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Abstract

Computational chemistry has become an essential tool for understanding molecular structures,
dynamics, and reactivities, facilitating the discovery of new compounds and the investigation of
complex molecular phenomena. A fundamental prerequisite for reliable simulations is the availability
of accurate three-dimensional molecular structures. This includes knowledge about the relevant
conformers, distinct energetically favorable spatial arrangements of atoms that interconvert by rotation
around single bonds. While the lowest-energy conformer is generally the most representative structure
of a system and thus of primary focus, higher-energy conformers can also be significantly populated
at finite temperatures, thereby influencing a system’s physical and chemical properties. For finding
these structures, computational workflows have become increasingly important. They typically rely
on tools that employ computationally efficient methods to generate an initial set of possibly relevant
conformers and subsequent refinement with more accurate, but computationally demanding methods.
As molecular systems increase in size, the number of possible conformers grows exponentially,
eventually exceeding the practical limits of existing methods used for conformer generation. Besides
the size, additional factors like interacting molecules complicate the conformer generation. For these
cases, not only intramolecular flexibility, but also different intermolecular orientations have to be
considered and the additional interactions complicate the computation of accurate energies. This
thesis addresses the challenges of conformer generation and evaluation for large and multi-molecule
systems by presenting automated tools for generating structures consisting of multiple molecules,
assessing methods for the energy evaluation of conformers, and outlining efficient schemes for treating
large molecular systems with high accuracy.

The first tool presented is the automated interaction site screening (alSS) algorithm. It allows
the efficient docking of multiple molecules by searching for energetically favorable intermolecular
orientations. The aISS algorithm is applicable to systems with elements up to an atomic number of 86,
thereby significantly expanding the capabilities of existing docking tools mostly focusing on bioorganic
molecules. For a set of chemically diverse monomers, the aISS tool identified intermolecular interaction
sites of comparable energies as a common conformer generation tool by being computationally much
less demanding. This allows the routine treatment of intermolecular interactions even for chemically
diverse systems up to thousands of atoms. In addition, the aISS comes with features like site-specific
docking, especially useful for mechanistic studies.

The second tool, named quantum cluster growth (QCG), is a hybrid cluster-continuum approach that
expands the possibilities of docking tools like the aISS algorithm toward modeling solvation. Through
sequential docking of solvent molecules to a solute while applying individually adjusted constraints,
physically meaningful solute—solvent clusters are built. Additionally, QCG can automatically generate
an ensemble of low-lying conformers from a constructed cluster and compute solvation free energies.

vii



It is shown that QCG yields structures well-suited for microsolvation studies, vibrational spectra
analysis, and dynamic simulations in solution.

To evaluate the performance of various computational methods in ranking the conformers generated,
e.g., by QCG, the solvMPCONF196 benchmark set is presented. It provides highly accurate
conformational energies for systems of biologically relevant solutes solvated by up to nine water
molecules. Tested semiempirical quantum mechanical (SQM) methods and force fields (FFs) offer
the efficiency required by structure generation tools like QCG, but lack accuracy compared to the
tested density functional theory (DFT) or wave function theory (WFT) methods. However, DFT and
WFT methods were computationally much more demanding, making them generally unfeasible for the
generation of conformer ensembles but well suited for their refinement (i.e. energetic re-ranking). In
this regard, the solvMPCONF196 benchmark set provides valuable insights for a reasonable method
selection, balancing cost and accuracy.

For large systems like clusters with many solvent molecules where even efficient DFT methods are
hardly applicable, this thesis presents an alternative approach for achieving highly accurate results:
the implementation of an ONIOM (our own N-layered integrated molecular orbital and molecular
mechanics) scheme in the xtb program suite. This approach enables a straightforward application
of said embedding scheme using the efficient FF and SQM methods available in xtb combined with
common DFT or WFT methods. The resulting multi-layer scheme greatly accelerates structure and
energy refinements compared to purely DFT-based approaches while maintaining similar accuracy. Its
application is not only demonstrated for solute—solvent clusters, but also for electronically challenging
systems like metal-organic frameworks (MOFs) as well as systems too large for applying purely DFT
or WFT methods.

Lastly, the DipCONFS benchmark and DipCONFL dataset combination is presented that supports
the development of future methods for conformer evaluation. Both sets cover conformers of 17 amino
acids and their 289 possible dipeptides. The DipCONFS benchmark set contains about 1,000 highly
accurate data points that have been utilized to identify suitable reference methods for generating
the larger DipCONFL dataset. With almost 30,000 accurate DFT data points, the DipCONFL can
complement training sets for machine-learned interatomic potentials (MLIPs), thereby supporting the
development of more robust models that potentially improve achievable cost—accuracy ratios.
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CHAPTER 1

Introduction

Computational simulations have become an invaluable tool for modern chemical research!?! and
nowadays support the development of transformative technologies across various fields such as drug
discovery,[3_6] material science,"® and catalysis.[g_“] They enable the virtual modeling of molecular
structures, physicochemical properties, and atomistic processes, thereby elucidating experimental
ﬁndings.m_m Further, as computational methods can simulate unknown compounds efficiently, they
have become highly valuable for applications such as high-throughput screening.“&w]

A fundamental prerequisite for reliable computational simulations of a molecular system is the
accurate representation of its three-dimensional structure. This, in turn, requires knowledge about
the atomic composition and bonding pattern that determine the possible spatial arrangements of the
atoms, from which the most stable structures typically represent the real system.[zo] In this context,
assessing conformers is important. They are defined as minima on the potential energy surface (PES)
that can be transformed via rotation around single bonds.?!**! While all conformers of a molecule
have the same molecular formula and connectivity, they can differ significantly in their chemical and
physical properties. For example, only certain conformers of a drug may be biologically active, while
others are inactive.'”>*! Thus, identifying and using the conformers in computational simulations
that are predominant in the real system is of significant importance to avoid erroneous predictions.[26]

Identifying the relevant conformers can, in principle, be done with various experimental techniques
such as nuclear magnetic resonance (NMR) spectroscopy and X-ray crystallography, but these methods
are often resource-intensive and limited in scope.[27729] Therefore, computational methods that allow
efficient and flexible exploration of the conformational space have become invaluable.®*3! This
commonly involves two major aspects: generating all relevant conformers and evaluating their relative
conformational energies. Thereby, finding the lowest-energy conformer is of major importance as
it typically has the highest probability of being found in the real system. Further, depending on the
system’s temperature, other conformers close in energy can also be populated significantly and thus
contribute to the observable property of the system.[3 2l Thus, the ensemble of conformers is usually
targeted that is as complete as possible with regard to low-energy conformers.

A major challenge when generating conformers computationally is the exponential growth of the
conformational space with the number of rotatable bonds."**! This can be highlighted, for example,
with alkanes: while n-propane (C5Hg) possesses only a single unique staggered conformer, the number
of stable conformers increases combinatorially with chain length, reaching on the order of hundreds
of thousands for n-tridecane (C13H28).[34J Therefore, to retain computational feasibility, conformer
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Figure 1.1: Schematic depiction of a typical computational workflow for predicting molecular properties from
an initial structure via conformer generation and refinement.

generation tools often use force fields (FFs) or semiempirical quantum mechanical (SQM) methods
for generating and evaluating the possible conformers. While these methods provide the required
efficiency, they often lack accuracy compared to computationally more demanding approaches like
density functional theory (DFT) or wave function theory (WFT) methods. To make up this deficit,
multi-level workflows are typically used.!® They rely on SQM or FF methods for generating and
assessing an initial ensemble of possibly relevant conformers, refine the conformational energies and
structures with WFT or DFT methods, and finally calculate the properties employing highly accurate
WEFT or DFT methods to the populated conformers (Figure 1.1).56-38

In this context, treating multiple interacting molecules imposes various challenges, but becomes
important in many applications. Non-covalent interactions (NClIs) are almost ubiquitous in chemistry
and play a critical role in various fields like drug development,[39’40] material design,[4l] and optimizing
chemical reactions.*?! Further, they influence conformational energies and thus have an impact on the
molecular structure, making their consideration often essential in computational simulations. However,
they complicate both the conformer generation and their energetic evaluation. In addition to the
intramolecular flexibility of the isolated components, their relative orientation must also be considered.
This increases the number of possible stable structures and leads to generally very rich energy surfaces
with numerous energy minima, complicating the generation of the relevant three-dimensional molecular
structures.'**! Thus, despite the significant advances in computational conformer exploration, sampling
systems with multiple interacting molecules remains challenging, even when optimizing common
conformer search tools for treating NClIs.[***] Besides their influence on the conformational space,
NClIs also complicate the computation of accurate conformational energies due to intermolecular
contributions like electrostatic interactions between permanently polarized molecules, induction
between permanent and induced multipoles, London dispersion interactions due to spontaneous
electron fluctuation, and charge transfer between the molecules.*®! This increases the demands on
methods for computing conformational energies and requires to test them beyond isolated molecules.
Further, systems of interacting molecules can reach large sizes so that sufficiently accurate methods
become unfeasible due to their usually rather large computational expense.[36]

Given the importance of NClIs, it is worthwhile to address these challenges to extend the capabilities
of computational methods for finding physically meaningful orientations of interacting molecules
and identifying the relevant conformers. This can become a key aspect for accurate computational
workflows used to, e.g., predict protein-ligand affinities, the association of reactive molecules during a
reaction mechanism, the modeling of solvation by including solvent molecules, and the investigation
of solids (Figure 1.2).

Therefore, this thesis presents tools for exploring the conformational space of interacting molecules,
data for assessing and training various methods for conformational energy computation with respect
to NClIs and large systems, and schemes to combine different methods for achieving high accuracy
even for large systems.
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Figure 1.2: Illustration of the conformational complexity introduced by intermolecular interactions and the
resulting challenge for identifying the optimal intermolecular arrangement. It is a key aspect to reach high
accuracy in many computational simulations, e.g., for predicting protein-ligand affinities, the association of
reactive molecules during a reaction mechanism, and the modeling of solvent molecules and solids.

Chapter 3 introduces a new efficient docking tool, called automated Interaction Site Screening
(alSS), that automatically generates accurate structures of interacting molecules. It combines an
intermolecular FF (xTB-IFF)[47] for structure screening with the efficient GFN1 xTB"¥ or GEN2-
xTB#! SQM method, or the GFEN-FF*"! FF for geometry optimizations. The alSS algorithm is
robustly applicable to various molecules with elemental compositions across the periodic table up to
radon. It thus significantly expands the capabilities of common docking tools that are often restricted
to biomolecular systems.[5 1-53]

Chapter 4 extends this approach toward modeling solvation. This requires not only considering
the interactions of individual molecules, but rather the solute interacting with a bulk of solvent
molecules. Accounting for the resulting solvent effect is often essential for reliable simulations as it can
significantly influence the conformational energies, thereby altering the structure and properties of the
solute.>*>"! For example, the solvent has a significant influence on protein structures, redox potentials,
and vibrational spectroscopy results, and plays a crucial role in the synthesis of compounds.[58_62]
Facilitating the routine inclusion of solvent molecules in computational simulations, the Quantum
Cluster Growth (QCG) hybrid cluster—continuum solvation approach[63_66] is presented that is capable
of growing a solvent cluster around a solute by sequentially docking solvent molecules. Further, it can
automatically generate an ensemble from this cluster and compute solvation free energies. Applied
repulsive potentials ensure physically meaningful structures and the use of implicit solvent models
accounts for the bulk solvent. Unlike using only implicit solvent models, the integration of solvent
molecules with QCG can overcome limitations of common implicit solvent models such as their
tendency to overestimate intramolecular interactions compared to intermolecular ones.%) Further,
the clusters of QCG provide an alternative approach to explicit solvent models that often require the
simulation of much larger systems, limiting the application of accurate but expensive methods.[®!

While QCG relies, similarly to other conformer generation tools, on using efficient FF and SQM
methods for generating the clusters, the resulting cluster sizes are typically treatable with more
expensive but more accurate DFT or WFT methods. Therefore, it is important to understand the
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limitations of the FF and SQM methods and to identify methods suitable for refining the ensembles.
For this, typically benchmark sets are consulted that contain a representative set of structures for a
given compound class along with highly accurate reference data.”’*"" While numerous benchmark sets
exist covering the conformational energies of isolated molecules,!>”%) only a few include structures
of interacting molecules.”" % For small clusters and aggregates, the available data are even more
sparse, and especially in the context of explicit solvation, benchmark sets are hardly available, as the
few existing ones mainly focus on pure water clusters.'®"¥%! To extend this field, the solvMPCONF196
benchmark set, presented in Chapter 5, includes conformers of biologically relevant molecules solvated
with water molecules. It outlines the effects and the challenges arising from explicit solvation, and
by assessing a variety of DFT, WFT, SQM, and FF methods against highly precise reference data, a
reliable selection of these methods for refining solute—solvent clusters becomes possible.

However, the most accurate methods are usually computationally costly and thus not applicable to
systems beyond a certain size. Aiming to extend this limit, Chapter 6 outlines an implementation of
the ONIOM (our own N-layered integrated molecular orbital and molecular mechanics) scheme!®!
in the xtb program suite.'® This gives access to combining the GFN (geometries, frequencies, and
non-covalent interactions) methods with DFT and WFT. The GFN methods are particularly well suited
for an application within the ONIOM scheme due to their robust performance for a large variety
of compounds with diverse elemental composition.[84’85 I'It is shown that the resulting multi-layer
approach can provide accurate geometries and energies even for larger systems.

As an alternative to ONIOM schemes, machine-learning (ML) methods also show great potential for
improving the cost-accuracy ratio for conformer evaluation. Generally, ML models have a wide range
of application. For example, protein structure prediction has been revolutionized with AlphaFold[86]
and DFT methods were improved and accelerated by ML.B"8 1 terms of efficiently computing
conformational energies, machine-learned interatomic potentials (MLIPs) like AIMNet2®” and the
class of universal models for atoms (UMA)"* are promising candidates as they map atomic structures
to their potential energies and can offer significant speed advantages over DFT, WFT, and even SQM
methods."”"! To achieve this, they incorporate no, or only a minor degree of physical descriptions, and
compensate this by training a neural network on large datasets.'”” This causes their accuracy, range
of applicability, and robustness to be highly dependent on the quality and diversity of the respective
training data.[®¥ Therefore, diverse and well-balanced datasets are needed to train robust MLIPs and to
evaluate them accurately. B4 1o generate such data, often computational methods are applied to small,
but representative systems.[95 ] Chapter 7 presents an extension to the available data for biologically
important systems of amino acids and dipeptides. First, the DipCONFS benchmark set is presented,
comprising nearly 1,000 conformers with highly accurate reference data. It is used to assess the
performance of various DFT and WFT methods regarding their suitability as a reference method for
large-scale datasets. Building upon these findings, the DipCONFS benchmark was extended to over
29,000 conformers with accurate electronic DFT properties forming the DipCONFL dataset. It offers
valuable insights into data generation and extends the existing data, e.g., for training and validating
ML models aimed at biomolecular conformational sampling.

Following this introduction, an overview is given on how energies of molecular structures can be
computed and leveraged for structure generation and evaluation (Chapter 2). This is followed by
a summary of the five previously mentioned projects in the Chapters 3 to 7 complemented by the
respective publications in the appendices B to F. Finally, Chapter 8 summarizes the key findings of
this work, places them in a broader scientific context, and outlines potential directions for future
developments.



CHAPTER 2

Theoretical Background

2.1 Gibbs Free Energy

Generating and ranking conformers requires a way to map the three-dimensional structure of a
molecule to its energy. In this regard, the Gibbs free energy is of fundamental importance as it relates
theoretical results to observable phenomena. For typical reaction conditions of constant pressure and
temperature, a system strives to adapt the state of lowest Gibbs free energy. (%1 Thus, it can be used,
e.g., to predict the most-populated conformers, the solubility of a molecule, and whether molecules
associate or not.1*>?7%!

The Gibbs free energy G, includes the enthalpy H,, and entropy Swt:[gg]

Gtot(T) = Htot(T) - TStot(T)' 2.1

Typically, H,,(T) is not computed directly, but is split into a temperature-dependent and independent
part. In the gas phase, the temperature-independent part consists of the molecular energy E and
the zero-point vibrational energy (ZPVE), which includes the residual energy at O K attributed to
vibrational motions. The temperature-dependent part of the entropy (H(0 K — T)) stems from
the population of different translational, vibrational, and rotational energy states of a system with
increasing temperature. With this, the Gibbs free energy in the gas phase can be written as

G (T)=E+ZPVE+H(OK —>T)-TS(T) =E + G5y, . (2.2)
G2, includes the ZPVE and the enthalpy and entropy contributions arising from the temperature-
dependent population of translational, vibrational, and rotational energy states (thermostatistical
contributions). E is often obtained directly using QM methods, illustrated in Section 2.2, or using FFs
as outlined in Section 2.3. The thermostatistical corrections Gop, require additional approximations
explained in Section 2.4. Additionally, when considering molecular processes in solution, solvent-
dependent contributions also have to be accounted for. In terms of energy, they are usually included

with the solvation free energy 6G ., that is used to calculate the Gibbs free energy in solution (G30"):

solv

GoM(T) = E + GSy (T) + 6G 2.3)

solv*

0G,, 1s usually computed with additional methods outlined in Section 2.5. Finally, how methods

solv
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for computing the Gibbs free energy can then be utilized to generate conformers is illustrated in
Section 2.6.

Equations in this chapter are in atomic units. Ref 99 and 100 were taken as sources for most of the
content in this Chapter.

2.2 Electronic Structure Theory

2.2.1 General Concepts

Electronic structure theory methods rely on treating the electrons and nuclei of molecular systems
explicitly to compute the molecular energy E. This requires an appropriate mathematical description
of the particles and a way to compute the energy from this description. For describing a system
composed of N, electrons and N, nuclei, a wavefunction ¥(r, R, #) is typically used that depends
on all the positions of the electrons (r = r, 75, ..., Nelec) and nuclei (R = R, R,, ..., RNWC), as well
as the time ¢ relative to a reference point #,. The positions of the electrons r; and nuclei R; denote a
vector uniquely defining the position, e.g., by the three coordinates x;, y;, and z; in Cartesian space.
The energy E of a wavefunction can be computed with the Hamiltonian A. When no external field is
acting on the system, its energy and thus the Hamiltonian is not time-dependent. In this case, the
time-dependent part of the wavefunction is usually separated and not considered further, leading to

the time-independent, non-relativistic Schrodinger equation:
HY¥(r,R) = E¥Y(r,R). (2.4)

While defining an appropriate wavefunction is very complex and will be explained later, the time-
independent Hamiltonian can be directly deduced from classical mechanics as a sum of the kinetic 7
and potential V energy operators:

H=T(,R)+V(rR). (2.5)

For molecular systems consisting of N, electrons at position r; and N, nuclei at position R; with
the mass M;, the kinetic energy operator is given by a sum over all nuclei 7, (R) and electrons 7,(r):

N,
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The potential energy can be expressed with the Coulomb law, describing the potential energy of
interacting point charges. Therefore, a sum over all pairwise interactions is used, including the
nuclei-nuclei repulsion (V, . (R)), and electron-electron repulsion (V.. (r)) as well as the nuclei-electron
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attraction (V. (r, R)):

]vnuc_1 Niye 7.7 Nejee =1 Nejee 1 Netee Nnue A
V(r,R) = L — - S (2.8)
D TR = R e
Vin (R) Vee (r) Vie (1.R)

With the Hamiltonian defined, the two remaining components required for computing the energy
of the system are the wavefunction ¥(r, R) and the positions of the electrons r and nuclei R. For
determining these, often the Born—Oppenheimer approximation, separating the dependence of the
electron positions from the movements of the nuclei, is applied.[ml] It is based on the fact that a nuclei
is much heavier than an electron (a single proton is about 1838 times heavier than an electron) and
thus an electron is much faster than the nuclei. Therefore, when evaluating the electronic energy
contributions, the nuclei positions are approximately fixed. Based on this approximation and the
electronic Hamiltonian

H, =T, (r)+V,.(r)+V,.(r,R), (2.9)

the wavefunction is split into a product of an electron (¥ (r)) and nuclei-dependent (¥ (R)) part. While
the wavefunction of the nuclei is typically not determined explicitly, the electronic wavefunction can
be solved approximately with the electronic Schrédinger equation:

H,¥(r) = E.,¥(r). (2.10)

Independent of the nuclear motion, this equation provides a connection between the electron positions
and their energy E, within the Born—Oppenheimer approximation. It can be used to determine the
electron positions by considering that electrons adapt the state of lowest energy possible. In principle,
this is done by altering the electron positions of an initial guess until the lowest electronic energy
results. This state of lowest energy is the electronic ground state ¥ (r). V.. is calculated separately
via Coulomb law (Equation 2.8) and added to E, to yield the molecular energy E.

With the energy expression and a way to determine the electron positions at hand, the final but
very crucial question is left of how the wavefunction should be defined. Based on different ways to
answer this question, various methods like Hartree-Fock or coupled cluster have evolved, which are
outlined in the following chapter. As testing every possible wavefunction is practically impossible
for almost any molecular system, they are usually limited to varying only a few parameters cy. This
restriction prevents finding the exact wavefunction in almost all cases, causing the computed energies
of the ground state (E) to be higher than or equal to the exact energy E,, according to the variational
principle:

Ey > E,. (2.11)

2.2.2 Hartree-Fock Theory

A common form of the multi-electron wavefunction ¥(r) is a linear combination of single-electron
wavefunctions i (i). In the Hartree-Fock (HF) method, this linear combination has the form of a Slater
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determinant ¥°P:
uni() () U, (1)
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Here,i = 1,2, ..., N, summarizes the spatial and spin coordinates of an electron 7, and y; (i) denotes
the single- electron wavefunctions, that are called molecular orbitals (MOs) when describing molecules.
The Slater determinant fulfills several important requirements for a physically appropriate description:
The electrons are indistinguishable, changing two electrons leads to a change in sign, resembling their
antisymmetry, and also, the Pauli principle is fulfilled as using two identical single-electron orbitals in
the Slater determinant would result in a vanishing wavefunction.

The single-electron wavefunctions consist of a spatial () and a spin function (o7 ):

Ui (D) = xi (0) - 0. (2.13)
The electronic spin functions are « or § that are orthonormal:

(ala) = (BIB) =1
(alB) =

The spatial orbitals are represented by a linear combination of atomic orbitals (LCAO), with the atomic
orbitals (AOs) represented as basis functions ¢,,:

(2.14)

NBF

X (i) = Z kP> (2.15)

p=1

with N denoting the total number of basis functions. The basis functions contribute a certain amount
to each MO ;. defined by the coefficient c,,,. While the number and shape of the basis functions
used are defined by the basis set introduced in section 2.2.3, the coefficients are optimized during the
Hartree-Fock procedure. Therefore, it is important to know how the energy of a Slater determinant
can be computed.

When using such an approximated wavefunction, it will likely not be an eigenstate of the Hamiltonian.
Thus, the expectation value of the energy is computed by integration over all coordinates:

SD* Ay \wSD SD | SD
Ee:/q’ HY dr = (¥ |He|‘I’ ). (2.16)

The electronic Hamiltonian can be defined as a sum of the one-electron operators T, and V.., /, and
the two electron operator g:
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with
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With this, it can be shown that most combinations of the single-electron wavefunctions ¢, become
zero due to the orthonormality of the spin orbitals. Only the following sums over the MOs k and [ are
non-zero in Equation 2.16:

Nelec Nelec Nelec
Eo= > We@lhluc @)+ > > w012y i (0w, ()~
k=1 k=1 I=k+1
Nelec Nelec Nelec Nelec Nelec
D e Oe D D () = Y L+ >0 (y—Ky) . (220)
k=1 I=k+1 k=1 k=1 I=k+1

I, corresponds to the mean kinetic and potential energy of an electron i occupying the single-electron
MO y,, that is influenced by the field of the nuclei. The Coulomb integral J;; is analogous to the
Coulomb repulsion between two electrons i and j occupying the MOs i, and ;. The exchange
integral K;; does not have a classical analog and is only non-zero when the two MOs ¢, and ¢; have
the same spin orbital.

For closed shell cases, often the spatial orbitals are assumed to be doubly occupied so that each
spatial orbital is occupied by an electron with @ and 8 spin. This leads to restricted Hartree Fock
(RHF), where, different from unrestricted Hartree Fock (UHF), only half the orbitals have to be treated
explicitly due to the spin orthonormality. Thus, the energy can be computed as:

Nelec/2 ]velec/2 Nelec/2
E; =2 Z I+ Z Z (2731 = Ka) - (2.21)
k=1 k=1 =1

To finally compute the energy €, of an MO ¥, the single-electron Coulomb and exchange operators
J, and K, are defined to act on a wavefunction i, according to:

T @) = W (D&l N (), (2.22)
and R
Ky (D () = (D18 1 ()M (0)).- (2.23)
With this, the Fock operator can be formed
Nelec
F)y=hy+ ) (fj(i) - Iej(i)) : (2.24)

J
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that can be used to compute the MO energies ¢,

FOY (@) = e (D). (2.25)

Accordingly, the MOs are represented as a set of eigenvectors of the Fock operator with the respective
MO energies as eigenvalues. As the MOs are already required for constructing the Fock operator, both
must be optimized together.

Inserting the LCAO approach into Equation 2.25 leads to the Roothaan—Hall equations:

NBF NBF

F@O Y Cndu=e ) by (2.26)
u=1 =1

which can be written with the individual elements arranged in matrices:
FC = SCe. (2.27)

F contains all Fock operators f (i) and € the orbital energies of the occupied molecular orbital. S
denotes the matrix containing the overlap elements of the basis functions, and C the coeflicients
¢ k- This equation is solved iteratively to determine the optimal coefficients and thus the optimal
MOs. An initial guess for the coefficients is used to form F. Diagonalizing this matrix yields new
coefficients C with typically lower MO energies. These are used to form a new matrix F, which
is again diagonalized. This is repeated until the total energy of the system converges. With this
procedure, called the Self-Consistent Field (SCF) method, the Slater determinant with the lowest energy
possible for the introduced constraints of the electronic ground state is found. As this procedure can
introduce significant computational costs, usually approximations like the resolution-of-the-identity
(RI) approximation or the numerical chain-of-sphere integration for the exchange integrals (COSX)
are used to accelerate the HF method.!'%%!%’]

2.2.3 Basis Sets

The basis functions chosen to form the MOs via the LCAO approach (Equation 2.15) are crucial for the
accuracy of approaches like Hartree Fock. In principle, the number and shape of the basis functions
¢, could be chosen to resemble those of the isolated atoms, e.g., one 1s orbital for the hydrogen atom.

Therefore, a single Slater function (YIZQ (r)r"e~'e=¢I"y could be used, where YIZQ (r) is determined

by the type and thus the shape of the orbital, ny, is the quantum number of the respective orbital
and ¢ an exponent that determines the spatial extent of the orbital. However, this is usually a poor
approximation for molecular systems, as, for example, the hydrogen atoms in water (H,0) have a
lower electron density compared to the isolated atom, which would require smaller 1s orbitals to form
the MOs. Further, the spherical 1s orbitals deform upon bonding, which also must be considered.

In principle, this could be accounted for by using an infinite number of differently shaped basis
functions per atom, for which the LCAO approach becomes exact. However, the computational costs
of Hartree Fock scale formally with O(NéF) due to the two-electron integrals, so that a set of basis
functions should be chosen that is as small as possible by providing enough flexibility to accurately
cover a variety of molecular systems. This led to the development of basis sets that contain a specific
set of basis functions per element with defined shape. The number of basis functions used per element

10
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to form the MOs is commonly denoted by . For example, a single-{ basis set would have a single basis
function per hydrogen atom, while a double-{ (DZ) basis set would provide two basis functions with
different sizes. This can be continued with triple-{ (TZ), quadruple-{ (QZ), and so on. Additionally,
basis functions with higher angular momentum can be included to describe the deformation of the
AOs, e.g., upon bonding and polarization. Finally, also diffuse functions with a large spatial extent can
be included to describe delocalized electron densities, e.g., for anions.

Two classes of basis sets are mainly used in this work. Dunning’s basis sets, denoted by cc-pVx,
(xp =DZ,TZ,...) or aug-cc-pVx, if diffuse functions are included, were optimized for correlated
methods.""® The Ahlrichs’ basis sets, denoted by def2-x,VP (x4, = §,TZ,0Z,...), are reliable
choices for most DFT applications.[105 ] Respective sets with polarization functions are denoted as
def2-x , VPP and additional diffuse functions by def2-x AVPPD.UOG]

Basis sets of both types further replace core electrons in heavier atoms with effective core potentials.
They mimic the core electrons without the need to explicitly treat them and often account partially for

2
effects such as relativity. Further, they rely on using Gaussian-shaped basis functions (YZZQ (r)e ¢,

even though appropriate basis functions are usually shaped similarly to a Slater function. However, they
have technical advantages like the Gaussian product theorem, and by contracting multiple primitive
Gaussian-type orbitals (PGTOs) to form a contracted Gaussian-type orbital (CGTO), appropriate basis

functions can be obtained:
Npgro

(2.28)

¢ﬂ = Lpcro ¢ﬂkPGTo'
kpGro=l
The number of PGTOs Npgr(, the shape of the PGTOs ¢ ;. . and the coefficient ; , __  which
define the contribution of each PGTO to the final basis function, are specified with the basis sets.
The choice of basis set sizes strongly depends on the targeted accuracy. While larger sets like
quadruple-£ almost reach the basis set limit, they lead to high computational costs. On the other hand,
smaller-sized sets lack accuracy due to the basis set incompleteness error (BSIE) and the basis set
superposition error (BSSE). While the BSIE arises due to the lack of basis functions, the BSSE is
an artificial energy lowering as the lack of basis functions is compensated by the unphysical use of
basis functions, e.g., of another molecule. Therefore, the BSSE is most pronounced for interacting
fragments, but can also occur for single molecules.!'%”" As the BSSE can lead to significant errors
when smaller basis sets are used,'*®! schemes like the Boys—Bernardi counterpoise corrections or the
geometric Counter—Poise (gCP) correction were developed aiming to reduce the BSSE.!10%:110]

2.2.4 Electron Correlation

In Hartree Fock, electrons move in the mean field of all the other electrons, neglecting the correlated
movements of individual electrons. As a result, the Hartree—Fock ground-state energy EgIF does not
account for the correlation energy E,

corr*

E.p=Eou— EST. (2.29)

corr exact

To improve on this, excited determinants can be used in addition to ‘I’SD. These additional determinants
are similar to ‘PSD, but replace occupied MOs by virtual orbitals. Covering all possible excited Slater

11
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determinants leads to the full configuration interaction (FCI) method

WFCl _ aOCI\PgD + Z agI\PgD + Z ag\pSDD + o, (2.30)
S D

where ‘Pg})s /D denotes the reference determinant (0), the singly excited determinants (S), and the doubly
excited determinants (D). aOC/IS /p are the coefficients determining how much the respective Slater

determinant contributes to the total configuration-interaction Wavefunction WFC These coefficients
are determined variationally. The FCI method is computationally extremely expensive in terms of
basis functions (O (Ngg!) and thus usually not applicable to molecules containing more than a few
atoms. To reduce the expense, it can be truncated after a few excitations, but this leads to methods not
being size consistent, potentially causing larger errors.'!]

An alternative, size-consistent approach is coupled cluster. Here, the wavefunction P is defined
with an excitation operator T

we = TSP, 2.31)
that contains all excitation operators
T=T +T,+Ty+ ... +Ty . (2.32)

elec

These excitation operators generate all the respective excitations of the ground-state Slater determinant.
To this, a Taylor expansion is applied

™+ ., (2.33)

that is truncated after a certain order. This has the advantage that truncation after, e.g., T, yields the
CCSD method, which includes higher order excitation terms like 7, - 7| and Tf called disconnected
triples. For practical applications, truncating after fz is usually insufficiently accurate and at least 73
should be considered. However, methods like CCSDT have rather high computational costs and thus
often CCSD(T) is used, where perturbation theory is applied to include triples more eﬁﬁciently.[llz]
While CCSD(T) often yields highly accurate results, ' it is usually too slow for practical applications
due to the scaling of O(N];F). Thus, additional approximations can be applied like using pair natural
orbitals (PNOs) to include only the virtual orbitals most relevant for correlating a pair of electrons.!!'¥
Further, the convergence with regard to basis set size can be accelerated with methods like F12b.113!
Another approach for including electron correlation is related to many-body perturbation theory
(MBPT), where the Hamiltonian is divided into an unperturbed (FII(,(%) ) and a perturbed part (PAIII;T)

A A 0 A
A =AY + prAD,. (2.34)

The parameter Apy determines the strength of the perturbation. Solving the time-independent

Schrodinger equation with this Hamiltonian yields the energy El(,(%) of the unperturbed system and
additional corrections that are additive to the energy and depend on the powers of Apr:

EPT = A0 BN + A ELY + B ES) + (2.35)

12
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The form of the energy terms depends on the choice of the unperturbed Hamiltonian. In Mgller—Plesset
(MP) perturbation theory, the unperturbed Hamiltonian is chosen to be the sum over the Fock operators

Fay e

Nelec
Exp= > & (2.36)
k=1

Here, the electron-electron repulsion (Vee) is doubly counted. Including additionally the first-order
term corrects this, yielding the Hartree-Fock energy:

(1) , p(0) _ pHF
EQ +ED) = B 2.37)

The second-order correction

E1£/1213 _ % i (Yl ) — <l//klﬁ1|l//bl//a>)2’

€k+€l_€u_€b

(2.38)
k<l a<b

which sums over the occupied orbitals k£ and /, and the virtual orbitals a and b, covers a part of the
correlation energy. Adding it to the Hartree—Fock energy yields the total energy of the MP2 method.
MP2 scales formally with O(Nf;F) and is generally more accurate than Hartree Fock, but often does
not reach CCSD(T) accuracy and performs less accurately for systems with small HOMO-LUMO

gaps.

2.2.5 Density Functional Theory

Density functional theory (DFT) aims to deduce the molecular energy from an electron density (p(r))
rather than a wavefunction. In this way, electron correlation is implicitly incorporated, and lower
computational costs can, in principle, be reached as the electron density depends only on three spatial
and one spin coordinate rather than on the coordinates of multiple electrons. The basis for DFT forms
the Hohenberg-Kohn theorem, stating that there is a one-to-one connection between the electron
density of a system and its energy. This connection is given by an unknown functional F[p] that is
universal and thus identical for every system.“m However, it does not provide information on the
form of this functional. For applying DFT, the energy functional may be partitioned analogous to the
Hamiltonian into a kinetic energy part E[p], the attraction between the electron density and the nuclei
E..[p], and the electron-electron interaction E,.[p], leading to the following energy expression:

EP"T = EL[p] + E,.[p] + E..[p]. (2.39)

With reference to Hartree Fock, E.[p] may further be split into the Coulomb Ej[p] and exchange

part Ex[p]: .
EPT = EL[p] + E..[p] + E;[p] + Exp]. (2.40)

Now, the different parts have to be defined. For E .[p], a classical expression can be applied that
integrates over all points r of the electron density

NHUC Zl
Enlp] == R dr. 2.41)
i 1
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Similarly, the Coulomb repulsion energy (E;[p]) can be deduced from classical expressions:

//p(r)p( ) ar (2.42)
=

The kinetic energy of an electron density can, for example, be computed with the Thomas-Fermi

model, but this is generally too inaccurate for molecules and atoms."""®! Thus, commonly Kohn-Sham

(KS) DFT is applied that introduces auxiliary orbitals via a Slater determinant, which are directly

connected to the density. As representing the exact density requires an infinite number of natural
orbitals, it is usually approximated with a set of auxiliary functions:

elec

pdpprox Z |wk| (243)

With this approach, the kinetic energy can be computed similarly to Hartree Fock:

N,

elec

Z Wil - —V2|¢k> (2.44)

The small residual error introduced by this procedure is usually included in the exchange-correlation
term Exc[p] that is commonly split into exchange and correlation (E-[p]) energy:

Exclpl = (Ex(p) = E}(p)) + (Eee[p] - Eslp]) = Ex[p] + Ec[p]. (2.45)
With this, the KS-DFT energy results to
E®S™PT = EX(p) + Eyelp] + Eslp] + Exclp). (2.46)

For determining Exc[p], different approximations exist, leading to a variety of density functional
approximations (DFAs). One possibility is to derive an expression from a uniform electron gas
(UEG) for both the exchange and correlation energy. This leads to the local density approximation
(LDA), which is reasonable for periodic, metallic systems but results larger errors for molecules and
atoms. The generalized gradient approximation (GGA) considers additionally the first derivative of
the electron density, thereby allowing a better description of non-uniform electron gases typically
occurring in molecules. The inclusion of higher-order derivatives of the electron density, or the kinetic
energy density 7 that carries similar information, leads to meta-GGA methods. These three types
of approximations, LDA, GGA, and meta-GGA, are computationally less expensive than Hartree
Fock, while depending on the system, the results can already be better. However, they have some
drawbacks that can lead to severe errors. One of these is the self-interaction error (SIE). While in
Hartree Fock, the exchange integral fully cancels the self-interaction of an electron with itself included
in the Coulomb energy, in DFAs, the exchange integral is only approximated, potentially causing parts
of the electron self interaction energy to remain. The result is a tendency toward more delocalized
electron densities. A possible way to reduce this error is to mix the approximated exchange energy of
a (meta-)GGA with a term that is computed similarly to Hartree Fock (E)I_(IF ) from the reintroduced
orbitals:

EXC — (1 _ aX)E)((meta—)GGA + aXE)l—(IF + Eémeta—)GGA‘ (2.47)
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Figure 2.1: Schematic depiction of DFAs categorized according to "Jacob’s ladder".!*!

a, is a mixing factor between 0 and 1. This leads to a class of DFAs called hybrid functionals that
comprise a large number of functionals differing by the (meta-)GGA functional it is based on and the
amount of Hartree Fock exchange energy that is mixed in. Hybrid functionals usually improve over
(meta-)GGAs, especially for cases where the SIE plays a crucial role, e.g., for computing activation
energies for transition states. However, due to the Hartree Fock exchange, the formal scaling is O(NéF)
and thus higher than the (meta-)GGA methods (O(N%F)). Double hybrid functionals aim to improve

(meta—)GGA
EC

hybrids even further. They also change the correlation energy by mixing with a correlation

energy taken from, e.g., perturbation theory like MP2 (Eé\j/IP 2). The overall exchange-correlation

energy expression then becomes
Exc = (1 - a) EL™ 79 4 a EXF + (1 - a ) BS99 4 a EYP?, (2.48)

with a, being a factor between 0 and 1 that determines the amount of MP2 correlation energy mixed
in. This causes an increase in formal scaling to O(NgF). An overview of the different DFA classes is
provided in Figure 2.1 classified according to Jacob’s ladder.!'"!

Dispersion Corrections

Most DFAs have in common that they miss long-range correlation effects. Thus, instantaneous and
correlated fluctuations of the electron charge, important for the London dispersion force, are poorly
described.""?"! For example, rare gas atoms, which show an attractive force at the equilibrium distance
due to dispersion interactions, have a purely repulsive energy curve with many DFAs.!"2! As this
can introduce a rather significant error, correction schemes have been developed. An example is the
Vydrov and van Voorhis nonlocal density-dependent functional kernel (VVIO).UZZJ This kernel aims
to describe the dispersion interaction of two electron densities correctly and is added to the Exc of a
DFA. The VV10 energy expression contains two parameters that are adjusted to fit the DFA used.
Other commonly used corrections are the D3(BJ) and D4 dispersion models.!237125] They compute
the dispersion energy as a sum over atom pairs. Besides the internuclear distance, also dispersion
coefficients are used that are pairwise approximated from precomputed values for the element hydrides.
They are combined with Becke-Johnson (BJ) damping and scaled with factors empirically determined
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for the individual DFAs. One of the major changes in D4 over D3(BJ) is the introduction of an atomic-
partial-charge dependent scaling applied for determining the dispersion coefficients. These partial
charges are computed efficiently in each calculation with the classical electronegativity-equilibrium
(EEQ) model."'?*1?7) More details on the DFT-D corrections schemes are given in the Appendix A.1.

Composite DFT Methods

In principle, all DFT methods could be used in large basis sets to achieve their maximum possible
accuracy, but this introduces significant computational costs. However, using smaller basis sets
introduces errors as mentioned earlier. Methods that aim to balance these two aspects optimally are the
composite DFT methods denoted as "3c". They employ smaller basis sets and repair the resulting errors
by specially adjusted corrections. Initially started with Hartree Fock (HF-3c),1?8! commonly used
composite methods are nowadays based on DFT. For example, the r*SCAN-3c¢ (meta-)GGA method
employs a tailored triple-£ basis set combined with refitted D4 and gCP corrections.!'* Further,
methods like wB97X-3c were developed that use a range-separated hybrid functional combined with
an adjusted double-{ basis set optimized to reduce the BSSE.!!3Y

2.2.6 Semiempirical Quantum Mechanical Methods

Semiempirical quantum mechanical (SQM) methods aim to reduce the computational costs of WFT
and DFT methods while maintaining reasonable accuracy. Therefore, different approximations can
be applied, such as using minimal basis sets, considering only valence electrons, or applying the
zero differential overlap (ZDO) approximation.[13 L1321 o compensate for the errors introduced by
the approximations, parameter-based corrections, optimized using experimental or computational
reference data, are applied. SQM methods can generally be derived from WFT, like PM6 and
PM7,1133534 or from DFT leading to tight-binding SQM methods with prominent examples like
DFTB!"**! and the extended tight binding (xTB)®* methods GFN1-xTB**! and GFN2-xTB"*"). In
the framework of tight binding, the electron density is split into a reference density p,, usually defined
as the sum of spherical, neutral atomic reference densities (p, = . 4 pg) and a density deviation from
this reference dp, e.g., occurring upon bonding:

P =po+0p. (2.49)

The total energy consists accordingly of the energy of the reference density (Eg B), the energy resulting
from the density deviation (6E ™) and exchange and correlation terms that are non-separable and
depend on the DFT function chosen as starting point. In the case of the extended tight-binding (xTB)
methods, an LDA with non-local (NL) correlation energy correction is used as a starting point. Its
energy is given as!®

Er? = EyB +6E™ + Exp™p] + ENF[p. o', (2.50)

with E)L(BA [o] being the exchange-correlation energy and Eg L [p, p’] being the energy of the non-local

correlation correction that inherently includes dispersion-type interactions. A Taylor expansion around
the reference density (6p = 0), with the density deviation typically restricted only to the valence
orbitals, yields the energy expression

E[p] = E%[p] + E'[pg. 6p] + E*[py. (6p)°1 + E*[pg. (5p)°] + ... 2.51)
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The terms up to the third order include:

0,1,23) 1 _ 0, 2O () (), 02 @ 3, g
EQL23[p] = Z E,+EQ) +E Gon+ Egpir + Egn + Efgixe + Eon+ Exg +Egoy . (2.52)
A
~EW(py.0p]  ~EP[py.6p]  ~EP[py.6p]

=E7 [po]

The term of zeroth order contains the sum over the non-interacting total energies of the atoms (E, ), as
well as Er(gp) that is caused by the overlap of the atomic reference densities leading to changes in the

Coulomb, exchange, and local correlation energy. E(g?s)p arises from long-range correlation energies
only included due to the added non-local correlation term to the LDA-type DFT potential used to derive
the energy expression. The first order correction term includes an energy contribution taken from the
extended Hiickel theory (EHT) ESH)T that is essentially responsible for covalent bonding. However,
it does not include changes of the electron density as no Coulomb-type interaction is included, so
that the atoms experience the field of the other atoms only by their reference density. In contrast, the

first-order dispersion energy E(gilg) already depends on the difference in density Ap. The second-order
sp
energy term introduces another correction for the dispersion energy (E(gfs)p) and an electrostatic

and exchange-correlation energy term (Eézs)JrXC) that is described by damped Coulomb-type energy
expressions. Therefore, the methods now require self-consistent charge (SCC) iterations until optimal
partial charges are obtained. The third-order energy term again includes a dispersion correction

(E(giss)p), which is not explicitly considered for the GFN methods, and an exchange-correlation term

(E)((‘z)) that mainly stabilizes relatively highly charged atoms. Both GFNI1-xTB and GFN2-xTB
employ a minimal basis set. Their parameterizations were focused on geometries, frequencies, and
non-covalent interactions (GFN) and they were originally parameterized for elements up to radon.
The main difference introduced in GFN2-xTB compared to GFN1-xTB is the inclusion of anisotropic
second-order density fluctuation effects that are modeled via cumulative atomic multipole moments
(CAMM), making, for example, additional hydrogen or halogen bond corrections used in GFN1-xTB
obsolete.*”! Even though the xTB methods proved rather robust and versatile,® while being much
more efficient than DFT and WFT methods, they still lack accuracy, especially for applications beyond
their scope such as the computation of barrier heights.[g‘” However, they form the basis for some
conformer generation tools like CREST and can be used for treating various structures that are too
large for applying DFT or WFT methods." ¥

2.3 Molecular Mechanics

Molecular mechanics (MM) methods use a different approach to compute molecular energies E. They
apply force fields (FFs) that do not explicitly relate the molecular energy to electrons, but rather
employ parametric functions of nuclear coordinates with parameters fitted to accurate experimental or
computational reference data. With this, significantly lower computational costs compared to WFT,
DFT, or SQM methods can be achieved. Depending on the FF used, the energy contributions may
vary. A classical form is

EFF = Ebond + Ebend +E +E

tors

+ E 4w + Egs- (2.53)

Cross
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It consists of the sum over energies required to stretch the bonds between two atoms (Ey4), the
energy for bending the angles (E,,4), torsional energy required for rotating around the bonds (E,,),
and E ., the coupling between these three energy terms. Interactions between non-bonded atoms
are accounted for by the van-der-Waals E;,, and electrostatic Exg energy. These energy contributions
usually require besides parameters and the distances between the nuclei, also partial charges, often
approximated with simplified models, for describing the electrostatic energy.[136]

While the computational costs of such a simplified energy description scale only quadratically with
the number of atoms, the results are usually less accurate than SQM, DFT, and WFT methods. Further,
many FFs are limited to a certain class of compounds, often bio-organic molecules, while there exist
only a few general FFs applicable across the periodic table, like the universal force field (UFF)!137]
and GEN-FF®Y, The GFN-FF, for example, has the energy expression

_ bond bond NCI
EGFN—FF - Ebond + Ebend + Etors + Erep + Eabc + EIES + Edisp + EHB + EXB + Erep , (254)

bond

with Eygg denoting the isotropic electrostatic energy, E,

the repulsion forces upon bond compression,

and E g, and Eggl van-der-Waals contributions. Additionally, energy corrections for hydrogen (Eyg)

and halogen (Exp) bonds are used. Notably, GFN-FF is capable of bond dissociation.

2.3.1 Intermolecular Force Fields

Intermolecular FFs focus on describing NCIs and neglect covalent-bonding terms. An example is the
xTB-IFE."*" This method uses electronic properties of the monomers precomputed by GFN1-xTB
or GFN2-xTB to enhance the description of intermolecular interactions. It is especially useful for
screening many interaction sites quickly, which is exploited in this work to develop the automated
interaction site screening (alSS) algorithm. In the xXTB-IFF framework, the energy is computed as

Ei = Eep + Egs + Egip + Ejpg + Ecr,s (2.55)

including Pauli repulsion E, ., the electrostatic energy Egg, the dispersion energy Egg,, and the
induction energy E; between the fragments. Further, intermolecular charge transfer (Eqt) is
considered.

The Pauli repulsion energy E, is a destabilizing energy resulting from the overlap of the molecular
orbitals of the fragments. It is computed as a sum over atom pairs and considers atomic distances,
effective pair distances accessible via dipole polarizabilities taken from the D4 model, valence electron
numbers including the GFNn-xTB Mulliken partial charges, and an atomic overlap approximated using
atom-centered 1s Slater functions. The electrostatic energy Erg is divided into two contributions, the
atom-centered contribution E&™ and a correction for anisotropic electron densities around the atoms
EEIéISO: .

Egg = Efs™ + Epg™°. (2.56)
Eﬁté’m is computed by applying the Coulomb law to the model atomic densities resulting from the
atom-centered Slater functions. The correction for anisotropic electron densities E&e™ is computed
with a damped Coulomb expression of off-centered and atomic charges constructed with the electronic
input properties. It is especially important for halogen- and hydrogen bonding, as well as special
bonding motifs of 7-systems. E gy, is computed similar to the D4 model. For the induction energy

E; 4> a spherical Drude model is applied. Within this approximation, floating charges attached to
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the nuclei via a spring constant are equilibrated to counterbalance the respective atomic charge. To
accelerate this self-consistent equilibration, it is solved approximately in the XTB-IFF context by
evaluating the forces resulting from the electric field of the atoms and from the oscillating charges
once, scaling it by a factor of two, and updating the position afterward. The charge transfer energy
E 1 requires accounting for changes in the initially provided GFNn-xTB electronic properties of the
non-interacting fragments. This is done by constructing a combined wavefunction considering the
charge transfer and applying the tight-binding Hamiltonian to it. The wavefunction is constructed via
a configuration interaction singles (CIS) approach that considers two additional determinants where
the energetically highest occupied molecular orbitals (HOMO) of one fragment is replaced by the
energetically lowest unoccupied molecular orbitals (LUMO). The extend to which these determinants
contribute to the total wavefunction is determined with the HOMO-LUMO gap and a coupling term
approximated semiempirically by using the HOMO and LUMO orbital energies and populations of
the isolated fragments. By applying the tight-binding Hamiltonian to the combined wavefunction, the
energy difference between the isolated wavefunctions yields the charge transfer energy. As charge
transfer changes the MO population and thus the atomic partial charges, it has an influence on the
induction and electrostatic energies, which are therefore be evaluated after applying the charge-transfer
correction. More details on the XTB-IFF method are given in the Appendix A.2.

2.4 Statistical Thermodynamics

As mentioned at the beginning of this chapter, free energies require the energy term G, (T) in
addition to the molecular energy E (Equation 2.2). It is computed by applying concepts of statistical
thermodynamics, where the free energy can be assumed to be separable into electronic, translational,
rotational, and vibrational contributions. All of them are described with discrete energy levels
where higher-energy levels are populated more with increasing temperatures. While the electronic
contributions are often approximated by only the respective ground state, the other contributions
typically have a significant population of multiple states at room temperature. This affects both the
enthalpy H, as well as the entropy S, which is accounted for by the thermostatistical correction
Gior. (T):

G, (T) = Hygy + H

rans ot T Hvib -T (S + S+ S

trans rot vib ) .

(2.57)

The indices trans, rot, and vib refer to the translational, rotational, and vibrational contributions,
respectively. For computing the individual contributions, certain approximations are applied, like the
ideal gas, and rigid-rotor and harmonic-oscillator (RRHO) approximation. These assumptions lead to
the following equations for a non-linear molecule:

5
Hians = iRgasT’ (2.58a)
3
H., = ERgaST’ (2.58b)
3 e 6 hv, hy; 1 )
H, = Rgas % + g thi/(kBT) -1 > (2.58¢)

i=1
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3

5 V (2nmkgT \?
Stran% = ERgas + Rgaqln N_AV (%B) ) 5 (2.58d)

e\
3 \r [ 8nkgT
Srot 2Rgas + Rgasl _ 2B Vll 1213 s (2.58¢)
s h
3Ny —6 hy 1
L= i _ _ hvi/(kBT))

SVlb Rgas ; (kBT ehvi/(kBT) . 1 1n (l e ) . (258f)

k denotes the Boltzmann constant, h the Planck constant, R, the ideal gas constant, v; the vibrational
frequencies of the different vibrational levels, N,, the Avogadro constant, m,, the total molecular
mass, V the volume of one mol of an ideal gas, o, the rotational symmetry number, and I, /,, and /5
the three moments of inertia. For a linear molecule, the rotational degrees of freedom are reduced,
leading to a smaller overall contribution from the rotational terms:

Hyy =Ry T, (2.59)

Stor = Rygs + Ryl (2.59b)

8n°kpT1
h20'rS '

As S, approaches infinity for small vibrational frequencies, often a modified version of the RRHO
(mRRHO) is applied, addressing this limitation.!'*® Thereby, the contributions of low-lying frequencies
are replaced by the corresponding rotational entropy, interpolated by a switching function. Notably,

H;, has a non-zero contribution at 0 K (zero-point vibrational energy) to the free energy. Further,
these corrections have a huge influence on the association of molecules since the degrees of freedom
are usually reduced upon this process.

While the translational and rotational contributions can be computed with information about
the molecule’s atomic composition and geometry, the vibrational contributions additionally require
knowledge about the normal modes. These depend on the bond strengths and thus require information
about how the energy changes when stretching and compressing bonds. This information is included
in the mass-weighted Hessian matrix (F), which is formed with the second derivative of the electronic
energy with respect to the atomic positions. The individual matrix elements ij are given by:

! ( o' (2.60)

F..
i = ‘/ ,/ Or,0r;
with M; and M ; being the atomic masses and r; and r; the respective positions of the two atoms 7/ and

j. The elgenvalues of the mass-weighted Hesswn €fi are used to determine the harmonic vibrational
frequencies v;:

1

V= §1’€fi' (261)

For computing the Hessian, every electronic structure method can, in principle, be used as well as
FFs. However, when the investigated structure is not a minimum on the PES of the respective method,
imaginary modes will result, potentially introducing an error to Gaor, (T).
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2.5 Solvation Effects

When modeling molecular processes in solution, the solvent influence on the free energy has to be
considered. Computationally, this is typically done with the solvation free energy, 6G,, which is the
energy required to transfer a molecule from an ideal gas to solution. It can be added to free energies
of systems in the gas phase to get accurate free energies in solution fo)’tlu (Equation 2.3). To compute
the solvation free energy, two common approaches exist: explicit and implicit solvent models. Both

will be outlined in the following.

2.5.1 Implicit Solvent Models
Idea

Implicit solvent models treat the solvent as a structureless polarizable continuum characterized
by properties such as the dielectric constant €, of the solvent.!"* This allows efficient treatment
of solvation and routine integration in most simulations. However, implicit solvent models also
have certain drawbacks like a tendency to overestimate intramolecular interactions compared to
intermolecular ones, potentially causing errors when predicting structures. %% Further, complicated
surface curvatures of the solute’s structure can introduce larger errors in the solvation free energy. [69]

To compute the solvation free energy with implicit solvent models, different contributions are
modeled. First, a cavity has to be created in the continuum, requiring energy (6G .,y ). Subsequently,
the solute is placed inside, leading to a polarization of the continuum by the solute and thus
an electrostatic stabilization (6G..). Interactions like dispersion, which are not covered by the
electrostatic energy, are additionally accounted for. A rather simple approach in this regard is to
combine these contributions with 6G to form a non-electrostatic energy (6G,,.) and to approximate

cavity
it proportional to the cavity size by summing over the number of atoms Nammszmo]
Naloms
_ S ¢S
6Goe= > ¥3SH. (2.62)
A=1

Whereas yi, an element-specific parameter, is usually fitted to experimental data, the surface area
of atom A (Si) is often determined from the solvent-accessible surface area (SASA) of the solute.
Constructing the SASA can be done, e.g., by moving a probe sphere with a radius appropriate for the
mode[lﬁc}]solvent over the van-der-Waals surface composed of overlapping spheres of element-specific
radii.

The solvation free energy of such an approximation yields

6G py = 0G gjor + G g (2.63)

solv elec

However, such a simplified approach can introduce large errors, which has led to the development of
more sophisticated approaches.[142] Depending on the theoretical framework and model used, additional
terms like hydrogen bonding corrections and reference state conversion factors are included.!'+3-14]
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Electrostatic Energy

The electrostatic energy results from the interaction of the polarized continuum with the solute.
Computing it requires a way to describe the polarization of the solute and the resulting interaction
with the continuum. The solute can be modeled with MM methods and partial charges, as well as
QM methods that can be used to converge the electron density of the solute in combination with the
polarization of the continuum, as the polarization of the solute and continuum are mutually dependent.
To describe the interaction of the solute with the continuum, the nonhomogeneous Poisson (NP)
equation can be employed:

V- (e (r)V®(r)) = —4rp.(r). (2.64)

It connects the electrostatic potential @ at a position r with the respective charge distribution p.. The
dielectric permittivity €, is often approximated to equal unity inside the cavity (e_,,;.,) and that of the

solvent (€g,,) outside, which is known for common ones.!"*! Further, the NP equation can also be
modified to include ions in the solvent, resulting in the Poisson—Boltzmann (PB) equation. With the
NP and PB equations, the electrostatic potential of the solute in the gas phase (€5, ~ €, = 1) and in
the solvent cavity can be computed. The difference between these potentials, called reaction field

(®,...), can be used to compute the electrostatic component of the solvation free energy:

avity

reac

1
6Gelec = E / pc(r)q)reac(r)' (2-65)

Solving the NP or the PB equations introduces significant computational costs as they contains slowly
converging sums.!"*®! Thus, different approximations were developed to fit either FFs, SQMs, or DFT
and WFT. The ones used in this thesis are outlined in the following.

GBSA and ALPB

Efficient methods like FFs and SQMs require fast implicit solvent models. One of them is the
generalized Born (GB) model"*”!, which assumes a spherical cavity and combines the Born model!'*®!
with the Coulomb interactions of atomic partial charges Q to yield:

N, N,
1 1 1 atoms atoms QAQB
cavity solv | ‘A=1 B=1 fAB

An example of a typical switching function fAGg was proposed by Still et al.,[lm
1

. (Ex—Rp)*\\’

,Still 2
EBB Still _ (Ry-Rp)* + alzornalgorn - exp _m , (2.67)
as dp
Born Born

with R, and Ry being the positions of atoms A and B, and a,  and ap  the respective Born
radii.'*"! Equation 2.66 includes terms where A = B, representing a stabilization of charges due to
the continuum, as well as cross-terms corresponding to charge-charge interactions screened in the
continuum.!"**! Combined with the linear approximation for G, in Equation 2.62, this forms the basis
for generalized Born surface area (GBSA) models, introducing no significant computational overhead
for FFs and SQM methods. However, such GB models do not incorporate important physics so that,
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2.5 Solvation Effects

and €

solv even though such symmetry is

e.g., swapping €, results in only a sign change of G,

avity
not seen in nature.!>" Improving on this, analytical solutions to the linearized—Poisson—-Boltzmann
(ALPB) equation were developed that additionally incorporate dependencies on the shape and size of
the molecule. This includes the electrostatic size Agg that provides a relationship of the shape and

electrostatic energy of the solute: 13!

1 1 1 1 atoms atoms 1 a ﬁ
_ APA
0Getec = 2 (E L ) 1+a,8, Z Z Q405 (fGB T Ags ) : (2.68)

cavity €solv A=1 B=1

a 4 is originally suggested to be 0.571412 and 54 = [151]

av1ty/ €solv-

CPCM and COSMO

Computationally more expensive DFT and WFT methods allow the use of more elaborate implicit
solvent models, evaluating molecule-shaped cavities to improve the description of solvation. Thereby,
the three-dimensional problem of solving the Poisson equation is transformed into an apparent surface
charge problem on a two-dimensional solvent surface.'* In principle, this is done by tessellation of
the cavity surface and assigning each fraction a charge. The surface charges o (r,) at a point r, on the
surface are directly related to the potential inside the cavity

o (ry) =

€solv ~ Ecavity 0
cavity o

v q)eleq (Delec , 2.69
dii + @) (2:69)

4n €solv

where 71 denotes the unit vector. The charges arise due to the electrostatic potential of the solute inside
the cavity (<I>2s,cny) and the surface charges (®°) perpendicular to the surface pointing outwards.'>*!

The potential resulting from the surface charges at a point r in space,

/ I(r () 4, (2.70)

r—r|

can then be added to the Hamiltonian of the underlying electronic structure method to determine the
polarization of the solute and the surface charges self-consistently. Such a computation yields the
molecular energy of the solute, including the solvation contribution 6G... For the conductor-like
polarizable continuum model (CPCM)[154] and the conductor-like screening model (COSMO),[15 3l
the solvent is set to have an infinite dielectric constant (e

«oly = ©0) to get the ideal screening charges
o, (r,). These are scaled with a function dependent on ¢

solv*
-1

€olv T kPCM

€solv

oy (ry) = o, (ry). (2.71)
The scaling factor kpcy; depends on the model and is typically between 0 in case of CPCM and 0.5
for COSMO.""**! The more sophisticated COSMO-RS!*1#4! and SMD!"*! models are based on the
results of COSMO and CPCM. For example, in COSMO-RS, corrections for the errors due to the ideal
conductor treatment are applied, as well as hydrogen bond and ring corrections. In SMD, an improved
atomic-surface-tension-dependent G, description is used. These models generally improve over
their underlying model, but rely more on training data as they include more parameters.[145’156]
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2.5.2 Explicit Solvent Models

Explicit solvent models simulate the solute solvated by individual solvent molecules. To accurately
account for the solvent bulk, often periodic-boundary conditions are employed. While this approach
closely resembles real systems, it is technically involved, and the large system sizes usually restrict
the application of accurate but expensive methods like DFT and WFT. 1691 Further, the complex PESs
of these systems significantly complicate the conformer generation and structure sampling.[15 TA
common approach to estimate solvation free energies from explicitly solvated systems is based on the
free-energy perturbation using Zwanzig’s equation:[lsg]

AGgi 50 =Ggy = Ggy = —kgT - In(exp (‘%))sy (2.72)
B

With this, the free energy difference for transitioning a system from state S1 to state S2 (AGg;_,57)
can be computed with an average over the energies G g, of the ensemble of structures in state S2 for
which also the respective energies in state S1 are computed. In principle, by defining state S1 to
be the solute in the gas phase and S2 to be the solute in the solvent, the energy of transferring one
solute molecule from the gas phase to solution results, which can directly be transformed into the
solvation free energy.“Sg] This, however, would be rather inaccurate, as the change in free energy is not
necessarily just the difference between the two averaged states, but the function connecting them may
be more complex. Thus, for the process of solvation, the path between the two states is split into small
steps where the solute and the solvent gradually interact, defined by a parameter that ranges from 0 (no
interaction of solute and solvent) to 1 (fully interacting solute and solvent).[°%1601 A improvement to
this method can be achieved by thermodynamic integration (TT), where not finite differences in energy
function are considered, but their differentiated versions.!'®"1?! Also, the Bennett Acceptance Ratio
(BAR) method is commonly employed, where two neighboring states are used to estimate the free
energy change with a non-linear equation.[163]

2.5.3 Hybrid Cluster-Continuum Models

While implicit solvent models usually cause only a negligible increase in computational costs and
can be routinely integrated in most simulations, they also have several drawbacks and limitations as
previously mentioned. In contrast, explicit solvent models could potentially be more accurate, but
they are technically involved and often require modeling large system sizes, which limits the scope
of applicable methods to efficient, but less accurate methods. Further, covering the dynamics of
such large systems accurately requires extensive sampling.[15 "I Due to the drawbacks of both classes,
hybrid cluster—continuum models were developed that aim to combine the strengths of implicit and
explicit models.[%36%! They model a few solvent molecules explicitly and cover the bulk solvent by
a continuum. With this approach, the expense for conformational sampling is reduced, and also
computationally more expensive methods like DFT and WFT can be applied to the system, while
solute—solvent interactions can potentially be modeled accurately.
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2.6 Conformers

For generating and evaluating conformers, understanding the concept of the PES becomes useful. It
maps the molecule’s energy with the spatial arrangement of its atoms.*! An example is illustrated
for n-pentane in Figure 2.2. Here, the energy minima on the PES correspond to different stable
conformers (A, B, C, and D), which are interconnected through rotations around single bonds. The
global minimum (A) is the lowest energy conformer, while the other local minima (B, C, and D) are
energetically higher.

Identifying the conformers that are present in a real system depends on its energy relative to the
global energy minimum (conformational energy) and the system’s temperature. The probability p; of
finding a conformer / in the system can be computed via the Boltzmann weight over the total number

of conformers N :

Sr

e kT
pr=———% (2.73)

Zf\:/ c]onf e_kBiT

Consequently, higher-energy conformers are more likely to be found the higher the temperature of the
system is. Hence, it is of practical relevance to find all conformers that are energetically close to the
energy minimum and thus might have a significant Boltzmann weight. These conformers contribute

to the total free energy of the structure ensemble:*!

G =G + Goopps (2.74)

ensemble

where G is the Boltzmann-weighted average of the individual conformer free energies G

N,

conf
G = Z p:Gy, (2.75)
1

and G, a contribution arising from the conformational entropy caused by the population of different

conformational minima.>>164-16¢]

Energy

A B

Conformational Coordinate

Figure 2.2: Schematic representation of the 2D potential energy surface of the staggered n-pentane conformers
A-D.
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2.6.1 Exploring the Potential Energy Surface

For generating conformers, methods for moving on the PES of a system can be used. They often
neglect thermostatistical contributions due to technical reasons. How the energy derivative can be
computed with various methods like WFT, DFT, SQM, and MM, and used for moving on the PES, is
outlined in the following.

Geometry optimization

Geometry optimizations converge a given structure to the nearest local minimum on the PES. Existing
algorithms for this rely, in principle, on the same concept: They iteratively change atomic positions
until the force F acting on the atoms is nearly zero, or until the Hessian contains no imaginary modes
anymore.[m] For example, the steepest descent method moves the atoms step-wise downhill on the
PES by following the force, which is computed as the opposite of the gradient g

F=-§=- (a—E) . (2.76)

However, this procedure tends to converge rather slowly, leading to significant computational overhead.
More efficient methods are based on the Newton-Raphson approach, where the Hessian is considered
for accelerating the optimization. As computing the Hessian is rather computationally costly, it is often
approximated in Quasi-Newton methods like the Broyden-Fletcher-Goldfarb-Shanno (BFGS)[168] and
Limited-memory BFGS (L—BFGS)[169] algorithms. The step length of each geometry optimization
cycle is usually adjusted dynamically for optimal convergence with algorithms like the trust radius
method (TRM).H®8! They aim to prevent overshooting resulting from too large step sizes and a large
number of optimization cycles caused by small step sizes. 70!

Molecular Dynamics Simulations

Molecular Dynamics (MD) simulations model the dynamics of a system by propagating it over
time. Thereby, depending on the temperature applied during the simulations, energy barriers can be
overcome that, e.g., transform one conformer into another. They are based on evaluating Newton’s
second equation in the differential form

F=m —. (2.77)

In an MD simulation, the force F acting on a particle with the mass m, is used to predict the position
r after the time step ¢. At this position, a new force is evaluated and the system’s propagation in time
is continued step-wise.

When running MD simulations, choosing the time step for evaluating the next force is crucial, as
too small time steps lead to increased computational costs while too large steps might lead to atom
collision and thus unstable MD simulations. To address this, algorithms exist that use a fixed time step
for the whole system, but also methods like adaptive verlet,!""" or Multiple Time Step MTS)!" were
developed that adjust the time steps, e.g., individually for all atoms depending on their speed. Further,
algorithms like SHAKE can be used to constrain certain bond lengths that would vibrate rather fast
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2.6 Conformers

(e.g., bonds involving hydrogen atoms) allowing larger time steps without instability problems.[m]

Controlling the temperature during MD simulations is done by a thermostat that adjusts the velocity
and thus the kinetic energy of the atoms. Examples are the Berendsen thermostat, which scales the
velocity directly with a time-dependent damping factor,!'"! or the Nosé-Hoover thermostat, which
introduces a fictitious thermal reservoir maintaining correct statistics for NVT ensembles (constant
number of particles, volume, and temperature).[175’l76]

Metadynamics Simulations

While MD simulations can be used to overcome energy barriers, they are rather inefficient for exploring
the potential energy surface, as energetically favored structures will dominate the simulations, making
the exploration of PES parts further away from them complicated. Furthermore, overcoming rather
high barriers is hardly or not even possible. Addressing these limitations, meta-dynamic (MTDs)
simulations were developed.[m] The principal idea is the addition of a Gaussian-shaped, history-
dependent potential to the energy of the systems. The potential EggD depends on two parameters,
kyrp and ayrp, and a collective variable AMTP Jike the root mean square deviation (RMSD) between
a reference structure i, and the actual structure in the simulation:

n
MTD D

MT]
B = ) heyrpe” ™5 (2.78)

bias

lr

This bias potential increases with the number of reference structures ny;rp. By defining kyrp to be
positive, a repulsive potential results, with a strength dependent ky;tp. ayrp defines the width of the
biasing potential. This potential increases the closer a structure is to an already visited one, and thus
the simulation is pushed away from already simulated areas of the PES, significantly accelerating its
exploration.

Conformer Generation

For generating conformers, different approaches exists. Besides employing knowledge-based infor-
mation about optimal arrangements,mg] physically motivated methods that rely on FF and SQM
methods for PES exploration became increasingly important. One of these is CREST, which combines
multiple MTD and MD simulations with geometry optimizations and efficient filtering methods to
identify unique conformers as well as rotamers.*+!7"] Thereby, multiple MTD simulations are run
in parallel, whereby snapshots are taken that are optimized. To sample locally around the energy
minimum, additional MD simulations in conjunction with geometry optimizations are performed.
Techniques like Z-matrix crossing can also be used to find additional conformers. By default, the
procedure is restarted up to five times each time a new energy minimum is found. To cover different
molecular systems, also modified versions of this algorithm exist, e.g., the NCI-MTD runtype that
is optimized for systems composed of multiple molecules and applies a repulsive wall potential to
prevent dissociation of non-covalently bound molecules.
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Chapter 3 Automated and Efficient Generation of General Molecular Aggregate Structures

The question of how multiple molecules arrange relative to each other and interact non-covalently is
often essential for understanding molecular properties and processes. Hence, there is a great interest
in computational tools capable of finding realistic intermolecular orientations. While conformer
generation tools like CRES T can be used for this task, they are usually designed to be generally
applicable rather than specialized on intermolecular interactions and thus might become inefficient for
large systems composed of multiple molecules. Consequently, docking tools specifically designed to
generate structures of interacting molecules by docking monomers have become of great importance.
While they can be much more efficient than general conformer generation tools, most existing docking
tools focus mainly on biomolecules and are often not applicable to other types of molecular systems.[m
To address this gap, the automated Interaction Site Screening (alSS) algorithm was developed and
implemented in the open-source xtb software package.[lgo] It enables efficient and automatic docking
of two molecules with almost arbitrary elemental composition to generate dimers, oligomers, and
aggregates subsequently. It combines the intermolecular force field XTB-IFF*"! for screening potential
interaction sites with GFNn-xTB™3*” or GEN-FF! for geometry optimizations.

The first step of the aISS algorithm after processing the input geometries is the computation of
electronic properties of the monomers with GFN1-xTB 1481 or GEN2-xTB™. These are required
by XxTB-IFF to evaluate interaction energies in the following steps. Next, the algorithm performs
a grid-based prescreening of potential interaction sites around one molecule. This involves using
neutral and artificially charged rare-gas atoms to probe favorable positions in terms of dispersion
and electrostatic interactions. Based on the thereby gained information, general orientations of the
two monomers are generated, as well as structures with chemically relevant interaction motifs such
as pocket filling and 7-7 stacking interactions. Afterward, the most favorable structures in terms of
xTB-IFF interaction energy are refined with a genetic algorithm that is based on random crossovers
and mutations, allowing structure exploration beyond static grid positions. To ensure computational
feasibility, intramolecular conformations are fixed during the screening. To account for the influence
of the NCIs on the monomer geometries, some of the best structures found so far (per default 15) are
fully optimized with GFN1-xTB, GFN2-xTB, or GFN-FF, optionally including the implicit solvation
models ALPB or GBSA.!"8! An additional runtype is available, in which all energetically favorable
structures from the genetic algorithm are optimized to yield an ensemble as complete as possible.

To quantify the performance of the alSS algorithm, a diverse set of seven dimer and trimer systems
was compiled including heavy main-group elements and transition metals, as well as charged and
open-shell systems. alSS was tested employing the default and ensemble runtype against CREST,
all of them using GFN2-xTB. Subsequent r*SCAN-3c!!'*) DFT refinements of the structures and
energies was done for more accurate results. Overall, aISS yielded structures of similar quality
to those from CREST. In some cases, like a Ti-complex dimer,'®? aISS yielded structures less
favorable in terms of GFN2-xTB interaction energy, but the subsequent DFT refinements lead to
energetically similar structures. Contrary, alSS also generated structures of lower energy than CREST,
especially for electronically challenging systems where the GFN methods are prone to errors. For
example, monomers of a cationic hypervalent iodine complex[183] had to be constrained during the
CREST runs to avoid bond breaking during the high-energy MTD simulations, which limited the
respective structure search. Additionally, for larger and electronically more challenging systems like
a Hg-complex trimer,!"* CREST’s MTD sampling failed to identify the global minimum within
reasonable simulation times, resulting in an energetically significantly higher structure than those
resulting from alSS.

Beyond its use for for such challenging cases, the test set outlined another significant advantage of
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alSS: its efficiency. For example, a CREST run for a standard organic molecule with 200 atoms in
total!'®! required over 64 h on 14 standard CPU cores, while the aISS algorithm identified the same
global minimum in just 15 min. This high efficiency allows not only the routine treatment of small- to
mid-sized molecules, but also expands the capabilities of computational structure generation toward
large and diverse molecular systems. As a showcase, a thodium-organic cuboctahedral'®®! was docked
into the self-assembled Goldberg polyhedron Pd48L96(BF4)96[]87] resulting in a 4296-atom system
with a diverse elemental composition including Se, B, Rh, and Pd.

Further, the alSS algorithm can be used for the exploration of reactive sites and low-barrier
reactions. For example, a micelle known to cleave under aqueous acidic conditions!'® was studied
by docking an oxonium ion with aISS employing GFN2-xTB and the ALPB(water) solvation model.
Despite the many possible basic functional groups, alSS identified the correct protonation site and the
experimentally observed proton transfer occurred during its geometry optimizations.

A special feature of alSS is the directed docking mode, which allows the user to define interaction
sites that should preferably be occupied during docking. This is extremely useful when studying
reactive sites that might energetically not be favorable and for restricting the search space based on
chemical intuition. As a demonstration, a Buchwald-Hartwig amination!'®”’ was investigated, where
unbiased docking yielded an intermediate that does not undergo further reactions. With the directed
docking, the reactive intermediate that can be used for further reaction modeling was found. Similarly,
a faujasite-based zeolite was investigated in which different positions of sodium cations were shown to
have a significant influence on the reactivity, e.g., of a following Diels-Alder. "

In summary, the aISS algorithm significantly expands the capabilities of automated structure
generation for interacting molecules by offering high efficiency, broad applicability across elements
up to radon, and unique features like directed docking. It enables routine assessment of NClIs in
computational workflows and allows to study systems beyond the scope of common docking tools.
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Chapter 4 Automated Molecular Cluster Growing for Explicit Solvation by Efficient Force Field and
Tight Binding Methods

An important example of non-covalently interacting molecules is solvation. Modeling solvent
molecules poses specific challenges, such as ensuring a physically meaningful distribution of solvent
molecules that goes beyond the purely energetic criteria discussed in Chapter 3. Therefore, the
Quantum Cluster Growth (QCG) algorithm was developed and implemented in the open-source CREST
program.[44’66’l79] This hybrid cluster—continuum model automates and streamlines the inclusion
of explicit solvent molecules in quantum chemical calculations by automatically generating and
evaluating solute—solvent clusters. A key strength of QCG is its robustness across a wide variety
of solutes and solvents, enabled by the underlying GFN method family [48-50] supporting elemental
compositions up to radon.

The QCG algorithm consists of several modular steps. First, a single cluster is grown by sequential
solvent addition using xXTB-IFF-based docking[47] and geometry optimizations employing the GFN
methods. The size of the cluster is either specified by the user or automatically determined by energy
convergence criteria. During the growth, two repulsive wall potentials are applied to ensure realistic
solute—solvent clusters. An inner wall potential keeps the solute centered while providing enough
conformational flexibility for the solute to adapt to the growing solvent shell. The outer potential acts
on the entire cluster, preventing solvent molecules from clustering without the solute. These potentials
dynamically adapt based on solute and solvent properties such as volume, shape, and the increasing
number of solvent molecules. After initial cluster growth, the second step is an ensemble generation
to refine the initially obtained structure and to identify further relevant conformers. Thereby, either a
single MD or MTD simulation combined with geometry optimizations of snapshots can be used or
more sophisticated CREST workflows, all of which employ the two wall potentials. In a final step,
solvation free energies can be computed. Therefore, additional clusters of pure solvent molecules are
generated and 6G,,;, is obtained by subtracting the Boltzmann-weighted free energy of the solvent
clusters and the gas-phase solute from that of the solute—solvent clusters.

The performance of QCG was evaluated using an example of phenylalanine solvated by 60 water
molecules. As competitors to the QCG growth, structures generated with the TIP3P water model!'!
and a space-filling algorithm were compared, both optimized with GFN2-xTB. The cluster generated
by QCG was energetically most favorable and provided an even distribution of water molecules around
the solute. The structure was about 30 kcal mol ™! lower in formation energy than the one generated
employing TIP3P, not only with GFN2-xTB, but also on the more accurate r’SCAN-3¢!'*! DFT
energy surface. The space-filling algorithm generated the least meaningful structure, demonstrating
the necessity of energetic considerations for cluster growth. The effect of an additional ensemble
generation was demonstrated exemplarily for ethanol in acetonitrile. Even for smaller clusters of up
to eight solvent molecules, the ensemble generation improved the structures energetically by up to
4 kcalmol ™! and the energy improvement increased for larger cluster sizes.

Evaluating the solvation free energies for typical organic solutes and solvents, the QCG results
showed overall larger errors compared to the implicit solvent model COSMO-RS."""?! Nevertheless,
the results were promising for such a direct approach and serve as a good starting point for future
improvements.

A possible application of the QCG algorithm is generating the structures of microsolvation
approaches, which was demonstrated using an example of benzoic acid and aminobenzothiazole
solvated by three water molecules. QCG identified the relevant structures reported in previous studies
within minutes on a standard desktop computer, making it significantly more efficient than other
microsolvation strategies.“%] Further, the use of QCG for structure elucidation was shown for the
antibiotic bacillaene.!' MD simulations with GFN2-xTB and the implicit ALPB(water) solvent
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model"®!! showed almost no bond breaking of the two intramolecular hydrogen bonds present in

the gas phase, reflecting that implicit solvent models tend to overestimate intramolecular hydrogen
bond strengths.[67’68] During a similar simulation with explicit water molecules added by the QCG
algorithm, insertion of water molecules into the intramolecular hydrogen bonds was observed and
thus completely different structure motifs resulted. Lastly, QCG was used for simulating infrared (IR)
spectra, where explicit solvation is essential for accurately reproducing spectral features. The implicit
solvent model COSMO!"**! failed to reproduce the experimentally measured spectra of dimethyl
sulfoxide (DMSO), acetonitrile, and chloroform due to additional or missing peaks. In contrast,
QCGe-generated structures resulted in spectra that closely matched experimental measurements.

In conclusion, QCG is a powerful tool for automated and efficient inclusion of explicit solvent
molecules covering a wide range of solute—solvent combinations. It expands the capabilities of
computational methods toward challenging molecular systems, where efficient implicit solvent models
reach their limits.
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Chapter 5 Conformational energies of biomolecules in solution: Extending the MPCONF196
benchmark with explicit water molecules

Structure generation tools like QCG often rely on efficient SQM or FF methods to maintain
computationally feasible. However, this can limit the accuracy of the resulting structure ensembles,
necessitating refinement with more accurate methods. Suitable methods for this are commonly
identified by consulting benchmark sets, but only a few exist for explicitly solvated structures. To
address this gap, the solvMPCONF196 was introduced, comprising conformers of biologically relevant
structures solvated by water molecules.

The benchmark is based on the 196 conformers of 13 peptides and organic macrocycles composed in
the MPCONF196 set,'’® which were extended by solvation with up to nine water molecules. Thereby,
the functional groups expected to interact most strongly with water were solvated using QCG. The
solvent shell was further optimized with the r*SCAN-3¢'?’! DFT method, refining the intermolecular
interactions. During these optimizations, the solute was kept fixed to allow a direct comparison to the
original MPCONF196 structures and a clear analysis of additional contributions and error sources
introduced by solvation. Finally, highly accurate PNO-LCCSD(T)-F 121195197 reference values, with
a remaining error of less than 0.5 kcal mol ™' 18] were generated to assess various DFT, WFT, SQM,
and FF methods.

Generally, it was found that explicit solvation significantly increases the complexity of computing
accurate conformational energies. In addition to the energy differences between the solute conformers,
solute—solvent and solvent—solvent interactions, often dominated by hydrogen bonding, had a major
influence on the conformational energies. Notably, a broad range of interaction motifs was observed,
partly due to the diverse functional groups of the solutes, which can act as both hydrogen-bond
donors and acceptors. These interactions significantly altered the energy landscape compared to the
isolated gas-phase structures of the MPCONF196. Structures that were unstable in the gas phase
due to exposed polar groups could become stable when saturated with water molecules, leading to a
significant influence of solvation on the energetic ordering and an increased range of conformational
energies. Compared to this, exemplary relaxations of solutes solvated by water molecules had a minor
influence on the energies, although significant geometry changes were observed.

Evaluation of common DFT functionals in a large quadruple-{ basis set confirmed the usual trend
of Jacob’s ladder:!'!”! double-hybrid functionals were most accurate but also the most expensive,
followed by hybrid, and (meta-)GGA methods. The best functional tested was the double hybrid
revDSD-PBEP86-D4!!1%1%! with a mean absolute deviation (MAD) from the reference of below
0.4 kcal mol ™! , a maximum error around 1.5 kcal mol ™! , and a Spearman rank correlation coefficient
of 0.995, indicating a near-perfect ranking accuracy. However, this method was computationally
about five times more expensive than the tested hybrid methods, among which the range-separated
hybrid functionals performed best (MADs of about 0.5 kcal mol ™! to 0.8 kcal mol ™" ). Other hybrid
methods like B3LYP-D4,129%2911 pwB95-D4, 1292 and PBEO-D4!**! performed slightly worse, but
also MADs of up to 1.3 kcal mol ™! were observed for M06-2X?*Y. The tested (meta-)GGA methods
showed a wider range of errors with MADs ranging from about 0.9 kcal mol ™! (B97M-V1203-2061y
1.5kcalmol ™! (BP86—D4[2077209] ). However, compared to the hybrid methods, they reduce computation
time by a factor of about seven.

Investigations on the basis set size revealed that going from quadruple-{ to triple-{ basis sets caused
only a slight loss of accuracy. In contrast, employing basis sets of double-{ size led to significant
errors attributed, among others, to the additional intermolecular BSSE. This trend was also observed
for composite DFT methods, where HF-3¢!"?® and PBEh-3c!*'”, both using a small single- or
double-¢ basis set, showed large MADs of up to 3.4 kcal mol ™" . Conversely, r*SCAN-3c with a
modified triple-£ basis set was much more accurate with an MAD of 1.2 kcal mol ™!, surpassing most
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of the (meta-)GGA methods with quadruple-{ basis sets while being up to seven times faster.

Among the tested SQM methods, GFN2-xTB [49) performed best with an MAD of 3.2 kcal mol ™! and
a Spearman coefficient of 0.934. While these errors were larger compared to DFT methods, GFN2-xTB
offered a tremendous speed-up of more than an order of magnitude. While being even less computational
expensive then SQM methods, the tested FFs performed overall worse, with MMFF94!211-213] yielding
the lowest MAD of 4.4 kcal mol ™", followed by GEN-FF°”! with an MAD of 8.0 kcal mol ™.

In summary, the solvMPCONF196 benchmark set represents a significant contribution to the rather
unexplored field of benchmarking methods for describing explicit solvation. It revealed challenges
arising from the additional solvent molecules when evaluating conformers and provides guidelines for
method selection to refine and analyze the respective ensembles.
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Chapter 6 ONIOM meets xtb: efficient, accurate, and robust multi-layer simulations across the
periodic table

As discussed in Chapter 5, accurate structure ensembles typically require the use of computationally
demanding methods. However, practical applications may involve systems too large to be modeled
with conventional DFT or WFT methods. To bridge this gap, multilevel approaches like the ONIOM
scheme!®! can be used to combine efficient SOM and FF methods with DFT and WFT. For ONIOM,
the system is divided into different parts, whereby more accurate but computationally expensive
methods are applied to the region of primary interest. The rest of the system is treated with more
efficient methods, whereby the GFN methods are particularly well-suited due to their robustness and
applicability across a broad range of elements. To facilitate the use of GFN methods in multilevel
approaches, a subtractive ONIOM scheme was implemented in the xtb program suite. An interface to
common QM software further allows combining the GEN!3% yith DFT and WFT methods. Further,
energies and gradients are implemented, enabling, e.g., geometry optimizations and conformational
energy refinements within the ONIOM framework.

The xtb ONIOM implementation involves partitioning the molecular system into layers that are
treated at different levels of theory and subsequently combined in a subtractive scheme. Thereby,
cut bonds are handled by placing hydrogen atoms automatically at the vacant positions according
to tabulated bond distances.*'®) While the additional hydrogen atoms do not affect the subtractive
computation of the total energy from the fragments, they introduce artificial forces affecting the
gradient. To correct this, a Jacobian matrix is used to map the force to individual atoms and to identify
the artificial component.

The use of the ONIOM scheme combined with the GFN methods was demonstrated in the context
of explicit solvation for an exemplary system of the bis(cyclopentadienyl)silylniobium complex
[szNb(H)z(SiCliPrz)][217] solvated by 20 DMSO molecules. Here, geometry optimizations with
GFN methods alone resulted in severe structural errors due to a haptotropic shift of the cyclopentadienyl
rings. DFT optimizations yielded reasonable structures, but required about 49 h computation time
for this large example of 245 atoms. Using the ONIOM scheme for treating the solvent shell with
GFN2-xTB and the solute with DFT yielded a structure nearly identical to the full DFT optimization
(RMSD of 0.01 A) in just one hour.

ONIOM in conjunction with the GFN methods offers a broad applicability beyond solvation, shown
for the example of a zirconium-based UiO-66 MOE."*'8! pFT optimizations of a cut-out model
reproduced experimentally measured geometries accurately, but required 46 h to 191 h, depending
on the chosen method. By applying ONIOM with GFN2-xTB or GFN-FF in combination with
the respective DFT methods, similarly accurate structures were obtained with significantly reduced
computational costs of 10-20 min. Systematic improvement in accuracy was observed when the
high-level region was extended. Also, combining GFN2-xTB for the metal-organic nodes and GFN-FF
for the organic linkers yielded reasonable structures in just 2 minutes.

In addition to geometry optimizations, ONIOM can be used to accelerate energy calculations, shown
for a reaction mechanism discovery of the Rh-functionalized metal-organic cuboctahedron catalyzing a
cyanosilylation.“86’219] For such a large system of 404 atoms in total, (meta-)GGA methods took about
30 min for a single energy evaluation. Combining the same DFT methods with GFN2-xTB via ONIOM
reduced this time to 40 sec, with small energy deviations of just 1-3 kcal mol ™' . With this level of
efficiency for such large systems, even hybrid functionals could be applied, potentially improving
accuracy beyond what is achievable using (meta-)GGAs alone. Further highlighting the potential of the
ONIOM implementation, the fusion of a porphyrin-based macromolecular spoked-wheel complexmo]
in toluene was investigated theoretically. With its 870 atoms, this system exceeds the practical limits
of DFT methods. By combining GFN2-xTB or GFN1-xTB with DFT methods via the ONIOM
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scheme, it was possible to model the reaction and obtain reaction energies of about —44.9 kcal mol !
In contrast, applying the SQM methods alone resulted in values that were about 10 kcal mol ™! off.
Even GFEN-FF, which showed severely incorrect positive reaction energies when applied to the whole
system, yielded qualitatively correct results (—35.3 kcal mol ™! ) when combined with DFT through
the ONIOM scheme.

In summary, the ONIOM implementation of xzb allows matching the strengths of the GFN and DFT
methods, improving the cost—accuracy ratio beyond what the individual methods can achieve. This
enables the treatment of large structures that require a highly accurate quantum mechanical description
for a region of central importance but are too large for applying DFT or WFT methods to the entire
system.
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Chapter 7 Toward Reliable Conformational Energies of Amino Acids and Dipeptides—The
DipCONFS Benchmark and DipCONFL Datasets

In addition to multilayer schemes such as ONIOM, machine-learning-based approaches are a
promising alternative for treating large systems with reasonable accuracy. However, these models
require extensive and accurate reference data for training.[91’93] To identify suitable reference methods
for generating these data and to extend the existing ones, the DipCONFS and DipCONFL sets were
developed. They cover conformers of the 17 natural amino acids neutral in aqueous solution and
their 289 possible dipeptides. Conformers for both sets were selected from the PeptideCs database,
which contains over 400 million different structures.”?! To avoid bias in the DipCONF sets, all
conformers except the originally energetically lowest one were selected randomly. For accurate
geometries in aqueous solution, all structures were refined using the r*SCAN-3¢ method!"?! with the
implicit CPCM(water) solvent model™*. This led to structures where the most important interactions
governing conformational stability are intramolecular hydrogen bonds within the backbones of the
peptides. Depending on the side chains, additional motifs such as sulfur-based hydrogen bonding and
m—n stacking in aromatic systems were also found to be important.

The smaller DipCONFS benchmark set contains 918 conformers with highly precise PNO-
LCCSD(T)-F12!"717 conformational reference energies, with remaining errors of less than
1 kealmol™'. A comprehensive assessment common DFT functionals with a large quadruple-
{ basis set revealed that the revDSD-PBEP86-D4!' %1%l qouble hybrid performed best among the
tested methods with an MAD of only about 0.2 kcal mol ™! and a maximum error of 0.6 kcal mol ™' .
However, the high computational cost of this method limits its application for generating large-scale
datasets. Other tested double hybrid and hybrid methods also performed reasonably well, whereby
no large deviations were observed between the different functionals. For the tested (meta-)GGAs,
the accuracy on the DipCONFS was significantly more method-dependent. The best performer of
this class, r*SCAN-D4,1**? achieved a similar accuracy as the tested hybrid functionals, whereas
MO6-L>%! yielded outliers of up to several kcal mol " . Aligning with these results, the hybrid
method wB97M-D3(BJ )/defZ-TZVPPD,[106’123’124’205 ! used to generate other datasets like SPICE,[224]
also proved suitable for generating training data. In contrast, BP86-D3(BJ)/DGauss-DZVP!208:209-225]
employed for generating the original PeptideCs database, was found to be not sufficiently accu-
rate for generating reliable reference data. Despite the tuned D3 parameters,mﬂ outliers of up to
3.5 kcal mol ™! were observed. Among the tested methods, r*SCAN-3¢ was found to have a favorable
balance between accuracy and efficiency. This composite method achieved an accuracy similar to
most of the hybrid methods in the large basis set while being about 28 times faster than the best tested
hybrid functional and four times faster than r*’SCAN-D4 in the large basis set. Among the tested SQM
and FF methods, none was found to have sufficient accuracy for generating accurate datasets, as the
best performer from these classes, PM7,1"3% had an MAD of 1.6 kcal mol™!, which was worse than
the MLIP AIMNet2"**”) (MAD of 1.3 kcalmol ™).

Based on the results of the DipCONFS benchmark set, r?SCAN-3c was selected for generating
gas-phase properties for the 29,128 conformers of the DipCONFL dataset. It showed a well-
balanced conformational energy distribution of approximately Poisson shape with a peak at about
8—9 kcal mol ™! and conformational energies of up to 37 kcal mol ! . Notably, structural differences
did not consistently correlate with the conformational energies. For instance, a minor conformational
change, such as the rotation of a hydroxyl group, could disrupt an intramolecular hydrogen bond
leading to an energy change of 5-6 kcal mol ™! 128!

Evaluation of various SQM, FF, and MLIP methods showed generally larger errors on DipCONFL
compared to DipCONFS. Consequently, large-scale benchmarks such as the DipCONFL are particularly
valuable for both the training and assessment of general-purpose computational methods. Notably, the
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MMFF9421=2151 45 best performer among the tested FFs, still showed overall large errors of up to
22.4kcalmol ™! . Further, the best performer among the tested SQM methods, PM7, yielded deviations
of up to 11 and was outperformed by the MLIP AIMNet?2 in terms of MAD and maximum error.

In summary, the DipCONFS benchmark set with it’s highly accurate conformational energies of
amino acids and dipeptides was used to identify reliable computational methods for large-scale data
generation. With these insights, the DipCONFL dataset was compiled, significantly expanding the
available training data and thereby supporting the development of robuts MLIPs.
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CHAPTER 8

Conclusion and Outlook

In summary, understanding the three-dimensional molecular structure remains an important aspect
of reliable computational studies. This often includes identifying relevant conformers, stable spatial
arrangements of atoms that can be interconverted via rotation around single bonds and that can
have significantly different properties.[21’23] In this regard, reliable workflows must generate all
possible low-energy structures and accurately evaluate their conformational energies.BS] This is
especially challenging for large systems of non-covalently interacting molecules due to their complex
conformational space and the additional contributions to the conformational energy. 43461 The work
presented in this thesis aimed to extend the capabilities of computational structure generation toward
interacting molecules, to assess existing methods and support the development of future methods for
conformer evaluation, and to facilitate the accurate simulation of extended system sizes by employing
multilayer schemes.

In Chapters 3 and 4, automated and efficient tools for generating structures of interacting molecules
were presented. The automated Interaction Site Screening (aISS) algorithm allows the docking of
nearly arbitrary molecules. It leverages an intermolecular force field for efficient structure screening
of rigid monomers combined with the GFN2-xTB, GFN1-xTB, or GFN-FF method for geometry
optimization. The performance of alSS was tested on a set of standard organic molecules, transition
metal complexes, and electronically challenging heavy main-group compounds where the alSS
algorithm yielded structures of similar quality to those generated by CREST. As the docking tool is
computationally much more efficient than such a general conformer generation tool, aISS makes the
treatment of even systems composed of thousands of atoms possible. With its broad applicability,
the alISS algorithm thereby extends the capabilities of common docking tools that are typically
restricted to biologically relevant molecules. Additionally, the directed docking feature allows structure
generation focused on specific interaction sites. With this, aISS can replace the manual modeling of
reaction intermediates, thereby improving quality and efficiency. The application of aISS was already
demonstrated beyond the contents of this thesis in diverse areas, such as molecular sensors,[229’23o]
biologically relevant applications,ml’23 2l elucidating molecular mechanisms,'*>¥ and as part of other
workflows.[#*#

The second tool presented in this work, the Quantum Cluster Growth (QCG) algorithm, extends
the capabilities of docking tools like alSS toward larger clusters for modeling solvation. This hybrid
cluster—continuum approach grows solute—solvent clusters through sequential docking of solvent
molecules by simultaneously modeling the bulk solvent with implicit solvent models. Individually

49



Chapter 8 Conclusion and Outlook

adjusted repulsive potentials ensure physically meaningful structures during the growth and an equal
distribution of solvent molecules around the solute. In addition to the cluster growth, QCG allows
ensemble generation and computation of solvation free energies from the generated structures. When
assessing the quality of QCG-generated structures, it outperformed algorithms based on common
explicit solvation models like TIP3P and algorithms that rely solely on geometric criteria. The use of
QCG was demonstrated in several cases where implicit solvent models were insufficient. For example,
in IR spectra simulations, implicit solvent models predicted additional or missing peaks, while the
spectra calculated with QCG-generated structures showed much better agreement with exmperimental
findings. Further, implicit solvent models overestimated intramolecular hydrogen bonds during an
exemplary MD simulation of the drug bacillaene, while the addition of explicit solvent molecules led
to significantly different structures. For test cases of typical microsolvation examples, QCG proved
to be an efficient tool for generating all relevant solute—solvent structures. Beyond these examples,
QCG was applied in various studies like simulations of spectroscopic properties,[23 5237 structure
analysis in solution,****) reaction mechanism elucidation,*****! and modeling of ions and ionic
liquids.[242’243] Furthermore, while it was initially based on the docking procedure originally proposed
with the xTB-IFF, it was later modified to use the alSS algorithm, allowing e.g., the use of directed
docking to solvate certain functional groups of the solute.

While QCG relies on SQM and FF methods to efficiently explore the conformational space, reliable
ensembles usually require refinement with more accurate DFT or WFT methods. To guide the selection
of suitable higher-level methods for such a refinement, Chapter 5 introduced the solvMPCONF196
benchmark set. It complements the very limited number of benchmark sets on explicit solvation by
solvating the 196 conformers of 13 biologically relevant molecules included in the MPCONF196
benchmark with up to nine water molecules. The additional solvent molecules had a significant
influence on the conformational energies and increased the complexity of their computation due
to the additional solute—solvent and solvent—solvent interactions. In particular, these NClIs, mainly
dominated by intermolecular hydrogen bonds, were found to have a strong impact on the conformer
ordering and the structure of the solute. The provided PNO-LCCSD(T) reference data with less than
0.5 kcal mol ™! remaining error was used to evaluate common WFT, DFT, SQM, and FF methods,
revealing that the choice of the method has a substantial impact on the ensemble quality. Generally,
the tested methods followed the trend of the Jacob’s ladder of DFAs proposed by Perdew!' ! with
double-hybrid functionals like revDSD-PBEP86-D4 being the most accurate, followed by hybrids and
(meta-)GGA functionals. However, the high computational costs of double-hybrid methods make the
application of less expensive hybrids or (meta-)GGA methods desirable. Within these classes, the
accuracy of the conformational energies were strongly dependent on the functional choice. Moreover,
it was shown that at least a triple-£ basis set should be used for reliable results, as smaller basis set sizes
led to significant errors. Notably, the r’SCAN-3c¢ composite method proved valuable for ensemble
refinement due to an outstanding cost-accuracy ratio. Among the tested SQM and FF methods, the
best performer, GFN2-xTB, showed reasonable results given the tremendous speed-up of orders of
magnitude compared to DFT methods, but did not yield a highly accurate conformer ranking.

The results of the solvMPCONF196 benchmark set indicate a gap for, e.g., large solutes with many
solvents. While the application of even the most efficient DFT methods becomes computationally
less feasible for such extended system sizes, GFN2-xTB might not yield sufficiently accurate results.
Chapter 6 introduced a solution to bridge this gap with the x7b implementation of a subtractive ONIOM
scheme.®®! This allows the combination of efficient GEN methods, capable of treating a variety
of systems efficiently and robustly, with the accuracy of DFT and WFT methods for energies and
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geometry optimizations. The ONIOM implementation was used to achieve an accurate description
of an electronically challenging transition metal complex solvated by 20 DMSO molecules. By
combining DFT methods for treating the solute with the GFN methods for describing the explicit
solvent molecules, accurate geometries could be generated with only a fraction of the computational
time of treating the whole system with DFT. Additionally, the application of ONIOM with the GFN
methods was demonstrated apart from solvation for challenging MOF systems. For example, the
optimization of the zirconium-based UiO-66 MOF?!8! was accelerated up to ten times with ONIOM
compared to treating the whole system with DFT with only negligible loss in accuracy. Further,
the ONIOM implementation was used to elucidate the mechanism of a cyanosilylation reaction
at a Rh-functionalized metal-organic cuboctahedron. Thereby, multiple orders of magnitude in
computation time were saved while yielding almost identical energies. This approach was also applied
to elucidate the formation of a Zn-based nanoring with 870 atoms, where standard DFT methods
would barely be applicable.

Besides efficient schemes like ONIOM, the rapidly evolving field of machine-learned interatomic
potentials (MLIPs) shows great potential for efficient conformer evaluation. However, compared to
SQM and FF methods, they require large amounts of training data, limiting their possible range of
application and maximum accuracy. Contributing to this field, Chapter 7 presented a benchmark and
dataset combination extending the available training data and providing insights into generating reliable
datasets. The conformers for both sets covering 17 amino acids and their 289 possible dipeptides
were selected almost randomly from the PeptideCsml] database, which contains approximately 400
million structures. This approach ensured the inclusion of both low- and high-energy conformers,
providing a representative sampling of the conformational space and a well-balanced distribution
of conformational energies. The DipCONFS benchmark set comprises 918 conformers and highly
accurate PNO-LCCSD(T) conformational energies with a remaining error of less than 1 kcal mol ! .
With this set, various DFT and WFT methods were evaluated with regard to their suitability as a
reference method for MLIP training data generation. It was found that upon using a large basis set,
all tested double-hybrid and hybrid density functionals, as well as most (meta-)GGA functionals,
were in principle suitable reference methods for computing conformational energies. However, when
generating large amounts of data, computational efficiency becomes crucial. In this regard, r?SCAN-3c
performed exceptionally well as it was much more efficient than any other tested method applied with
a large basis, while maintaining high accuracy (MAD of 0.3 kcal mol ™! ). This rendered r*SCAN-3¢
an ideal method for extending the DipCONFS benchmark to the DipCONFL dataset. With 29,128
conformers and accurate DFT data including conformational energies, gradients, and partial charges,
the DipCONFL set provides valuable data for MLIP training. The evaluation of various SQM and FF
methods on both sets showed larger errors for DipCONFL than DipCONFS. Notably, even the most
accurate SQM and FF methods tested were outperformed by the MLIP AIMNet2, highlighting the
great potential of MLIPs.

In summary, the scientific advances presented in this thesis comprise the development of generally
applicable and automated tools for discovering spatial arrangements of interacting molecules, alongside
novel insights into how such structures can be refined to achieve high accuracy. Further, practical
solutions to combining different methods for structure refinement were introduced that expand the
accessible cost-accuracy ratio of one method alone, and valuable data for developing future methods for
conformer evaluation were provided. Together, these contributions offer powerful strategies for robust
and routine structure exploration, enabling accurate conformational modeling and hence advancing
the capabilities of computational chemistry.
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Chapter 8 Conclusion and Outlook

In future studies, the application of the alSS and QCG tools for generating larger molecular clusters
beyond solvation could be further explored. This is of great interest, e.g., for modeling solids'**¥ and
aggregation processes in the atmosphere.ms] Although the stepwise use of the alSS algorithm is, in
principle, suitable for generating large clusters, applications like QCG and workflows for monolayer
generation[234] have shown that constraining the cluster growth might be necessary to achieve physically
meaningful models. Besides employing repulsive potentials similar to QCG, the introduction of
symmetry-based or volumetric criteria might be beneficial. Additionally, using conformer ensembles
instead of single structures as input for the alSS algorithm would cover cases where the energetically
favored monomer conformation does not relate to the best configuration in the dimer. However, the
computational costs involved in docking all combinations of two conformer ensembles can become
prohibitive, even with efficient tools like aISS. Thus, smart selection of reliable candidates for docking
should be implemented, e.g., based on energetic criteria, scans for accessible interaction sites, or
symmetrical constraints. Embedding the resulting clusters in an appropriate electrostatic continuum
might be sufficient for simulating properties like the stability of solids, one of the essential steps for
predicting their solubilities.*4®!

Regarding the physically motivated approach of computing solvation free energies introduced by
the QCG algorithm, various future developments of more robust structure generation methods could
directly improve the values. Additionally, emerging methods like g-xTB (2471 for energy evaluation
with better cost-accuracy ratios would enhance solvation free energy predictions. With these improved
methods, also the automated identification of cases where implicit solvent models lack accuracy might
become possible, e.g., by evaluating association free energies of the solute and solvent molecules.**!

In terms of identifying and assessing beneficial methods for treating the respective solute—solvent
clusters, solvMPCONF196 provided already a solid foundation for organic molecules solvated by water.
However, real applications often involve more diverse solutes and also solvents beyond water ranging
from standard organic ones up to increasingly important ionic liquids.[249] Therefore, additional
benchmark sets have to be developed that expand the covered solute and solvent combinations, allowing
for robust refinements of solute—solvent clusters of such systems.

In closing, this thesis represents a substantial contribution to the computational modeling of
molecular structures, particularly with regard to non-covalent interactions. The insights gained and the
methods introduced have already facilitated various research studies. Moreover, they provide a robust
foundation for future advancements, expanding the possibilities of reliable, efficient, and routinely
applicable approaches for structure exploration further.
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APPENDIX A

Supporting Information to Chapter 2:
Theoretical Background

A.1 DFT-D Dispersion Corrections

The D3 model with Becke-Johnson damping and the D4 model have the general form of the two-body

dispersion energy:[1237125]
Z ciB CAB
(2) p :
T s e (A.1)
isp AB Rap+ f(Rp) RS+ F(RY,)

with s¢ scaling the dipole-dipole and sg scaling the dipole-quadrupole contribution. For (meta-)GGAs
and hybrids, s is usually chosen to be 1.0. C6A B and Cg‘ B denote the dispersion coefficients, and R AB
the internuclear distance of the atom pairs. f (Rg p) defines the Becke-Johnson damping as

(R p) = a' Ry + a5’ (A2)

The parameters a}' and ay' are, like s4 and s, individually determined for the different functionals.

R% g 18 the cut-off radius, defined as
CAB
ROz =1 # (A.3)
6

The damping reduces the dispersion energy for smaller interatomic distances to avoid near-singularities
and the double-counting of electronic effects already included in the DFA. The Cg‘B dispersion
coeflicients are approximately determined in each calculation by weighting precomputed values for
the element hydrides obtained from the dynamic polarizabilities via the Casimir-Polder relation.!*"!
The C{? B coefficients result from the Cg‘ B according to

a8 =3C2\0,05. (A.4)
with
Qa/B = S42\/Z<FZ>—A/B- (A.5)
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<r4)A/ B and (rZ)A/ B are multipole-type expectation values derived from atomic densities and s, is a

factor chosen so that reasonable C g‘ A values for He, Ne, and Ar result. In addition to the two-body
(2)

dispersion energy E disp’ the energy due to three-body effects E(gi)p can also be added for generally

improved results. It is computed via the Axilrod—Teller—Muto (ATM) term > 1252

Eé;) _ Z (3cos(05)cos(0c)cos(Opc) +1)
isp

2
ABC (ragrac’sc)

ABC
C9

, (A.6)

with 045, 0 4¢, and 6 denote internal angles of a triangle formed by the atoms A, B, and C that are

separated by the distances r 45, 7 4, and r . The triple-dipole dispersion coefficient Cg\B € can be

approximated by
C3PC ~ —\JciBciccte. (A7)

With the three-body term, the dispersion energy is approximated as

~ 2 (3)
EdiSP ~ Edisp + Edisp' (A-S)

Depending on the size and geometry of the system, higher-order many-body effects can become
similarly important as three-body terms.**! Within the D4 model, they can be approximated via
coupling the atomic dipole polarizabilities based on quantum harmonic oscillators (QHOS).[254’255]

A.2 xTB-IFF

The following provides more details on how the different contributions of the xXTB-IFF intermolecular
interaction energy are computed (Equation 2.55.147]

The Pauli repulsion energy E,, is calculated as a sum over atom pairs A and B of two different
molecules

S _
Eyp= D NaNp (’21,%3 +kpe KoRantan) | (A.9)
AB AB

ky1, k,y, and k, are fit parameters, N, and Ny the valence electron number, R 45 is the distance
between the atoms, S 4 g the atomic overlap, and a 4z an effective pair distance. The valence electron
number is computed with the valence nuclear charge ZZf‘/1 p and Mulliken atomic charges g 4, available
from the GFNn-xTB electronic properties of the monomers:

Nap = Z;/xa/lB +qa/B- (A.10)

The effective pair distance a 45 is computed with the dipole polarizabilities of atom A (a4) and B
(ap), taken from the D4 model,’* and a parameter k ,:

1
anp =k (a”3+a”3) (A.11)

azA B

The atomic overlap S 4 5 is computed via atom-centered 1s Slater functions ¢, :

SaB = / o7 (1oL (rdr, (A.12)
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A2 xTB-IFF

whose shapes are defined by an exponent ¢, that is individually computed for each atom A/B:

VB = kg (14 CNy p)ten. (A.13)

kﬁ?B denotes an element-specific fit parameter and the coordination number CN g is taken from the

D3 model.!'! ke 1s set to be —% for hydrogen atoms yielding contracted densities and —% for other
elements.

The electrostatic energy Egg is divided into two contributions, the atom-centered contribution Exg
and a correction for anisotropic electron densities around the atoms Efa°:

atom

Eps = ERS™ + ES8™° (A.14)

The atom-centered contribution is computed by applying the Coulomb law to the model atomic
densities resulting from gb‘f‘s (r) and ¢ﬁ(r):

atom __
Egg =

ZAZB // ¢ls(r )¢1s(r )dr-d _ mdi’ Md (A.15)

i
B Ras Iri =7 Ry =7 Iri = Rg|
The correction for anisotropic electron densmes EX° is computed with a damped Coulomb expression

summing over pairs of off-centered (Q° ™) and atomlc charges g:

off ~Hoff off
aniso 0; Qj Q?ﬁqB Qj qa
B = ) : + ) 3 > L (Al6)
i j r-—r.|+M B |lr-— R |+ dmp! YAB 'A|r-—R | dmpl YAB
L, I J |r,-—rj| L i B |ri_RB| J j A —|rj_RA|

Kgmp1 1s @ damping constant, i and j refer to the off-centered charges at position r; and r;, and A and B

to the atoms at position R 4 and Rp. The off-centered charges Q at position r; are constructed based
on Foster-Boys LMOs!*>®! stemming from the GFNr-xTB electronic properties of the fragments. For
retaining charge conservation and to complete the dipols, also positive counter parts are considered
that are placed according to the type of orbital used for constructing the off-centered charges: For 7
orbitals and lone pairs, they are placed at the position of the corresponding nucleus, for o orbitals,
they are placed on the opposite side of the nucleus.

The dispersion contribution E g, is computed similar to the D4 model (Equation A.1), only changing

the fit parameters sg, a]13], and azBJ. The ATM term (Equation A.6) can additionally be included.

The induction energy E,,4 is computed based on the spherical Drude model.'””! Within this
approximation, floating charges qf are equilibrated that counter-balance the respective atomic charge.
They are attached to the nuclei with spring constants kyy;, e.g. for a atom A:

& = ~okormams A1)

kpy, denotes the Drude charge proportionally constant and 77, the chemical hardness of atom A. The
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induction energy within the Drude oscillator model is computed according to:

ql qB q] ('ZA
= + +
" i,ZB |ri _RB|+kdmp2 jA |r' _RA|+kdmp2
@ lle o= R+ |y - R[] - ED, (A18)
|+k 2
icA JEB

with i and j referring to the Drude charges where i is connected to atom A of fragment 1 and j to atom
B of fragment 2. E(I)) refers to the energy when the negative Drude charge is located at the respective
atomic position and k> is a damping constant.

The charge-transfer energy Et is computed according to

Ecp = (P08 A 4, 51905 — (W5HB|A 5| W55, (A.19)

where ‘PO denotes the wavefunction of the combined systems after charge transfer and ‘PSHB the
combined wavefunctions of the non-interacting fragments. To both, the tight-binding Hamiltonian
of the independent fragments H 4, 5 is applied and the resulting energy difference equals the energy
change due to charge transfer. The combined wavefunction considering charge transfer is set up as

lAbB lAbB JB“A JBaa’

where ‘I’IAZB defines the combined wavefunction of fragment A and B where the HOMO of A is

replaced by the LUMO of B (thus allowing the charge transfer of A to B) and ‘I’;\;i has the HOMO
of B replaced by the LUMO of A. The coefficients of how much these states contribute to the coupled
wavefunction (¢, ¢; 1, .. and ¢; ) are determined by solving an eigenvalue problem:

CT CT
gT Jij - fji co
Ty AEG 0 ey,

CT CT .
ji O AE_][ C]Baa

=0. (A.21)

Here, AEiCjT and AE]Cl-T denote the respective HOMO-LUMO gap, corrected by an empirically

determined factor, as GFNn-xTB methods usually underestimate these gaps.[25 8] fi(j-T and fﬁT
determine how strongly the charge-transfer states couple to the ground state. They are approximated
semiempirically by using the HOMO (6HOMO) and LUMO (ELUMO) orbital energies, the atomic
densities of the isolated fragments ( pHOMO and pLUMO) from a Mulliken population analysis, and the
additional fit parameters kcp, Bery, and Bers:

f]CzT ker BCTl(ejLUMO—eiHOMO) e PeraNraplaap Z Z ngMO X p]EUMO. (A.22)

i€cA jeB
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Appendix B Automated and Efficient Generation of General Molecular Aggregate Structures

Abstract

Modeling intermolecular interactions of complex non-covalent structures is important in many areas
of chemistry. To facilitate the generation of reasonable dimer, oligomer, and general aggregate
geometries, we introduce an automated computational interaction site screening (alSS) workflow. This
easy-to-use tool combines a genetic algorithm employing the intermolecular force-field xXTB-IFF for
initial search steps with the general force-field GFN-FF and the semi-empirical GFN2-xTB method for
geometry optimizations. Compared with the alternative CREST program, alSS yields similar results
but with computer time savings of 1-3 orders of magnitude. This allows for the treatment of systems
with thousands of atoms composed of elements up to radon, e.g., metal-organic complexes, or even
polyhedra and zeolite cut-outs which were not accessible before. Moreover, alSS can identify reactive
sites and provides options like site-directed (user-guided) screening.

B.1 Introduction

The question of how molecules interact non-covalently and arrange geometrically in an optimal way is
of fundamental relevance for many chemical systems and plays an important role in various physical,
biological, and chemical processes.m] It is crucial for the association and function of supermolecular
dimers and oligomers[zsg], self-assembly of molecules,’**”! or protein-protein and protein-ligand
complexes[39’261] to name only a few examples. Nowadays, computational studies often complement
experimental work to elucidate structure and interaction (free) energies in great detail®*?! and finally
even predict complex reaction mechanisms.?%*! Usually, well-established wave-function theory (WFT)
or Kohn-Sham (KS) density functional theory (DFT) are used as computational methods for simulating
basic molecular properties, but they quickly reach their limits for the structure generation of large
oligomer and aggregate systems containing a few hundred atoms due to high computational costs. This
encouraged the development of various semi-empirical and force field methods that extend the treatable
system size drastically.[264’265] Recent examples are the semi-empirical GFNn-xTB®Y molecular
orbital, tight-binding methods, as well as the generally applicable force field GFN-FFP” | which
proved to provide reasonable Geometries, Frequencies, and Non-covalent interactions (GFN).[266_268]
If only non-covalent interactions (N CIs)[269’27O] are of interest, specialized approaches can be used
that describe exclusively intermolecular interactions'”’!! and otherwise treat the molecules as rigid
fragments. One of these methods is the intermolecular force field xTB-IFF, 47) Which uses specifically
pre-computed electronic properties from xTB for the two interacting molecular fragments to improve
the theoretical description without introducing too much computational overhead. Even though all of
these methods can be used to optimize and analyze intermolecular structures, they cannot generate
them efficiently, for which special algorithms are required. Typically, existing software solutions
for docking molecules focus on protein-ligand binding,mz] which is either based on simple scoring
functions for binding affinities or on a very simplified calculation of the interaction energies between
the fragments.[273’274] Commonly used algorithms can either do rigid docking(, e.g., ZDOCK,*™ and
RDOCK )[276], flexible-rigid docking(, e.g., Flex X,[277’278] AutoDock,[279] and Autodock Vina)[ZSOJ, or
fully flexible docking like Gold, 2811 Glide 8?1 and LeDOCK.***! These highly specialized algorithms
have a limited range of applications (typically restricted to biomolecules) and cannot be applied to
general chemistry. Until now, a universal and easy-to-use method that is capable of finding interaction
sites and generating reasonable dimer, oligomer, and aggregate structures for molecules with sizes
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B.1 Introduction

up to several thousand atoms and arbitrary elemental composition has been missing. To close this
gap, we here introduce a robust and efficient algorithm for this purpose, named automated interaction
site screening (alSS). It enables the investigation of intermolecular geometries for a wide variety of
systems like transition-metal catalysts, zeolites, or MOFs that were inaccessible before due to their size
or chemical composition. The freely available alSS algorithm is designed to be easily applicable also
by computational non-experts and provides useful additional features like site-directed (user-guided)
screening. After a short description of the algorithm, alSS is tested for chemically interesting example
systems, and the interaction energies of the resulting structures are re-evaluated with high-level DFT
methods.

B.1.1 alSS Method

The principal idea of aISS is to find the energetically lowest structure (global energy minimum) of
the largest interaction between two given fragments, which often has a dominant impact in the real
system. A few energetically higher structures (per default 15) are also obtained by the algorithm and
optionally, a more complete ensemble of thermally populated structures can be generated. As the
possible bonding motifs and geometrical structures can be rather diverse and complex, multiple steps
applying different approximations are performed during an aISS run (Figure B.2). The automated
algorithm is invoked with one simple command-line keyword. Only two sets of input coordinates for
the molecular fragments to be combined have to be provided, but information about charges, unpaired
electrons, and different geometrical constraints can be set as well. The procedure then starts with
GEFNrn-xTB computations of the electronic properties of fragments A and B, which are required for the
xTB-IFF interaction energy calculations. This has to be done only once as the information can be used
for any generated intermolecular geometry of fragments A and B. Next, a grid-based xTB-IFF energy
pre-screening is conducted around fragment A with a neutral and artificially +/—0.1 charged rare-gas
atom (Kr), which allows a fast exploration of possible interaction sites. The following three steps
are independently used for generating different intermolecular geometries from the rigid fragments.
Thereby, fragment B is moved around fragment A, and the structures are evaluated in terms of the
xTB-IFF energy. Fragment A will always be the first molecular geometry file given in the program call.
It is recommended to provide the larger fragment first, as the screening process will generally be more
efficient if the smaller fragment is moved around the larger one. Two of the structure-generating steps
aim for typical bonding motifs: a search for pockets in fragment A and a screening for 7—r-stacking
interactions along different directions in three dimensions (3D). The third structure-generating step is
a search for general orientations of fragment B on an angular grid around fragment A including the
best positions of the Kr atom pre-screening. The resulting structures of the pocket search are fully
optimized including all intramolecular degrees of freedom with GFNr-xTB or GFN-FF, while the
energetically lowest structures (per default 100) of the stack and angular search are combined and
refined by a two-step genetic algorithm.[284] This ensures the inclusion of positions and orientations
that are not yet covered by the grid-based searches. During this genetic optimization, first, a random
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Figure B.2: Schematic depiction of the alSS algorithm.

crossover of each pair of positions of fragment B around fragment A is done according to
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where x, y, and z are Cartesian coordinates that describe the center of mass (CMA) of fragment B
with respect to the CMA of fragment A, a, 8, and y are the three Euler rotational angles of fragment
B, and f; — f are random numbers between zero and one. The second step of the genetic optimization
is a random mutation of 50 % of the structures in position and angle. The xXTB-IFF energy of each
newly generated structure is used for ranking, and the genetic step is repeated per default ten times (for
further details, see the Supporting Information). Finally, either a few energetically lowest geometries
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B.2 Results and Discussion

Figure B.3: The lowest energy structures for an example set of complexes resulting from the alSS algorithm.

(per default 15) or all structures with attractive XTB-IFF interaction energy are optimized, depending
on whether just a single structure or an ensemble is requested. For these geometry optimizations,
either the default GFN2-xTB (alSS//GFN2-xTB), or alternatively GFN1-xTB (aISS//GFN1-xTB) or
GFN-FF (aISS//GFN-FF) can be chosen. Optionally, they can be conducted including a standard
continuum solvation model.!'®! This ensures intramolecular relaxation of the rigidly added fragments
and refinement of the entire complex. If not only a dimer, but a trimer or oligomer is desired, the
dimer geometry can be used as an input for a subsequent run to either add a third molecule or to
combine two dimers. This can be repeated iteratively with different fragments until a desired size and
composition of the aggregate is reached. Because the GFN2-xTB electronic property calculations
are conducted for fragments of increasing size, polarization as well as other many-body effects are
accounted for already at this intermolecular force-field level, thereby increasing accuracy and physical
reliability. To ensure the free availability and easy application of the aISS algorithm, we implemented

it in the open-source xtb!3+180] program and provided a detailed documentation.*®”!

B.2 Results and Discussion

B.2.1 General Applicability and Evaluation

To demonstrate the general applicability and efficiency of the algorithm and to validate the re-
sulting structures, we investigated a variety of currently researched dimers and trimers (Fig-
ure B.3).[1827185.286.287] Tpege small to medium-sized systems contain up to 300 atoms including heavy
main-group elements and transition metals, which are usually challenging or not even included for
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Table B.1: GFN2-xTB and r*SCAN-3c¢ (DFT) interaction energies in kcal mol ™! of the molecules shown in
Figure B.3. The structures were generated with the aISS algorithm in ensemble (aISS*) and single-structure
(aISSS) run-type. For comparison, interaction energies for structures generated with the NCI-iMTD workflow
of the CREST program are shown together with computational timings on 14 cores of an Intel(R) Xeon(R) CPU
E5-2660 v4 @ 2.00GHz.

A B C D E F G

ESENZXTB (CREST) -62.0 -29.3 -153.0 -84.0 -26.1 -39.1 -95.0
ECINZTXTE (41555) -62.0 -26.6 -153.7 -83.4 -22.9 -29.2 -101.5

(100 %) (91%) (101 %) (99 %) (88 %) (75 %) (107 %)
ESENZXTB (419SF) -62.0 -28.3 -155.4 -83.5 -255 -36.0 -109.5

(100 %) (97 %) (102 %) (99 %) (98 %) (92 %) (115 %)

2 .

E| SCANT (CREST) —61.1 -12.1 ~1142 -119.2 -233 -239 -50.9
EFSCAN=3¢ (4155S) -60.6 -11.7 -1153 -119.2 -215 -23.7 -57.2

(99 %) (97%)  (101%) (100 %) (92 %) (99 %) (112 %)
EFSCAN=3¢ (41GGE) -61.1 -12.1 -119.8 -121.9 224 -24.1 -54.4

(100 %) (100 %) (105 %) (102 %) (96 %) (101 %) (106 %)
Comp. time (CREST) 64h23 min 5h 3 min 2h9min 12h30min 45h2min 17h15min 32 h4 min
Comp. time (aISSS) 15 min 3 min 8 min 4 min 7 min 5 min 11 min
Comp. time (aJSSE) 13h57min 2h35min 4h32min 5h19min 9h36min 9h22min 27 h 52 min

common force fields that do not employ electronic information. Thus, the default GFN2-xTB 49 \yas
chosen for the final geometry optimizations in the alSS algorithm (aISS//GFN2-xTB). For evaluating
the performance, a comparison with the more elaborated but well-tested and established NCI-iMTD
workflow of the Conformer-Rotamer Ensemble Sampling Tool (CREST)[44’288] is given, which is based
on metadynamics“m and molecular dynamics simulations to find different conformers. GFN2-xTB
was also employed for this NCI-iMTD workflow of CREST. For a quantitative comparison, the
interaction energies (E;,,) for the energetically lowest GFN2-xTB structures are compared. Because
both algorithms search for the global minimum energy structure, the most attractive (negative)
interaction energy corresponds to the best result. For GFN2-xTB (and alternatively for GFN-FF or
DFT) this value was calculated as the difference in total energy of the fully relaxed monomers (E(A)
and E(B)) and dimer (E(AB)), i.e., E,,, = E(AB) — E(A) — E(B). Additionally, r’'SCAN-3c!'*"!
interaction energies were calculated after geometry re-optimization of the GFN2-xTB structures to
validate the results with a very accurate approach for NCIs and conformational energies. Therefore,
the Commandline Energetic Sorting of Conformer Rotamer Ensembles (CENS 0)1> program was
employed to filter and to re-optimize the ensembles resulting from either the NCI-iMTD workflow of
CREST or the ensemble run-type of the alSS algorithm, respectively. For the single-structure aISS
run-type, only the best GFN2-xTB structure was re-optimized. The resulting interaction energies are
shown in Table B.1 as absolute values and as percentages of E; relative to the NCI-IMTD results
for comparison together with the timings on a usual desktop computer. For the cationic trimethine
cyanine within the cucurbit[8]uril (Figure B.3, A), (1851 the interaction energies of the alSS structures
are almost identical to those from the NCI-iMTD algorithm. This indicates a similar structure quality
and holds also for the electronically difficult cationic, open-shell octamethylated-naphthalene complex
between naphthalene and the anionic antimony hexafluoride (Figure B.3, D)%% and the paramagnetic
copper complex (Figure B.3, E).[2%7] Noteworthy is the tremendous difference in computational time.
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Figure B.4: The best structure of the rhodium-organic cuboctahedra inside the Pd gLgs(BF,)9s Goldberg
polyhedron found with the aISS//GFN-FF algorithm. Hydrogen atoms are omitted for clarity. Pd is depicted in
light blue, Se in orange, B in pinkish, and Rh in light sea green.

While the CREST runs take days to weeks (up to 64 h 23 min), the aISS runs complete within a few
minutes. The examples of the perfluoroorganyl iodine dimer (Figure B.3, B),[183] and the titanium
complex in Figure B.3, F,!"%% show a somewhat less attractive GFN2-xTB interaction energy for the
alSS structures, but upon employing r*SCAN-3c¢ for E;, they become almost identical again. This
shows that the alSS single-structure run-type is able to find reasonable structures, even for cases
where the GFN2-xTB potential energy surface deviates from the usually more realistic DFT energy
surface. The example of two perfluoroorganyl iodine cations and one bistriflimide anion (Figure B.3,
C),18 reveals another advantage of the aISS over MD-based approaches. During the CREST run,
the electronically complex monomers had to be constrained to avoid covalent bond breaking in the
molecules during the biased (high-energy) metadynamics simulations, while for the alSS algorithm
no further constraints had to be set. The CREST run led therefore to a less relaxed structure compared
to the alSS result as seen in a slightly more attractive E;,, for the latter. The imposed restriction is
also notable in the CREST simulation time which is only in this case smaller compared to the aISS
ensemble run-type. If more complex systems with multiple molecules like the mercury-complex
trimer (Figure B.3, G)!'3¥ are modeled, the conformational space is often too large to find the global
minimum energy geometry within reasonable MD simulation times.®”! In such cases, the more
systematic alSS algorithm yields better results in only a tiny fraction of computational time. In
comparison, the r’SCAN-3c¢ geometry optimizations took between 1 h 18 min (Figure B.3, D) and
8 h 31 min (Figure B.3, E). Hence, if DFT-optimized geometries are required, this can become the
computational bottleneck, especially for the CREST and alSS ensemble approaches, where a large
number of structures are optimized.

The high efficiency of alSS, especially in combination with GFN-FF geometry optimizations
(aISS//GFN-FF) instead of GFN2-xTB, together with its universal applicability, enables the treatment
of systems that were not possible before. As an example, a rhodium-organic cuboctahedron!!®¢!
was added into the largest self-assembled Goldberg polyhedron Pd,gLog(BF,)os./'"" The resulting
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possible interaction sites
experimentally observed protonation site

Figure B.5: Addition of oxonium to the micelle. Possible interaction sites are marked in blue. The experimentally
observed protomer found correctly by alSS is marked in yellow.

structure (Figure B.4) contains 4296 atoms in total, which makes other computational approaches like
CREST unfeasible due to their much higher cost. Moreover, the system is composed of borate anions,
selenium, palladium, and rhodium, which excludes the application of other current docking software
focusing on biomolecules. The total computation time on 14 cores of a usual desktop computer
amounts to just 29 h, where the searching of interaction sites and the generation of the structures took
1 h while the final GFN-FF geometry optimizations took about 24 h.

To further highlight the general applicability, we treated the single-chain proteins Barnase and
Barstar**”! with the alSS//GFN-FF algorithm employing the ALPB water solvation model.["8!)
Different from common docking software for biomolecules, no manual atomic charge assignment
or other preparation had to be done as the required properties are automatically generated by the
GFN2-xTB single-point calculations of the fragments. The energetically lowest, GFN-FF-optimized
Barnase-Barstar dimer resulting from the alSS algorithm (Figure S4 in the Supporting Information)
shows a reasonable interaction geometry, similar to the one observed in the X-ray structure.?*! Tts
GFN2-xTB interaction energy in water, calculated as the difference between the electronic energies
including solvation of the dimer and the isolated monomers in the dimer geometry, amounts to a
realistic value of —143.1 kcal mol ™" .

B.2.2 Reactive Sites

With the aISS//GFN2-xTB workflow, also real chemical reactions are accessible if the energy barriers
from the initially found NCI complexes are small enough to be overcome during the final GFN2-xTB
geometry optimizations, which simplifies the identification of reactive sites. For demonstration,
the protonation of a micelle cut-out was investigated (Figure B.5).1"88 These kinds of biomolecular
structures gained a lot of attention due to their possible use as an anti-tumor drug targeting system.
From the experiment, it is known that the benzoic imine moiety (Figure B.5) is the pH-sensitive linker
and gets cleaved reversibly in acidic solutions."'® To explore this behavior, alSS was used with the
implicit ALPB water solvation model"®! to add an oxonium ion to the micelle cut-out to simulate
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Figure B.6: Favored interaction site (A) and two directed interaction sites (B, C) of a sodium cation and a
tetrahydrofuran-2,5-dicarboxylic acid at a faujasite-based zeolite according to the alSS//GFN2-xTB algorithm.
Hydrogen atoms are omitted for clarity. Sodium cations are depicted in purple, silicon in beige.

acidic conditions. Even though the substrate exhibits many different basic interaction sites like alcohol,
ether, amino, and aldehyde functionalities, the result shows that not only was the correct protonation
position found, but also the experimentally observed proton transfer occurred during the subsequent
GFN2-xTB geometry optimization. Thus, realistic modeling of small-barrier reactions can easily be
done with the alISS.

B.2.3 Directed Interaction Site Screening

Another unique feature of the aISS algorithm is the directed addition of molecules to certain functional
groups and sites defined by the user. Hence, it becomes possible to study interactions at possibly
active sites of a molecule that must not be energetically most favored or to restrict the search space
according to chemical knowledge or interest. This can be done in two ways: by either adding a
distance-dependent repulsive potential to the atoms outside a user-defined region or by adding an
attractive potential to the desired interaction site. Both bias potentials are added only for the xXTB-IFF
energy screening to prevent unphysical structures after the subsequent geometry optimization. The
repulsive potential is useful for strongly interacting molecules with large interaction sites, e.g., large
biomolecules like proteins and DNA. Here, an attractive potential would possibly result in a too short
distance between the two fragments as the strong attraction is further enhanced. The attractive potential
is preferred for weakly interacting or sterically crowded molecules like stereoselective catalysts.
Applying the repulsive potential to systems with such sterically crowded interaction sites might lead
to a complete repulsion of the added fragment. As an example, different interaction sites of a faujasite
zeolite (Figure B.6) are investigated for catalytic activity. These kinds of catalysts offer different
confinements for exchangeable sodium cations that can be used for Diels-Alder reactions. Thereby, the
sodium placement on multiple accessible sites does play an important role in the course of different
Diels-Alder reactions."””! These sites can be modeled easily by performing a directed placement of
the sodium cations first and then adding the substrate. Fixing the cut-out geometry of the zeolite in
the aISS//GFN2-xTB run ensures that the crystal structure geometry is kept. Some of the resulting
complexes are shown in Figure B.6. The different positions of the sodium cation directly influence the
orientation of the substrate, which will result in spatially and electronically different surroundings.

65



Appendix B Automated and Efficient Generation of General Molecular Aggregate Structures

Figure B.7: Favored interaction site (A) and to the amine directed interaction site (B) according to the
alSS//GFN2-xTB algorithm. Pd is depicted in dark turquoise, Br in dark red, and P in orange.

This causes different GFN2-xTB interaction energies: —206.7 kcal mol ™! for the non-directed docking
(Figure B.6, A), while the other positions yield energies of —201.1 kcal mol ™! (Figure B.6, B) and
~192.9 kcal mol ™! (Figure B.6, C). Another example is from the field of transition-metal catalysis:
the Buchwald Hartwig amination of bromobenzene and (S)-3-amino-2-methylpropan-1-ol with a
Pd(BINAP) catalyst.[lgg] After the oxidative addition of bromobenzene to the catalyst, the amine
approaches the palladium center for the following reductive elimination. Modeling this intermediate
without the use of the directed interaction site screening leads to the formation of a halogen bond
between bromine and the alcohol moiety (Figure B.7, A). To focus on the amine group, the attractive
bias potential in the alSS algorithm can be used. This leads to the low-energy structure with the amine
directly bound to the palladium of the catalyst (Figure B.7, B), as required for the further course of the
reaction. Hence, the directed interaction site screening can not only be used to investigate different
adsorption sites, but also to generate realistic geometries for the clarification of reaction mechanisms.

B.3 Conclusion

The generation of general dimer, oligomer, and aggregate geometries is a challenging problem for
computational chemists. With alSS, a general and robust automated interaction site screening workflow
is presented that efficiently generates physically reasonable intermolecular geometries of molecules
containing thousands of atoms with elements up to radon. Itis easily applicable, requires only fragment
input coordinates, and can iteratively be employed to investigate even complex reaction mixtures.
For medium-sized test systems, the generated structures are comparable in quality (and sometimes
even better) than those from elaborated MD-based searching methods. The huge computational time
savings enable the investigation of systems with several thousand atoms that could not be treated
before. Moreover, reactive sites can be identified, and low-barrier reactions like protonations can be
modeled with aISS//GFN2-xTB. One of the unique features is the directed interaction site screening
of molecules at certain regions or functional groups, allowing the treatment of user-defined reactions
or binding sites. A computer program implementing aISS can be downloaded free of charge,[lgo] and
detailed instructions on how to use the program can be found online.[*]
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Abstract

An automated and broadly applicable workflow for the description of solvation effects in an explicit
manner is introduced. This method, termed Quantum Cluster Growth (QCG), is based on the semiem-
pirical GFN2-xTB/GFN-FF methods, enabling efficient geometry optimizations and MD simulations.
Fast structure generation is provided by the intermolecular force field xXTB-IFF. Additionally, the
approach uses an efficient implicit solvation model for the electrostatic embedding of the growing
clusters. The novel QCG procedure presents a robust cluster generation tool for subsequent application
of higher-level (e.g., DFT) methods, to study solvation effects on molecular geometries explicitly
or to average spectroscopic properties over cluster ensembles. Furthermore, the computation of the
solvation free energy with a supermolecular approach can be carried out with QCG. The underlying
growing process is physically motivated by computing the leading-order solute—solvent interactions
first and can account for conformational and chemical changes due to solvation for low-energy barrier
processes. The conformational space is explored with the NCI-MTD algorithm as implemented in the
CREST program, using a combination of metadynamics and MD simulations. QCG with GFN2-xTB
yields realistic solution geometries as well as reasonable solvation free energies for various systems
without introducing many empirical parameters. Computed IR spectra of some solutes with QCG
show a better match to the experimental data compared to well-established implicit solvation models.

C.1 Introduction

Current chemical research, e.g., on stereoselective catalysis in organic synthesis,mz] electrochemical
capacitors for energy storage,[293] or protein folding in living organisms,[294’29s] is all connected by the
fundamental question of how solvent molecules interact with solutes and surfaces in the condensed
phase. To answer this question, an adequate description of solvation effects is inevitable. Nowadays,
theoretical chemistry is capable of providing highly accurate quantum mechanical (QM) calculations
in the gas phase, whereas most experiments are carried out in solution. To compare experimental
findings and theoretical simulations, a reliable solvation model has to be included in the calculation.
Quantitative theoretical predictions of thermodynamic properties for molecules in solution require an
accurate description of the interaction between solvent molecules themselves and their very specific
interaction with the solute.[>*®’ Therefore, the calculation of mass densities, enthalpies of vaporization,
heat capacities, surface tensions, dielectric constants, solvation free energies, and other properties of
molecules in solution remains a challenging task for computational chemistry and is part of current
theoretical research!®®’ %!,

Methods for evaluating solvation effects can be roughly classified into two categories.BOO] Explicit
solvation models!®’3°"3%%! gescribe the individual solvent molecules, whereas implicit models!>3303)
treat the solvent as a continuous medium, mainly characterized by its dielectric constant & [3031
Combinations of explicit/implicit solvation models are conceivable, in which, e.g., the first solvation
shell is built up from explicitly placed solvent molecules, while the remaining shells are treated
implicitly by continuum embedding. Furthermore, each of these methods may be conducted at the
classical molecular mechanical (MM) or quantum mechanical (QM) level of theory, or the combination
of both in so-called QM/MM schemes. [304.305] Recently, great advances were made in the context
of polarizable molecular mechanics models that are commonly used to compute many molecular
properties and that can reproduce solvation effects.***~ %! Continuum solvation models consider
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the solvent as a continuous isotropic medium. The solvent is replaced by an electric “reaction field”
that represents a statistical average of all solvent degrees of freedom at thermal equilibrium.“S3J
The solute is placed in a suitably shaped hole in the medium, thus creating a cavity. In standard
polarizable continuum models (PCM),P%! the polar electrostatics can be decoupled from the nonpolar
interactions, and the solvation free energy can be written as

G oty = 6G ity + 6G iy + 6Geees (C.1)

solv cavity

where the three terms are the free energy of cavitation, dispersion, and electrostatic energy.mo] The
latter contribution in PCM models is mostly approximated through solving the Poisson—Boltzmann
(PB) equation[3“’312] or further simplified by using the generalized Born (GB)473133151 e,
Nowadays, the most commonly applied version of the PCM model is a reformulation of dielectric
PCM (DPCM) in terms of the integral equation formalism termed IEFPCM"'%. The conductor-like
screening model/conductor-like screening model for real solvents (COSMO“SSJ/COSMO—RS““’]M])
is a variation on Poisson—-Boltzmann PCM. In COSMO, the dielectric permittivity is set to infinity
(& = ), which defines the solvent as a conductor. COSMO-RS results from the combination of
the COSMO approach with the statistical thermodynamics of interacting surfaces.®!”! The COSMO
approach is also employed in a further variation of PCM, the conductor-like polarizable continuum
model (CPCM)[154]. Other continuum solvation models, e.g. SMD, also include the QM charge density
of a solute molecule interacting with a continuum description of the solvent.!'**] Implicit solvation
models are computationally efficient and were successfully applied in many computational studies
(see, e.g., Refs.318,319,320,321). COSMO and COSMO-RS are the default models for computational
chemistry work at the DFT level in our group. Nevertheless, the main disadvantage of implicit models
remains the inadequate description of very polar or charged species, mainly because strong directional
and local interactions between solute and solvent molecules, i.e., noncovalent interactions, ionic
and hydrogen bonds, are not treated properly. By neglecting explicit solvent molecules, important
interactions are missing or only described poorly.[68’322_324] Explicit solvation models use molecular
dynamics (MD)[325’326] or Monte Carlo (MC) statistical mechanics®?"*?! simulations to generate
molecular ensembles and corresponding energies. Differences in free energies are obtained by applying
free energy perturbation (FEP) theory,[lss] thermodynamic integration (TI),[161] or Bennett’s acceptor
ratio (BAR) method.!"®"! Free energy methods that use data from MD or MC simulations require a
large number of steps to converge, and thus, suffer from the issue of insufficient phase space sampling
to estimate the ratio of partition functions. For a short overview of explicit solvation treatments and
related approaches, see Refs. 159,329,330,331. At this point, quantum cluster equilibrium (QCE)
methods should also be mentioned, comprising the essential idea of applying statistical mechanics to
quantum chemically calculated clusters to obtain thermodynamic properties of the liquid (condensed)
and the vapor phase.[332f334]. In the SAMPLS challenge of calculating host—guest binding free energies,
it was found that methods involving explicit solvent molecules, in general, perform better than implicit
solvation models.** Therefore, recent developments turned their sights on hybrid cluster—continuum
model approaches, where explicit water molecules were added to the continuum model to describe
alkane complexation in self-assembled capsules or calculate the solvation free energies of small
molecules in aqueous solution.!®>2%?33%) 1 4 recent study by Bensberg et al., the electrostatic PCM
energy was partially replaced by an explicit solvent molecules treatment in the context of sub-system
density functional theory (DFT), which was already successfully applied to systems of different sizes
containing water and cyclohexane as solvents. [63]
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Here, the idea of combined cluster—continuum models is extended significantly in terms of molecular
size and versatility. We propose a new QM and force-field (FF) based hybrid solvation model, in
which large molecular clusters of any solute are generated fully automatically by successively adding
explicit solvent molecules. With cluster sizes up to a few hundreds of atoms and the possibility to
include all elements up to radon (Z < 86), a large part of the chemical compound space can be covered
and any solute—solvent combination is in principle accessible, with no restriction in charge or spin
state. This newly developed procedure is denoted as Quantum Cluster Growth (QCG) and can be
applied to study the effect of explicit solvation on various properties at the QM level of theory. For
computational efficiency reasons, semiempirical quantum mechanical (SQM) methods in combination
with even faster FFs are employed[84] in the generation process. The resulting cluster ensembles may
serve as input for subsequent high-level DFT or wave function theory calculations. In the context of
microsolvation, the herein proposed cluster growing algorithm can automate the detection of important
interaction sites and therefore, replace laborious approaches[248’337_339j or can be an alternative to
other workflows.[>%401 Ap example for a recently developed, automated explicit solvation workflow
is the AutoSolvate toolkit for generating clusters of organic solutes in several solvents.**!! Further, the
QCQG algorithm is extended to compute solvation free energies by a novel supermolecular ansatz. In
contrast to many existing proposals, this includes the explicit calculation of cluster entropies, giving
access to G, as well as 6H, values.

After a description of the theoretical background, technical details of the QCG algorithm are given
and the cluster generation process is examined statistically. In a first application example, the quality
of the generated clusters is assessed in comparison to other (micro)solvation tools. The effects of
explicit solvation on molecular geometries are evaluated in the framework of MD simulations and IR
spectra calculation. Solvation free energies are computed for a test set of small organic molecules
in comparison to established implicit solvation models. As an outlook for future applications, free
association energies of supermolecular complexes in solution are calculated.

C.2 Theoretical Background

QCG represents a fully automated approach to describe a molecule in solution in an explicit manner at

a QM level of theory. Therefore, molecular clusters of the solute (A) with a given number 7 of solvents

() are generated by adding one solvent molecule at a time to an energetically favorable position
Agas) + S(gas) > [AS]gay)

[AS] (gas) + S(gas) - [ASQ] (gas)
(C.2)

[AS-1] gas) + Steasy — 1480 ] ) -

The square brackets in Equation C.2 indicate a noncovalent interaction (NCI) complex. The formation
of new covalent chemical bonds between solvent and solute is possible as long as the underlying QM
or FF method can describe it and deserves no special attention. First, the fully automated cluster
ensemble generation procedure is outlined in Section C.2.1. In Section C.2.2, an extension to the
QCG algorithm is proposed that enables the computation of solvation free energies.
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Figure C.2: Schematic illustration of the QCG algorithm.

C.2.1 Cluster Ensemble Generation

The automated cluster generation part of the QCG algorithm may be subdivided into two steps. Both
are illustrated in the QCG workflow in Figure C.2.

The first part describes the cluster growth process, consisting of a repeating cycle in which each turn
increases the cluster size by one solvent molecule. As input, only the solute and solvent geometries are
required. Optimal complexation (docking) positions for added solvents are determined with a genetic
(global) optimization algorithm employing the intermolecular force field xTB-IFF*"!. The necessary
QM information is generated on-the-fly with GFN2-xTB* and consists of the Mulliken atomic
charges, charge centers of localized molecular orbitals, frontier orbitals, and orbital energies. The
interaction energy surface between the growing cluster and the added solvent molecule is screened,
and the most favorable positions at XTB-IFF level are determined and re-optimized at the GFN2-xTB
level of theory. Repulsive wall potentials (vide supra) are applied throughout the growing process to
“shape” the solute—solvent cluster properly. Complete and consistent coverage of the solute with a
minimum number of solvent molecules is the target. The great advantage of QCG in comparison to
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A B C D

Figure C.3: Examples of QCG generated solute—solvent clusters: (A) acetophenone solvated by 40 explicit
molecules of dichloromethane. (B) Butylferrocene (n-Butylcyclopentadienyl(cyclopentadienyl)iron(Il)) sur-
rounded by 55 molecules of THFE. (C) Fullerene Cg, solvated by 10 PCDA (10,12-pentacosadiynoic acid)
molecules. (D) Taxol within a eutectic solvent consisting of choline chloride and urea.
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Figure C.4: Solute—solvent interaction energy (blue) and moving average (yellow) as a function of cluster size
for the examples in Figure C.3.

other explicit solvation tools is the general applicability, as most of the required parameterization is
inherent and already existing in the underlying SQM and FF methods. To highlight this characteristic,
molecular clusters of various (exotic) solute—solvent combinations were generated with QCG and are
depicted in Figure C.3.

In QCG, the interaction energy of the solute with the surrounding solvent molecules is computed
in each growing step. It could be taken as a convergence criterion for the growing and is fulfilled
when the change in energy by the addition of another solvent molecule becomes smaller than a certain
threshold. We observed an irregular convergence behavior due to fluctuations in the solvent shell,
which was also observed in other cluster—continuum approaches.[65’340] Hence, the simple moving
average of the interaction energy is chosen instead as an alternative convergence criterion, where the
threshold is set to 107 E,. The convergence behavior of the interaction energy E;  (and its moving
average) with regard to the cluster size is shown in Figure C.4 for the previously introduced examples
(cf. Figure C.3). It is found that for systems (A) (acetophenone in CH,Cl,) and (C) (Cg) in PCDA)
the interaction energy converges when roughly the first solvation shell is filled. Interestingly, for (B)
(butylferrocene in THF) and (D) (taxol in an eutectic solvent) filling the second solvation shell leads to
rearrangements in the first shell, leading to an increase in the solute—solvent interaction energy. As the
QCG algorithm optimizes the total cluster energy rather than the solute—solvent interaction, an increase
in E;, can occur. Although the moving average would be applicable as a convergence threshold in
general, the number of solvent molecules can vary in different cluster growth runs. Hence, in the
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following, the target number of added solvent molecules (user input) is chosen as an exit criterion in
the algorithm due to practical reasons and to obtain better reproducibility.

The QCG algorithm is non-deterministic, and a single cluster geometry is of limited value. With
increasing cluster size, the number of local minima on the PES grows drastically, giving rise to millions
of possible conformations already for medium-sized systems. Thus, statistical averages over many
parallel generated clusters must be computed to determine equilibrium properties and the entropic
contribution of each cluster. Therefore, the second step of the cluster generation process in QCG is
the sampling of phase space by a combination of MD and metadynamic (MTD) simulations. We
employ the NCI-MTD algorithm as implemented in the CREST program to generate an ensemble of
energetically low cluster structures.**!""1 However, the computational demands of this algorithm for
common computational resources can only be met at the FF level of theory. Therefore, the recently
developed GFEN-FF®" method is used as the underlying level of theory. This combination has already
been successfully applied in similar situations to determine protein conformations and to bind gases
in metal-organic cages.[267’342] As an alternative to NCI-MTD, similar algorithms are implemented
in QCG, where just one MTD or MD simulation is performed instead of multiple ones. The cluster
ensemble generated at the FF level is then re-optimized at the GFN2-xTB level of theory. Thereupon,
final single-point energy calculations are performed in the absence of any constraints (wall potentials),
always at the same level to obtain the averaged ensemble energy E. This can be done, with or without
the implicit ALPB or GBSA solvation model® '8! to minimize artificial surface effects.

Wall Potentials

An unbiased cluster growing process may lead to incomplete coverage of the solute and to an
inconsistent description of the solvated system as it usually occurs in the bulk solvent. To enhance the
coverage of the solute and to prevent irregularities in the growing process, a dynamic, repulsive outer
wall potential is applied to shape the outermost solvent shell. The form of the repulsive potential is
chosen as an ellipsoid. This choice allows for adapting to the solute’s geometry, varying from spherical
to axial, and resulting in a more uniform distribution of the solvent molecules around the solute.
Thus, the outer wall potential prevents the accumulation of solvent molecules at a specific binding
site. In addition, a second inner wall potential is applied to keep the solute fixed in the center of the
growing cluster. This prevents, e.g., the move of hydrophobic molecules in polar solvents like water to
the cluster surface. Both potentials are applied within the xTB-IFF docking steps, the GFN2-xTB
geometry optimizations, and the conformer search (NCI-MTD). The arrangement of the potentials
is illustrated for an exemplary system in Figure C.5. The reasonable choice of the potential is a
challenging task. On the one hand, the potentials must ensure that any solute molecule is covered
by any solvent, which is difficult for solute—solvent combinations with very different polarities and
structures. On the other hand, the potentials should allow conformational reorganization during the
growing process and hence should not be too restrictive. The QCG algorithm calculates the three
principal axes of an ellipsoid according to different geometrical and solute/solvent-specific criteria.
The closer a molecule is to the surface of the ellipsoid cavity, the more repulsive is the applied wall
potential. The energy contribution E,,; given by the ellipsoid potential is defined as a steep polynomial

function

N 10

Epot = Z

i

R

(C.3)

pot
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Figure C.5: Inner and outer wall potential applied during the QCG procedure to shape the molecular clusters.

In Equation C.3, the summation runs over all atoms N, R; are the Cartesian coordinates of atom i, O
is the center of the potential (i.e., the origin), and R, are the principal semi-axes of the ellipsoid
potential parallel to R; — O. The inner potential is only applied to the solute to fix its position
during the cluster generation process. Therefore, it is rigid and does not change within the growing
process. The outer potential is dynamic and increases as the number of solvent molecules within
the cluster rises. For the solute and solvent molecule, diagonalization of the inertia tensor results
in the principal moments and unit ellipsoid axes a > b > ¢ and yields important information about
the molecular geometry. In addition, the excluded volume of overlapping spheres V is computed via
analytic equations for solute and solvent molecules using the arvo package.[343] To further describe
the geometry of a molecule, a structural factor F,, is introduced to account for further geometrical

properties
a-c
F = 1+ —. (C4)
¢ \/ % (a+b+c)

F, is a measure of how strongly a molecule’s shape differs from an ideal sphere. For spherical
molecules, F, simply reduces to unity, and for arbitrarily shaped molecules F,, > 1 holds true. The
volume and radius of a cavity hosting the solute and n solvent molecules need to be properly sized.
For the outer cavity, all requirements are fulfilled in Equation C.5

3 3
+:8'Rmax +71, (CS)

F
Rout = [E (70 n Vsolvent + Vsolute)

where the cavity radius is determined by calculating the third root of the added molecular volumes.
The contribution of the solvent molecules to the overall volume is scaled by the geometrical correction
factor F,,. R, is the maximal internal distance within the solvent molecule scaled by the empirically
determined factor 8 (usually = 0.5). vy, is an added constant to damp the long-range effects of the
polynomial wall potential. Adding more solvent molecules to the cluster increases the radius of the
cavity, leading to a dynamic outer wall potential. The static inner cavity is hosting the solute, and its
radius is calculated according to Equation C.6. The radius is independent of the number, where R,
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Solvent Cluster - Solute
[S”] (sol) A(gas)

Figure C.6: Example system of toluene in 60 molecules of water for the calculation of the free solvation free
energy 0G, according to a supermolecular approach.

is the maximal internal distance within the solute

3F, :
Rin = ? : Vsolute +ﬁ : Rmax +7>. (C.6)

To obtain the desired principal semi-axes R,,,,, (¢f. Equation C.3) of an ellipsoid, the radii of the inner
and outer cavity are projected onto the unit axes of the solute. This results in an ellipsoid capable of
hosting the cluster during the generation process.

C.2.2 Solvation Free Energies

One of the fundamental quantities to describe the interaction of a solute with a surrounding solvent
is the free energy of solvation dG;, that describes the change in free energy upon transferring a
molecule from the (ideal) gas state to a solvent at a certain temperature and pressure.[159’338’344’3 3]
This quantity can be calculated with QCG in a supermolecular approach as the difference in total
free energy of the isolated solute A (gas phase), and the "filled" [AS,,] and "empty" [S,,] clusters
visualized in Figure C.6. This can be applied to any solute and requires the total free energies of
the solute in the gas phase G(A) 4,y), the pure solvent cluster G([S,]) s and the solute cluster
G([AS,]) sor) (Equation C.7), each consisting of the respective total electronic energy and the sum of
corrections from energy to free energy in the modified rigid-rotor-harmonic-oscillator approximation
(mRRHO) including zero-point-vibrational energy (ZPVE).[138]

6Gsolv(A) = G([Asn])(sol) - G([Sn])(sol) - G(A)(gas)' (C.7)

To keep the algorithm computationally efficient also for large molecular clusters, GFN2-xTB
is employed to calculate the electronic energies and GFN-FF for the thermostatistical mRRHO
contributions. In QCG, the solute is surrounded by a limited number of solvent molecules, which
resembles only a cutout from the infinitely diluted solute in the condensed phase of the solvent. Hence,
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for finite cluster sizes, an additional embedding in a GBSA continuum model is employed.[lgl] This
approach is common practice in cluster—continuum models and leads to faster convergence of 6G,
as a function of the cluster size.[>*4*3%1 For n — oo the effect of the continuum model is vanishing.
In the next step, it is important to distinguish between the free energy of an individual equilibrium
structure and the ensemble value of the previously generated and optimized cluster structures (see
Section C.2.1). Assuming that all degrees of freedom (DOFs) are separable, the free energy of the
(cluster) structure ensemble (SE) is obtained asBS],

GSE = 6 + Gconf’ (CS)

where G ¢ is the conformational free energy part of N distinguishable conformers in the SE calculated
from the Gibbs—Shannon entropy according to Ref. 347

N
Gconf =-T Séonf = RTZ Pi In (pi) . (C9)

Hence, the conformational free energy G is included if a complete ensemble of low-energy clusters
is found. Further, the average G in Equation C.8 is given by

G = ZpiGi, (C.10)

with the Boltzmann weight p;
-G;/kgT
e
pi= W (C.11)

J
and the molecular free energy G = E + G grrpo of the ensemble member i. Note that the molecular
entropy of each species (solute cluster, solvent cluster, solvent) is explicitly calculated. Taking into
account the SE of the solute clusters, the solvent clusters, and the solute molecules, Equation C.7 must
be rewritten in terms of structure ensembles

6Gsolv(A) = GSE([ASn])(sol) - GSE([Sn])(sol) - GSE(A)(gas)' (C.12)

Hence, for a complete cluster ensemble, i.e., n — oo, the solvation energy should approach the true
solvation free energy for transferring 1 mol/L solute from the gas phase into solution with the same
concentration. The required volume work pAV is added to Equation C.12. Considering the SE for the
solute molecule in the gas phase is necessary for flexible molecules, and is mentioned here for the sake
of completeness. The application examples (vide infra) are restricted to rather rigid molecules and
hence the ensemble average for [A] 4, can be neglected. If all entropic contributions are discarded
and only the zero-point-vibrational and H(T) terms are taken from the mRRHO calculation, the
solvation enthalpy 6 H,, (A) is obtained directly, without additional computational effort.

0H o, (A) = Hsg ([AS 1) (so1y = Hsg([Sn]) (so1) = Hsg(A) (gas)- (C.13)

Hence, the extended QCG approach also enables the calculation of solvation enthalpies and entropies
separately, which is, to the best of the authors’ knowledge, a unique feature among existing hybrid-
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Figure C.7: Workflow of the cut-fix-fill (CFF) algorithm. The solute is cut out from the cluster and replaced by
solvent molecules. The energy of the desired reference cluster is interpolated from the filled cluster.

continuum models. The subtracting scheme given in Equation C.12 automatically includes the energy
required to create a cavity inside the solvent G4y, including entropy contributions and the loss
of solvent—solvent van der Waals interactions. Hence, in contrast to implicit solvation models, the
estimation of G, is not needed in the QCG theory. Moreover, the electronic energies of the
ensembles are computed by single-point computations without the wall potentials to ensure that the
biasing potential does not enter the solvation free energy directly.

Generating Reference Clusters

Reference ("empty") clusters of pure solvent molecules are generated by employing the newly developed
cut-fix-fill (CFF) algorithm. A schematic representation is given in Figure C.7. The computational
effort invested in the cluster ensemble generation is recycled in the process of generating the reference
cluster ensemble by replacing the solute molecule in the generated clusters with a number of solvent
molecules. In a first step, the solute is cut out of the cluster and the remaining solvent shell is kept
fixed in the following steps by setting the forces on the respective solvent molecules to zero. Secondly,
analogous to the growing procedure, XTB-IFF docking and GFN2-xTB optimization steps are applied
to fill the created cavity in a step-wise fashion. The cluster is considered to be filled when no further
solvent molecule can be placed inside the cavity, which is supervised by energetic (positive interaction
energy) and geometric (volume of inserted solvent exceeds solute volume) criteria. The CFF algorithm
unavoidably increases the number of molecules. Thus, the energy of the reference cluster with the
initial count of solvents is calculated from the energy of the filled cluster by multiplication with a
factor n/(n + x), where n is the initial number of solvents and x the number of solvents placed inside
the cavity. The reason for using the CFF approach compared to an additional MD-based ensemble
generation is that a close structural similarity of the solvent shell in both the solute and the reference
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cluster is ensured, leading to beneficial error compensation effects. This minimizes statistical noise
and is important since slight changes in the solvation shell may cause significant energy changes,
especially for highly polar and protic solvents.

C.3 Technical Details

The QCG algorithm is implemented in the open-source CREST!*! program and a detailed manual

with examples can be found online.!”® Here, we will limit the explanation only to the most important
features. The QCG algorithm is invoked by crest <solute> -qcg <solvent>. The user has to
provide only the solute and solvent input coordinates. As discussed in the previous sections, the
QCG algorithm consists of: i) the cluster growth, ii) the ensemble generation, and iii) the reference
cluster construction for the computation of solvation free energies, including the respective calculation
of thermostatistical contributions. The cluster growth is invoked with the addition of -grow to the
command line input and can be carried out with all GFN methods. By default, GFN2-xTB is employed
as the xXTB-IFF docking is usually the time-limiting factor. The added number of solvent molecules
can either be set manually (-nsolv), or automatically determined by a moving average threshold of
the solute—solvent interaction energy (cf. section C.2.1). In the case of water as solvent, the outer wall
potential is scaled per default by 0.7. This factor is increased by 5 % each time the interaction energy
is positive or if the default of 1.0 is reached. It can be adjusted by the user for any solvent.

To conduct the ensemble generation of the grown cluster, the -~ensemble flag is employed (instead
of -grow). As a starting point, a cluster after the growth algorithm is used that is either generated
during the same or a previous run. Therefore, a single MD/MTD simulation or the NCI-MTD run
type is available. By default, the latter is performed at the GFN-FF level of theory with MTD and
MD simulations of 10 ps length, respectively. To obtain the qualitatively best cluster ensemble for
reasonable computational costs, final geometry optimizations are conducted by GFN2-xTB. The
MD/MTD length can also be varied by the command line input. Choosing the single MD/MTD
simulation instead of the NCI-MTD run type, a GFN2-xTB MD/MTD simulation of 10 ps length is
performed by default at 298 K. The computation of the solvation free energy is invoked by -gsolv and
requires a solute—solvent cluster ensemble. 6G;, values are computed according to Equation C.12,
where the free energies of the solute and reference clusters are obtained as the Boltzmann weighted
average of the ensemble (Ggg, ¢f. Equation C.10). By default, every solute cluster populated by
more than 10 % is taken into account. Starting from these structures, the reference cluster ensemble
is constructed by the CCF algorithm (c¢f. section C.2.2). Every geometry optimization during the
CFF algorithm is performed with GFN2-xTB, similar to the ensemble generation step. For the final
single-point calculation, the solute- and reference clusters are additionally embedded in a continuum
solvation model. Either the GBSA or ALPB solvation model can be chosen.®™'®!1 The total free
energy of a cluster is calculated as the sum of the single-point energy and thermostatistical contribution
G .rruo- Therefore, QCG computes the harmonic vibrational frequencies of all solute- and reference
clusters populated more than 10 % to ensure computational efficiency by considering the most relevant
structures. For this step, GFN-FF is the default, but all GFN methods can be applied. Entering
the liquid phase limits the translational and rotational degrees of freedom of the solute molecule.
To mimic this effect, the corresponding entropic contributions to G rryo are reduced by 25 % (cf.
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Equation C.14)
GmRRHO = (Htrans + Hrot + Hvib) -T [075 (Strans + Srot) + Svib] ’ (C14)

whereas the vibrational contribution remains unchanged. The scaling factor of 0.75 was empirically
determined and can be adjusted for each solvent individually. Nevertheless, this imposes no restriction
to the general applicability of the QCG approach. Lastly, the conformational free energy part G s of
the cluster ensembles and the volume work to transfer a solute molecule from an ideal gas to an ideal
solution at molar concentration (1 mol L_l) are included in QCG.

C.4 Computational Details

The QCG algorithm was applied as implemented in the CREST pro gram.[44’348] Unless stated otherwise,
the default settings were employed throughout this work. Final single-point energies were calculated
at the GFN2-xTB level of theory with the implicit GBSA solvation model for the solute and reference
clusters.®*!81) All GFNn-xTB and GFN-FF calculations were performed with the xtb 6.4.0 program
package.[349] To decrease the statistical error, each solvation free energy computation with QCG was
performed ten times and averaged. The number of solvent molecules was determined to complete at
least the first solvation shell. For comparison, solvation contributions to the free energy were calculated
with COSMO-RS!"**!, also including the volume work required for changing from an ideal gas at 1 bar
to 1 mol L™ to solution. For the COSMO-RS free energy, the BP_TZVP_C30_1601 parameterization
was used. Two single-point calculations with BP8612%:2%)/4ef-TZVPE (one in gas-phase and one
in an ideal conductor) were performed, and the output of these calculations was then processed by
the COSMOtherm program p21ckage:“44’35 Y. The efficient B3LYP-3¢!**?! and ’SCAN-3¢!'*! DFT
composite methods were employed as implemented in the TURBOMOLE program package (version
7.5.1)139373%31 together with the COSMO model. Harmonic vibrational frequencies were calculated
analytically using the aoforce implementation in TURBOMOLE and scaled by a factor of 0.97 in the
case of B3LYP-3¢.**% Visualization of molecules was performed with the UCSF Chimera (version
1.15) B35 program, and gnuplot (version 5.0 was employed for plotting.

C.5 Results and Discussion

C.5.1 Reproducibility

The QCG algorithm consists of multiple steps (c.f section C.2.1), with each of them containing
non-deterministic components (i.e., docking or MD/MTD). Regarding the complexity of the phase
space for a large, explicitly solvated cluster, prohibitively long simulation times would be required to
always converge to the same solution. In practice, the finite simulation time introduces a statistical
error, which is investigated here. First, we determine the standard deviation (SD) resulting from the
docking procedure in the growth step, the subsequent finite simulation times for the solute ensemble,
and the reference ensemble generation. Exemplarily, a system of acetonitrile in ethanol (Figure C.8) is
elaborated. Different sized clusters (1-40 solvent molecules) were generated ten times each using the
same settings and the SD and maximal spread (MinMax) respective to the averaged electronic energies
were analyzed as well as their average over all number of solvents (SD and MinMax). It is found that
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Figure C.8: Standard deviation (SD) and spread between the energetically lowest and highest cluster (MinMax)
given for: (A) the electronic energies after the cluster growth, (B) conformer sampling (ensemble generation),
and (C) reference ensemble generation of ethanol in acetonitrile averaged over ten runs each.

already the cluster growth algorithm consisting of xTB-IFF docking and GFN2-xTB optimizations
(Figure C.8(A)) yields (slightly) different structures for the repeated computations with the same
setup and introduces a scattering of the cluster energies. Averaging over all cluster sizes, the SD
and MinMax amount to 1.8 kcal mol ™" and 5.1 kcal mol™ ! in respect to the average energy. Different
structures within the growth process result from the docking algorithm in xXTB-IFF. Typically, the first
few solvent molecules are always added at the same position, explaining the small SD and MinMax
for small clusters. However, larger clusters exhibit energetically very similar docking positions and
hence, different binding sites are occupied.

QCG employs the NCI-MTD algorithm to explore the low-energy conformational space after the
growing process. In Figure C.8(B), the ensemble energy is shown as the Boltzmann-weighted sum of
all clusters within a generated ensemble. Again, the statistical errors are evaluated over ten equivalent
runs. In general, the conformer sampling compensates partially for the scattering introduced by the
growth process, as similar energetically low clusters are found by repeated conformational sampling.
The average SD reduces to 1.3 kcal mol ™! and the MinMax value to 3.6 kcal mol ™! upon the ensemble
generation. For a small number of added solvents, the SD and MinMax values are close to zero. As
the conformational space becomes larger with increasing cluster size, the SD and MinMax values also
increase.

A further source of error is introduced by the CFF algorithm (Figure C.8(C)). Differently shaped
cavities within the frozen cluster shells can be filled with a varying number of solvent molecules.
This inconsistency introduces an average SD and MinMax of 1.5 kcal mol ™" and 4.9 kcalmol ™',
respectively. Overall, the error of the CFF algorithm is larger than the error after ensemble search and
comparable to the error of the growing process because the added solvent molecules introduce an
additional conformational error. Additionally, problems arise if spatially different conformations of
the solute molecule are possible. For example, a bent conformation of n-octanol can be placed in
cavities, which is otherwise too small for the extended conformation.

Increased simulation times in the NCI-MTD run were investigated. Therefore, again 10 calculations
were repeated per number of solvent molecules (ranging from 1 to 15) for different MTD lengths.
The resulting SDs and MinMax values for each number of solvent molecules were averaged for each
MTD length. These averages (SD and MinMax) are shown in Table C.1. The comparison of different
simulation times shows that longer MTDs systematically reduce the scattering, e.g., increasing the
MTD simulation time from 1.2 ps to 100 ps reduces the SD by 40 %. One also notices that the
NCI-MTD algorithm employing 1.2 ps of simulation time has the same effect on the standard deviation
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Table C.1: SD and MinMax values of the ensemble energy (in kcal mol ™) for ethanol in acetonitrile with
different MTD lengths during the NCI-MTD step. SD and MinMax are averaged over 15 different cluster sizes
with up to 15 solvent molecules.

1.2ps 10ps 50ps 100ps single MD (10 ps)
SD 1.05 097 083 0.63 1.08
MinMax 3.19 3.02 254 1.87 3.25
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Figure C.9: Difference in energy between the most populated cluster (MPC) found by the NCI-MTD algorithm
and the input cluster from the growth step for differently sized clusters of ethanol in acetonitrile. Each value is
averaged over 10 individual runs.

as a normal MD simulation of 10 ps. Increased simulation times further yield energetically lower
clusters. Throughout this work, we chose the energy gain upon cluster formation as a measure of its
quality. Figure C.9 shows the energy difference between the clusters after the growth process and the
most populated clusters (MPC) after the conformational sampling. Except for some fluctuation, longer
MTD times yield, in general, larger energy gains (Eypc — Egyy)- Thus, the MTDs in the NCI-MTD
run should be chosen as long as possible to yield better ensembles and to reduce the statistical error.
However, for larger cluster sizes, long MTD simulations become prohibitively expensive.

C.5.2 Cluster Quality

In this section, we want to assess the quality of the generated clusters with QCG, i.e., the physically
meaningfulness of the found binding motifs, including solute-solute and solvent—solvent interactions.
For quantification, the energy of cluster formation Ey_,, is computed according to

Eform =E E —-n- Esolvent’ (C15)

cluster — “solute

where the energy of the solute E .
from the energy of the cluster E ;-
is the quality of the assessed cluster.
The performance of QCG in terms of cluster generation (-grow) is compared to different algorithms.
This intention turned out to be rather difficult as, to the best of the authors’ knowledge, hardly any
other algorithm exists that automatically generates solute—solvent clusters. One program package is

and n times the energy of a solvent molecule E .., are subtracted
The lower (more negative) the energy of formation, the higher
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Figure C.10: Phenylalanine surrounded by 60 water molecules generated by QCG (A), the TIP3P water model
(B), and space-filling algorithm (C) with subsequent GFN2-xTB geometry optimization.

Table C.2: Energy of formation (in kcal mol ™) for the cluster out of phenylalanine and 60 water molecules
computed with GFN2-xTB and r*SCAN-3c¢ single-point DFT computations. The QCG algorithm is compared
to AMBERtools and the space-filling algorithm, both with subsequent GFN2-xTB geometry optimizations.

QCG (-grow) AMBERtools (TIP3P) Space-Filling

GFN2-xTB -712.4 —684.1 -665.3
r*SCAN-3¢//GFN2-xTB —656.7 -632.1 -622.8

AMBERtools.>® Therein, different solvent models can be chosen, but they are restricted to a few
solvents. One of these is water, e.g., employing the TIP3P model."!] During the cluster generation
with AMBERtools, a sphere with a user-defined radius is cut out of a pre-equilibrated box of 216 water
molecules. Subsequently, the solute is placed inside this cavity, and solvent molecules that collide are
removed. We also implemented a second competitor that relies only on geometrical criteria. Therein,
solvent molecules are randomly placed around the solute within a sphere of a given radius until the
entire volume is filled. To ensure a reliable comparison, the structures resulting from AMBERtools
and the space-filling algorithm were post-optimized with GFN2-xTB as in the QCG algorithm.

As an example, phenylalanine was solvated with 60 water molecules. Figure C.10 depicts the
structures resulting from the QCG algorithm and AMBERtools after geometry optimization with
GFN2-xTB. Table C.2 shows the corresponding formation energies for the three methods. The
space-filling algorithm shows the highest formation energies and hence performs worst. Tentatively,
this can be assigned to the neglect of intermolecular interactions during cluster generation. Even
though subsequent GFN2-xTB geometry optimizations improve the structure, the starting point is
still too far off from a global minimum to be repaired in just a single geometry optimization. The
AMBERtools procedure yields a lower (better) formation energy than the space-filling model. The
priorly equilibrated water box ensures a more physical solvent structure and for bulk water, the TIP3P
water model delivers a good description. For a molecular cluster, this description may not be optimal,
as explicit solute—solvent interactions during the cluster generation are neglected. This may lead to an
unreasonable solute surrounding, which can only partially be compensated by the GFN2-xTB geometry
optimization. The QCG algorithm optimizes the solute—solvent NCIs during each step of the iterative
cluster growth and hence, yields the best cluster formation energies. At the r*’SCAN-3¢//GFN2-xTB
level, the energy gain is 24.6 kcal mol™! (28.3 keal mol~! for GFN2-xTB) larger than with the TIP3P
model, and 33,9 kcal mol ™' (47.1 kcalmol™") larger than with the space-filling approach. The
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Figure C.11: Microsolvated structure ensemble of benzoic acid (A) and aminobenzothiazole (B) with three
explicit water molecules, respectively. Shown are five different conformations each. Relative conformational
energies (in kcal mol ™! ) were calculated by r?SCAN-3c and GFN2-xTB (in blue) and are given in parentheses.

generation of an initial energetically low cluster is mandatory for the subsequent ensemble generation
(conformer sampling) in QCG. Due to the enormous complexity of the phase space and the limitation
to finite simulation lengths, the outcome of the NCI-MTD algorithm strongly depends on the quality of
the input cluster. Hence, the elaborated growing routine is indispensable for QCG. The computational
cost of the cluster growth (16 min on four cores of an Intel® Xeon® CPU E3-1270 v5 @ 3.60 GHz)
is much lower than that of the subsequent ensemble generation (2 h 4 min with the same CPU). In
passing, we note the good agreement between the total cluster formation energies of the very reliable
r*’SCAN-3¢ DFT composite and semi-empirical GFN2-xTB methods (deviation of about 10%).

C.5.3 Microsolvation

For small cluster sizes, the QCG algorithm shows small statistical errors (cf. section C.5.1). Hence, it
seems to be a promising and easy-to-use tool for applications in the context of microsolvation. For
demonstration, ensembles of benzoic acid and 2-amino-benzothiazole were generated with QCG
(-ensemble) at the GFN2-xTB level of theory by adding three explicit water molecules to the solutes.
Distinct conformations of the found clusters were energetically sorted by r*SCAN-3c¢ single-point
calculations. Selected structures are shown in Figure C.11. Relative r*’SCAN-3¢ and GFN2-xTB
(in blue) energies are given, respectively. In the case of benzoic acid (Figure C.11(A)), the most
favorable structures at the r*SCAN-3c level are cyclic conformations, including three water molecules
and the carboxylic acid functional group. The energetic order of the conformers for (A1) and (A2)
changes at the GFN2-xTB level. Structures (A3) and (A4) form a cyclic arrangement between two
water molecules and the carboxylic acid group. The energy difference between these structures
of 1.7 kcal mol ™! (1.5 kcal mol ™! ) occurs due to the different position of the third water molecule,
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Figure C.12: Computational timings of benzoic acid (A) and aminobenzothiazole (B) for the cluster growth, the
ensemble generation, and the r*SCAN-3c¢ single-point calculations with three explicit water molecules. The
calculations were done on four cores of an Intel® Xeon® CPU E3-1270 v5 @ 3.60 GHz.

forming either an intermolecular hydrogen bond to the C=0 or the O-H group of the benzoic acid
molecule. In the least favorite conformation (AS5), only two water molecules are interacting with the
COOH group. For the structures (A3)-(AS5), the energetic order of GFN2-xTB and r*SCAN-3c agree.
For 2-amino-benzothiazol (Figure C.11(B)), the lowest energies are observed for the structures with
intramolecular hydrogen bonds (HBs) between the water molecules and the amine fragments. Again,
cyclic arrangements of the amine group with three water molecules are favored over those with two
or one water molecule, respectively. The energetically higher clusters also contain intramolecular
HBs to the sulfide group, which are less strong. For small energy differences between the conformers
(< 1kecalmol™), a partially different ordering is observed for GFN2-xTB compared to r*SCAN-3c.
Thus, in the context of microsolvation, we recommend a re-ranking by DFT as already suggested in
Ref. 35 for non-rigid molecules, since noncovalently bound clusters may also be regarded as highly
flexible.

To further validate the QCG ensembles, they were compared to results from a different microsolvation
approach proposed in Ref. 193. Here, the ensembles for the same systems were obtained from MD
simulations with subsequent grid inhomogeneous solvation theory (GIST) analysis.[359] The resulting
structures after B3LYP!201300_p3l123)/gef2 TZ v pl30!] optimization are similar to the QCG ones
and have the same interaction motifs. For example, the GIST analysis found a structure similar to
(A3), and also a cluster with the same water docking positions as (B4) was observed. Even though
the energy ranking depends on the chosen density functional, the inclusion of an implicit solvation
model, as well as on the respective methods employed for the thermostatistical contributions, both
approaches (GIST analysis and QCG) yield similar orderings. In terms of computation time, QCG,
with subsequent r*SCAN-3c single-point calculations, takes only a few minutes on a regular desktop
computer (Figure C.12). The QCG approach combined with r*SCAN-3c¢ single-point calculation
(3 min 7 sec and 4 min 39 sec) outperforms other approaches solely based on MD simulations!!*>%?! in
terms of computation time. This computational efficiency, coupled with high accuracy and robustness,
makes QCG a promising candidate for future applications in calculating free energies of reactions
based on microsolvated structures.

86



C.5 Results and Discussion

1.8 1.8
A g 1g [FNFF expleasé ] g 16 [GFNZXTB eXpIGESé ]
Z 14r T2 1 3 14r s B
3 t12r 15 12} .
s it 418 it .

o Q.
o 0.8 - 4 o 08¢ B
% 06 - % 06 - i
E 04 = ETK) 04 | \\. B
02 |\ . 02 |\ s
0 T T 1 T 7T O LENE S S L S L B RN B B
0 2 4 6 8 10 12 14 0 4 8 12 16 20 24 28
rlA] r[A]

Figure C.13: (A) Gas-phase optimized structure of the energetically lowest bacillaene conformer found at the
GFN2-xTB level of theory. Distance distribution functions of atoms O1 and N2 obtained from GFN-FF (B)
and GFN2-xTB (C) MD simulations employing the implicit GBSA solvation model, and from an GFN-FF and
GFN2-xTB MD simulation of the QCG cluster containing 100 water molecules.

C.5.4 Molecular Dynamics

The broad field of QCG applications also includes the impact of explicit solvation effects on geometries
during MD simulations. Depending on the solvation model, qualitatively different geometries might
result in solution and change the course and outcome of MD simulations. This is illustrated here in
MD simulations the natural antibiotic bacillaene!!*¥ applying two different solvent models. First, 100
explicit water molecules were added with QCG to the gas-phase optimized geometry and 1 ns GFN-FF
and GFN2-xTB MD simulations at 298.15 K were performed under the application of an external
wall potential. For comparison, MD simulations with equivalent settings were run using the implicit
GBSA model. As a measure for the here relevant folding process, radial distribution functions (RDFs)
of the O1-N2 interatomic distance (Figure C.13(A)) were calculated from GFN-FF and GFN2-xTB
trajectories. These RDFs show the frequency of occurrence for the intramolecular hydrogen bonds
that are mainly responsible for the ring-shaped geometry in the gas phase. The RDFs computed
with GFEN-FF (Figure C.13(B)) and GFN2-xTB (Figure C.13(C)) show similar trends. Distances
below 3 A indicate that two intramolecular hydrogen bonds are present, meaning the structure is
similar to the gas phase. The second peak shortly above 3 A shows a small elongation of the O-N
distance, which is attributed to the cleavage of the H-bond between O1 and N2 under preservation of
the second intramolecular hydrogen bond. Other peaks occurring up to 6 A show the formation of
intramolecular hydrogen bonds that were not present at the beginning, indicating a significant change
in the structure. Distances of more than 6 A indicate the dissociation and the separation of the two
ends of the bacillaene chain. In general, GFN2-xTB yields a more elongated conformation compared
to GFN-FF, reflected in a non-vanishing RDF beyond 14 A. The MD results with GBSA reveal that
in both simulations the intramolecular hydrogen bonds are predominantly formed yielding a closed
structure. In the GFN2-xTB/GBSA MD-simulation, a noteworthy occurrence of structures with no
intramolecular HBs is obtained, which is strongly amplified by explicit water molecules. The same
picture holds for the GFN-FF. Hence, we conclude that the explicitly modeled solvent molecules lead
mainly to an open structure of bacillaene and favor intermolecular over intramolecular HBs. Similar
observations were reported in a recent study of methyl lactate in explicit solvent clusters.*%*!
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Figure C.14: IR-spectra of liquid DMSO (A), CHCl; (B), and CH;CN (C) computed at the B3LYP-3c level of
theory from explicit QCG clusters and with the COSMO model in comparison to experimental data. Different
QCQG cluster sizes are investigated in (D) for CH;CN.

C.5.5 IR-spectra

The QCG algorithm was already successfully applied for IR spectra calculations in solution.?%3-364

Therein, it was demonstrated that solvation effects play an important role in liquid-phase IR spectra.
Continuing on this work, the QCG approach was applied for IR spectra calculations of organic liquids
in comparison to experimental data. The COSMO model was additionally tested as an alternative.
For the explicit description with QCG, clusters consisting of one solvent shell were generated, and
the energetically lowest structure from the ensemble search was then re-optimized at the B3LYP-3c
level of theory. To minimize finite cluster size effects, the vibrations of the central solute molecule
were separated from the vibrations of the surrounding molecules by increasing their atomic mass
to shift the vibrational frequencies to the low-frequency region. For the COSMO approach, input
geometries for the calculation of liquid phase IR spectra were generated by optimizing gas-phase
geometries on the B3LYP-3c level of theory employing the COSMO model. The results for different
organic liquids are shown in Figure C.14. Taking into account only the most populated cluster is a
good approximation. In agreement with Refs. 363,365, only the most populated cluster was taken
into account for IR spectra calculation, as the effect of considering the entire SE is rather small. The
IR spectra computed with the COSMO model show peaks that are not present in the experimental
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Table C.3: Spectral matchscore (in %, identical spectra yield 100%) between the computed IR-spectra at the
B3LYP-3c level employing the QCG and COSMO approaches and the experimental spectra for liquid DMSO,
CHCl;, and CH5CN.

COSMO Molecule QCG

56.7 DMSO 687
422 CHCl, 67.0
61.2 CH,CN  60.8

or the QCG cluster spectrum, e.g., in the case of liquid DMSO (Figure C.14(A)) a peak of highest
intensity occurring at ~1850 em ™. Moreover, the C-Cl (Figure C.14(B)) and C-H (Figure C.14(C))
stretching vibration signals are incorrectly almost not visible in the case of chloroform and acetone.
In contrast, the QCG cluster ansatz yields peaks close to the experimental ones regarding position
and intensity. Furthermore, changes in symmetry due to the solvent surrounding cannot be seen with
COSMO but are captured by QCG. For example, the asymmetric C-Cl stretching vibrations at around
750 cm™! (Figure C.14(B)) are different. For COSMO, the system has high C;, symmetry leading
to fewer signals than in the QCG cluster calculation, where each chlorine atom is slightly different.
This leads to a loss of symmetry and multiple peaks for the C-Cl stretching and bending vibrations
in better agreement with the experimental IR spectrum. Adding more explicit solvent molecules
than one solvent shell has a minor influence, which is shown exemplarily for liquid acetonitrile
(Figure C.14(D)). The frequencies resulting from the differently sized clusters are mostly identical,
and the intensities differ only slightly, which is consistent with previous findings in Ref. 364. The
overall good performance of the QCG approach is quantified by the respective spectral matchscore (for
definition see Ref.3¥)) reported in Table C.3. For DMSO and CHCIj, the IR spectra computed for
QCQG clusters yield an improvement by 12.0 % and 24.8 %, respectively, over the COSMO approach.
For CH5CN, the two different solvation models show similar matchscores because COSMO performs
better at around ~1450 cm™' while QCG provides the more realistic spectrum for the C-H stretching
vibrations at ~3000 cm™'. Similar differences in IR spectra between implicit and explicit solvent
models were also found in another study,[366] where the placement of solvent molecules was done
manually. The automated procedure of QCG allows for the efficient study of different clusters of
various sizes.

C.5.6 Solvation Free Energies

With QCG, it is possible to compute solvation free energies in a supermolecular fashion as described
in Section C.2.2. With the here discussed first proof-of-principle examples, we want to evaluate the
performance of QCG in comparison to the (in our opinion) most accurate implicit model available
(COSMO-RSH*?) and experimental values. Therefore, 6G g, values were computed for 45 different
systems at 298 K, combining polar and apolar organic molecules of different sizes. These are part of
the SMD fitset!'**! and are assumed to be also part of other fitsets for implicit solvation models. Each
QCQG calculation was performed ten times, and the arithmetic mean was taken. The ensembles were
generated with the NCI-MTD run-type employing the default settings (e.g., an MTD time of 10 ps).
For every solute, 25 solvent molecules were modeled explicitly, ensuring that at least the first solvation
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Figure C.15: Correlation plot of 6G, values of 33 small organic molecules computed with QCG and
COSMO-RS in comparison to experimental values. QCG values are averaged over 10 individual runs. They
are given for a global scaling factor of the translational and rotational entropy of 0.75 and for an empirically
adjusted solvent specific one.

shell is completely covered. For water as a solvent, the number was increased to 40 molecules to
ensure a complete first solvent shell. Figure C.15 shows the correlation between QCG/COSMO-RS
0G4, values and the respective experimental results.'**! The corresponding statistical errors are
given in Table C.5. COSMO-RS performs very well with an MD of 0.21 kcal mol ™! and an MAD
of 0.49 kcal mol ™!, respectively. The solvation free energies computed with QCG have an MD of
—0.07 kcalmol ™" and an MAD of 2.34 kcal mol " . Referring to the analysis of the statistical errors (cf.
section C.5.1) it is clear that observed scattering from the growth and ensemble steps is also inherent
in the computed 6G ;, values (see SI for further details). Taking this into account, and regarding the
fact that QCG subtracts huge energies in a ’brute force” approach, the reasonable agreement with
the experiment seems encouraging. Even though the accuracy of COSMO-RS can not be reached,
the already reasonable G, values computed with QCG represent a promising starting point for
further improvements, especially because of the universal applicability to arbitrary solute—solvent
combinations. Currently, the following sources of error can be addressed. First, in contrast to other
hybrid cluster continuum models, QCG generates two different sets of solute and solvent clusters
and thus, the errors within the electronic energies and thermostatistical contributions occur twice.
Also, the GFN2-xTB error for the interaction energies does not cancel out completely between the
solute—solvent and the reference—solvent ensemble. Second, the ensemble might not be of similar
quality for every system, because an MTD time of 10 ps was chosen as a compromise between
computational costs and accuracy. Longer simulation times should be tested comprehensively in the
future. Third, using only solute—solvent clusters that are at least populated by 10 % for the calculation
of the solvation free energy leads to an error of the conformational entropy and thus the conformational
free energy G,,;. For example, a small cluster of three chloroform molecules has approximately
a G, value of —5.23 kcal mol ! at 298.15 K, while taking only clusters that are populated by
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Table C.4: Adjusted scaling factors for the rotational and translational entropy contributions of different solvents.

Solvent  Scaling factors

Benzene 0.65
Water 0.75
CH;CN 0.85
DMSO 0.90

Table C.5: Statistical measures (in kcal mol™") for the & G,y values of small organic molecules computed with
QCG/NCI-MTD and COSMO-RS in comparison to experimental values. QCG values are given for a scaling
factor of the translational and rotational entropy of 0.75, and for an empirically adjusted solvent-specific one.

QCG(0.75) QCG(individual) COSMO-RS

MD -0.07 -0.02 0.21
MAD 2.34 1.57 0.49
RMSD 2.86 2.12 0.75
SD 2.89 2.14 0.73

at least 10 % yield a lower G, of —1.33 kcal mol ™' . However, partial error compensation of
solute—solvent and solvent—solvent ensembles is expected. Including more solute—solvent clusters
would lead to a much higher computational expense. Fourth, the rather simple GBSA model applied
for electrostatic bulk screening is computationally efficient but might introduce further errors. A
future implicit solvent model that describes the electrostatic response of a solvent and accounts for
polarization should improve the description of the bulk. Lastly, the scaling factor for the translational
and rotational entropy contributions was empirically determined to be 0.75 as an average over many
different solvents. An improvement can be obtained by adjusting it for different solvents (Table C.4),
leading to a 0.77 kcal mol ™! lower MAD (Table C.5). Various technical aspects can be improved,
thereby increasing the computational cost, e.g., increasing the MTD times, or including also less
populated solute—solvent clusters. Additionally, A6G;, for reactions may be easier to compute than
absolute 6G;, due to error cancellation.

solv

solv

C.6 Conclusion

We developed and tested an automated and broadly applicable model for a QM description of
explicit solvation. This procedure, termed QCG, is based on the GFN-FF and GFN2-xTB methods
in combination with xXTB-IFF, giving access to fast geometry optimizations, MD simulations, and
docking steps. The conformational space exploration of the generated molecular clusters is conducted
by the NCI-MTD algorithm of the CREST program. This enables systematic improvability of the
QCG approach by extending the simulation time within the conformer search for a smaller statistical
error and structures with lower energy in the ensemble. The QCG algorithm includes only very
few empirical parameters (wall potential, translational/rotational scaling), as most of the required
parameterization for efficient treatment is inherent in the underlying QM/FF methods. The presented
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approach is unique in regard to the fully automated cluster growth and ensemble generation of arbitrary
solute—solvent combinations. We tested the QCG approach on a large variety of chemical systems,
ranging from small organic molecules to large anti-cancer drugs in eutectic solvents. We individually
analyzed the different underlying steps (-grow, -ensemble, -gsolv) in the workflow and found
that the reproducibility in terms of molecular structures and energies is good for small cluster sizes.
Increasing their size leads to notable deviations in terms of structures and energies between the
same calculations performed multiple times. The incomplete sampling of a cluster’s phase space
was determined as the main source of error. Nevertheless, the increase of simulation times during
the conformer sampling (ensemble generation) reduced the statistical energy error significantly. We
showed that QCG can be straightforwardly applied in microsolvation studies. Moreover, since many
computed properties may benefit from including explicit solvent molecules, and QCG offers a simple
and automated way to generate these structures that can be used, e.g., for simulating geometries and
IR spectra in solution. Here, significant improvements were observed compared to the COSMO
model. QCG further represents a physically reasonable procedure for the calculation of solvation
free energies by including all terms in 6G;, explicitly. Even though the accuracy of the established,
highly parameterized implicit COSMO-RS model was not reached, reasonable results coupled with
universal applicability are promising for future improvements. In conclusion, the new, freely available
QCG tool can help to investigate and understand solvation effects on a molecular level. Due to its
computational demand, QCG is not meant to replace existing, efficient continuum models. QCG
establishes an alternative solvation tool that is capable of obtaining reasonably accurate results for
complex molecular systems where implicit methods reach their limits. The universal applicability
to arbitrary solute—solvent combinations is a unique feature that is yet missing in the portfolio of
solvation tools, and we hope that QCG will be useful for computational chemistry.
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Appendix D Conformational energies of biomolecules in solution: Extending the MPCONF196
benchmark with explicit water molecules

Abstract

A prerequisite for the computational prediction of molecular properties like conformational energies of
biomolecules is a reliable, robust, and computationally affordable method, usually selected according
to its performance for relevant benchmark sets. However, most of these sets comprise molecules
in the gas phase and do not cover interactions with a solvent, even though biomolecules typically
occur in aqueous solution. To address this issue, we introduce a with explicit water molecules
solvated version of a gas-phase benchmark set containing 196 conformers of 13 peptides and other
relevant macrocycles, namely MPCONF196 [J. Reza¢ et al., JCTC 2018, 14, 1254-1266.] and
provide very accurate PNO-LCCSD(T)-F12b/AVQZ’ reference values. The novel solvMPCONF196
benchmark set features two additional challenges beyond the description of conformers in the gas phase:
conformer—water and water—water interactions. The overall best performing method for this set is the
double hybrid revDSDPBEP86-D4/def2-QZVPP, yielding conformational energies of almost coupled
cluster quality. Furthermore, some (meta-)GGAs and hybrid functionals like B97M-V and wB97M-D
with a large basis set reproduce the coupled cluster reference with an MAD below 1 kcal mol™'. If
more efficient methods are required, the composite DFT-method r*SCAN-3c¢ (MAD of 1.2 kcal mol™!)
is a good alternative, and when conformational energies of polypeptides or macrocycles with more
than 500-1000 atoms are in focus, the semi-empirical GFN2-xTB or the MMFF94 force field (for very
large systems) are recommended.

D.1 Introduction

Solute-solvent interactions play a crucial role for the properties of molecules in solution such as
the reactivity toward certain reaction pathways, the association of molecules, and conformational
energies.[61’62’367’368] Besides industrial and laboratory processes like stereoselective reactions in
water**?! or various catalytic reactions,?®"% the solvent effect for biomolecules is of special
interest as it can influence, for example, the folding and dynamics of proteins[294’295] and their
binding to ligands.[37l’372] Moreover, the conformations of a protein in solution can deviate from the
gas-phase ones and can have different properties.[373’374] Thereby, the interaction with water molecules
is especially important since they typically occur in the aqueous phase, which is also of major
importance for living.ms] To understand such biomolecular processes, computational studies became
a valuable tool that have already been applied to enlighten, for example, protein folding, protein-drug
interactions, ligand transport phenomena, and ion channel activity.mﬁ_3 78l Thereby, many different
methods can be chosen from the classes of Wave Function Theory (WFT), Density Functional Theory
(DFT), semi-empirical quantum mechanical (SQM) methods, and Force Fields (FF) that provide
different cost—accuracy ratios limiting, for example, the application of highly accurate methods such
as coupled cluster with perturbative triples (CCSD(T)) to relatively small molecular structures.*®!
To find suitable methods for certain applications and to quantify errors, benchmark sets composed
of realistic test cases are used. Prominent examples are the GMTKNS55 1 the NCI Atlas, 778037
and the MGCDB84!"” benchmark set. However, besides a few benchmark studies that focus on
water—water interactions, t 3% most of these benchmark sets consider isolated gas-phase molecules
and neglect solvent effects that have to be additionally modeled for systems in solution.'””! This can
be done with computationally efficient implicit solvent models, but they may be too inaccurate for,
e.g., the prediction of conformational energies, as they approximate the solvent only as a continuous
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potential.[15 33811 The inclusion of explicit solvent molecules in either a full explicit treatment or
microsolvation approach can increase the accuracy, but they also increase the computational costs
Signiﬁcanﬂy'm&157,382,383]

In this study, we introduce a benchmark set that allows the evaluation of computational, atomistic
methods for biomolecules, especially proteins, in aqueous solution. Therefore, we extend the
MPCONF196 gas-phase benchmark setl76-3841 composed of conformers of different peptides and
macromolecules by adding explicit water molecules. Due to recent advances and insights into basis set
convergence and local coupled cluster approximations,BSS] we can provide very accurate conformational
reference energies for this newly compiled solvMPCONF196 and the original MPCONF196 benchmark
set, where large molecules were treated with more approximate local coupled cluster methods. In the
following, we first describe the generation of the solvMPCONF196 structures and the methods used
for the calculation of the conformational energies. Thereafter, the solvMPCONF196 is presented, and
the included interactions are discussed. Finally, an assessment of common DFT, WFT, SQM, and FF
methods is performed, and some general conclusions are drawn.

D.2 Methodology

D.2.1 Geometries

The gas-phase geometries were taken from Ref. 76. To obtain the explicitly solvated structures, the
directed docking feature of the automated Interaction Site Screening (aISS)Bgé] algorithm implemented
in xtb version 6.6.0%* was employed via the Quantum Cluster Growth (QCG) algorithm[zgg]
implemented in a modified CREST™ version 2.12 to saturate different interaction sites of each
conformer. Thereby, the original conformer gas-phase geometry was fixed and the added solvent
molecules were subsequently optimized with r>SCAN-3cH?] implemented in ORCA 5.0.413%7]
employing tight convergence thresholds and the implicit CPCM water solvation model. 154388
Additionally, full r*SCAN-3¢ optimizations were performed to investigate the effect of solute
relaxation. Further details are given in Sec D.3.1.

D.2.2 Conformational energies

The reliable calculation of the usually rather small energy differences between different conformers
of a molecule requires accurate treatment of both (mostly) covalent short-range interactions and
medium- and long-range intramolecular noncovalent interactions (NClIs) such as H-bonds and London
dispersion. For the bio-organic uncharged closed-shell molecules studied here, the CCSD(T) method
yields highly accurate conformational energies, provided that the basis set used is large enough. In
the case of the structures explicitly solvated with water (solvMPCONF196), there are additional
intermolecular H-bonds, whose accurate description also requires large basis sets with diffuse functions.
In Ref. 385, it was shown that for safely converged relative energies, a complete basis set (CBS)
extrapolation with aug-cc-pVQZ/aug-cc-pV5Z would be necessary and that CBS extrapolations with
smaller basis sets can lead to erroneous extrapolated limits. However, the CCSD(T) method with
its O(N 7) scaling behavior of computational time with system size N is computationally feasible
only for the smaller subset of MPCONF196 and then only with moderately large basis sets based on
which CBS extrapolated reference values were generated for this subset in the original publication.[76]
For the larger subset (Figure D.2), Reza¢ e al. applied the same CBS extrapolation, but using
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Figure D.2: Lewis structure of the molecules contained in the MPCONF196 and solvMPCONF196 divided
according to Ref. 76 in a smaller and larger subgroup combining the original medium and large subgroups.

DLPNO—CCSD(T),[389’390] a much more efficient local implementation of CCSD(T), to obtain the
energies. However, CBS extrapolation with local correlation methods is even more error-prone
than with canonical CCSD(T), at least if the employed basis sets are not already very large and the
local threshold settings were not chosen sufficiently tightly. [385.391] Additionally, because the original
reference values may also suffer from these errors to some extent, and only semi-canonical triples were
used, we decided to generate reference values not only for the newly introduced solvMPCONF196 set
but also to revise those of the original gas-phase MPCONF196 set. Following the findings of Ref. 385,
we used for this purpose a state-of-the-art local CCSD(T) implementation with explicit correlation and
tight threshold settings (PNO-LCCSD(T)-F 1261197197 with tight domain settings as implemented
in Molpro (2022.3 release))[392’393] together with a modified aug-cc-pVQZ basis (cc-pVQZ for H
to reduce the residual basis set superposition error (BSSE); hereafter abbreviated as AVQZ’). The
explicit correlation allows to avoid a CBS extrapolation and still yields energies very close to the CBS
limit already with the AVQZ’ basis set. The use of iterative triples and tight domain settings ensures
that the NClIs are also described very accurately and that the BSSE is negligibly small even for the
intermolecular H-bonds in the solvated structures, for which we used the identical setup to calculate
reference values.

However, this reference protocol is computationally too demanding for the systems of the larger subset,
for which we used a slightly less accurate but much more efficient setup (PNO-LCCSD(T)-F12b/AVTZ’
with default domain settings) and minimized the additional error a posteriori by scaling the triples
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contributions (see section S2 in the SI for details)."*>” The analogous values for the smaller subset
are virtually identical to the corresponding PNO-LCCSD(T)-F12b/AVQZ’ /tight results with a mean
unsigned error of 0.03 kcal mol ™! and 0.05 kcal mol ™! for the MPCONF196 and solvMPCONF196 set,
respectively, and maximum unsigned error of 0.10 kcal mol ™" and 0.19 kcal mol ™! (see SI, Table S1),
so that comparably accurate reference values could also be generated for the larger subset. The residual
errors are slightly larger for the solvated structures due to the larger BSSE, but based on the benchmark
results in Ref. 385 and the very good agreement of the AVTZ’ values with the highly accurate
setup on the smaller subset, we estimate the residual error of the new reference values to be about
0.1-0.3 kcal mol ™! for the MPCONF196 and 0.2-0.5 kcal mol ™" for the solvMPCONF196 benchmark
set, which corresponds to a statistical discriminability of 0.04 kcal mol~ ! and 0.05 kcalmol ™!,
respectively, of the mean errors of more approximate methods to be tested on these benchmark sets.

The original reference values, however, differ more significantly from the newly generated MP-
CONF196 reference conformational energies (RMSD = 0.37 kcal mol ™! , AMAX = 1.54 kcal mol ™! ;
see SI, Table S2), comparable to the error statistics of the best tested double hybrid functional (see SI,
Table S3), which underlines the need for improved reference values for high accuracy DFT methods.
With the newly generated reference values, an unbiased assessment of the best available density
functionals and MP2-based methods should be possible for both gas-phase and solvated conformers.

For the subsequent benchmark study, DFT single-point energies were calculated with ORCA 5.0.4
using default settings. In the case of revDSD-PBEP86 and r*SCANO, the D4 correction™*! was not
computed with ORCA due to missing parameters in version 5.0.4, but with the dftd4'>! standalone
program. All assessed DFT and WFT methods, except for the composite schemes, were used with the
def2-QZVPP basis set and matching auxiliary basis sets. 1% The GFN methods were applied as
implemented in xtb 6.6.0"*" and the PM methods as implemented in MOPAC2016 version 19.179L
accessed via an xtb interface. DFTBD3 was employed using DF TB+" version 22.2 with the D3(BJ)
dispersion correction.!' 1?4 All force fields except of GFN-FF were used with Open Babel 2.3.1 391
All tested methods are listed in Table D.2.

D.3 Results and discussion

In Section D.3.1, the benchmark sets are discussed. An evaluation of the tested methods with respect
to the reference values for the MPCONF196 and its solvated version solvMPCONF196 is given
in Section D.3.2. Thereby, DFT/WFT methods in the large def2-QZVPP basis are evaluated first,
followed by the more efficient composite-DFT methods, and finally SQM and FF methods.

D.3.1 Benchmark set and the effects of solvation

The original MPCONF196 contains 196 conformers of the 13 peptides and other macrocycles shown
in Figure D.2. For clarity, the classification into "smaller" and "larger" conformers is made analogous
to Ref. 76, combining the original "medium" and "larger" molecules according to our applied coupled
cluster levels explained in Sec D.2.2. The structures exhibit typical organic functionalizations like
amine, keto, alcohol, and carboxy groups that allow for intramolecular and intermolecular hydrogen
bonding. For each molecule, 15 conformers (16 for GFA) were considered in Ref. 76 that show
substantially different intramolecular hydrogen bonds and differ by up to 40 kcal mol ™" for the larger
and more flexible structures like CAMVES, CHPSAR, and Cpd_B.
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Table D.1: Number of conformers, added water molecules, and atoms per molecule of the systems composed in
the solvMPCONF196 benchmark set.

Molecule = Water molecules Number of atoms

FGG 7 58
GFA 6 58
GGF 6 55
WG 6 52
WGG 6 59
CAMVES 8 92
CHPSAR 9 97
COHVAW 8 86
Cpd_B 9 91
Cpd_A 8 116
POXTRD 9 55
SANGLI 9 125
YIVNOG 7 137

For the solvMPCONF196, we added water molecules to these structures in a way that as many
functional groups as possible are solvated while keeping the number of water molecules small. This
ensures that the water—water hydrogen bonding is reduced to the most important interactions and
that diverse water—solute interactions remain an important part of the solvated benchmark structures.
The number of water molecules used for the conformers of each molecule and the resulting total
number of atoms are given in Table D.1. Typical solvated structures obtained upon water addition
are characterized by hydrogen bonds between water as hydrogen bond donor and an oxygen atom
of the conformer as acceptor (Figure D.3, A and C). Analogous interactions can be seen for amine

Figure D.3: Examples of bonding motifs of explicit water molecules for the structures composed in the
solvMPCONF196 benchmark set. A-D are cutouts of typical H-bonded structures. E is SANGLI (conformer f).
F is Cpd_A (conformer n).
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Figure D.4: r*SCAN-3c¢ conformational energies of the gas-phase and solvated conformers of GGF and Cpd_B.
For the with water molecules solvated structures, the energies for the fully optimized structures and the structures
with fixed gas-phase conformer geometries are given.

functional groups of the solute acting as a single hydrogen bond acceptor (Figure D.3, B). Moreover, the
conformer can act as a hydrogen bond donor with H atoms bonded to nitrogen or oxygen (Figure D.3,
C and D). Finally, various combinations and deviations of the described H-bond motifs occur if
functional groups of the solute are spatially close (two examples are shown in Figure D.3, E and F).
To analyze the different conformational energy rankings for the MPCONF196 and the solvMP-
CONF196, r*SCAN-3c conformational energies are exemplarily depicted for a smaller (GGF) and a
larger (CAMVES) molecule in Figure D.4. The composite DFT method was chosen due to its good
cost—accuracy ratio (see Sec D.3.2). Besides the conformational energies of the solvMPCONF196
containing water molecules and the solutes with the gas-phase (MPCONF196) geometries, also the
energies after a full optimization including the solute are also depicted. It becomes evident that
the smaller conformers have rather low energy differences of up to 4 kcal mol ! in the gas phase,
while the larger and more flexible conformers differ by up to 40 kcal mol ™' . After adding explicit
water molecules, these energy differences increase strongly for the smaller conformers to more than
15 keal mol ™" but only relatively moderately for the larger molecules. Furthermore, the additional
water molecules often change the conformer ranking, and the energetically favored ones in the gas
phase do not necessarily correspond to the low-energy conformers upon solvation. One reason for
the differences is the H-bonds that are formed between water molecules and the solute. In the gas
phase, the energy ranking is dominated by intramolecular hydrogen bonds. Energetically favored
gas-phase conformers typically show the most intramolecular hydrogen bonds with strongly interacting
functional groups that are saturated. Conformers with less strong intramolecular hydrogen bonds have
higher gas-phase energy, and their functional groups can point outwards from the molecule. In such
cases, the addition of water molecules leads to the formation of strong solute—solvent hydrogen bonds
that lower the energy more than for a conformer with already saturated functional groups.
Relaxing also the solute geometry yields overall only small changes in the relative energies. For some
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Figure D.5: Overlay of the Cpd_B (conformer a) geometries for the fixed gas-phase solute geometry (colored
by heteroatom) and the fully optimized structure (colored in blue). Hydrogen atoms bound to carbon and many
water molecules are omitted for clarity.
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Figure D.6: Energy contributions to the r*SCAN-3c¢ conformational energy of the solvMPCONF196 benchmark
set. Shown are the solute—solvent interaction, the gas-phase conformer, and the water-shell energy differences
that add up to the total conformational energy.

cases, the structures do not change a lot, like for Cpd_B conformer a (RMSD of 0.2 A), leading to
the small energy difference of about 2 kcal mol ™! upon optimizing the whole structure. However,
depending on the conformer geometry, also larger energy changes (e.g., 16 kcal mol ™! for conformer
k of Cpd_B) can occur. For such structures, water molecules can move between two conformer
strands upon full optimization, leading to a more open structure (Figure D.5) and thus a significant
energy lowering of the system. This observation agrees with the general trend that for gas-phase
conformers, relatively compact structures are energetically favored due to intramolecular dispersion
interactions, which are quenched in solution, leading to more extended structures.[>7! However,
the solvMPCONF196 contains only structures where the solute has the same geometry as in the
MPCONF196 gas-phase benchmark to allow a direct comparison between gas-phase and solvated
results and a clear assignment of method errors. To further analyze the conformational energies of
the solvMPCONF196, the three energy contributions are shown in Figure D.6 exemplarily for the
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Figure D.7: Boxplot for various DFT and WFT method assessed on the solvMPCONF196 benchmark set. All
results were obtained with the def2-QZVPP basis set.

conformers of GGF and Cpd_B. Two additional factors become important besides the conformational
energy of the isolated conformer: the interaction energy of the solute and the solvent (%"~ ‘and
the solvent—solvent interactions E;/Y~°! For a few cases, the dominant part of the conformational
energies is the difference between the pure solute (gas-phase) energies like for Cpd_b (m). Further,
there are cases where the conformers differ mainly by solute—water ( e.g., GGF (14) and Cpd_B (1)), or
water—water interactions ( e.g., GGF (4) and Cpd_B (j)). However, in many cases, at least two of those
factors significantly impact the energy ranking. On average over all considered conformers, these three
parts contribute about equally to the conformational energies and thus, for predicting conformational
energies of such biomolecules in solution, a reliable method should be able to describe solute—water,
and water—water interactions as well as conformational gas-phase energies accurately.

D.3.2 Method evaluation

In the following, the performance of various DFT, WFT, SQM, and FF methods is evaluated for the
solvMPCONF196 and the MPCONF196 with respect to the PNO-LCCSD(T)-F12b/AVQZ’ reference
conformational energies. Mean deviations (MDs), mean absolute deviations (MADs), root-mean-
square deviations (RMSDs), and absolute maximal deviation (AMAX) as defined in the Supporting
Information are given in Table D.2. Since the conformer ranking is important for practical applications,
Spearman coefficients are also shown, which represent the correlation of the conformer ranks. The
corresponding statistics for the MPCONF196 with PNO-LCCSD(T)-F12b/AVQT reference values are
given in the SI (Table S1, Figures S1, and Figure S2).

DFT/WFT evaluated with a large basis set

First, the performance of the DFT/WFT methods combined with the def2-QZVPP basis set is evaluated.
A graphical representation of their performance on the solvMPCONF196 benchmark is given as a
boxplot in Figure D.7. Considering the mean conformational energy of 9.9 kcal mol ™! for the whole
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Table D.2: Error statistics in kcal mol ™! for the solvMPCONF196 with respect to the PNO-CCSD(T)-F12b
reference values that yield a mean conformational energy of 9.9 kcal mol .

Method MD MAD RMSD AMAX Spearman
revDSD-PBEP86-D4!'>11 011 037  0.49 1.47 0.9949
wB97TM(2)P%¥! 015 051 074 422 0.9916
PWPB95-D413! -0.17 071 093 3.27 0.9897
wB97M-D440! 006 054 0.5 4.18 0.9924
wB97X-D4l130:400] 0.14 062  0.89 3.34 0.9900
wB97X-V[401 035 069  0.89 2.80 0.9881
wB9TM-V402! 033 076 099 3.50 0.9903
B3LYP-D4[200:2011 054 0.82  1.06 3.44 0.9873
PW6B95-D42%%! -0.05 084 112 4.98 0.9854
PBE0-D4?%% 057 090  1.13 3.71 0.9870
r2SCANO-D440%! 092 105 138 425 0.9873
M06-2X1204 050 130  1.65 472 0.9803
B97M-V!205:206] -0.14 085  1.07 4.25 0.9814
r2SCAN-D4!1?2?! 061 096  1.26 3.56 0.9854
MO06-L1?%3! -041 124 159 5.85 0.9792
MN15-L1404 -0.14 137 172 6.42 0.9714
TPSS-D4140%! -0.01 139 178 5.39 0.9779
B97-D4400] -070 142 186 5.05 0.9795
PBE-D4!4"7! 0.23 144 191 5.64 0.9749
BP86-D4207-20%1 -0.06 145  1.86 5.84 0.9730
SCS-MP21408! -043 072 092 3.49 0.9889
Mp2!!16! 011 090  1.19 431 0.9865
r*SCAN-3cl'? 024 118  1.68 6.01 0.9768
wB97X-3c!13% .05 127  1.70 6.47 0.9862
B97-3c14*! -0.05 159 215 5.71 0.9773
PEBh-3c12!”! 259 344 408 10.14 0.9552
HF-3c!1%¥ 185 344 435 16.42 0.9341
GFN2-xTB* 012 322 445 12.53 0.9338
GFN1-xTB“® -030 386 4.6 13.33 0.9209
DFTB3!®! -3.60 447 541 14.11 0.9128
PM6-D3H4X! 1334101 -027 459 581 20.33 0.8723
pm7i34 -131 532 647 21.48 0.8739
MMFF94211-215] 209 441 608 2529 0.8456
GFN-FFP! -642 801  9.63  27.90 0.6660
GAFF#! -8.12  9.67 1201 3290 0.6109
Ghemical*'? -36.47 5375 6897 18441  —0.2906
UFF!37! -55.95 7443 97.40 307.25 —0.3387
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solvMPCONF196 benchmark set, all tested DFT/WFT methods yield reasonably small MADs (up to
1.5 kcal mol ™! ) and RMSDs of up to 1.9 kcal mol™" . The corresponding values for MPCONF196 are
1.2 kcalmol ' and 1.7 kecalmol ™, respectively, see SI. Also, the Spearman coefficients are close to 1
and generally better than for MPCONF196 as the energy differences between different conformers
increase upon adding water, which leads to a clearer energetic separation of the different conformers.
Considering the different classes of DFT functionals, performance trends according to Jacob’s ladder
are observed.!!!”!

For the (meta-)GGAs, most of the functionals (BP86-D4, PBE-D4, B97-D4, TPSS-D4, MN15-L,
and M06-L) perform similarly with MADs between 1.5 kcal mol ™" and 1.2 kcalmol ™! . The two best
performers in this class are r*’SCAN-D4 and B97M-V with MADs below 1 kcalmol ™' . Even though
r>?SCAN-D4 has a shift (MD = 0.6 kcal mol ™! ), it shows the smallest number of outliers among the
tested (meta-)GGAs (AMAX=3.6 kcal mol ™! ), leading to the overall good MAD. Considering the
hybrid DFT methods, M06-2X yields the largest MAD for the solvated structures. This is followed by
r?SCANO-D4, which shows with an MD of 1.1 kcalmol ' an even larger shift than its meta-GGA
equivalent r*’SCAN-D4. Generally, the inclusion of Fock exchange shifts the mean conformational
energies to larger values (MDs > 0 kcal mol~! for most of the tested hybrid functionals), which is more
pronounced for the solvated structures compared to the gas-phase ones. Thereby, a significant increase
of the conformational energies is usually observed for the larger structures, e.g., by 0.7 kcal mol ™' when
going from PBE to PBEQ. PBEO-D4 performs similarly well as PW6B95 and B3LYP-D4 with MADs
between 0.8 kcalmol ™' and 0.9 kcalmol™' . Even more accurate values can be achieved with the
wB97X-V functional or its reparameterized D4 variant.!3"! Only wB97M-D4 yields a lower MAD
close to 0.5 kcal mol™! with a very good Spearman coefficient. Looking at the MP2 methods,
SCS-MP?2 performs better than MP2 with an MAD of 0.7 kcal mol ™", similar to the better hybrid
functionals, but worse than double hybrids, which yield the best results. wB97M(2) improves upon
wB97M-V, on which it is based, yielding values similar to wB97M-D4. The overall best performer is
revDSD-PBEP86-D4 with an MAD of 0.4 kcal mol ™! for the solvated structures (0.3 kcal mol~! for
the gas-phase structures), which corresponds to only 4 % of the mean conformational energy. This
method is able to predict almost the complete reference conformer ranking correctly and shows no
outlier of more than 1.5 kcal mol~' from the coupled cluster reference.

To allow a better comparison of the method performances for the gas-phase and the solvated
structures, the Pearson correlation coefficients of DFT/WFT methods in a large def2-QZVPP basis are
depicted in Figure D.8. It is evident that the double hybrid, the hybrid functionals (except M06-2X),
and (SCS-)MP2 methods perform similarly well for the gas-phase and solvated structures, with only
a small loss in accuracy when adding explicit water molecules. This changes for the (meta-)GGAs,
where the error increases significantly for the solvated structures. Only B97M-V and r*SCAN-D4
perform similarly for the two sets. A possible reason for the worse performance of (meta-)GGAs for
the solvated structures is that these polar systems, composed of many intermolecular hydrogen bonds,
are more prone to the self-interaction error and thus worse described with a (meta—)GGA.[36’4l3]

To estimate the importance of the basis set, different "def2" basis sets were employed with the
B97M-V method. The resulting deviations from the coupled cluster values are depicted in Figure D.9.
It is evident that using a small basis set like def2-SVP is neither sufficient for conformational energies
of the gas-phase nor the solvated structures. At least triple  basis sets should be used for DFT
and WFT. This is especially important for the solvated structures, where the difference between
def2-SVP and def2-TZVP is even larger compared to the gas-phase energies. Here, additional errors
like intermolecular BSSE occur, which are significantly reduced when using the def2-QZVPP basis
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Figure D.8: Pearson correlation coefficient of the tested DFT/WFT methods for the gas-phase and the solvated
structures. The def2-QZVPP basis set was employed for all methods.
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Figure D.9: Boxplot of the B97M-V deviations for different basis sets.
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Figure D.10: (A) Boxplot of the different composite method results for the solvated geometries. (B) Pearson
correlation coefficient for the best performing composite methods for the gas-phase structures and the solvated
ones.

instead of the def2-SVP basis set. Thus, def2-QZVPP can be applied safely with DFT, which may be
different for MP2 as WFT converges generally more slowly with the basis set size. For the gas phase
set, even the def2-TZVP basis can be recommended for DFT calculations.

Composite methods

When computationally more efficient methods are required, e.g., for screening many different
conformers or computing larger molecules like small proteins, composite DFT and WFT methods can
be used. The results of different composite methods are shown as a boxplot together with the Pearson
correlation coefficient in Figure D.10. Here, the worst performers are HF-3c and PBEh-3c with MADs
of about 3.4 kcal mol ! (2.3 kcal mol ™! and 1.6 kcal mol ™! for the gas-phase structures, respectively).
These two older methods employ smaller basis sets (MINIX for HF-3c and a modified def2-SVP for
PBEh-3c) that lead to larger errors, especially for the solvated structures as discussed above. The
intermolecular BSSE can only partially be cured by the applied correction terms. B97-3c employing the
def2-mTVP basis set performs reasonably well with an MAD of 1.6 kcal mol ™! for solvMPCONF196.
wB97X-3c performs better even though a polarized valence double ¢ (vDZP) basis set is employed.
However, this basis set was shown to have only a small BSSE of approximately def2-TZVP quality.[130]
The best MAD of 1.2 kcal mol ™! among the tested composite methods has r*SCAN-3¢ yielding results
similar to good (meta-)GGAs in the large def2-QZVPP basis set for the solvated structures at a small
fraction of computation time (see Sec D.3.2). Furthermore, r*SCAN-3¢ yields remarkably good
results also for the gas-phase structures with an MAD below 0.5 kcal mol ! close to the best hybrid
functional with a def2-QZVPP basis set.
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Figure D.11: Boxplot for the tested semi-empirical and FF methods assessed on the solvMPCONF196
benchmark set.

Semi-empirical and FF methods

If typical proteins or other biomolecules should be modeled, their size usually prevents the application
of standard DFT/WFT methods, especially for conformer screening, and only semi-empirical and
FF methods are computationally feasible. Therefore, we tested some well-established methods from
these classes and depicted their results in Figure D.11. For the semi-empirical methods, PM7 and
PM6-D3H4X perform worst with MADs of 5.3 kcal mol ™! and 4.6 kcal mol™! for solvMPCONF196.
The DFTB3 method shows significantly lower scattering and fewer outliers. However, it yields a large
mean shift of —3.6 kcal mol ™! leading to a similar MAD and overall too low conformational energies.
The best SQM methods, GFN1-xTB and GFN2-xTB, show the smallest scattering and MADs of
3.9 kcalmol ! and 3.2 kcal mol ™" , which is a good result considering that a minimal basis set is
applied.

For the FFs, the general Ghemical and UFF force fields that can be applied across the periodic
table show very poor Spearman coeflicients close to zero, indicating randomly ordered conformers
compared to the reference. Moreover, they yield extremely large MADs of more than 53 kcal mol ™! and
74 kcal mol ™! and are thus not applicable for ranking conformers of biomolecules. GFN-FF performs
best among the generally applicable force fields and even outperforms GAFF, which was specially
parameterized for bio-organic systems. MMFF94, which has also been optimized for biomolecules,
shows the best MAD of 4.4 kcal mol™! among the tested force fields and is only slightly worse than
the best SQM methods. Notably, it yields astonishingly good results for the gas-phase conformers
with an MAD below 1 kcal mol™" similar to DET/WFT quality even though the RMSD is much higher
(SI Table S1) due to some outliers, especially for SANGLI.
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of each method class.

Timings

To allow a fair comparison among the different classes of methods, not only the errors in predicting
conformational energies have to be discussed, but also the respective computational timings. Therefore,
the wall time and MAD for every best performer of each class are depicted in Figure D.12. While SCS-
MP?2 and the double hybrid reDSD-PBEP86-D4 have similar computational costs, they significantly
differ regarding their MADs, with SCS-MP2 showing almost twice as large errors. Also, wB97M-D4
yields better results than SCS-MP2 while saving almost a factor of five in computation time. B97M-V
provides reasonable accuracy with an MAD below 1 kcal mol ™! but is almost seven times faster
than the wB97M-D4 hybrid. In practice, often larger structures with many conformers have to be
screened. For this application, we recommend the composite method r*SCAN-3c, which is even seven
times faster than BO7M-V/def2-QZVPP yielding an MAD close to 1 kcal mol ™' . However, proteins
and large biomolecules or extensive conformer and structure screenings are often too expensive for
DFT/WFT methods. Then, the semi-empirical GFN2-xTB method becomes a reasonable choice as
it is more than one order of magnitude faster but still provides reasonable accuracy. For very large
systems, we recommend MMFF94 or GFN-FF.

D.4 Conclusion

We extended the MPCONF196 conformer benchmark set toward systems in solution by solvating the
196 conformers of 13 different peptides and organic macrocycles with explicit water. Further, we
provide accurate PNO-LCCSD(T)-F12b/AVQZ’ reference values for the resulting solvMPCONF196
and the original MPCONF196 set and evaluated 16 different DFT methods, (SCS-)MP2, five SQM,
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and five FF methods on those. Generally, for conformational studies of proteins, at least a few explicit
water molecules might be considered because the solute—water and water—water interactions can
have large contributions to the conformational energies. Also, the conformer structure can change
under the influence of explicit water molecules, and thus, full structure optimizations are required if
gas-phase conformers are solvated. For this, we recommend programs like the QCG[289] that can add
water molecules and perform conformational searches automatically. As the conformer generation
of larger biomolecular systems can become computationally very expensive, efficient methods like
GFN2-xTB or, if this is still too expensive, GFN-FF and MMFF94 are recommended. For further
refining the conformational ranking and sorting out structures, r*SCAN-3c is well suited as it provides
a very good cost—accuracy ratio. If highly accurate conformational energies are required, wB97M-D4
or revDSD-PBEP86-D4 with a def2-QZVPP basis set may be used for a final conformer ranking.
Thereby, particular attention has to be paid to the choice of the basis set as the explicit water molecules
introduce intermolecular interactions, which make the systems prone to BSSE.
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Abstract

The computational treatment of large molecular structures is of increasing interest in fields of modern
chemistry. Accordingly, efficient quantum chemical approaches are needed to perform sophisticated
investigations on such systems. This engaged the development of the well-established "Our own
N-layered Integrated molecular Orbital and molecular Mechanics" (ONIOM) multi-layer scheme [L.
W. Chung et al., Chemical Reviews, 2015, 115, 5678-5796]. In this work, we present the specific
implementation of the ONIOM scheme into the xtb semi-empirical extended tight-binding program
package and its application to challenging transition-metal complexes. The efficient and broadly
applicable GFNn-xTB and -FF methods are applied in the ONIOM framework to elucidate reaction
energies, geometry optimizations, and explicit solvation effects for metal-organic systems with up
to several hundreds of atoms. It is shown that an ONIOM-based combination of density functional
theory, semi-empirical, and force-field methods can be used to drastically reduce the computational
cost and thus enable the investigation of huge systems at almost no significant loss in accuracy.

E.1 Introduction

Current developments and modern techniques for synthesizing and analyzing molecules allow chemists
to study increasingly large and complex systems including, e.g., macromolecules, reaction networks, or
supramolecular COl’l’lplCXCS.[4l4_416]. Besides a long-standing emphasis on protein structures and their
functions in the macro-molecular regime,[417], large metal-organic structures such as metal-organic
polyhedra (MOP)!'7#8] 51 molecular machines™!*#?" gain growing attention and find application in
various fields like drug-delivery processes,[421’422] functional materials,**" catalysis,[424’425] or fuel
storage.[267] Such metal-organic systems can also reach impressive sizes of hundreds to thousands of
atoms and may involve moieties with challenging electronic structures. Besides advancing experimental
techniques, computational methods and workflows became a valuable utility for a reliable description
of large molecular systems enabling deeper insights into basic properties and mechanisms.!!%42%!
However, the application of accurate quantum chemical (QC) methods like density functional theory
(DFT) and wave function theory (WFT) methods to extended systems is often limited due to the
rapidly increasing computational costs with the system size.[ 7]

This encouraged the continuous development of force field (FF) and semi-empirical quantum
mechanical (SQM) methods that are routinely applied to systems of hundreds up to thousands of atoms.
[266:428-4301 More recent developments in this field are the GFNn-xTB and force-field methods[84],
GFNI—XTB,[48] GFN2—XTB,[49] and GFN—FF[SO], which have become widely used and well-established
tools for the treatment of large systems.[431’432] In contrast to most other semi-empirical approaches
and FFs, the GFN methods are consistently parameterized for all elements up to Rn and are thus
applicable to a large chemical space throughout the periodic table. These methods are already routinely
used in black-box approaches for conformer sampling[44], energetic sorting of structure ensembles, >
or docking algorithms such as the recent aISSP*! method, with the latter being specifically suited
for molecule-binding to large structures.”®”! Nevertheless, specifically complex and challenging
electronic structures often require an even more accurate direct or post-processing description at a
more sophisticated DFT or WFT level.%

To close this gap, various multi-layer schemes have emerged. They rely on the fact that treating the
whole system highly accurately is often unnecessary, but rather a small reactive part or interaction
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site is of importance.[83] For multi-layer schemes, computationally demanding but accurate methods
are applied only to a small region of interest, while non-negligible environmental effects are treated
with computationally cheaper methods. Crucial environmental influences include, e.g., backbone
strain in proteins[43 3 supramolecular stabilization of reactive species,[434’435] reaction mechanisms
including large structurally strained systems,[436] or explicit solvation.[*7**%! Besides well-known
QM/MM schemes,!**! the so-called "Our own N-layered Integrated molecular Orbital and molecular
Mechanics" (ONIOM) method!33440! proved to be a valuable tool for multi-layer simulations. ONIOM
was already successfully applied for modeling organic reactions such as Friedel-Crafts reactions**!],
metal-organic catalysis,[442] and zeolite reactivity to name only a few. 1431 1 this context, the GFN
methods represent a perfect match to simulate the outer region within the ONIOM scheme due to their
broad parameterization and reasonable accuracy. [266.444-446]

Accordingly, we present here the implementation of the ONIOM scheme in the open source xtb
program that allows the direct combination of the GFN methods with any desired DFT or WFT
method via an interface to the prominent ORCA (3874471 ot TURBOMOLE™#4%] program packages
in an easily applicable and intuitive way. This enables the efficient and accurate treatment of not
only organic structures but also of molecules containing, e.g., transition metals, heavy main group
elements, or even lanthanoids.?*®**%! Besides the theoretical excursion into the ONIOM approach
and its implementation in xtb, we demonstrate its efficient application by investigating molecular
geometries and energies of challenging metal-organic structures.

E.2 Theoretical overview and implementation

In principle, multi-layer techniques used to intermix different levels of QC theory are either additive
or subtractive. Additive schemes such as QM/MM or QM/QM were established first and rely on
coupling terms between the two regions treated with different methods.***! Subtractive schemes
like ONIOM do not require additional coupling terms in the Hamiltonian and are thus easier to
implement and allow the straightforward mixing of any methods. For the simplest form of the ONIOM
scheme, the whole system is divided into two layers: an inner and outer region. These regions are
typically treated separately with a high- (£ .hlgh) (e.g., DFT) and low-level (E low ) method (e.g., SQM

inner outer

or FF) and consequently fused to obtain the ONIOM energy expression:

Eoniom = phigh | plow (E.1)

inner outer*

The low-level description of the outer region is obtained by the subtraction of the energy of the

inner region (E|°", ) from the energy of the whole system (E\% ) calculated with the corresponding

mner
low-level approach:

Elow _Elow _Elow (EZ)

outer — “~“whole inner*

In this implementation, no electrostatic embedding is employed for the calculation of the inner region.

If requested, solvation effects can be accounted for by a simplified solvation embedding. Thereby,
only EXW . is computed embedded in an implicit solvent model while the inner region is always
computed in the gas phase.
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E.2.1 ONIOM boundary

The artificial separation of a chemical system into different regions and the creation of the corresponding
boundaries between them can be challenging. The trivial case is to deal with boundaries that include
only non-covalent interactions. In contrast, treating large molecules with a coupling scheme like
ONIOM usually leads to covalent bond breaking. In such cases, the artificial partitioning of the system
leads to the formation of radicals or dangling bonds at the boundaries. To address this problem, a
number of different approaches were developed[83’216] such as the link atom (LA) approach[452’453] or
the frozen localized orbitals'*>¥ approach. Herein, we consider only the former, which is implemented
within the xtb software in the course of this work.

The general idea behind the link atom saturation technique is the capping of the cleaved bonds to
fill the incomplete valence shells of the interface atoms of the partitioned inner region. This is done
via the introduction of a dummy atom, usually hydrogen, on the bond vector between the boundary
atoms. The exact position of a link atom is derived as:

Rpn=R, .. +k(R Rier) (E.3)

inner outer

where Einner and Eouter are the coordinates of the atoms in the inner and outer regions with mutual bonds
that split during the ONIOM procedure, and k is the distance scaling factor. Conventionally, k is taken
as a constant determined from the predefined element-specific distances between the inner region atom
(IA) - outer region atom (OA) and IA-H atoms listed in the supporting information. For cases without
listed values, a default value for k is chosen as the ratio of the carbon—carbon/carbon-hydrogen bond
distances. As an alternative, we implemented the possibility to make the scaling factor k£ dependent
on the actual values for the IA-OA distance that are present in the system instead of tabulated values.
The corresponding derivatives are given in the SI. Figure E.2 demonstrates the ONIOM interpolation
scheme, where the chemical system is first partitioned by cleaving its C-C o bonds, and then saturated
with hydrogen atoms via the link atom approach.

XX

A

fragmentation i

saturation ?"¢ inner

'
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I

_ high low low
Eoniom = Einner * Evnole = Einner

Figure E.2: The fragmentation and subsequent saturation procedures within the ONIOM framework. Capping
hydrogen atoms are highlighted in blue.
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E.3 Computational details

E.2.2 Topology

One of the distinguishing features of the xtb ONIOM implementation is the usage of the topology
information generated with the corresponding GFN method to automate and validate the partitioning
and saturation. As cutting double or triple bonds can lead to problematic systems, xtb uses its internal
bonding topology data to prohibit the cleavage of higher-order bonds. Moreover, an automatic charge
identification routine based on partial charges calculated with the respective GFN method is used to
determine the total charge of the inner region automatically.

E.2.3 Jacobian

While the ONIOM single-point energy can be evaluated directly using Equation E.1, structure
optimizations and frequency calculations require energy derivatives, such as gradients or the Hessian,
that need additional treatment. The major complication emerges from the forces introduced by the
artificial capping atoms that have to be reassigned accurately to the corresponding real atoms. For this
purpose, the Jacobian matrix is used, which is defined as

-

o . SR.
J(Rinner; Rwhole) = ﬁ (E4)

whole

where R; .. denotes the coordinates of the inner region atoms, while R, ;. are those of the atoms of
the entire system. Taking this correction factor into consideration, the final expression for the ONIOM

gradients for the two-layer interpolation is derived from the gradients calculated with the high- (§£;ge};)
low high

whole» 8inne;) Methods and can be written as

and low-level (g

-

= _ =low - low D . D - high ;, X
8ONIOM = 8whole ~ ginnerJ(Rinner’ Rwhole) + ginnerJ(Rinner’ Rwhole) (E.5)

The formation of the Jacobian matrix requires the differentiation of Equation E.3 with respect to the
real coordinates (R01e)-

E.2.4 Implementation and availability

The ONIOM scheme implemented in the xtb!3+4%] program package is invoked with one simple
command line instruction and can be used as a standalone program with any GFN method combination.
Further, it can be interfaced to ORCA or TURBOMOLE to combine DFT/WFT with the GFN methods.
The application guideline and installation instructions for the xtb program can be found at the xtb-docs

page.

E.3 Computational details

All GFN1-xTB, GFN2-xTB, GFN-FF, and ONIOM calculations were performed with the xtb 6.6.0
program package. DFT computations, including also the DFT part for the ONIOM scheme executed
and processed by xtb, were performed with TURBOMOLE 7.5.1 or 7.6, except for the solvent clusters
where ORCA 5.0.3 was employed. If not stated otherwise, the GBsAl!8l (SQM, FF) (xtb, toluene),
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cOSMO">* (TURBOMOLE, toluene), and CPCM!">**%8) (ORCA, DMSO) implicit solvation
models were used and will be discussed in more detail in section E.4.2.

All DFT calculations employ Ahlrichs’ def2 Gaussian-type atomic orbital basis sets!%! and
some modified variants developed in the framework of the respective DFT-3¢ composite methods
PBEh-3¢*'” (def2-mSVP), B97-3¢**! (def-mTZVP), and r’SCAN-3c!'*! (def-mTZVPP). Matching
def? effective core potentials[456] were used throughout. If not stated otherwise, the default calculation
settings and convergence criteria of the respective codes were applied including the use of the resolution
of the identity (RI) approximation with matching auxiliary basis sets.?? The D422+ [ ondon
dispersion correction was used throughout.

The systematic workflow for locating transition states was adopted from the work of Dohm et a
The double-ended Growing-String Method (GSM) by Zimmerman et al. was used to refine reaction
paths[45 974611 at the GFN2-xTB potential energy surface (PES). The resulting saddle points were
further optimized with corresponding density functionals to obtain final transition state geometries.
All calculations were executed on an Intel® Xeon® CPU E5-2660 v4 @ 2.00GHz machine.

I [458]

E.4 Results and discussion

In the following, the application of our general ONIOM scheme implementation in xtb is demonstrated
for selected showcases ranging from geometry optimizations of MOF cutouts, and explicit solvation
of transition metal complexes to reaction mechanism exploration at metal-organic polyhedra.

E.4.1 Molecular structures

A great benefit of multi-layer approaches such as ONIOM is the drastic reduction of computation time
compared to a full DFT or WFT approach. This is especially important for geometry optimizations
that often represent one of the most time-consuming tasks in computational chemistry workflows.

As a demonstration, the following examples show the use of our implementation for geometry
optimizations of challenging metal-organic systems. To allow for a fair assessment of the ONIOM
treatment, the showcase systems were selected to still be treatable at a reasonable DFT level. Thus,
a direct comparison of the multi-layer combinations and full-DFT is possible. As the size of the
investigated systems limits the choice of suitable methods, the TPSS™%! functional in combination
with the def2-SVP basis set was chosen as DFT approach. Nevertheless, employing the ONIOM
scheme would allow for the treatment of much larger structures, where a full DFT treatment, even at
this low level, would be unfeasible.

As a first example, a 484-atom large cut out of the prominent zirconium-based UiO-66 MOF,
synthesized by Cavka et al.,”*'¥ was examined. Various combinations of GFN and DFT methods
were tested within the ONIOM scheme (Figure E.3) for optimizing the geometry. For the ONIOM
calculations, the Zr-containing nodes were treated with the high-level method. The resulting method
combinations are denoted as "ONIOM(high-level method:low-level method)" in the following. The
influence of the inner region size on the ONIOM performance was tested by including one, three, and
six Zr nodes. In general, the included Zr nodes were treated as one single extended inner region, not as
separated subregions. As a measure of structural quality, the heavy-atom root-mean-square deviation
(hRMSD) to the crystal structure is used.

Despite having the largest deviation from the reference, the atomistic GFN-FF is highly efficient in
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Figure E.3: hRMSD (vs. X-Ray reference) and wall time values (14 cores) for the geometry optimization of
the UiO-66 polyhedron. 1, 3, and 6 are the numbers of the metal clusters included in the inner region, which
is highlighted in blue. TPSS' = TPSS-D4/def2-SVP. *Extended number of optimization cycles due to the
convergence issue.

terms of computational timings (5s). It performs well for the purely organic linker and is still reasonable
for the Zr-moiety. The semi-empirical GFN2-xTB shows an improved structure compared to GFN-FF
by still remaining computationally efficient (3 min). Applying the ONIOM(GFN2-xTB:GFN-FF)
scheme yields a better hLRMSD compared to a full GFN-FF optimization already with only one Zr
moiety in the inner region. By extending the GFN2-xTB region to the other Zr moieties, the geometry
can be improved systematically while still being computationally very efficient. Applying GFN2-xTB
to each of the six Zr nodes leads to a slightly lower hRMSD compared to the full GFN2-xTB
optimization. The combination of GFN2-xTB for the metal-containing moieties and GFN-FF for the
purely organic linker combines the strength of both methods and yields a very reasonable result within
seconds optimizing the full structure in seconds to a few minutes.

The overall lowest hARMSDs are observed for the two DFT methods (TPSS and I'ZSCAN—?)C), but with
these methods, the geometry optimization takes several hours up to more than a week for r*’SCAN-3c.
The combination of DFT methods and GFN-FF does not systematically yield improved hRMSDs
over the ONIOM(GFN2-xTB:GFN-FF) approach for the inclusion of one or three Zr nodes. This
may be due to asymmetrical distortions of the overall structure which is not the case when six nodes
are included. Then, the ONIOM(DFT:GFN-FF) combination yields excellent agreement with the
reference and the full-DFT treatments. In this case, the computation time is reduced from 46 to only
11 hours at no loss in accuracy. This reduction is even larger for the ONIOM(rZSCAN—3c:GFN—FF)
combination, where it is reduced from 191 hours to 21 hours. Accordingly, the ONIOM approach can
save days to weeks of computation time at no relevant loss in accuracy. Noteworthy here is the lower
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Figure E.4: (A) Lewis structure depiction of [szNb(H)z(SiCIiPrz)]. (B) structure overlay of the full GFN2-
xTB (blue) and TPSS-D4/def2-SVP (color-coded) optimized structures. DMSO molecules are removed for
clarification. (C) TPSS-D4/def2-SVP optimized geometry of [Cp,Nb(H),(SiCliPr,)] dissolved by 20 DMSO
molecules.

computational time for the inner region including six nodes with the ONIOM(r*SCAN-3¢:GFN2-xTB)
scheme compared to that including three nodes. This can be explained by a faster convergence of the
geometries resulting from the consistent DFT treatment of the zirconium-centered moieties.

Another possible use case of our implementation is the modeling of explicit solvation. If an
implicit solvation model becomes insufficient to describe the solvent effect, it is necessary to include
explicit solvent molecules, which can increase the computational costs tremendously. To still include
a sufficient amount of explicit solvents to describe the system accurately, the ONIOM scheme can
be used to employ a DFT or WFT method for the solute and a GFN method for the solvent. In this
case, no covalent bonds are broken, which renders the GFN methods specifically suitable as they are
designed to reproduce non-covalent interactions accurately.

As an example, the Bis(cyclopentadienyl)silylniobium complex [szNb(H)z(SiCIiPrz)][217] (Fig-
ure E.4 A) was solvated with 20 DMSO molecules using the Quantum-Cluster-Growth (QCGQG)
algorithm. (289.386] This transition metal complex has previously proven to be a specifically diffi-
cult case for common semi-empirical methods in the TMG145 benchmark study. 2661 The solvated
complex was optimized at three different levels, TPSS-D4(CPCM)/def2-SVP (Figure E.4 C), GFN2-
xTB(ALPB), and ONIOM(TPSS-D4/def2-SVP:GFN2-xTB(ALPB)). In the ONIOM scheme, the
Bis(cyclopentadienyl)silylniobium complex was chosen as the inner region. A comparison of the
cut-out solute geometry optimized within the ONIOM scheme and pure GFN2-xTB is shown in
Figure E.4 B. Optimizing the explicitly solvated complex with TPSS-D4/def2-SVP retains the major
structure motif of the Bis(cyclopentadienyl)silylniobium complex with respect to the gas-phase
TPSSh!*®?_D3(BJ)-ATM reference structure.!*%%! Using GFN2-xTB for optimizing the whole cluster
yields a qualitatively wrong, distorted structure with an RMSD of 0.26 A of the cut-out solute. Thereby,
a haptotropic shift of the cyclopentadienyl ligands occurs, and the symmetric coordination of the

116



E.4 Results and discussion

/0\ ’

System size:
408

s-k

*’“‘WQJ e f )

Figure E.5: The molecular structure of the DALTES metal-organic polyhedron.

terminal hydride ligands is distorted. Accordingly, GFN2-xTB is, similar to other semi-empirical
and Force Field methods,'”®! not able to describe this complex system accurately. Applying the
ONIOM(TPSS-D4/def2-SVP:GFN2-xTB) scheme instead yields the correct structure in excellent
agreement with the full DFT optimization (RMSD of 0.01 A) at a fraction of computational cost
(59 min vs 48 h 58 min). Despite the good performance of the ONIOM scheme demonstrated for this
example, electrostatic embedding may enhance the results for cases with highly polar environments
showing strong charge-dependent interactions. Nevertheless, the appropriate choice of the ONIOM
boundary may reduce errors in this respect.

E.4.2 Electronic energies

Another key ability of the ONIOM scheme is the calculation of energies for extended structures. This
is specifically useful for, e.g., reaction mechanism elucidation, where the chemical transformation is
typically occurring at a relatively small reactive site.

As a first example, we discuss the Rh-functionalized metal-organic cuboctahedron illustrated in
Figure E.5. In the following, it is referred to as DALTES!"%% in correspondence with its reference
code from the Cambridge Structural Database (CSD).**¥ Herein, we consider the cyanosilylation
reaction facilitated by the dirhodium paddle-wheel nodes (Figure E.6 A). The proposed mechanism
depicted in Figure E.6 B was adapted from Zhang et al. 2191 The first step is the coordination of an
aldehyde substrate to the open Rh sites of DALTES, which is followed by the nucleophilic addition of
the isomerized trimethylsilyl cyanide (iso-TMSCN) to the activated carbonyl compound. Afterward,
the trimethylsilyl group isomerizes into the final product, which is the rate-determining step of the
catalytic reaction. Finally, the produced cyanohydrin derivative is cleaved from the metal cluster of
the catalysts. To validate the ONIOM approach, a full quantum mechanical reference energy profile
was calculated. Due to the size of the investigated system (404 atoms), the choice of the reference
method was again limited to the (meta-)GGA/DZ level. Accordingly, the TPSS-D4/def2-SVP level
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Figure E.6: (A) Schematic reaction mechanism of the cyanosilylation at an Rh-based paddle-wheel motif of
the DALTES MOP. (B) The relative potential energy curve of the cyanosilylation reaction computed with
TPSS-D4/def2-SVP, GFN2-xTB, and their ONIOM(TPSS-D4/def2-SVP:GFN2-xTB) combination onto the
TPSS-D4/def2-SVP optimized geometries implicitly solvated in toluene.

with COSMO implicit solvation was chosen as a reference and QM component in the ONIOM
approaches. The energy profile of the catalytic cycle was then recomputed at the GFN2-xTB and
ONIOM(TPSS(COSMO):GFN2-xTB(ddCOSMO)) levels (Figure E.6). For the ONIOM scheme,
only the respective dimetal node involved in the cyanosilylation and the corresponding reactants were
included in the inner region.

The semi-empirical GFN2-xTB energy profile qualitatively agrees with the full-DFT results, but
the relative energies differ by up to 35 kcal mol ™" . Applying the ONIOM approach instead yields
very good agreement with the TPSS-D4/def2-SVP reference energy, only varying by 1-3 kcal mol " .
Accordingly, the ONIOM scheme can be used to effectively converge the results by a combination of
GFN2-xTB with any suitable DFT method of choice. By using ONIOM, the average computational wall
time of the energy evaluations is reduced from 30 minutes to only 40 seconds. This allows choosing a
significantly more accurate method in the inner region that would be unfeasible in a full DFT approach.
Similar results are obtained for other methods combinations such as ONIOM(I‘ZSCAN-3CZGFNZ-XTB)
and ONIOM(wB97X-3c:["**) GFN2-xTB) (see SI).

An even more challenging system is the recently synthesized porphyrin-based macromolecular
spoked-wheel complex by Majewski et al. 2201 "jlustrated in Figure E.7. Its size of 870 atoms
renders most conventional DFT methods unfeasible, and thus we computed the bond formations
at the rim of the spoked-wheel complex at the ONIOM(TPSS:GFN2-xTB(GBSA)) level. The rim
of the spoked-wheel complex consists of 18 5,15-linked porphyrin units coordinated by Zn(II) or
Ni(Il) ions. By the addition of bis(trifluoroacteoxy)iodobenzene (PIFA), the meso-meso coupled
Zn-porphyrin rings can be fused further, forming a nanobelt involving three-fold single bond coupled
Zn-porphyrin units. The corresponding reaction energy of this coupling reaction was computed
including the Zinc-functionalized porphyrin rings in the inner region with 432 atoms. The obtained
reaction energies are shown in Table E.1. The reference method yields an overall reaction energy of
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Figure E.7: The molecular structure of the 5,15-linked porphyrin nanoring and the fusion reaction between its
Zn-functionalized porphyrin units.

Table E.1: The C-C coupling reaction energies of the 5,15-linked porphyrin nanoring implicitly solvated in
toluene (ddCOSMO) and calculated onto the corresponding molecular geometries optimized at the same
levels of theory with the corresponding wall time (28 cores) values for the self-consistent field (SCF) energy
calculation. TPSS' = TPSS-D4/def2-SVP.

Methods AE /kcalmol™!  SCF time
ONIOM(TPSSTZGFNZ—XTB) -44.9 25 min
GFN2-xTB -34.9 36 sec
ONIOM(GFN2-xTB:GFN-FF) -24.4 4 sec
ONIOM(TPSSTiGFNl—XTB) —-47.0 24 min
GFN1-xTB -37.6 39 sec
ONIOM(GFEN1-xTB:GFN-FF) -26.6 4 sec
ONIOM(TPSST:GFN-FF) -35.3 15 min
GFN-FF 172.6 0.4 sec
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—44.9 kcalmol ! Using GFN2-xTB and GFN1-xTB yields reasonable reaction energies of —37.6
and —34.9 kcal mol ™', respectively, and shows the qualitatively right trend. Using only GFN-FF
yields a much too high, qualitatively wrong interaction energy. Combining it with GFNn-xTB within
the ONIOM scheme can reduce this error drastically and gives a qualitatively correct behavior. These
results show that it is possible to get good and fast results with the ONIOM(GFNr-xTB:GFN-FF)
scheme and that if more accurate results are required for such large systems, ONIOM(DFT:GFN) can
be a valuable tool as full DFT calculations are still too costly.

E.5 Conclusions

In the course of this work, the subtractive ONIOM scheme was implemented into the free, open-source
xtb software package. Furthermore, several new implementation-specific features, such as an automatic
charge and topology handling, were introduced. The utility of the ONIOM scheme in combination with
the GFN family of semi-empirical and force-field methods was demonstrated exemplarily for geometry
optimization and reaction energy evaluation of large metal-organic systems. Various combinations of
DFT and the GFN methods were tested using the interface of xtb to the popular quantum chemistry
packages TURBOMOLE and ORCA. It was shown that the ONIOM approach can be utilized to clearly
improve on the already reasonable results of the GFN methods for challenging systems containing
many transition metal atoms. By matching the strengths of the GFN methods and DFT, even critical
cases that require a highly accurate quantum mechanical description can be treated. Accordingly,
we demonstrated that by using the ONIOM framework in xtb, DFT-quality reaction energies and
molecular structures can be obtained at a fraction of the computational cost of conventional DFT. This
also allows the use of computationally more expensive and more accurate DFT methods. The efficient,
robust, and easy-to-use implementation of the ONIOM scheme into xtb opens up new possibilities
with regard to the treatment of very large systems containing a variety of elements across the periodic
table.
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Abstract

Simulating peptides and proteins is becoming increasingly important, leading to a growing need for
efficient computational methods. These are typically semi-empirical quantum mechanical (SQM)
methods, force fields (FFs), or machine-learned interatomic potentials (MLIPs), all of which require a
large amount of accurate data for robust training and evaluation. To assess potential reference methods
and complement the available data, we introduce two sets, DipCONFL and DipCONFS, which cover
large parts of the conformational space of 17 amino acids and their 289 possible dipeptides in aqueous
solution. The conformers were selected from the exhaustive PeptideCs dataset by Andris et al. [J. Phys.
Chem. B, 2022 /26, 5949]. The structures, originally generated with GFN2-xTB, were re-optimized
using the accurate r*SCAN-3c¢ density functional theory (DFT) composite method including the
implicit CPCM water solvation model. The DipCONFS benchmark set contains 918 conformers and
is one of the largest sets with highly accurate coupled cluster conformational energies so far. It is
employed to evaluate various DFT and wave function theory (WFT) methods, especially regarding
whether they are accurate enough to be used as reliable reference methods for larger datasets intended
for training and testing more approximated methods like semi-empirical quantum mechanical (SQM)
methods, force fields (FFs), and machine-learned interatomic potentials (MLIPs). The results reveal
that the originally provided BP86-D3(BJ)/DGauss-DZVP conformational energies are not sufficiently
accurate. Among the DFT methods tested as an alternative reference level, the revDSD-PBEP86-D4
double hybrid performed best with a mean absolute error (MAD) of 0.2 kcal mol ™! compared to
the PNO-LCCSD(T)-F12b reference. The very efficient r*SCAN-3¢ composite method also shows
excellent results, with an MAD of 0.3 kcal mol ™! , similar to the best-tested hybrid wB97M-D4. With
these findings, we compiled the large DipCONFL set, which includes over 29,000 realistic conformers
in solution with reasonably accurate r>’SCAN-3¢ reference conformational energies, gradients, and
further properties potentially relevant for training MLIP methods. This set, also in comparison to
DipCONEFS, is used to assess the performance of various SQM, FF, and MLIP methods robustly and
can complement training sets for those.

F.1 Introduction

Many biological and medical breakthroughs like the development of drugs and vaccines require
understanding the role of proteins.[464’465] Thereby, elucidating the structure of a protein is often a
crucial step and thus one of the most important fields of research.[?>40467] Begides experimental
techniques, computational chemistry and structural bioinformatics became more and more important
for this task with different computational methods and workflows accelerating the discovery of
protein structures. 146846 They often rely on evaluating many different protein conformers to find the
energetically most favorable (populated) one.”’" Due to the large size and conformational space of
peptides and proteins, this leads to an immense computational demand excluding the application of
accurate but costly methods like wave function theory (WFT) and density functional theory (DFT) for
energy-based structure prediction of proteins.[47]] Thus, more efficient methods like semi-empirical
quantum mechanical (SQM) methods, force fields (FFs), or general functions for energy evaluation
are typically used. 4724731 1y addition, recent machine learning approaches like machine-learned
interatomic potentials (MLIPs) showed promising results and received increasing attention. 3474
However, these efficient methods typically include empirical approximations optimized on certain test
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systems and hence rely on reference data to be trained and tested on. The generation of such data
experimentally is quite elaborate,*> 7" put using reliable theoretical techniques can greatly increase
the available reference data. As this requires the application of methods that are computationally too
expensive for large systems like proteins, sets of smaller but comparable structures are used. Examples
of conformation benchmarks are the YMPJ,*”8 the MPCONF196,"7%! and the 37conf8.""* These
sets are usually limited to a few molecules with 20-200 atoms and less than 1,000 conformers. Also,
larger sets like the PEPCONF™*"! with 755 molecules, but only six conformers per included di- and
tripeptides, cannot nearly cover the whole conformational space of, e.g., the glutamine dipeptide with
already tens of thousands of conformers.**!!. Another larger dataset specially designed for training
MLIPs is the SPICE dataset supplemented with wB97M-D3(BJ)!12%1242051/gef2 TZvPpPpD!0:106]
properties.[224] Among other biologically important structures, it covers conformers of all possible
dipeptides formed by the 20 natural amino acids and their common protonation states. The structures
were generated with the Amber14 FF* with RDKit!**" in combination with molecular dynamic
simulations and LBFGS energy minimization, resulting in 50 conformers per dipeptide evenly divided
into high- and low-energy conformers. Recently, a computational study by RuliSek et al. aimed
to cover the whole conformational space of 20 natural amino acids and their respective dipeptides
in aqueous solution, leading to the PeptideCs dataset with more than 400 million structures. !
As generating and evaluating such a large amount of conformers is computationally extremely
costly, this study was limited to SQM-optimized structures and computationally rather cheap GGA
(BP86[208’209]—D3(BJ )/DGauss—DZVPmS]) conformational energies.

Here, we aim for a benchmark set that allows the selection of reliable reference methods for
generating training and test sets for SQM, FF, and MLIP methods. For this purpose, we introduce
the DipCONFS benchmark set, which is one of the largest sets with highly accurate coupled cluster
conformational energies. It contains 918 conformers of all-natural amino acids and their respective
dipeptides in neutral, non-zwitterionic states. We assess different DFT and WFT methods on the
DipCONEFS to evaluate whether they are accurate enough to be used as reference methods for much
larger datasets. Further, we introduce the DipCOFNFL set including 29,128 r*SCAN-3cH?] (CPCM,
water)!>#! optimized conformers with accurate r*SCAN-3cH!?) properties to complement training and
validation sets for SQM, FF, and MLIP methods like SPICE. Additionally, we employ it to evaluate
commonly applied methods of these classes.

F.2 Methodology

F.2.1 Geometries

The DipCONF sets cover conformers of 17 neutral amino acids (Figure F.2) and their 289 possible
dipeptides. Ionic states are excluded to avoid larger errors that may occur when employing simple
methods to (zwitter)ions. The typical conformational energies for such species are rather different
from those of neutrals and would require a separate benchmark study. For Histidin (H), both neutral
states (protonated at either No or Ne) are included. The N- and C-termini are always capped with
acetyl or methylamine groups, respectively, to mimic the environment in a typical protein. The
capping and dipeptide formation of Serine (S) and Proline (P) to form *S*, *P*, *S-P*, and *P-S*
are exemplary depicted in Figure F.2. For compiling the DipCONFL set, we included 51 unique
conformers per amino acid and 101 conformers per dipeptide from the PeptideCs dataset, if available.
As the conformational space for some molecules is already exhausted when using 51 or 101 conformers,
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Figure F.2: All amino acids comprised in the DipCONF sets. Exemplary, for Serine (S) and Proline (P), the
included structures of their monomers and the respective dimers are shown. The other amino acids were treated
analogously.

respectively, including more conformers per structure would introduce an imbalance toward molecules
with a larger conformational space. Further, to avoid introducing a bias into the structure selection,
we included the originally lowest-energy structure of the PeptideCs database and randomly selected
the other structures. Each selected structure was optimized with *SCAN-3¢ employing the CPCM
water implicit solvation model as implemented in ORCA 5.0.4.18") It has been shown that r*SCAN-3c
yields reliable results for conformational energies, and by employing the implicit solvation model
for geometry optimizations, realistic structures of the molecules in aqueous solution are obtained.
Afterward, identical conformers in the set were identified through the root-mean-square deviation of
atoms excluding hydrogen (hnRMSD). Structures with an hRMSD lower than 0.3 A were replaced by a
new r’'SCAN-3¢(CPCM, water)-optimized structure from the PeptideCs dataset. This replacement
was done until no identical conformers were left in the DipCONFL set. The only exceptions
are two conformers of A-Q, P-S, Ho-C, and He-C that showed (slightly) different intramolecular
interaction motifs at this threshold, which were kept. Finally, r*SCAN-3c reference electronic
properties were computed. Solvation and thermo-statistical contributions are not part of this study,
even though they can have a large impact on conformational free energies[482] and have to be included
when simulating real systems. However, they are usually treated with separate models in common
conformational screening workflows.*>! Besides yielding realistic structures in solution resembling
typical applications, this procedure of providing gas-phase properties for structures optimized with
the implicit solvent model bears another advantage: the DipCONFL conformers are not necessarily
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minima on the gas-phase potential energy surface. Even though the gas-phase gradient norms only
range from 16.0 kcal mol™ ! bohr™! to 56.2 kcal mol ! bohr ™! (Supporting Information (SI), Table S2),
exemplary optimizations (SI, Figure S2) show that a structure with a smaller gradient norm can almost
be identical in the gas and solvent phase, while the geometries of molecules with higher norms can
differ quite strongly. This suggests that the DipCONFL contains properties of structures partially close
to gas-phase energy minima but also significantly differing, which is advantageous for robust training
and validation of SQM, FF, or MLIP methods. Further, the unbiased selection from an exhaustive
set of conformers together with the r*SCAN-3¢(CPCM, water) geometry optimizations differ from
the structure generation of other large datasets that use SQM, FF, or MLIP methods and snapshots
from MD simulations. Thus, the DipCONFL provides a unique set of structures that can be used to
extend available sets like SPICE for training and validating SQM, FF, and MLIP methods. To compile
the DipCONFS benchmark set, for which highly accurate PNO-LCCSD(T)-F12b/AVQZ > gre
generated, three conformers per molecule were selected from the DipCONFL set: the energetically
lowest, the second lowest, and one random conformer, adding up to 918 structures. The resulting
energy contribution of the DipCONEFS (SI, Figure S2) shows many conformers with a conformational
energy of a few kcal mol ™" and a broad distribution covering higher conformational energies. This
allows assessing a method’s performance for two energetically close-lying low-energy conformers,
important for correctly predicting the energetically lowest one, and for larger conformational energies
selected in an unbiased (random) way. Both sets, together with their respective electronic properties,
are available in the SI and on GitHub.!***! Besides xyz structures, also HDFS5 files for both sets are
provided, including the structures and respective electronic reference energies. Additionally, for the
DipCONFL, gradients, dipole moments, atomization energies, Mulliken, and Hirshfeld partial charges
are included in the HDFS file. A detailed description of the data storage is available in the SI. Note
that the atomization energies computed with (meta-)GGAs like r*SCAN-3c¢ may have larger errors
than the conformational energies.m]

F.2.2 Conformational Energies

All DFT and MP2 computations were performed with ORCA 5.0.413%7] employing default settings if
not noted otherwise. For the r’SCAN-3c geometry optimizations with the CPCM water solvation
model, loose optimization thresholds were used to retain computational feasibility. Except for the
composite-DFT, wB97M-D3(BJ)/def2-TZVPPD, and BP86-D3(BJ)/DGauss-DZVP methods, the large
def2-QZVPP basis set was employed with matching auxiliary basis sets for computing single-point
conformational energies. The BP86-D3(BJ)/DGauss-DZVP computations were conducted analogously
to the original PeptideCs dataset. The basis set was obtained from the basis set exchange database,!**¥
the auxiliary basis set was automatically generated,[485] and specially adjusted D3(BJ) parameters
were taken from Ref. 486!%%°!. For the revDSD-PBEP86-D4!!%>1% and wB97X-D44] computations,
refined D4 parameters were used."3%7 The PM methods were employed with MOPAC2016 version
19.179L accessed via an xtb interface. The GFN1-xTB, GFN2-xTB, and GFN-FF methods were applied
as implemented in xtb 6.6.0.4 DFTBD3 was employed using the D3(BJ) dispersion correction via
DFTB+"381 version 22.2. All force fields except the GFN-FF were used as implemented in OpenBabel
2.3.1.5%% The ANI-2x MLIP*® was accessed via the MLatom program.[490] AIMNet2®?"! was used
via the atomic simulation environment'*’! with the "wb97m-d3_3" parameter set.

To generate highly accurate reference conformational energies for the DipCONES set, we em-
ployed a state-of-the-art local CCSD(T) implementation with explicit correlation (PNO-LCCSD(T)-
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Figure F.3: Exemplary interaction motifs covered by the DipCONF sets. For clarity, only cutouts of structures
from the DipCONFL were taken. Dangling bonds were capped with hydrogen atoms. H atoms are depicted
white, C gray, N blue, O red, and S yellow.

F12b)[195_197] with tight domain settings as implemented in Molpro (2024.1 release)[392’393] together
with the large aug-cc-pVQZ basis set! 104 (cc-pVQZ for H to reduce the residual basis set superposition
error (BSSE); hereafter abbreviated as AVQZ’). This computationally rather expensive reference level
(about 1-2 days wall time (48 CPU processes) per conformer) reliably achieves a very small residual
error of approximately 0.1 kcal mol ™! for conformational energies of organic compounds and was
found to be superior to other explicitly correlated local coupled implementations in terms of efficiency,
accuracy, and robustness."'”® This allows us to meaningfully evaluate the performance of also the
best DFT methods for the usually quite small energy differences of the dipeptide conformers. Since
the here introduced DipCONEFS set comprises a much larger number of highly accurate conformer
energies than in commonly used sets like the PCONF, ! jt may also be very helpful for developing
(e.g., to fit parameters) and testing new approximate QC methods. All single-point energy calculations
are carried out on the same I’ZSCAN—3C(CPCM, water) optimized structures.

F.3 Interaction Motifs

The conformational energies of the DipCONF sets are dominated by intramolecular non-covalent
interactions (NClIs). Especially, hydrogen bonds are crucial for the formation of different conformers
as a typical H-bond in a protein has a strength of about 5-6 kcal mol ™! ,** but as there is a variety
of different amino acids, also other NCI motifs occur. Examples of typical NCIs included in the
DipCONEF sets are shown in Figure F.3. The most frequently observed intramolecular interaction
in the DipCONF sets is the N-H- - -O hydrogen bond (Figure F.3 A). In principle, it can be formed
purely by the backbone of every peptide. A second NCI, which is in principle also possible for every
peptide, is the N-H- - -N hydrogen bond (Figure F.3 B). It occurs less often in the DipCONF sets as the
backbone strain usually does not allow for an optimal interaction. However, introducing additional
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Figure F.4: (A) Conformational energy distribution of the DipCONFL set. Conformers were counted in
1 keal mol ™! steps. (B) Correlation plot of the conformational energy and hRMSD with respect to the
energetically lowest conformer. Structures C1-C4 are marked as blue dots. (C1)-(C4) Overlays of different
conformers of *N-S* with relative energies in kcal mol ™' . H atoms are depicted white, C gray, N blue, O red,
and S yellow.

amide or N-heterocyclic functional groups with amino acids like Asparagine, Glutamine, Tryptophan,
or Histidine increases the possibility of finding such an interaction motif. Further hydrogen bonds
with O-H, N-H, and S-H donors and varying acceptor atoms can occur if the respective amino acids
are present. Some examples are shown in Figure F.3 C, D, and E. Despite hydrogen bonds, other
NCI motifs like those of aromatic systems (Figure F.3 F, and G) are included if the peptide contains
aromatic side chains. As various interaction motifs coupled with different backbone torsions are
possible for a single structure, many different conformers with a large range of conformational energies
are obtained.

To elucidate the connection of the conformational energy and the interaction motifs, Figure F.4 A
depicts the conformational energy distribution of the DipCONFL, Figure F.4 B its correlation with the
intra-ensemble hRMSD, and Figure F.4 C overlays selected conformers with their respective relative
energies. The energy differences between the DipCONFL conformers range from 0 to 37 kcal mol ™! and
correspond to a Poisson-type distribution with a maximum at about 8 kcal mol ™! (Figure F.4 A). From
Figure F.4 B, it becomes obvious that the conformational energy correlates rather weakly with the
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hRMSD. In fact, the largest hARMSDs of more than 4.0 A lead to energy differences between only 5
and 20 kcalmol ™, showing that a large hRMSD does not necessarily lead to a large energy difference.
For example, two strongly deviating structures can either have completely different energies (e.g.,
Figure F.4, C1) if the amount and strength of NCIs differ, or they can have very similar energies (e.g.,
Figure F.4, C3) if different NCIs are formed that are similar in strength. On the other hand, a small
hRMSD does not exclude large energy differences, even though the largest conformational energies
(>30 kcal mol ™! ) are not observed for hRMSDs smaller than 1.0 A. Thus, a low hRMSD can lead to
both large (e.g., Figure F.4, C2) or low (e.g., Figure F.4, C4) conformational energies. For example, a
bond rotation only weakly affects the hRMSD, but changes the acceptor/donor of a hydrogen bond or
even causes its loss. In passing, it is noted that also structures with fewer intermolecular interactions
can become important as the additional unoccupied interaction sites can interact with solvent molecules.
This can have a strong influence on the energy ranking, making sometimes higher-energy gas-phase

conformers the energetically favored ones in solution 4821

F.4 Results and Discussion

In the following, different DFT and WFT methods are evaluated on the smaller DipCONFS benchmark
set, and their suitability as a reference method for larger datasets like the extended DipCONFL dataset
is examined. Subsequently, SQM, FF, and MLIP methods are assessed on both DipCONF sets, and
their respective error sources are discussed.

F.4.1 DFT and WFT Performance

Comparing different DFT and WFT methods tested on the DipCONFS benchmark set (Table F.1
and Figure E.5), the trend of Jacobs ladder holds true,"""! even though rather accurate results can
be achieved with methods of each tested class. The conformational energies of the evaluated WFT
methods show that SCS-MP2 (MAD of 0.4 kcal mol ! ) improves on MP2 (MAD of 0.6 kcal mol ! )
but does not reach the best performers of the different DFT classes. The double hybrid revDSD-
PBEP-D4/def2-QZVPP yields the overall lowest errors with an MAD of 0.2 kcal mol ™" and no
outliers of more than 0.6 kcalmol ™! . The wB97M(2)/def2-QZVPP double hybrid functional shows
slightly larger errors (MAD of 0.3 kcal mol ™! ), similar to the best tested range-separated hybrid
wB97M-D4/def2-QZVPP and its counterpart wB97M-V/def2-QZVPP. The global hybrid method
rZSCANO—D4/def2—QZVPP performs similarly well, while B3LYP-D4/def2-QZVPP yields more
and larger outliers. M06-2X/def2-QZVPP shows generally slightly increased errors with the largest
outlier of the tested hybrid methods (1.8 kcal mol ™! ). Among the tested (meta-)GGAs, r’SCAN-
D4/def2-QZVPP performs best with a similar MAD to r*SCANO-D4/def2-QZVPP. Other methods like
BP86-D4/def2-QZVPP and M06-L/def2-QZVPP show larger MADs of 0.6 kcal mol ™! Evaluating
functionals with other basis sets revealed that the wB97M-D3(BJ)/def2-TZVPPD, used as the reference
level for the SPICE dataset, also yields accurate conformational energies similar to wB97M-D4/def2-
QZVPP with an MAD of 0.3 kcal mol ' . When using functionals in combination with significantly
smaller basis sets, larger errors are observed. For example, the BP86-D3(BJ)/DGauss-DZVP method
used as reference for the original PeptideCs set yields large errors for several cases (largest error
of 3.5 kcalmol ') despite the tuned D3 parameters[226]. The MAD of 0.8 kcal mol ™' is, in view
of the rather low mean conformational energy of DipCONFS (AE of 5.3 kcal mol ™), rather large.
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Table F.1: Mean deviation (MD), mean absolute deviation (MAD), standard deviation (SD), and maximum
absolute error (AMAX) in kcal mol ™! of the tested WFT/DFT methods on the DipCONES sets. The reference
level is PNO-LCCSD(T)-F12b/AVQZ’. Additionally, the Spearman correlation coefficients are given. Except for
the composite "3c¢" methods, wB97M-D3(BJ)* (* = def2-TZVPPD), and BP86-D3(BJ)** (** = DGauss-DZVP),
all DFT and WFT methods were applied with the def2-QZVPP basis set. The mean conformational energy of

the DipCONFS is 5.3 kcal mol ™" .

Method MD MAD SD AMAX Spearman
SCS-MPp24%8] ~0.17 039 046 1.69 0.913
Mp2!!16] 0.18 063 082 4.07 0.866
revDSD-PBEP86-D4!"?>1°1  _011  0.18 0.19 0.63 0.962
wB9I7TM(2)*%®! 005 026 032 1.32 0.946
PWPB95-D4!3! -0.07 028 036 127 0.941
wB97M-D44%! —-0.11 025 030 1.09 0.948
wB97X-VI401] —-0.01 025 031 123 0.959
wB97X-D4!30:4001 -0.14 026 030 1.23 0.951
wB97TM-V1402] 001 030 038 135 0.944
r2SCANO-D44%3! 017 030 035 1.25 0.966
PBE0-D4?% 0.13 031 038 141 0.959
B3LYP-D4 -0.04 032 043 153 0.938
PW6B95-D42%%! -0.06 036 046 1.6 0.937
M06-2X 204 ~0.05 036 046 1.83 0.918
r’SCAN-D4/?22! 005 026 034 14 0.948
B97M-V/[205:206] —-0.12 034 042 168 0.943
PBE-D41407! 000 043 056 2.01 0.93
BP86-D4!207-2%] 0.10 061 078 262 0.897
M06-L1?%! -024 062 078 3.19 0.902
wB97M-D3(BJ)* 002 028 036 127 0.944
BP86-D3(BJ)** 045 078 091 347 0.879
r2SCAN-3c!H?! 000 030 040 1.39 0.936
wB97X-3c!3% 0.18 044 060 3.1 0.917
B97-3c14%! 0.12 048 061 244 0.907
PBEh-3c!?!" -031 0.89 1.09 426 0.825
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Figure F.5: Deviations of the conformational energies relative to the PNO-LCCSD(T)-F12b/AVQZ’ reference
depicted as box-plots and violin-plots including the MADs in kcal mol ™" . Only a representative selection of
tested methods in Table F.1 is shown. Except for the "3c¢" methods, wB97M-D3(BJ)* (* = def2-TZVPPD), and
BP86-D3(BJ)** (**=DGauss-DZVP), the def2-QZVPP basis set was employed. The dashed lines separate
double hybrids, hybrids, and (meta-)GGAs classes of functionals evaluated with this large basis set.

Considering this together with a Spearman coefficient below 0.9, this method is considered unsuitable
as a reference method for a training set. Similarly, PBEh-3c with a modified def2-SVP basis set yields
a large MAD of 0.9 kcal mol ™! with the largest maximum error of 4.3 kcal mol ™! . wB97X-3c with its
special valence double ¢ (vDZP) basis set yields small basis set superposition errors (BSSEs) of about
triple-¢ quality[13 0l leading to a lower MAD of 0.4 kcal mol ™" but still rather many and large outliers
(maximum error of 3.1 kcal mol ™! ). The composite method r?SCAN-3c with a modified def2-TZVP
basis set yields remarkably good results with an MAD of 0.3 kcal mol ™! similar to the best tested
hybrid functionals in a larger basis set. Additionally, its vanishing MD on the DipCONFS makes it
particularly suitable as an unbiased reference method. In principle, many of the tested DFT methods
yield low MADs of 0.2-0.4 kcal mol ™! , MDs close to zero, and reasonable Spearman coefficients and
are thus accurate enough for generating the reference energies for the DipCONFL set. However, not
only the error but also the computational costs are crucial as almost 30,000 structures are included. To
illustrate this, the wall times for a single *Q-W* conformer computed with the best performer of each
class on four cores are shown in Table F.2. The WFT and double-hybrid methods are computationally
the most expensive. They require about an hour of computation time for a single *Q-W* conformer.
With ~45 min, also the wB97M-D4 hybrid is practically impossible as the reference method for the
DipCONFL set. With a significantly less computation time of ~7 min, rQSCAN—D4/def2—QZVPP is
more appropriate, but still about four times slower than r*SCAN-3c, which shows similar performance.
Thus, we choose r*SCAN-3c as the reference method for the DipCONFL.

130



F.4 Results and Discussion

Table F.2: Absolute (in minutes) and relative wall times with respect to r*SCAN-3¢ for computing the electronic
energy of a *Q-W* conformer on four cores of an Intel® Xeon® CPU E3-1270 v5 @ 3.60GHz. Except for
>SCAN-3c, the def2-QZVPP basis set was employed.

Method Wall time  Relative wall time
SCS-MP2 57.2 35.8
revDSD-PBEP86-D4  61.8 38.6
wB97M-D4 445 27.8
’SCAN-D4 6.9 43
r>’SCAN-3¢ 1.6 1.0

Table F.3: Mean deviation (MD), mean absolute error (MAD), standard deviation (SD), and maximum absolute
error (AMAX) in kcal mol~! of the tested SQM, FF, and MLIP methods on the DipCONFL set. Additionally,
the Spearman coefficients are shown. Values for the DipCONES set are given in parentheses. The mean
conformational energy of the DipCONFL is 9.8 kcal mol™" (5.3 kcal mol ™ for the DipCONES).

Method MD MAD SD AMAX Spearman

pMm7134 —-0.03(0.36) 190 (1.64)  2.38(2.07) 11.27 (6.62)  0.406 (0.796)
GFN1-xTB!“® ~122(=031) 2.16(1.71)  241(2.19)  12.16 (11.37)  0.337 (0.757)
GFN2-xTB# 159 (-0.61) 225(1.78)  2.30(2.15) 10.72 (6.43)  0.318 (0.729)
PM6-D3H4X!P3101 _0 88 (—0.08) 2.43(2.06)  2.96(2.65)  12.46(10.02)  0.299 (0.732)
DFTB3!%! —293(-1.32) 3.11(1.98) 227(2.22) 13.96 (9.00)  0.120 (0.753)
MMFF94[211-215] 091(0.72) 299 (248)  3.76(3.12)  2236(13.34)  0.303 (0.663)
GFN-FFPY —242(-135) 3.16(242)  3.20(297)  18.99(11.77)  0.185 (0.675)
GAFF*! —4.14 (=2.43) 4.98(3.74) 478 (4.47)  29.05(19.72)  0.083 (0.503)
UFFL37 ~8.16 (=7.01) 19.55(16.38) 26.04 (22.62) 170.54 (112.74) 0.039 (—0.065)
AIMNet2 —0.88 (-0.41) 1.55(1.28)  1.72(1.58) 8.47 (6.26) 0.473 (0.778)
ANI-2x —0.88 (-0.16)  2.59 (2.17)  3.12(2.76) 14.39(9.23)  0.269 (0.708)

F.4.2 SQM, FF, and MLIP Performance

The performance of different SQM, FF, and MLIP methods is illustrated for the DipCONFS set in
Figure F.6 A and for the DipCONFL set in Figure F.6 B. Respective statistical metrics are shown
in Table F.3. An alternative evaluation of the DipCONFS set with respect to r*’SCAN-3c instead
of PNO-LCCSD(T)-F12b/AVQZ’ conformational energies is given in the supporting information,
revealing a negligible influence on the error statistics of the tested SQM, FF, and MLIP methods.
When comparing the performance of different methods for the DipCONFS and DipCONFL sets, it is
important to note that DipCONFL not only includes 30 times more conformers than DipCONFS but also
has a higher mean conformational reference energy of 9.8 kcal mol ™! compared to 5.3 kcal mol ™! for
DipCONEFS. Higher MADs and SDs are observed on the DipCONFL for every tested method, and
more and larger outliers occur as the additional conformers in the DipCONFL increase the probability
of finding them. Moreover, the Spearman coefficients are lower for the DipCONFL compared to the
DipCONS as more energetically close conformers are included, making it clearly more difficult to
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Appendix F Toward Reliable Conformational Energies of Amino Acids and Dipeptides—The
DipCONFS Benchmark and DipCONFL Datasets
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Figure F.6: Deviations of the DipCONFS conformational energies relative to the PNO-LCCSD(T)-F12b/AVQZ’
(A) and the DipCONFL conformational energies relative to the r*SCAN-3c reference depicted as boxplots and
violinplots including the MADs in kcal O

predict the correct ordering.

Overall, the tested SQM methods perform better than the FFs on both sets. PM7 is the best-
performing SQM method with an MAD of 1.9 kcal mol ™" on the DipCONFL set (1.6 kcal mol ™ for
DipCONFS) with an MD close to zero. The GFNn-xTB methods perform a little worse with
MADs of about 2.2 kcal mol ™! for DipCONFL (1.7 kcal mol ! and 1.8 kcalmol ™!, respectively,
for DipCONES). Surprisingly, this trend is different from the findings of other studies that deal
with comparable conformers like MPCONF196!"% and 37Conf8,"* where the GENn-xTB methods
clearly outperform PM7. Notably, the slightly negative MDs of both GFN#n-xTB methods on the
DipCONES are about 1 kcal mol~! more negative for the DipCONFL, which is particularly caused by
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F.5 Conclusion

the dipeptides containing aromatic systems. The DFTB3 method is, especially for DipCONFL, the
worst-tested SQM method with an MAD of 3.1 kcal mol™!, which is much larger than for DipCONFS
(2.0 kcalmol ™). Thereby, the error ranges of DipCONFS and DipCONFL (9.0 kcal mol ! and
14.0 kcal mol ™! ) are comparable to PM7 (6.6 kcal mol ™! and 11.3 kcal mol ™" ). However, the MD of
DFTB3 is much lower for DipCONFL (-2.9 kcal mol ! ) than for the DipCONFS (—1.3 kcal mol ! ).
In the case of the FFs, MMFF94 with an MAD of 3.0 keal mol ™! for DipCONFL and GFN-FF (MAD
of 3.2 kcal mol ™! ) performs better than GAFF (MAD of 5.0 kcal mol ! ). However, all of these FFs
show rather large outliers with maximum errors of about 20 kcal mol ™! and more, which is about half
of the highest conformational energy in the set (37 kcal mol ™). Regarding the MLIPs, AIMNet2
yields the lowest MAD of 1.6 kcal mol~" on the DipCONEFL set of all tested non-DFT/WFT methods
(1.3 kcal mol ™! for DipCONES). Together with the smallest maximum errors (8.5 kcal mol ™! for
DipCONFL and 6.3 kcal mol ™! on the DipCONEFS), it can be regarded as the best performer in this
class, working robustly for both sets. The ANI-2x potential shows almost twice as large errors and
cannot compete with the best of the tested SQM methods.

F.5 Conclusion

We introduced the DipCONFS benchmark and the DipCONFL dataset, which cover a broad range of
the conformational space of 17 amino acids and their 289 possible dipeptides. The structures were
selected from the exhaustive PeptideCs set and refined using I‘ZSCAN-3C(CPCM, water). A key feature
of both sets is the broad variety of interaction motifs leading to substantial conformational energies of
up to 20-30 kcal/mol. The DipCONFS set, comprising 918 conformers, is the largest benchmark set
of this type so far featuring highly accurate PNO-LCCSD(T)-F12b/AVQZ’ conformational energies
thus allowing to assess even the best DFT methods meaningfully. We evaluated various DFT and
WEFT methods on this set and determined their suitability as reliable reference methods for training
and testing more approximate methods like SQMs, FFs, and MLIPs. Except for the very accurate
but rather expensive revDSDPBEP86-D4/def2-QZVPP double hybrid (MAD of 0.2 kcal mol ™! ),
the efficient >'SCAN-3¢ composite method (MAD of 0.3 kcal mol ™) competes with the best tested
DFT methods while being more than an order of magnitude computationally faster. Other methods
like wB97M-D3(BJ)/def2-TZVPPD used to generate reference properties in datasets like SPICE
also proved to be very accurate, while BP86-D3(BJ)/DGauss-DZVP previously used to generate the
huge amount of conformational energies composed in the PeptideCs dataset showed larger errors of
up to 3.5 kcal mol ™! with an MAD of 0.8 kcal mol ™! making them less suitable for generating such
datasets. The second dataset, termed DipCONFL, includes 29,128 DFT-optimized conformers with
reliable ’SCAN-3c¢ gas-phase conformational energies, gradients, and other properties relevant for
training more approximate methods. These conformers, realistic in solution, are partly similar to
gas-phase energy minima but also significantly different, resulting in a diverse set of properties. When
comparing the performance of common methods of these classes on both sets, we generally observe
larger errors for the DipCONFL set compared to the DipCONFS set, with more and larger outliers.
The best-tested methods, such as PM7 and AIMNet2, yield reasonable results on both sets, while
others like DFTB3, GAFF, and ANI-2x show much larger MADs for the DipCONFL compared to the
DipCONES set. Further, the set of unique structures composed in DipCONFL can be used to extend
existing datasets like SPICE to facilitate a more robust training and validation of SQM, FF, and MLIP
methods. All structures and properties are available as SI or from GitHub.*3!
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Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00801.

* Definition of statistical error measures, evaluation of the DipCONFS structures relative to
r*’SCAN-3c conformational energies, reference energy distribution of the DipCONEFS set,
gradient evaluation of the DipCONFL set, and information about the data storage (PDF)

* The DipCONFL set including r2SCAN-3c electronic properties in the HDF5 format (ZIP)

* The DipCONEFS set including PNO-LCCSD(T)-F12b/AVQZ’ conformational energies in the
HDFS5 format (ZIP)

» Conformational energies of the reference and all tested methods on the DipCONFL (XLSX)
» Conformational energies of the reference and all tested methods on the DipCONFS (XLSX)
e Structures of the DipCONFL set in xyz format (ZIP)

* Structures of the DipCONFS set in xyz format (ZIP)
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