.9269 and RMSE = 1.17 kJ/
mol, with deviations of ΔΔE between +34.47 kJ/mol and
−20.73 kJ/mol (23.36% beyond ±0.5 kJ/mol). This indicates
that the indole feature space contains a broader distribution of
challenging geometries when the distance and angle constraints
are removed and could be due to the larger size of the acceptor
system.
The corresponding parity plot of the indole results (Figure

1) again highlights four outliers (I−L), which exhibit the
largest discrepancies. All individual values of these four indole
outliers can be found in Table 1. As with the phenol and
imidazole models, these structures correspond to geometries
lying well outside the training distribution, consistent with
elevated MD values.
Examples I−L illustrate characteristic limitations of the

indole model that are closely related to those observed for
phenol and imidazole. Examples I and J feature pronounced
π···π interaction motifs and correspond to strongly stabilizing
reference energies that are not adequately captured by the
model. Although both geometries exhibit similarly large tilt
angles, small variations in the intermolecular distance lead to
qualitatively di=erent predictions. While example I, with a
slightly larger separation, is still predicted to be attractive,
example J, characterized by a shorter contact distance, is
incorrectly classified as repulsive. This behavior indicates
limited generalizability of the model with respect to distance
variations in compact π···π arrangements and distances beyond
the feature space during training.
In contrast, examples K and L are dominated by C−H···π

interactions at short contact distances and high angular values.
In these cases, the balance between stabilizing H···X
interactions and short-range repulsive contributions is
particularly delicate. A narrow geometric transition separates
attractive configurations, where favorable H···X contacts
prevail, from repulsive arrangements dominated by steric C−

H clashes. This subtle crossover occurs over a region of feature
space that is insuDciently represented in the training data and,
is therefore, not reliably reproduced by the model.
Thus, the general trend across all three models is that

prediction quality decreases as the geometries diverge further
from the region sampled during training, particularly in
repulsive or otherwise atypical configurations such as π···π or
C−H···π arrangements.

PDB Scan for Halogen···π Interactions in Crystal Structures

In a previous study, we performed a comprehensive PDB scan
to identify halogen···π interactions involving phenylalanine.48

Building on that work, we expanded the analysis to focus on
the aromatic side chains of tyrosine, histidine, and tryptophan.
239,149 crystal structures (as of July 2025) were analyzed, with
9810 unique PDB IDs containing chlorine-, bromine-, or
iodine-bearing ligands. Phenylalanine accounts for over 40% of
all observed contacts (already analyzed in our earlier work),48

followed by tyrosine at 29.36%. Histidine (15%) and
tryptophan (12%) are less frequently encountered but still
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represent relevant biological environments for σ-hole inter-
actions. This result is not unexpected, as Trp is encoded only
by one DNA triplet in comparison to two DNA triplets for
Phe, Tyr, and His. Recent analyses of amino acid frequencies
in human PDB structures and human proteins in the UniProt
database highlight that Trp is about half as frequent as His,
while Phe and Tyr are slightly more frequent than His.51While
the trends are quite similar in our results, it is evident that His
is less frequently found in close proximity to halogens
compared to its statistical occurrence in human proteins of
the pdb. However, this is most likely due to the multitude of
other interactions His can exhibit, such as hydrogen bonding,
charged interactions, or metal coordination. Results of the scan
and a more detailed analysis of the individual amino acid values
are shown in Table 2.

To isolate interactions characteristic of the halogen’s σ-hole
engagement, we applied distance and angular criteria and
additionally required the C-X bond vector of the ligand to
point toward the π-plane, an orientation consistent with the
formation of a directional σ-hole contact. After applying these
geometric filters, we identified NTYR = 1152, NHIS = 661, and
NTRP = 384 halogen···π interactions for further analysis.
For consistent comparison across systems, a matched-

molecular-pair approach was employed. Each ligand halogen
donor was substituted with the corresponding halobenzene
model system. The halogen atom and C-X vector were aligned
exactly with the original ligand geometry, and the benzene ring
was superimposed onto the ligand’s aromatic ring to preserve
orientation. Likewise, the amino acid side chain was truncated
at the Cγ−Cβ bond and replaced with the protonated,
optimized model system by aromatic-ring superposition. This
substitution strategy necessarily neglects ligand-specific elec-
tronic tuning of halogen strength but ensures consistent
geometric comparison. MP2/TZVPP single-point interaction
energies were computed using TURBOMOLE. Repulsive
geometries with interaction energies exceeding +10 kJ/mol
were discarded, resulting in final datasets of NTYR = 1142, NHIS
= 660, and NTRP = 384 geometries. Although the datasets
describe halobenzene-phenol, -imidazole, and -indole inter-
actions, we refer to them as the “tyrosine,” “histidine,” and
“tryptophan” datasets, respectively, to distinguish the PDB-
derived sets from the randomly generated ones.

Model Evaluation on PDB-Derived Sets

Addressing the Side Chain of Tyrosine. For the 1142
PDB-derived halogen···TYR geometries (denoted as “tyrosine
set”), features were extracted and submitted to the phenol-
based NN model. In the restricted evaluation (step (i) 578
structures lie within the training distribution (2.75 Å ≤

dX···π‑plane ≤ 4.5 Å, αC‑X···⊥(π‑plane) ≤ 40°). Within this domain,
the model achieved excellent accuracy (R2 TYR(i) = 0.9904,
RMSETYR(i) = 0.30 kJ/mol), with deviations confined to +0.71
to −1.58 kJ/mol, with 8.13% beyond ±0.5 kJ/mol (Figure S4).

Table 2. PDB Scan Results for Halogen···π Contacts and
Halogen···π Interactionsa

Addressed AA Halogen

Halogen···π
contacts within 5 A
(% of total)

Halogen···π interactions
after applied filters
(% of contacts)

Histidine Cl, Br, I 3597 (15.28%) 661 (18.38%)

Phenylalanine Cl, Br, I 10174 (43.23%) 1114 (10.95%)

Tryptophan Cl, Br, I 2855 (12.13%) 384 (13.45%)

Tyrosine Cl, Br, I 6910 (29.36%) 1152 (16.67%)

Total 23536 3311 (14.07%)

Tyrosine Cl 5275 (76.34%) 856 (74.30%)

Tyrosine Br 1232 (17.83%) 225 (19.54%)

Tyrosine I 403 (5.83%) 71 (6.16%)

Histidine Cl 2966 (82.46%) 602 (91.07%)

Histidine Br 489 (13.59%) 50 (7.56%)

Histidine I 142 (3.95%) 9 (1.37%)

Tryptophan Cl 2150 (75.31%) 296 (77.08%)

Tryptophan Br 567 (19.86%) 76 (19.79%)

Tryptophan I 138 (4.83%) 12 (3.13%)
aResults of Interactions with Tyrosine, Histidine, and Tryptophan are
Reported for Each Halogen Separately.

Figure 3.Model performance on the PDB-derived set. Calculated adduct formation energies are plotted against the corresponding predicted values
for the phenol, imidazole, and indole models. The phenol model achieves an R2 TYR = 0.9530 with an RMSETYR = 0.76 kJ/mol, the imidazole model
achieves an R2 HIS = 0.8840 with an RMSEHIS = 1.65 kJ/mol, and the indole model achieves an R

2
TRP = 0.8819 with an RMSETRP = 1.33 kJ/mol.

The red dashed line denotes perfect agreement between calculated and predicted energies, while the gray dashed lines mark the transition between
negative and positive energies. Data points are colored according to their relative MD, as indicated by the color scale. Data points highlighted by
red circles and labeled A−L correspond to selected outliers and are discussed in detail in Figure 4.
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These results confirm that the model interpolates reliably and
is not dependent on memorization. In the full-data evaluation
(step (ii) model performance decreased slightly but remained
strong (R2 TYR(ii) = 0.9530, RMSETYR(ii) = 0.76 kJ/mol).
Although a few interactions exhibit larger discrepancies (up to
+8.33 and −3.89 kJ/mol), these values show a steep
improvement, where the positive deviations drop rapidly
from +8.33 kJ/mol to +3 kJ/mol. Similarly, the negative tail of
di=erences contracts below −2 kJ/mol after a few examples.
Still, 20.23% lie beyond ±0.5 kJ/mol, but most structures
remain accurately predicted (Figure 3, Tyrosine Set).

Representative outliers (Figure 4, examples A−D) exhibit
large Mahalanobis distances, indicating that their geometric
features lie at or beyond the boundaries of the training
distribution, as previously described. Calculated and predicted
adduct formation energies, energy di=erences, distances
dX···π‑plane between the halogen and the π-plane, as well as the
angle between the C-X vector and the normal to the π-plane
αC‑X···⊥(π‑plane) of all subsequent outliers are listed in Table 3.
Examples A and B are dominated by π···π-type arrangements
characterized by strongly tilted halobenzene orientations and
very short halogen···π-plane separations. In example A, the
exceptionally small distance of 1.10 Å places the halogen in

Figure 4. Interaction geometries for selected outliers from the PDB-derived geometry set involving the phenol, imidazole, and indole side chains of
tyrosine, histidine, and tryptophan, as identified in the scatter plot shown in Figure 3. These structures correspond to data points exhibiting large
deviations between the calculated and predicted adduct formation energies. Geometries A−D depict the relative orientation of the halobenzene
(gray) with respect to the phenol π-system (teal). Shown are the halogen distance, dX···π‑plane (dashed line, colored according to the halogen), to the
π-system plane in Å, the torsion angle, αC‑X···⊥(π‑plane) (yellow), between the C-X bond vector and the normal to the π-system plane in degrees, and
the corresponding energy di=erence, ΔΔE. The gray dashed line indicates the type of interaction that may contribute to the observed prediction
error. For clarity, the teal plane also illustrates the extent of the training grid used in the corresponding model. Geometries E−H show halobenzene
interactions with imidazole, while geometries I−L show interactions with indole. Outliers of the tyrosine dataset: (A) Chlorobenzene interaction
with dCl···π‑plane = 1.10 Å and αC−Cl···⊥(π‑plane) = 47.0°. The gray dashed line indicates a π···π-interaction. (B) Bromobenzene interaction with
dBr···π‑plane = 1.54 Å and αC−Br···⊥(π‑plane) = 48.0°. The gray dashed line indicates a π···π-interaction. (C) Chlorobenzene interaction with dCl···π‑plane =
1.93 Å and αC−Cl···⊥(π‑plane) = 47.4°. The gray dashed line indicates a C−H···π contact. (D) Bromobenzene interaction with dBr···π‑plane = 1.07 Å and
αC−Br···⊥(π‑plane) = 45.2°. The gray dashed line indicates a C−H···π contact. Outliers of the histidine dataset: (E) Chlorobenzene interaction with
dCl···π‑plane = 1.43 Å and αC−Cl···⊥(π‑plane) = 37.9°. (F) Chlorobenzene interaction with dCl···π‑plane = 1.33 Å and αC−Cl···⊥(π‑plane) = 41.4°. (G)
Chlorobenzene interaction with dCl···π‑plane = 1.63 Å and αC−Cl···⊥(π‑plane) = 35.9°. The gray dashed line indicates a C−H···π contact. (H)
Chlorobenzene interaction with dCl···π‑plane = 2.27 Å and αC−Cl···⊥(π‑plane) = 48.9°. The gray dashed line indicates a C−H···π contact. Outliers of the
tryptophan dataset: (I) Chlorobenzene interaction with dCl···π‑plane = 1.35 Å and αC−Cl···⊥(π‑plane) = 51.1°. (J) Chlorobenzene interaction with
dCl···π‑plane = 1.73 Å and αC−Cl···⊥(π‑plane) = 26.8°. The gray dashed line indicates a π···π interaction. (K) Chlorobenzene interaction with dCl···π‑plane =
1.63 Å and αC−Cl···⊥(π‑plane) = 46.1°. The gray dashed line indicates a C−H···π contact. (L) Bromobenzene interaction with dBr···π‑plane = 1.68 Å and
αC−Br···⊥(π‑plane) = 39.1°.
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close proximity to the aromatic system, enabling not only a
favorable π···π interaction but also an additional stabilizing side
interaction involving the halogen. Despite this, the interaction
energy is underestimated by the model. In contrast, example B
exhibits a similar tilt angle but a larger distance of 1.54 Å. Here,
the halogen is positioned such that its negatively charged belt
approaches the phenolic oxygen atom, leading to repulsive
contributions that reduce the overall stabilization. It should be
noted that the orientation of the hydroxyl group in these PDB-
derived structures may di=er from that in the optimized phenol
reference configuration. A rigorous treatment of such e=ects
would require more extensive and computationally demanding
preprocessing.
Examples C and D are instead governed primarily by C−

H···π motifs. In example C, the geometry represents an
intermediate case between a C−H···π contact and a π···π-like
arrangement. Although the C−H positioning alone would
suggest increased repulsion due to short H···H contact, the
combined interaction pattern remains stabilizing overall, as
reflected by the calculated interaction energy of ΔEcalc =
−11.08 kJ/mol. In example D, both a side-on H···X interaction
and a close approach of a halobenzene hydrogen toward the
hydroxyl oxygen are observed. However, the overall geometry
is excessively compact, leading to increased short-range
repulsion and only weak net stabilization in the reference
calculation (ΔEcalc = −3.33 kJ/mol). In contrast, the model
predicts a much stronger attraction, indicating that repulsive
contributions in such crowded geometries are not adequately
captured.
Crucially, these interaction motifs fall outside the structural

patterns characteristic of σ-hole contacts. The halogen
frequently approaches from an o=-axis position relative to
the π-plane, or the halobenzene ring is positioned at
unrealistically short distances, inducing either H···X contacts
or steric crowding and positive ΔEcalc values. Furthermore, the
C−X bond is typically oriented away from the aromatic
system, making the directional geometry required for σ-hole
interactions unattainable.

Addressing the Side Chain of Histidine. The PDB-
derived halogen···HIS dataset contained 660 interactions. Of
these, 128 structures satisfied the training-space restrictions
(step (i)). Within this subset (denoted as “histidine set”), the

imidazole model performed very well, achieving R2 HIS(i) =
0.9834 and RMSEHIS(i) = 0.43 kJ/mol, with deviations between
+1.46 kJ/mol and −1.36 kJ/mol (21.09% beyond ±0.5 kJ/
mol). Evaluation on the full His dataset (step (ii)) produced a
moderate decline in accuracy (R2 HIS(ii) = 0.8840, RMSEHIS(ii) =
1.65 kJ/mol, 51.44% beyond ±0.5 kJ/mol; Figure S4). Outliers
reached +4.15 kJ/mol and −16.31 kJ/mol, but the distribution
shows similar behavior to the tyrosine case: positive deviations
drop sharply after a few large positive values (to <2.5 kJ/mol),
and only 18 structures exhibit negative deviations of more than
−4 kJ/mol (Figure 3, Histidine Set).
Outlier analysis (Figure 4, examples E and H) confirms that

these cases correspond to geometries far from the feature
patterns represented during training, as reflected by high MDs.
Individual energy, distance, and angle values are listed in Table
3. Many outliers display distorted orientations of the C-X bond
relative to the imidazole π-system and comparatively short
halogen···π-plane separations. Across this series, the reference
interaction energies become progressively less favorable from E
to H. For examples E−G, the interaction energies are
consistently underestimated by the model, whereas example
H exhibits the opposite behavior and is overestimated.
Notably, these geometries display smaller angle values than
those observed for the phenol-derived outliers, yet substantial
prediction errors persist. This indicates that the very short
intermolecular distances alone are suDcient to place these
structures outside the region of feature space sampled during
training. Consequently, even when only one of the two key
geometric descriptors�distance or angle�deviates strongly
from the training distribution, the model struggles to reliably
capture the balance between stabilizing and repulsive
contributions. These results highlight a sensitivity of the
imidazole model to compact C−H···π arrangements that are
insuDciently represented in the training data.

Addressing the Side Chain of Tryptophan. 384
halogen···TRP interactions were identified (denoted as the
″tryptophan set”), of which 96 fell within the training
distribution (step (i)). In this region, the indole model
achieved excellent accuracy (R2 TRP(i) = 0.990, RMSETRP(i) =
0.33 kJ/mol) with di=erences ranging between +1.18 kJ/mol
and −0.38 kJ/mol (13.54% beyond ±0.5 kJ/mol). On the full
dataset (step (ii)), performance decreased to R2 TRP(ii) =

Table 3. Overview of Energy Values and Geometric Parameters for Outlier Structures of the PDB-Derived Set of Tyrosine
(Phenol, A−D), Histidine (Imidazole, E−H), and Tryptophan (Indole, I−L), Highlighted in Figure 3 and Depicted in Figure
4a

halogen addressed AA PDB ID ΔEcalc [kJ/mol] ΔEpred [kJ/mol] ΔΔE [kJ/mol] dX···π−plane [Å] α(C‑X···⊥(π−plane)) [°, deg]

A Cl TYR 6TOM −15.08 −11.26 −3.82 1.1 46.97

B Br TYR 6FY4 5.45 9.34 −3.89 1.54 48.02

C Cl TYR 3UIC −11.08 −17.19 6.12 1.93 47.45

D Br TYR 2WP5 −3.33 −11.66 8.33 1.07 45.17

E Cl HIS 3VAD −19.16 −2.86 −16.31 1.43 37.92

F Cl HIS 9BST −12.40 0.03 −12.43 1.33 41.36

G Cl HIS 2VPY −8.70 3.34 −12.04 1.63 35.95

H CL HIS 6BYA −3.02 −7.17 4.15 2.27 48.86

I Cl TRP 5LIK −22.50 −8.74 −13.76 1.35 51.06

J Cl TRP 5IF2 −14.42 −8.02 −6.40 1.73 26.77

K Cl TRP 3DQT −5.13 −14.16 9.03 1.63 46.09

L Br TRP 9EWA 9.19 1.44 7.75 1.68 39.13
aThe halogen symbolizes the interacting halobenzene. The PDB ID indicates the crystal structure from which the interaction geometry was
extracted. Values of calculated and predicted energies, as well as the di=erence between both, are given in kJ/mol. Distance values dX···π‑plane between
the halogen and the π-plane are given in Å. Angle values between the C-X vector and the normal to the π-plane are given in degrees [°, deg].
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0.8819 and RMSETRP(ii) = 1.33 kJ/mol, with the largest
deviations reaching +9.03 kJ/mol and −13.76 kJ/mol (28.65%
beyond ±0.5 kJ/mol; Figure S4). As before, these values
represent a small minority: positive deviations fall rapidly after
the two largest examples to <2 kJ/mol, and only a few
structures contribute to the most negative tail >−6 kJ/mol
(Figure 3, Tryptophan Set).
The outliers (Figure 4, examples I−L) again correspond to

geometries with elevated MDs, reflecting substantial deviation
from the training distribution. These structures typically
feature improper interaction angles, nonaxial halogen orienta-
tions, or sterically implausible proximities to the indole ring,
thus displaying configurations inconsistent with physically
meaningful σ-hole interactions. Examples I and J are
characterized by underestimated interaction energies, with
example I exhibiting a pronounced π···π interaction motif,
while example J is dominated by a C−H···π contact. In the
latter case, short H···H contacts would suggest an increased
repulsive contribution. However, this e=ect is likely at least
partially compensated for by a favorable H···X interaction,
resulting in a net attractive reference energy. In contrast,
examples K and L show overestimated interaction energies and
are governed by weak C−H···π contacts or, in the case of
example L, by the absence of a clearly identifiable stabilizing
interaction motif.
Despite these di=erences, all four structures share very short

halogen···π-plane distances, while the corresponding inter-
action angles span a wide range.

Enhancing the Performance by Additional Training Data

Outlier analysis across all test sets and all three models
indicates that poor predictive performance is consistently
associated with elevated MD values. This relationship suggests
that these poorly predicted interaction geometries possess
features located at the boundaries of, or outside, the original
training set distribution. These observations are consistent
with our previous findings.48 A commonly recognized
advantage of neural network models is their modular
expandability, both in terms of the learning architecture and

the training data that can be incorporated during model
development.
To evaluate this property in the present context, we

retrained each model using an augmented training set that
included an additional 300,000 randomly generated interaction
geometries (100,000 per halogen, a similar procedure was used
for the previous random geometry test sets). The underlying
assumption is that broadening the training distribution enables
the models to capture a wider range of structural features,
thereby improving their ability to generalize to previously
unseen or sparsely represented regions of feature space. A
broader distribution should enhance the models’ capacity to
interpolate between data points and, consequently, reduce the
error associated with examples that were previously identified
as outliers.
All model configurations were kept unchanged, and each of

the three systems�phenol, imidazole, and indole�was
retrained using the expanded dataset. The resulting training
performance remained high, with the retrained models yielding
R2 values of 0.9958, 0.9827, and 0.9952, and RMSE values of
0.34, 0.45, and 0.39 kJ/mol for phenol, imidazole, and indole,
respectively. These values are slightly lower than those in the
original training runs, which may be attributed to the
broadened feature distribution: the newly introduced random
geometries are inherently less systematically sampled and
therefore comparatively underrepresented relative to the
structured data present in the initial training set. As a result,
the optimization process converges toward parameter sets that
best describe the combined distribution on average, moder-
ately reducing the apparent fit quality of the training data.
Nevertheless, the central objective of this retraining step is to
enhance the models’ capacity for generalization, particularly for
configurations previously identified as diDcult to predict.
To assess this e=ect, the retrained models were first

evaluated on the random geometry test set, exactly as used
before. The updated performance metrics indicate improved
predictive quality across all systems, with new R2 values of
0.9851, 0.9555, and 0.9803, and RMSE values of 0.58, 0.86,

Figure 5. Model performance on the random geometry set after each model: Calculated adduct formation energies are plotted against the
corresponding predicted values for the retrained phenol, imidazole, and indole models. The phenol model achieves an R2 = 0.9851 with an RMSE =
0.58 kJ/mol, the imidazole model achieves an R2 = 0.9555 with an RMSE = 0.86 kJ/mol, and the indole model achieves an R2 = 0.9803 with an
RMSE = 0.80 kJ/mol. The red dashed line denotes perfect agreement between calculated and predicted energies, while the gray dashed lines mark
the transition between negative and positive energies. Data points are colored according to their relative MD, as indicated by the color scale. Data
points highlighted by red circles and labeled A−L correspond to the previously discussed selected outliers (Figures 1 and 2).
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and 0.80 kJ/mol for phenol, imidazole, and indole, respectively
(Figure 5). These results demonstrate a pronounced reduction
in prediction error for interaction geometries located near the
boundaries of the original feature space, supporting the
conclusion that the broadened training distribution enables
more reliable interpolation in regions that were previously
sparsely sampled. To illustrate the resulting improvement in
predictive performance, the outlier geometries discussed above
are highlighted in Figure 5. In contrast to the original models,
these data points now cluster closely around the parity line,
indicating a substantial enhancement in agreement between
calculated and predicted energies.
To further validate the generalization behavior, the retrained

models were subsequently reevaluated on the PDB-derived test
set. Again, performance improvements were observed, with
phenol, imidazole, and indole models achieving new R2 values
of 0.9610, 0.9252, and 0.9179, and corresponding RMSE
values of 0.69, 1.35, and 1.11 kJ/mol. A complete overview of
all R2 and RMSE values of all models and evaluation steps of
the di=erent datasets is summarized in Table S3. Comparison
with earlier results shows that the predicted energies now align
more closely with the calculated reference values, with data
points shifting noticeably toward the parity line in all three
models (Figure 6). However, it is also evident that a subset of
data points deviates further from the parity line than before.
This behavior is consistent with the broader training
distribution introduced during retraining. Because the model
now optimizes its parameters to achieve the best average
performance across a more diverse set of geometries, certain
regions of the original systematic dataset become slightly less
favored in the fitting process. These data points, therefore,
incur a modest loss in accuracy as a consequence of the
model’s increased generalization. In principle, this e=ect could
be mitigated by more carefully designing or weighting the
additional training geometries, but such optimization and
further refinement lie beyond the scope of the present study.
Taken together these findings indicate that expanding the

training set with randomly generated interaction geometries

not only increases model robustness but also significantly
enhances the predictive accuracy for previously challenging
regions of the interaction space.

■ CONCLUSION AND OUTLOOK

In the present work, we significantly extend our previous proof-
of-concept study on neural network-based prediction of
halogen···π interaction energies by moving from a single
aromatic model system to a family of biologically relevant
aromatic amino acid side chains. Dedicated models were
developed for phenol, imidazole, and indole as representative
models of tyrosine, histidine, and tryptophan, respectively. For
each system, large, systematically generated training sets were
constructed, and high-level MP2/TZVPP reference energies
were used to train feed-forward neural networks on compact,
rotationally and translationally invariant geometric descriptors.
Across all three models, excellent predictive performance was
achieved within the training domain, with R2 values
consistently above 0.98 and RMSE values well below 0.5 kJ/
mol, demonstrating that the chosen feature representations and
model architectures are well-suited to capture directional
halogen···π interactions. Learning curve analysis further
indicates that model performance converges rapidly with
training set size, with near-optimal accuracy already achieved
using roughly 30−40% of the available training data, while
further data contribute to improved robustness.
A rigorous two-step evaluation strategy was employed to

assess the generalization behavior both within and beyond the
sampled feature space. While predictive accuracy remains high
for geometries interpolating within the training distribution,
systematic deviations were observed for compact or highly
tilted configurations that lie outside the original training
domain. Detailed outlier analysis revealed that these failures
predominantly arise from interaction motifs not explicitly
targeted during training, such as π···π or C−H···π contacts, or
from short-range repulsive contributions that become domi-
nant at very small intermolecular distances. Importantly, these
limitations are consistent across all three aromatic systems and

Figure 6.Model performance on the PDB-derived set after each model: Calculated adduct formation energies are plotted against the corresponding
predicted values for the retrained phenol, imidazole, and indole models. The phenol model achieves an R2 TYR = 0.9610 with an RMSETYR = 0.69
kJ/mol, the imidazole model achieves an R2 HIS = 0.9252 with an RMSEHIS = 1.35 kJ/mol, and the indole model achieves an R

2
TRP = 0.9179 with

an RMSETRP = 1.11 kJ/mol. The red dashed line denotes perfect agreement between calculated and predicted energies, while the gray dashed lines
mark the transition between negative and positive energies. Data points are colored according to their relative MD, as indicated by the color scale.
Data points highlighted by red circles and labeled A−L correspond to the previously discussed selected outliers (Figures 3 and 4).
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mirror trends already observed in our earlier phenylalanine-
based model, underscoring the generality of the underlying
behavior rather than model-specific artifacts.
Application of the models to PDB-derived interaction

geometries further demonstrates their practical relevance. For
geometries consistent with σ-hole-driven halogen···π contacts,
the models reproduce reference interaction energies with high
accuracy, confirming their suitability for analyzing experimen-
tally observed protein−ligand complexes. Deviations observed
for certain PDB-derived structures can largely be traced back
to geometries that violate the directional or distance
requirements of genuine σ-hole interactions or to sterically
crowded arrangements where repulsive e=ects dominate. These
findings highlight the importance of combining geometric
prefiltering with machine-learning-based energy evaluation
when applying such models in real-world structural biology
contexts.
A key advantage of this framework is its modular

expandability. By augmenting the training data with additional
randomly generated geometries, we demonstrated that model
robustness and generalization can be substantially improved
without alteration of the underlying architecture. The retrained
models exhibit a distinct enhanced performance for previously
challenging regions of feature space, including both random
test geometries and PDB-derived geometries, albeit at the cost
of a minor reduction in peak accuracy within the original,
densely sampled domain. This trade-o= illustrates a central
design consideration for machine-learning approaches: balanc-
ing local precision with global transferability. As the halogen
bond-specific model published recently by Devore and
Shuford.52 features interactions with ammonia as a standard
acceptor, it unfortunately does not provide a valid comparison
for our specialized model on halogen···π interaction energies.

Thus, we turned to the more general-purpose machine-learned
model (AIMNet253), which was developed by Isayev and
coworkers as a model that can, among many other applications,
also recognize molecular interactions such as σ-hole inter-
actions in halogen bonding. First results indicate that our
highly specialized model is more suited for this particular
application but is certainly limited to this specific task.
Taken together, this study establishes and confirms a

scalable and transferable strategy for predicting halogen···π

interaction energies across multiple aromatic environments
with near-quantum-mechanical accuracy at negligible computa-
tional cost. By exploiting the “double jump” strategy from
CCSD(T) to MP2 and ultimately to neural networks across
several chemically distinct models, this work moves a decisive
step closer toward practical deployment in structure-based
drug design. Because the models are trained on gas-phase
interaction energies, they are not intended to directly predict
binding free energies. Instead, they are designed to comple-
ment existing docking and scoring frameworks, where
solvation, desolvation penalties, and entropic e=ects are treated
through implicit solvent models and empirical scoring terms.
Future developments will focus on (i) incorporating
representative repulsive interaction motifs into the training
process to improve behavior at short range, (ii) extending the
framework to positively charged π-systems such as protonated
histidine (imidazolinium) and arginine (guanidinium), which
represent a distinct class of halogen···π interaction motifs, (iii)
extending the approach to additional noncovalent interaction
types, and (iv) integrating the resulting models into molecular
docking and scoring frameworks such as PLANTS, as well as
web-based analysis platforms. Ultimately, this class of physi-
cally informed, residue-specific machine-learning models o=ers
a promising route toward a more accurate and interpretable

Figure 7. Illustration of the systematic generation of interaction geometries. Grid setups are depicted using phenol as a halogen bond acceptor. (a)
Grid points on the XZ-plane were generated with dimensions Xtranslation = [−5.0 Å to 7.0 Å], Ztranslation = [−5.0 Å to 5.0 Å] in steps of 0.25 Å. (b)
Grid points were generated for eight di=erent distances, dX···π‑plane = [2.75 to 4.5 Å] in steps of 0.25 Å, between the halogen atom (Cl, Br, or I) and
the phenol plane. (c) Rotations of the halobenzene around the y-axis yrot = [0° (initially), 45°, 90°, 135°]. (d) Deviations from the optimal σ-hole
angle, αC‑X···π‑plane = 180°, from −40° to 40° in steps of 10°, achieved by rotating around the x- and z-axes. (e) Custom-generated rotational axes
(c45 and c-45), lying 45° to the x- and z-axes. Rotations around these axes are similar to (d). (f) Halobenzenes addressing the phenol’s oxygen
atom were generated in a spherical shape around the oxygen with interaction distances dX···O = [2.5−4.5 Å] in steps of 0.25 Å. The C-X vector
points toward the oxygen atom, with αC‑X···O = 180°. (g) Rotations of the halobenzene around the C-X axis (similar to (c)) in steps of 30°.
Deviations of the phenol’s O−H vector were made in steps of 30°. Figures were prepared with PyMOL.
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treatment of halogen bonding e=ects in biomolecular
recognition.

■ MATERIALS AND METHODS

Structure Optimization

Geometry optimizations of the individual ligand model systems
(iodobenzene, bromobenzene, and chlorobenzene) and the amino
acid model systems (phenol, imidazole, and indole) were done at the
MP254,55-level of theory using TURBOMOLE 7.7.156 with a triple-ζ
basis set (def2-TZVPP57) on the JUSTUS2 - bwHPC Cluster.58

Calculations were done in combination with the resolution of identity
(RI) technique and the frozen core approximation. Frozen core
orbitals were defined using default settings, where orbitals with
energies below −3.0 au are considered core orbitals. The SCF
convergence criterion was increased to 10−8 hartree. Relativistic
e=ects for iodine were considered by an e=ective core potential
(ECP).59−67

Generation of Interaction Geometries

Interaction geometries of chloro-, bromo-, and iodobenzene in
complex with phenol, imidazole, and indole were generated. To
illustrate and describe the parameters of the geometry generation
process, we subsequently used the complex of iodobenzene and
phenol. Similar grids were generated for imidazole and indole
interaction geometries with slightly adapted dimensions. The

corresponding visualizations can be found in the Supporting
Information (Figures S5 and S6). Halobenzenes were placed on a
regular grid using X- and Z-translations (Figure 7a) for eight di=erent
distances (Figure 7b). Following previous approaches, an optimal σ-
hole angle of αC‑X···π‑plane = 180° was initially used. To capture
rotational features, halobenzene itself was rotated around the y-axis.
Furthermore, the σ-hole angle was altered to deviations from −40° to
40° in steps of 10° in the x- and z-directions (Figure 7d). Two
additional rotation axes were incorporated, lying at 45° to the x- or z-
axis (Figure 7e). Additionally, interaction geometries addressing
phenol’s oxygen atom were generated in a spherical shape around the
oxygen, where the C-X vector of the halobenzene points toward the
oxygen atom with an angle of αC‑X···O = 180° (Figure 7f). To capture
di=erent positions of the hydrogen atom attached to the oxygen,
phenol’s O−H vector was altered in steps of 30° (Figure 7g). For
imidazole complexes, additional interaction geometries addressing the
nonprotonated nitrogen atom were generated in a spherical shape
around the nitrogen, where the C-X vector of the halobenzene points
toward the nitrogen atom with an angle of αC‑X···N = 180°. Single-
point calculations of more than 18.6 million (total sum of the three
systems) interaction geometries were conducted at the MP2/TZVPP
level of theory. Adduct formation energies were calculated as:

E E E E( ( ))complex halobenzene phenol/indole= + (1)

and reported as kJ/mol.

Figure 8. Overview of the feature extraction from halobenzene-phenol interaction geometries. (a) Pairwise distances from the halogen atom and
the green-colored carbons of the halobenzene to all heavy atoms of the phenol system, as well as the hydrogen atom of the hydroxyl group. (b)
Angle feature of the halogen atom, its neighboring carbon (C-X vector), and the phenol oxygen. (c) Angle feature of the phenol oxygen, its
attached hydrogen, and the halogen atom. (d) Angle feature of the hydroxyl hydrogen and the C-X vector. (e) Angle feature of the normal vector of
the phenol ring plane and the C-X vector. (f) Angle feature of the vector between the orange-colored carbons of the halobenzene and the normal of
the phenol plane.
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Generation of a Random Geometry Training and Test Set

Similar to the generation of the systematic dataset, we generated a
smaller subset of 60,000 interaction geometries (20,000 per
halobenzene) with random geometric features for each addressed
system to test the models’ generalizability. Parameters of X, Ztranslation
= [−5.0 to 7.0 Å], Ytranslation = [1.5 to 5.0 Å], yrot = [0° to 360°], and
αC‑X···⊥(π‑plane) = [0° to 60°] were randomly chosen and applied to a
halobenzene. To ensure the uniqueness of the generated geometries,
newly chosen parameters were compared to previous ones and only
applied if found to be distinct (>0.4 Å between each halogen atom
and each neighboring carbon atom of two given molecules) within the
dataset. Datasets for retraining (300,000 geometries, 100,000 per
halogen) were similarly generated for each model system.

Feature Extraction and ANN Model Training

All data preprocessing, feature extraction, and learning approaches for
all three model systems were built in Python using custom scripts with
the PyTorch68 and scikit-learn packages, two open-source Python
libraries for machine learning. ANN models were trained on
geometric features extracted from the interaction geometries. The
training process for the individual models was performed on the
BinAC�bwHPC Cluster.69 In general, the feature vectors v⃗ =(d1, d2,
..., dn, a1, ..., an) comprise individual distance and angle descriptors,

with all features detailed in Tables S1 and S2. The adduct formation
energy ΔE of each geometry serves as the target value. Distance
features were computed as all pairwise distances between selected
atoms of the halobenzene fragment (the halogen atom, its
neighboring carbon, and the two adjacent ring carbons) and every
heavy atom of the respective amino acid model system (Figure 8a).
Additional distances involving the phenol hydroxyl hydrogen and the
imidazole N−H hydrogen were also included.
Angle features were derived from vectors defined between

halobenzene and the amino acid model system. For phenol, five
angle descriptors were used: (i) the angle between the halogen atom,
its neighboring carbon (CX vector), and the phenol oxygen (Figure
8b); (ii) the angle formed by the phenol oxygen, its attached
hydrogen, and the halogen atom (Figure 8c); (iii) the angle between
the hydroxyl hydrogen and the C-X vector (Figure 8d); (iv) the angle
between the normal vector of the phenol ring plane and the C-X
vector (Figure 8e); and (v) the angle between the normal vector of
the phenol ring plane and the vector defined by the two adjacent
halobenzene ring carbons (Figure 8f). The imidazole feature set
incorporates four angle descriptors (Figure S5): (i) the angle between
the nonprotonated nitrogen and the C-X vector; (ii) the angle
between the protonated nitrogen and the C-X vector; (iii) the angle
between the normal of the imidazole plane and the C-X vector; and

Figure 9. Overview of the di=erent datasets. The systematic grid dataset is split into a training set (80% of the whole dataset) and a test set (20%).
The training set is further split into model training (again 80%) and the model validation set (20%). The two model datasets are fed into the model
via a supervised training approach. The random geometry test set (60,000 geometries) is used to evaluate the models’ generalized performance on
unseen data. The PDB set (NTYR = 1152, NHIS = 661, and NTRP = 384) is used to represent and evaluate biological examples. The respective
geometries shown are only a small excerpt of the full datasets.

Journal of Chemical Information and Modeling pubs.acs.org/jcim Article

https://doi.org/10.1021/acs.jcim.5c03249
J. Chem. Inf. Model. XXXX, XXX, XXX−XXX

N

102

https://pubs.acs.org/doi/suppl/10.1021/acs.jcim.5c03249/suppl_file/ci5c03249_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.jcim.5c03249/suppl_file/ci5c03249_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c03249?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c03249?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c03249?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.5c03249?fig=fig9&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://doi.org/10.1021/acs.jcim.5c03249?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(iv) the angle between the vector defined by the two adjacent
halobenzene ring carbons and the normal of the imidazole plane. The
indole feature vector contains three angle descriptors (Figure S6): (i)
the angle between the C-X vector and the center of mass of the indole
heterocycle; (ii) the angle between the indole-plane normal and the
C-X vector; and (iii) the angle between the vector defined by the two
adjacent halobenzene ring carbons and the indole-plane normal. In
total, the phenol, imidazole, and indole feature vectors comprise 37,
28, and 39 distance and angle features, respectively.
Prior to model training, each feature was scaled independently

using a min-max normalization procedure (scikit-learn Min-
MaxScaler). The complete dataset was partitioned into an 80%
training portion and a 20% test portion using a stratified 5-fold leave-
one-out scheme to ensure reproducibility and balanced sampling
(Figure 9). Stratification was performed with respect to (i) the
halogen identity and (ii) the halogen···π-plane distance, thereby
maintaining comparable feature distributions across all folds. Each
training fold was subsequently divided again into a training subset
(80%) and an internal validation subset (20%) by using the same
stratification criteria.
Model development involves extensive hyperparameter optimiza-

tion within a supervised learning framework. The search space
included di=erent activation functions (Sigmoid, Tanh, and
LeakyReLU from PyTorch), network depths of two to four fully
connected hidden layers, and a variety of layer-width combinations
drawn from [256, 128, 64, 32, 16, and 8]. Additional hyper-
parameters, including initial learning rate (0.1 to 0.0001), batch size
(32 to 2048), and number of training epochs (100 to 10 000), were
systematically varied. Training was performed using the Adam
optimizer (PyTorch) and an elastic-net-weighted MSE loss to
mitigate data imbalance. Early stopping criteria were employed to
avoid overfitting. The hyperparameter set that performed best on the
validation subset was used for a final training run on a 95%/5%
training/validation set split. Model accuracy was assessed using the
mean squared error (MSE), root-mean-square error (RMSE), and
coeDcient of determination (R2). High predictive quality is reflected
by an R2 value approaching 1.0 in combination with low MSE and
RMSE values. The RMSE per epoch from the final training phase is
presented in Figure S2a,c, and e for each system individually. Energy
deviations between computed and predicted adduct formation
energies were calculated as in kJ/mol.

E E Ecalculated predicted= (2)

The training started with a fixed learning rate and was adapted (the
value was halved) down to a minimum of 0.0001 if there had not been
a loss improvement for 10 epochs. The final hyperparameter
configuration for all three models comprised three fully connected
hidden layers with 256, 128, and 64 units, respectively, using Leaky
Rectified Linear Unit (Leaky ReLU) activation functions. The initial
learning rate was set to 0.001, while batch sizes were set to 1024 for
the imidazole model and 2048 for the phenol and indole models.

PDB Scan of Tyrosine, Histidine, and Tryptophan
Acceptors

A PDB (as of July 2025:239, 149) scan was conducted using a custom
Python/PyMOL70 script. All protein structures were preprocessed by
removing alternative conformations, metal ions, and hydrogen atoms.
PDB entries were then screened for ligands containing aromatic
halogens (Cl, Br, or I) bound to an aromatic ring and comprising at
least six heavy atoms. Aromatic amino acid side chain residues of
tyrosine, histidine, and tryptophan within 5 Å of the halogen atom
were retained as XB acceptors. To increase the chance for plausible
XB geometries, an angular criterion was applied, where the C-X bond
vector was required to orient toward the π-plane of the residue
(αC‑X···⊥(π‑plane) < 50°). A lower distance cuto= of dX···AA= 1 Å was
employed. The side chain residue of each addressed amino acid was
replaced by the respective model system (phenol for tyrosine,
imidazole for histidine, and indole for tryptophan). Likewise, the
native ligand was substituted by the matching halobenzene (chloro-,
bromo-, or iodobenzene), ensuring that the halogen atom position,

the C-X bond direction, and the orientation of the aromatic or
heteroaromatic plane were preserved by following a matched
molecular pair strategy. Both molecular fragments were separately
optimized at the MP2/TZVPP level of theory, as described
previously. From this procedure, we obtained NTYR = 1152, NHIS =
661, and NTRP = 384 distinct interaction geometries between
halobenzene and the respective model system. Single-point
calculations were subsequently carried out at the MP2/TZVPP
level. Adduct formation energies were computed by using the
supermolecular scheme (eq 1).

Model Evaluation and Outlier Detection

To assess how well the models reproduce adduct formation energies
for a given interaction geometry, three independent test sets were
evaluated: the 20% withheld test set, the random-geometry test set,
and the PDB-derived set. Ideally, these test data represent previously
unseen configurations, allowing a meaningful assessment of the
models’ generalizability. Model performance was quantified using the
root-mean-square error (RMSE) and coeDcient of determination
(R2). Because the random-geometry and PDB test sets may contain
structures that fall outside the feature domain sampled during
training, we additionally characterized the degree of extrapolation
using the Mahalanobis distance (MD). MD provides a multivariate
measure of how far a data point lies from the centroid of the training
set feature distribution. It is defined as:

D x x x( ) ( ) ( )
M

T 1
= (3)

where x denotes the feature vector of the input geometry, μ is the
mean feature vector of the training data, and Σ is the corresponding
covariance matrix. Large MD values indicate that a geometry occupies
a low-probability region of feature space relative to the training data,
marking it as a potential outlier or extrapolative case. MDs were
calculated for all test set geometries, and a threshold was established
to identify points classified as outliers.

■ ASSOCIATED CONTENT

Data Availability Statement

PyMOL is an open-source software maintained and distributed
by Schrödinger. There is an open-source version of PyMOL
available at: https://github.com/schrodinger/pymol-open-
source. Python and all of its’ packages are an open-source
programming language available and downloadable from
https://www.python.org/. PyTorch is an open-source machine
learning library for Python: https://pytorch.org/. TURBO-
MOLE is a purchasable software maintained and distributed by
TURBOMOLE GmbH. Demo versions are available at https://
www.turbomole.org/. The licensed software was provided to
us by the bwHPC Cluster JUSTUS2.
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