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Abstract

Chemical descriptors play an integral role in decoding chemistry by
revealing valuable insights. With the greater accessibility of computational
power, the applicability of these descriptors in data-driven strategies
has seen a tremendous rise. Consequently, this progress has shaped
the design of catalytic and synthetic processes more efficiently compared
to the traditional trial-and-error approaches. These implementations
have transformed the chemical featurization into a significant area of
research in computational chemistry. However, commonly used descriptors
can sometimes overstate the connection between specific parameters and
targeted properties, yielding suboptimal statistical models. Besides, the
development of optimal descriptors that can address specific chemical
problems is underdeveloped. In this Thesis, building on prior work from our
group, we have furthered the concept of hidden descriptors as an alternative
chemical representation. These entities best characterize the underlying
forces of the chemical problem under study. The pioneering work using
this methodology covered the study of the electronic interaction between
metal and ligands, setting a precedent for subsequent research encapsulated
in this work. In the first part (Chapter 3), we developed and employed
the BDE Matriz App to derive the hidden descriptors of N-heterocyclic
carbene ligands, providing insights into their electronic properties. This
analysis offered a comprehensive view of the selected chemical species,

revealing trends in electronic properties and their modulation by structural

xi
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customization. Furthermore, we delved into the potential formation of
L,M(n'-Hy) complexes using the hidden descriptors. Next, we shifted
towards the application of this methodology in the field of organic chemistry
(Chapter 4). We focused on the study of bimolecular nucleophilic
substitution reactions at carbon center (Sy2@QC). In this context, we
designed an energy barrier (AG?Y) matrix encompassing more than 600
DFT-based AGY, including diverse nucleophiles. The application of the
singular value decomposition (SVD) algorithm over the matrix enabled
the elucidation of the hidden descriptors that accurately describe the
entering and leaving group abilities. Additionally, we devised a tool
to extend the acquisition of the hidden descriptors for nucleophiles out
of the initial set. Finally, we changed the paradigm to tackle large
data size regimes. Herein, we unwrapped AABBA, a novel tool to
provide fixed-length molecular representation from molecular graphs. This
method incorporates autocorrelation functions that transform graph data
into molecular vectors compatible with machine learning (ML) techniques.
Overall, we believe that our contributions can significantly streamline and

enhance the understanding of chemical processes.

xil



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

Contents

List of Abbreviations

1 Introduction
1.1 Databases . . . . . . . . ..
1.2 Origin of the molecular descriptors and QSAR . . . . . . ..
1.3  Types of molecular descriptors . . . . . .. .. ... ... ..
1.4 Development and selection of chemical descriptors . . . . . .
1.5 First stage of data-driven approaches . . . . . . .. ... ...
1.6 Modern computational chemistry: data-driven strategies . . .

1.7 Aims and objectives . . . . . . ...

2 Theoretical background and method development

2.1 Concepts on thermodynamics and kinetics . . . . . . . .. ..
2.2 Overview of the electronic calculation methods . . . . . . ..
2.3 Molecular graphs . . . . . .. ... o oL
2.4 Machine learning classification . . . .. ... ... ... ...
2.5 Singular value decomposition . . . . ... ... ... ... ..

25.1 SVDwsPCA . ... ... .. ...

2.5.2 Applications of SVD . . . . ... ...
2.6 Hidden Descriptor method . . . . . . . .. .. ... ... ...

2.7 Neural networks . . . . . . . ...

XV

10
13
16
20



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

3 Metal-ligand interaction

3.1 Imtroduction. . . . .. .. ... ... L
3.2 Computational details - BDE Matrix App . . . ... ... ..
3.3 Binding properties of N-heterocyclic ligands . . . . . . .. ..
3.3.1 Calculation of the HDs for NHCs . . . . . . . ... ..
3.3.2 Analysisofthe HDs . . . . . ... ... ... ... ..
3.3.3 Descriptors for ¢ donor ability and HDs . . . . . . ..
3.3.4 Comparison between ligands employed in TMC . . . .
3.4 Searching for metal fragment candidates for n'-Hs ligand
3.4.1 Calculation of the HDs. . . . . . . ... ... ... ..
3.4.2 Comparison between end-on- and side-on-bonded
dihydrogen in metal complexes . . . .. ... ... ..
3.4.3 Search for the ideal metal fragment for monohapto
dihydrogen metal complex . . . . . . .. ... ... ..

3.5 Conclusions . . . . . . ..

Bimolecular nucleophilic substitution
4.1 Introduction . . . . . . . . .. ..o
4.2 Computational details . . . . . . ... ...,
4.3 HD method . .. . ... .. .. .. .o
4.4 Choice of the nucleophiles . . . . . .. ... ... .. .....
4.5 Matrix of free energy barriers . . . . . ... ..o
4.5.1 Definition of the reference state . . . . . . ... .. ..
4.5.2 Separate reactants as reference . . . .. ... ... ..
4.6 Calculation of the HDs . . . . . . . . .. .. .. ... ...
4.7 Analysisofthe HDy . . . . . . ... ... ... ...
4.8 Limitations of the calculations . . . . ... ... ... ....
4.9 Chemical meaning of the the first hidden descriptor . . . . .
4.10 Predictionof HDs . . . . . . . . .. ... oL
4.10.1 Model design . . . . . ... ... ..
4.10.2 Consistency of the model . . . . ... ... ... ...

Xiv



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

4.10.3 Application to extended series of nucleophiles . . . . . 127

4.11 Sy2 Matrix App . . . . . . . . 131
4.12 HD for Sy2 vs. HD for BDE . . . . . .. ... ... ..... 131
4.13 Conclusions . . . . . . .. .o 134

5 AABBA graph kernel 137
5.1 Introduction. . . . . . ... . .. ... ... ... .. ..., 137
5.2 Database . . . .. ... .. 141
5.2.1 Generic properties . . . . . . .. .. ... 142

5.2.2 NBO properties. . . . . . . . ... ... L. 143

5.2.3 Whole-graph properties . . . . . ... ... ... ... 143

5.3 AABBA Kernel . . . . ... ... ... .. 143
5.3.1 Atom-Atom autocorrelations . . . ... ... ... .. 145

5.3.2 Bond-Bond autocorrelations . . . .. ... ... 0L 149

5.3.3 Bond-Atom autocorrelations . . . . .. ... ... .. 151

5.3.4 Autocorrelation ensemble - AABBA(I) and AABBA(II)153

5.3.5 Dimensionality overview . . . . . . ... ... ... .. 156

5.3.6 Computational implementation . . . . ... ... ... 156

5.4 Neural network models . . . . . . . ... ... ... ...... 157
5.4.1 Energy barrier prediction . . .. .. ... ... .. .. 158

5.4.2 H-H bond distance prediction . . . . . .. . ... ... 163

5.5 Conclusions . . . . . . ... L 167

A Bond dissociation energies 175
B Computed energy barriers and chemical descriptors 179
C NBO properties and neural network models 191
Bibliography 197

XV



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez



UNIVERSITAT ROVIRA I VIRGILI

DECODING CHEMICAL PROCESSES:

Lucia Moréan Gonzéalez

List of Abbreviations

Al
BDE
CoMFA
Ccp
DCM
DFT
ESP
EDG
EWG
FMO
FOM
GNN
GP
HD
HOMO
HTE
KNN
LEP
LKB
LR
LUMO
MAE

Artificial Intelligence
Bond Dissociation Energy
Comparative Molecular Field Analysis
Cyclopronylidenes

Dichloromethane

Density Functional Theory
Electrostatic Potential
Electron-donating Group
Electron-withdrawing Group
Frontier Molecular Orbital

Figure of Merit

Graph Neural Networks

Gaussian Processes

Hidden Descriptor

Highest Occupied Molecular Orbital
High-throughput Experiments
Kohonen Neural Network

Lone Energy Pair

Ligand Knowledge Base

Linear Regression

Lowest Occupied Molecular Orbital
Mean Absolute Error

xvii

THE POWER OF DATA-DRIVEN DESCRIPTORS



UNIVERSITAT ROVIRA I VIRGILI

DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS

Lucia Moréan Gonzéalez

ML
MLR
MSE
NatQG
NBO
NLE
NLP
NHC
PCA
PES
QM
QSAR
QShAR
QSPR
QSRR
RF
SMILES
SVD
T™™M

TS

TSS
TST
ZPVE

Machine Learning

Multilinear Regression

Mean-squared Error

Natural Quantum Graph

Natural Bond Orbital

Nonlinear Effect

Natural Language Processing

N-heterocyclic Carbene

Principal Component Analysis

Potential Energy Surface

Quantum Mechanics

Quantitative Structure-Activity Relationship
Quantitative Shape-Activity Relationship
Quantitative Structure-Property Relationship
Quantitative Structure-Reactivity Relationship
Random Forest

Simplified Molecular Input Entry System
Singular value decomposition

Transition Metal

Transition State

Transition State Structure

Transition State Theory

Zero Point Vibrational Energy

xviii



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

Chapter 1

Introduction

The internet wasn’t created for mockery, it was supposed
to help researchers at different universities share data sets.

It was!

— Homer Simpson — The Simpson

1.1 Databases

Human knowledge is constantly evolving. The growth of any field of study
is closely tied to the comprehension and categorization of its fundamental
concepts.! The systematic organization of any source of knowledge stems
from our ability to perceive, evaluate and understand reality.

This concept fits well with the view of human beings as an animal
symbolicum, a term coined by the German neo-Kantian philosopher Ernst
Cassirer.”? Humans are symbol-making animals, that create symbols and
classes to understand the universe. This classification of data has driven
the progress of society. Scientific endeavors towards the pursuit of suitable
collection and organization of information should be viewed not merely as
the accumulation of facts. Instead, they should be recognized as a means

of conducting research.? These scientific ideas are at the root of the FAIR
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Chapter 1. Introduction

principles, which stand for data that is Findable, Accessible, Interoperable,
and Reusable.*

In practice, these ideas place a lot of importance on the generation and
construction of datasets, which are potentially useful for many research
domains.? In chemistry, the Periodic Table devised by Mendeleev in the
second half of the 19th century serves as an early and very successful
example of intelligent collection of information.® During the middle of the
20th century, the emergence of the first computers gave rise to the concept of
computerized database, i.e. organized collection of data stored and accessed
electronically. The progress in computer science enabled the acquisition of
a huge amount of information on a scale that was unthinkable just a few
decades before.

The advancement of technology had a profound impact on the field of
chemistry.”® An example of these Big Data repositories in chemistry is
Reaxys?, a database of chemical reactions. Notably, two key factors have
played an important role in the exponential growth of chemical databases.
Firstly, as mentioned above, the development of computer devices played
a pivotal role.!® Secondly, the emergence of high-throughput experiments
(HTE) in the late 1990s further catalyzed this expansion.!!:'? Evidence of
this growth is displayed in Figure 1.1. A bar plot illustrates the frequency
of the chemical database topic in scientific articles indexed in the Web of
Science repository.'® From Figure 1.1, it is clear that the number of scientific
publications related to the matter has significantly increased. From the past
decade, these advancements have established a new branch of research. The
combination of data-led approaches and statistical methods have become
ubiquitous terms in chemistry.

Despite automation and HTE advancements, empirical screening in
critical areas like catalysis still grapples with limitations in data size and
normalization of available experimental data.!* As Wiest and co-workers
have recently pointed out ”the use of HTE datasets in ML has some

significant drawbacks in that these datasets represent a very narrow part
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1.1. Databases
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Figure 1.1: Bar plot illustrating the frequency of mentions of the chemical
database topic in scientific publications between 2000 and 2022.

of the reaction space, are very time- and resource intensive and present
challenges with overfitting of the model”.*> Fortunately, an efficient solution
to avoid skewed or small datasets lies in the application of computational
chemistry. Its application not only unveils the investigation of mechanistic
studies, but also allows the evolution of the data-driven area.'6:17

Several Quantum Mechanics (QM)-based databases have been employed
or hold great promise. Notable examples are QM9 database in organic
chemistry'®; ioChem-BD," and PubChem?’ platforms for storing QM
calculations; and Materials Project?! for computed materials. Regarding
transition metal-complexes, datasets such as tmQM?? and tmQMg?? have
been developed by Balcells and co-workers. Furthermore, Fey and her
colleagues have contributed to the field with the Ligand Knowledge
Base (LKB) containing monodentate phosphorus ligands (LKB-P)2425
and carbenes (LKB-C)2%, alongside the recently published library called

kraken®’. With these computational tools, researchers can leverage the
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Chapter 1. Introduction

power of simulations to augment, predict, and complement experimental
results.

This brief timeline above highlights how data collection has influenced in
the understanding and discovery in the field of chemistry. Throughout the

course of this Thesis, we will see new approaches to expand data utilization.

1.2 Origin of the molecular descriptors and QSAR

In the previous section 1.1, we highlighted the necessity to classify data
in order to extract knowledge from it. In chemistry, this data is usually
represented as chemical scaffolds or as experimental and computational
parameters. Within the chemical discipline that harnesses the chemical
information to design data-related approaches, we find the chemical
descriptors. Generally, a chemical descriptor is defined as a mathematical
object that encodes chemical information of a compound or process.
Another term commonly used for this purpose is molecular descriptor.
While these two terms are usually interchangeably, in fact, they refer to
different concepts. The latter is associated with molecular or complex
information, while the former can also be related to broader concepts such
as melting point, solubility, and others. Unless otherwise stated, we will use
in this Thesis both terms indistinctly.

The origin of molecular descriptors can be traced back to the 1860s
and 1880s when Crum-Brown presented his Doctoral Thesis On the Theory
of Chemical Combination.?® Additionally, August Kekulé proposed for the
first time the benzene structure, which established the foundation for the
Theory of the Chemical Structure.?” Later on, the 3D conception of chemical
structures was also born. The molecular skeleton was defined according to
their topological descriptors.

Indeed, the evolution of the chemical descriptors cannot be understood
without considering the Quantitative Structure-Activity Relationship
(QSAR). QSAR methods are based on the assumption that the structure
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1.2. Origin of the molecular descriptors and QSAR

of a molecule, such as its electronic, steric, and geometrical features (p;),
can be related to its physical, chemical or biological properties (P) as the

equation 1.2.1 shows.

P = f(p) (12.1)

According to the Equation 1.2.1, when the model that relates P and p;
is found, the value of P can be determined by knowing p;. The basic idea is
that p; is easier to measure than P. Despite the popularity of the acronym
QSAR, it is noteworthy that there are other types of sought relationships.
For instance, Quantitative Structure-Reactivity Relationship (QSRR)
or Quantitative Shape-Activity Relationship (QShAR). In addition,
Quantitative Structure-Property Relationship (QSPR) has a broader use

since it encompasses all the properties.

(@) (0]
= OH 4 H,0 ~ o°\ uo
R— | 2V = p— | + H3
X N
°
— CN
T
3
£
o |l o p=1
ke)
(e}
® Me

Figure 1.2: Scheme of the ionization reaction of benzoic acid (top) and linear free
energy relationship between the Hammet o and the relative rate constant (bottom).

An early QSAR-related development in chemistry that has been

prominent and successful is the Hammet equation.?? This pioneering work
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relates the relative reaction rate of meta- or para- substituted benzoic
acid derivatives (p) to tabulated Hammet sigma constants (o) as shown
in Figure 1.2. Here, kr and ky are the respective rate constant terms
for substituted and unsubstituted benzoic acid derivates, § is the reaction
constant and o, is the Hammet electric constant of the substituent (z).
This linear regression enables to measure the electronic influence of the
substituent in the substituted benzoate ion. Thus, it is possible to account
for the induction and the resonance effect of the substituents on the
reactivity. This milestone approach is still being employed to date3!
which reinforces the idea that the continual task of developing chemical

descriptors, p, is essential to design successful models.

1.3 Types of molecular descriptors

The development of molecular descriptors is based on two concepts: the
adequate representation of chemical data and their implementation in
models as machine-readable objects.

Regarding the first aspect, the molecular representations depend on their
information content. Therefore, there are simple molecular descriptors,
such as the molecular mass (m) of the molecule, whereas there are
others which are cumbersome to obtain, such as the electrostatic potential
(ESP) of the molecule. The information can be data-mined from either
experimental sources, including Electronic Lab Notebooks (ELN) or HTE
grids,'® generated from scratch using computational tools,*? or a mix of
both.33

Figure 1.3 depicts a schematic representation of the types of molecular
structures according to their dimensionality. —The description of the
chlorobenzene molecule can be approached from various perspectives,
offering multiple avenues for investigation.  The simplest molecular
representation is its formula, C¢HsCl. Knowing its chemical formula, we

can derive the number of atoms and bonds present, the different types of
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1.3. Types of molecular descriptors

cl 0D 1D
Ne=6 O 0o 6o
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Figure 1.3: Types of molecular descriptors for the chlorobenzene molecule.
OD descriptor entails counting atom types; 1D descriptor provides a fingerprint
depiction; 2D descriptor shows the molecular graph drawing; 3D descriptor
represents (z,y,z) coordinates; and 4D descriptor captures the molecule’s
electrostatic potential (ESP).
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atoms, its molecular mass, and others. Moreover, the atomic features such
as the covalent radius (5), the electronegativity (x), and the atomic number
(Z) are tabulated values, that can provide insights about the molecule.
These are self-explanatory and the easiest to obtain. All these constitutional
descriptors and any function of the atomic properties constitute the 0D
descriptors of the molecule (Figure 1.3 0D).

Moving one step forward towards 1D descriptors, we can split a
molecule into functional motives, in similar manner to the retrosynthetic
strategy. This type of representation is commonly named molecular
fingerprints (Figure 1.3 1D) and it is widely employed in machine learning
(ML).3* In 1D representation, the vector featuring representation is
based on a binary or count fingerprint that encodes the presence or
absence of substructure. Besides, these molecular fingerprints can include
physicochemical information.

The following stage of descriptors regards the bond connectivity
information. These 2D descriptors, also known as topological descriptors,
explicitly include the chemical bond information. Currently, a widely used
representation that has grown exponentially in the field of computational
chemistry is the molecular graph (Figure 1.3 2D).353¢ Furthermore,
Simplified Molecular Input Entry system (SMILES)37 is probably the most

38 The advantage of

popular string representation of atoms and bonds.
these representations is its geometry-agnostic approach, which facilitates
its computation.

The fourth class of descriptors is calculated from the geometrical or
tridimensional representation (z,y,z) of a molecular structure: distances,
angles, dihedral, volume. The 3D descriptors usually provide more
information than 0D, 1D, and 2D descriptors. Yet, they require structure
optimizations, thus, their collecting process is time-consuming. Most of
the physicochemical properties of a molecule are affected by its entire
structure. For example, descriptors include electronic features (e.g., NBO

39
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(HOMO) energies). Furthermore, molecular graphs that have geometrical
attributes associated with G, V or £ also belong to that 3D group.

The last group corresponds to the 4D descriptors. The basic principle is
that this type of descriptor considers the interaction between a molecule and
a probe. Quantifying such interaction implies mapping a grid space around
the molecule. The 4D part of Figure 1.3 shows the molecular electrostatic
potential map of chlorobenzene. A famous example of this type of descriptor
is the Comparative Molecular Field Analysis (CoMFA) developed by Cramer
et al.*® The evaluation of this parameter provides a response to the favorable
and unfavorable receptor-ligand interactions.

The second aspect to consider, in the molecular descriptor development
is that all the framed information must be converted into machine-readable
objects. These chemical parameters must maintain a particular format in
terms of dimensionality, numerical expression, and scale, depending on the
type of algorithm they will be subjected to (vida infra). Therefore, to
leverage the mathematical chemical expressions, it is required to follow
certain rules. Moreover, the format should ensure the elementary concepts
of uniqueness and similarity. Uniqueness for distinguishing subtle differences
present in similar molecules, and similarity for describing comparable
property values.

In general, using more complex chemical descriptors enhances the
prediction task, even for challenging target properties, e.g. enantiomeric
ratios.*! Nonetheless, there are instances when this does not hold true.
As explained in Equation 1.2.1, the desired relationship is the one that
correlates target and feature parameters. Thus, employing complex
information does not necessarily guarantee better comprehensibility; indeed,
in some cases, it may even saturate the model. This is a consequence
of the common pitfall of incorporating irrelevant or biased descriptors
in the models. Hence, careful consideration and validation of selected
descriptors are imperative to ensure the model’s reliability and effectiveness

in capturing significant data patterns. Additionally, incorporating more
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advanced data into chemical descriptors implies longer extraction times for
chemical information. This becomes a significant drawback, especially when
handling extensive datasets, where automated techniques are not plausible.

In summary, the pursuit of a balance should be mandatory. When
databases with thousands of molecules are represented, fast-to-calculate
descriptors are desired i.e. 0D, 1D, 2D. On the contrary, if the aim is
to search for a complex P target property for a small set of molecules, 3D

or 4D might be a potentially better option.

1.4 Development and selection of chemical

descriptors

The elaboration and selection of chemical descriptors is a hot topic in
chemistry, often referred to as featurization. The selection of molecular
properties is a critical phase undertaken before any statistical model
application.

There are mainly two types of chemical representation derivation:
nonlearned molecular featurization and featuring learning (depicted in
Figure 1.4). The first approach is depicted in the upper part of Figure 1.4.42
This method is also denoted as feature engineering, and it is based on manual
design and selection of the chemical features. It requires the domain of
experts in the field to craft suitable molecular descriptors. These descriptors
are built with knowledge of the potential causal factors influencing the
target property. Models designed with these types of features offer a
greater interpretability of the outcomes. As a result, they are adequate
to untangle challenging and specific tasks. For instance, buried volume?3
(%Vpur) (Figure 1.4) and Sterimol** have their applicability in asymmetric
catalysis.?> Moreover, in a recent publication on the prediction of the
solubility of organic solutes,*¢ the computation of 3D or 4D descriptors
through manual selection was used.

The second strategy relies on computer-aided selection®”, where

10
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Figure 1.4: Schematic representation of the types of chemical featurization.
Hand-craft featurization (top), and machine-learned features (bottom).
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the machine takes advantage of inherent logic to produce chemical
representations.?® The lower section of Figure 1.4 illustrates certain
machine-learned features. Herein, the chemical structure of the imidazole
is taken as the input to yield learned representations. The computer
directly takes the structures as the input and returns learned descriptors
as SMILES or the fingerprint of the functional groups. These string-
based representations do not contain spatial or physical information.
Nevertheless, natural language processing (NLP) techniques have achieved
accurate models with such descriptors.?® Additionally, molecular graphs
can be automatically generated with machine translation frameworks. The
algorithm captures the relevant information from the samples to generate a
language-processing representation.

In general, the choice between either approach depends on various
factors. It is important to account for the data-size regime as small datasets
enable handcrafted feature derivation, whereas thousands of samples require
a learning feature process. In some specific scenarios, the bottleneck of
the data-driven pipeline is the availability of the chemical descriptors. For
example, the commonly used representations for organic molecules, e.g.
SMILES, are underdeveloped for transition metal complexes. Therefore,
more advanced notations should be employed to capture the complexity
of these species. Another aspect to consider is the level of expertise
required for the task. As mentioned earlier, there is a balanced relationship
between the quality of descriptors and their computational cost. High-
quality descriptors, such as a structural or mechanistic hypothesis, and
physicochemical descriptors, increase the probability of prediction success in
models compared to more generalizable representations.”® Moreover, factors
such as compatibility with programs and algorithms, and space restrictions

should be taken into consideration as well.5!

12
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1.5 First stage of data-driven approaches

As mentioned earlier, QSAR approaches opened the way for a branch of
chemistry toward statistical treatments.

The concept of the data-led strategies in chemistry is straightforward:
recognize a chemical pattern by applying statistical methods, in order to
improve model performance. To do so, a target property P must be
connected with one or more chemical properties p (Equation 1.2.1). This P
is also denoted as a sought-after performance parameter or figure of merit
(FOM), while the p refers to the chemical descriptors. Upon discovering
the mathematical relationship between the FOM and the descriptor, this
connection is then employed to forecast the value of the said property, using
the p;, which, in theory, is simpler to measure.

As shown with the Hammet equation, the univariate linear scaling
relationship has been the algorithm for most of the analysis.’??3 In this
case, a single parameter was related to the FOM. Thirteen years before the
breakthrough of the Hammet equation in 1937, Brgnsted and co-workers
already conducted the first quantitative analysis, the so-called Brgnsted
catalysis law.>® This LFER relates the ionization constant of acids (K,’s) to
the rate of reactions, catalyzed by general acids through a sensitivity factor
a (log(keat) = a log(K,) + O).

The outlined studies were built with experimental data. Later on,
with the emergence of computers, molecular parameters were also derived
from such machines. This progress led to the development of the
chemioinformatics. This field of chemistry offers computer approaches to
extract information from chemical data, to solve chemical scenarios.?®

In the recent applications of LFERs, volcano plots applied to
homogeneous catalysis have gained attention.’® Corminboeuf et al.
introduced this frequently applied tool of heterogeneous and electrocatalysis
in homogeneous catalysis, with the name of molecular volcano plots. This

robust tool is based on Sabatier’s principle, which claims that the catalyst’s

13
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effectiveness lies in its ability to bind a substrate with neither excessive
strength nor weakness. Utilizing linear scaling relationships between a
descriptor (e.g., relative energy of a catalytic intermediate) and the most
challenging step in the catalytic cycle, allows the prediction of the catalytic
performance. More recently, Hartwig et al. used this tool to rationalize the
effect of ligands in the fluoroalkylations of aryl halides.?”

Nevertheless, the plainness of LFERs limits the ability to connect
intricate target scenarios with a single descriptor. For instance, nonlinear
effects (NLE) in asymmetric catalysis break the linearity of the LFERs.?®
In fact, most chemical problems are modelled by an ensemble of factors and
not only by a linear isolate molecular property.

Thus, multiple parameters were introduced into correlation models to
lead to multilinear regression (MLR) analysis.?® Traced back to 1952, Taft
and co-workers envisioned that the base-catalyzed ester hydrolysis is ruled
by both steric and electronic factors (Figure 1.5).%° This resulted in a MLR,
that derived Taft electronic (0*) and steric (E;) parameters, (log(ks/kcms,)
= p*o* + O0E;). Recently, Sigman and Doyle screened the oxidative
addition of aryl iodides by Ni(I) catalysts with MLR analysis.?*> Combining
experimental rate constants with DFT-derived computational descriptors,
they derived regression models that gave insights into the local and global
features affecting the rate of the reaction step. Furthermore, a MLR model
estimates the nucleophilicity of the C-H bond of alkenes using six topological
descriptors. The model was developed with target experimental values and
computational chemical descriptors.5!

LR and MLR analysis are widely applied not only in chemistry, but
also in many other areas due to their strong benefits. Firstly, the
mathematical simplicity of the models enables a rapid interpretation of
the chemical processes. Secondly, the rich-designed models, that provide
good performance, are robust to predict FOMs. Conversely, the smooth
implementation of these algorithms may fail in the characterisation of

puzzling chemical scenarios. As previously discussed, molecular descriptors

14
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Figure 1.5: Schematic representation of the mechanisms for the ester hydrolysis
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for these two mathematical models are often sophisticated. The challenge of
elaborating these intricate chemical descriptors is amplified by the increase
in the number of samples within a chemical space. Thus, it was necessary

to develop new mathematical operations.

1.6 Modern computational chemistry: data-

driven strategies

The amount of raw available data is closely connected to the exponential
growth of the computational power. Apart from the enormous benefits of
generating thousands of data, it is essential to underline that the aim of
scientists is not only to generate data per se, but to analyze and deduce
chemical insights. Therefore, it was necessary to integrate more powerful
mathematical tools in standard research tasks, thus, addressing previously
untractable datasets.

In the previous Section 1.5, the efficiency of the LR and MLR analysis to
unravel data patterns was demonstrated. Unfortunately, these treatments
may not be appropriate for large datasets. In that context, the application of
modern computing within chemoinformatics or chemometrics has a pivotal
role in dealing with the growing demands. Chemoinformatics techniques
emerged during the 1960s and 1970s having a great impact in QSAR
approaches.%? To clarify, chemometrics refers to the search for chemical
trends without using chemical structure, but both chemoinformatics and
chemometrics are usually employed indistinctly. Later on, the term machine
learning has overshadowed the utilization of chemoinformatics to this day.

The machine learning notation started to appear in chemical literature
around 1988.%3 This term, albeit sometimes unclear, commonly refers to the
area of artificial intelligence (AI) that uses computer power to automatically
improve performance with the experience. Another general definition
accounts for the extraction of knowledge from data by harnessing statistical

computing capabilities.
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Figure 1.6: Scheme of the variables employed during the prediction of suitable
monodentate phosphine ligands for building dinuclear Pd(I) complexes.%

The coexistence of this heuristic-based approach with chemoinformatics
blurs their distinctions. Recently, it was stated that chemoinformatics
encompasses LRs, whereas nonlinear techniques, together with the
processing of vast datasets fall within ML.??> However, no generally accepted
conclusive definitions are available yet.

Nowadays, ML has become a rather mainstream term in science.
Particularly in the field of chemistry, it has accelerated the areas of organic

4 5 66 and drug discovery,®” among

synthesis,% catalysis,%> material science
others. The myriad of sophisticated ML algorithms enables the selection
of suitable architectures, based on the specific chemical problem to be
addressed.

The classification of the solubility behaviour of inorganic alkali-
polyoxometalates pairs in water was accomplished through a Kohonen
Neural Network (KNN).58 Furthermore, Schoenebeck and co-workers
employed the LKB-P?425 and k-Means techniques to explore the speciation
of palladium catalysts (Figure 1.6). This exploration led to the synthesis of
unreported dinuclear Pd(I) species.®

When dealing with regression tasks, neural networks (NNs) provide a
quantitative prediction of target properties. For instance, in the study of

first-row transition metal multiplicities, the spin-state ordering and specific
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bond lengths were predicted using NNs.”® Herein, NN with a suitable
selection of empirical inputs predicted the spin-state splittings of TM
complexes, with around 3 kcal-mol~! of error.

Furthermore, Principal Component Analysis (PCA) is a common
approach to reduce the dimensionality of chemical space and leverage

26,71 More complex architectures like Gaussian

new chemical descriptors
Processes (GP)3? and graph neural networks (GNN)7? have lately been
incorporated into the field of chemistry solving with accurate results
chemical problems. Despite these advancements, further progress in ML
methods remains essential to attain higher levels of precision, adaptability,
and explainability.

Whilst it is crucial to select a suitable ML algorithm in any data-
driven application, the choice of a critical chemical representation may
be even more significant.” In this regard, a reported model predicting
the yield of the C—N cross-coupling, using random forest (RF), fell into
a pitfall.” It was proven that such a model does not depend on the selected
chemical descriptors for that work, but on random-valued features.”
As a consequence, an adequate representation of molecules is essential.
Furthermore, in these ML strategies, there is a recurring practice based
on first predicting outcomes, and then, interpreting the results, if needed.
Nonetheless, this modus operandi is prone to provide a good explanation for
the wrong reasons, or viceversa.

All in all, the success of a model relies on whether the algorithm
resonates well with the working data. Thus, establishing a symbiosis
between the chosen method, the properties of the data, and the hypothesis
under investigation is the cornerstone of any task.

Last but not least, it is important to acknowledge that the
ongoing unprecedented technological advancements —that we are currently
experiencing— are the result of Open Knowledge philosophy. Notably, most
of the algorithms enclosed in this introductory Chapter are publicly available

to the scientific community. Widely recognized Python libraries such as
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PyTorch,” scikit-learn,”” and Numpy’®, among others, have contributed to

the explosion of novel discoveries, in our specific case, in chemistry.
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1.7 Aims and objectives

The main objective of this Thesis is to extract and rationalize knowledge
from a vast amount of chemical data. Specifically, we will focus on
discovering the forces governing the thermodynamics and kinetics of
chemical phenomena using descriptors. To achieve this, DFT calculations
together with data-driven strategies are employed. From this overarching

goal, more specific objectives can be proposed.

« Investigation of widely applied reactions from a novel perspective.
« Design of a pipeline to generate new chemical descriptors.

o Discovering the chemical concepts governing the new chemical

descriptors.

« Development of prediction models to estimate properties of chemical

species in a straightforward manner.

o Application of the new chemical descriptors to elucidate diverse

chemical scenarios.

This Thesis is divided into two main parts. The first part (Chapter 2)
provides an explanation of the tools employed throughout this work. The
fundamental concepts of reactivity in the field of computational chemistry
are outlined. Next, we present a brief overview of the Quantum Mechanics
(QM) methods employed to date. Furthermore, the mathematical objects
and operations applied in this Thesis are described, together with their
origin and applications. An comprehensive explanation about the hidden
descriptor (HD) method is also included.

In the second part, three main applications using DFT and data-
driven strategies are detailed. Chapter 3 presents the use of the hidden
descriptors to address two distinct chemical scenarios. We apply this

strategy to characterize a wide range of N-heterolytic carbene (NHC)
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ligands. Additionally, we strive to identify metal fragments capable of
forming stable complexes with an unusual disposition of the dihydrogen
ligand (n'-Hz). Chapter 4 delves into the study of the underlying forces of
bimolecular nucleophilic substitution reactions at carbon centres. Hidden
descriptors are employed to quantify and understand the behaviour of
chemical fragments engaged in the reaction, and to predict energy barriers
of the concerted mechanism. Finally, Chapter 5 presents the graph kernel
atom-atom bond-bond bond-atom (AABBA). This tool is applied to a
reported Vaska’s dataset to generate molecular representations. These are
subsequently used to predict Ha-oxidative addition target properties.

The findings of these Chapters are expected to significantly enhance the
understanding and design of the studied chemical processes, offering a novel

and alternative computational approach.
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Chapter 2

Theoretical background and

method development

In this house we obey the laws of thermodynamics!

— Homer Simpson, The Simpsons

Chemistry research entails multiple fields of specialization: organic
synthesis, inorganic, analytical, biochemical and computational. This
Thesis embraces and applies the latter field, which has become a prominent
branch in the past decades.

The state-of-the-art in computational chemistry encompasses diverse

2

tasks, including the prediction of molecular properties,®? simulation

™ or creation of databases'® (Chapter 1).

of molecular trajectories,
The synergy between mathematical methods with fundamental quantum
mechanical laws has unlocked a profound understanding of matter itself.®"
Nevertheless, Dirac pointed out in 1929, the remarkable challenges that
quantum chemistry faced, ” The underlying physical laws necessary for the
mathematical theory of a large part of physics and the whole of chemistry are
thus completely known (...) It therefore becomes desirable that approrimate

practical methods of applying quantum mechanics should be developed, which
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can lead to an explanation of the main features of complex atomic systems

781 Difficulties in achieving this goal can arise

without too much computation.
from either hardware limitations for executing precise tasks, or from the
intricate nature of reality, that cannot be fully described by physical laws.
The acknowledgement of these limitations has led to the development of
various strategies in order to achieve the ultimate goal: understanding and
predicting the behaviour of matter both micro- and macroscopically. This
chapter briefly explains the theory and mathematical strategies employed

in the Thesis.

2.1 Concepts on thermodynamics and kinetics

In the current work, we performed electronic structure calculations to
unravel chemical problems. This type of computation uses two pillar
concepts in quantum mechanics (QM): the solution of the Schrédinger
equation HU = E¥ and the Born-Oppenheimer approximation.

In this context, the wavefunction W represents the positions of electrons
and nuclei in a chemical system. However, in a real system, the coupling of
electrons and nuclei renders the exact solution of the Schrodinger equation
practically unattainable. Considering that the nuclei are heavier, they are
expected to move much slower than the electrons. Therefore, nuclei can
be regarded as stationary at any point along the potential energy surface
(PES). This assumption constitutes the Born-Oppenheimer approximation.
The PES provides the energy for a given configuration of atoms. This
approach decouples electronic motion from nuclear motion, and makes the
Schrodinger equation solvable. This is key in the understanding of chemical
reactivity.

Thus, the resulting wavefunction depends on 3N — 6 coordinates,
representing three positional coordinates per each of the N atoms within the
system, excluding three degrees of freedom accounting for the translation of

the molecule across the space, and an additional three for rotational aspects.
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Potential energy surface —

Minimum energy path

Product

Figure 2.1: 3D potential energy surface with dark blue color corresponding to
higher energies and light blue color to lowest energy.

In the case of diatomic or linear molecules, the rotation only requires two
coordinates to be described. Hence, here the equation depends on 3N — 5
coordinates to render the movement of the nuclei. These movements are
the vibrational normal coordinates. However, even for a reduced chemical
system, mapping the whole PES is impracticable due to the expansive
dimensionality of the PES. A simply scenario would imply a diatomic
molecule, N becomes equal to 2, and thus, the equation is dependent on
3 -3 —5 = 1 reaction coordinate. On the other hand, if considering a
polyatomic molecule with 6 atoms such as the ethanol, N = 6, the equation
is dependent on 3 - 6 — 6 = 12 coordinates. This highlights the exponential
increase in the complexity of the equation.

Given the time-consuming task mentioned above, computational
chemistry focuses on locating interesting features on the PES. Figure 2.1
illustrates a PES described by two reaction coordinates (RC), as well as
the energy of each point on the PES. The wells in the PES (in light blue

25
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color) indicate electronically stable configurations of a molecule, minima,
in mathematical terms. The lowest potential energy point hosts the
reactant and product states of the reaction. Characterizing the electronic
energy of the reactants and products provides insight into the chemical
transformation. Their energy difference reveals the most stable state and
the expected direction of the reaction.

Chemical transformations often deal with bond formation and cleavage.
In this Thesis, we show that the energetic analysis of the minima of
each fragment involved in the breaking process can shed light onto the
chemical phenomenon. In this regard, bond dissociation energy (BDE) is
one of the key parameters for studying such reactions. BDE measures the
strength of a chemical bond A — B, which determines, for instance, the
thermodynamically favored pathway and selectivity. Its standard definition
involves the enthalpy change in gas-phase when A — B is broken into
fragments A and B, through homolysis, typically resulting in radical species:
A-B—A+B.

In addition, minima points can be connected by pathways shaped along
the PES. These indicate chemical transformations and are defined by large
vibrational motion. The easiest path of this process corresponds to the
lowest energy reaction path (red path in Figure 2.1). Throughout this
path, the second derivative of energy relative to any dimension can take
a positive, zero, or negative value, while all other second derivatives must
remain positive. The first-order saddle point on this trajectory refers to
the transition state (TS) and it is characterized by having a single negative
second derivative, and thus, a single imaginary vibrational frequency. This
spot marks the highest energy point along the reaction coordinate, as well as
the minima along all other dimensions. Thus, the TS governs the chemical
transformation between the two minima.

According to the Transition State Theory (TST) formulated by
Erying,®? the rate constant for most reactions can be calculated by assessing

the free energy difference (AG?) between a transition state and the
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preceding ground state with the lowest energy,
kT
k= m%e—AGi/RT (2.1.1)

In the Equation 2.1.1 k£ is the rate constant, x is the transmission
coefficient, T is the temperature, kg, h and R are the Boltzmann, Planck
and gas constants, respectively.

In the ideal TST, the transmission coefficient is considered as a unit,
where no recrossing occurs at the barrier. While the process of calculating
the ground state electronic structure might be attainable, the quest for
finding a TS supposes a great challenge. Furthermore, there are transition
states with such high energies, that they cannot be accessible critical points
for achieving the product of the reaction. In such case, the TS would not
influence the reaction. In addition, QM calculations are modeled for gas
phase situations. Progress in incorporating continuum dielectric fields to
simulate solvent effects (i.e. implicit solvation) has increased the accuracy
of PESs. However, these calculations are not straightforward when complex
interactions occur between ionic intermediates or/and transition states, and
solvent molecules.

Considering the significance of defining these crucial points along the
PES, this Thesis focuses on identifying minima and transition states. This
characterization is paramount for understanding the chemical behavior of

molecules.

2.2 Overview of the electronic calculation
methods

The crucial aspects of chemical reactivity stem from the systematic
characterization of the PES. Methods must be set up to carry out electronic

calculations and thus, shape the PES. We will briefly summarize the

principal theories and methods in computational chemistry. Further

27



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

Chapter 2. Theoretical background and method development

derivation of the equations of the methods can be found in more detailed
elsewhere.80:83

As previously stated, the Schrodinger equation considers some
approximations to be solved for real chemical systems. On one side, ab
initio methods based on W, establish well-defined simplifications that allow
solving the Schrodinger equation. Ultimately, the total wave function,
for single reference system, is regarded as the product of orbitals. As a
result, the solution provides their respective energies without any empirical
parameters.

The simplest wavefunction-based method is the Hartree-Fock (HF).
(bottom in Figure 2.2). In HF electrons are not explicitly correlated,
rather each electron experiences the repulsion of the remaining electrons
as an average electronic field. Although HF is often considered insufficient
for accurate predictions in chemical systems, this theory established the
basis for other more sophisticated methods. The systematic improvements
of HF led to the post-HF methods. These methods achieve greater
accuracy than their predecessors by incorporating electron correlation,
effectively accounting for the electron-electron interactions. Within post-
HF, the most prominent approach is full configuration interaction (FCI).
FCI considers the exact numerical solution of the Schrodinger equation by
taking into account all feasible excited state configurations. However, this
latter cornerstone method is impractical for most chemical systems due
to the exponential scaling of accessible configurations. A solution to that
limitation is to reduce the available states by selecting the predominant
electronic configurations. Configuration interaction (CI) method uses these
subsets to perform the calculations. Alternative post-HF approaches include
Mpgller—Plesset (MP) or Coupled Cluster (CC) methods. It is necessary
to highlight the Coupled Cluster technique, CCSD(T), in computational
chemistry.  This method is regarded as the gold-standard approach
and is employed as a benchmark reference.®® While the aforementioned

post-HF methods are more cost-effective compared to FCI, they remain
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computationally demanding. Hence, they are not the primary choice
for practical computational homogeneous catalysis studies. Figure 2.2
left summarizes the wave-function methods, as well as their accuracy
relationship.

The second strategy to solve the Schrodinger equation involves the
Density Functional Theory (DFT). This strategy does not put the focus
on ¥, instead, it relies on functionals of electron density: E = F[p(r)].
Electron density is defined as the probability of finding one electron in an
infinitesimal volume. The theory originated in 1964 with the Hohenberg-
Kohn theorem,®® linking the ground state energy of an electronic system
to its electron density through an exact yet unknown functional. Later in
1965, Kohn and Sham developed consistent equations where the density
is constructed from a set of orbitals.®0 This implementation allowed the
application of DFT to complex molecules. Due to these advancements,
Kohn received the Nobel Prize in Chemistry in 1998 alongside Pople.®”
An important advantage of the method is that the p(r) is represented
by three spatial coordinates rather than 3N as shown in the previous
methods. The integral over all the space yields the number of electrons
in the system. The main drawback lies in the unknown exact expression
of the functional. The term denoted as the exact correlation coefficient
(Exc) within the functionals is elusive. It would account for the differences
between the exact FCI energy and the energy of the simplest system with
non-interacting electrons in the ground state. Unfortunately, the missing
of the exact term inherently implies the inclusion of arbitrary errors in the
DFT approach. This theory lacks systematic improvements. Consequently,
inexact functionals derive the energy from the electron density.

Since its origin, DFT has spawned a wide variety of functionals.
Different strategies and modifications have given rise to the description of
Jacobs’s ladder.®® Figure 2.2 right illustrates this intuitive scheme where
the functionals are hierarchically arranged according to their improved

descriptions of the electronic structure. The ladder starts from the simplest

29



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

Chapter 2. Theoretical background and method development
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Figure 2.2: Wave-function based methods converging to the exact solution. ZP
denotes zeta polarized basis set, S refers to Singles, D to Doubles; CI- refers to
CI with singles S, doubles D, triples T' (left). Jacob’s Ladder where the density
functional theory approaches are sorted hierarchically in function of their accuracy
(right).

approximation in the realm of computational chemistry and goes up,
reaching the most accurate method. The lowest level, and thus, the least
accurate is local density approximation (LDA), which is based on the
uniform electron gas model. Next, the Generalized Gradient Approximation
functionals (GGA) consider the non-homogeneity of the electron density.
This strategy can introduce empirical data (B) or quantum mechanical
principles (PBE). Moreover, there are the Hybrid functionals and the Meta-
GGA functionals. Other functionals, such as the hyper-GGA are a priori
more accurate from the theoretical perspective. The list is headed by double
hybrid functionals to reach the chemical accuracy.

Whilst, it holds true that Jacob’s ladder offers a general scale to
choose the DFT functional according to the necessities of the system,
indeed, determining the exactness of DFT is a matter still under discussion.

However, it is noteworthy to mention that DFT entailed a breakthrough
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Figure 2.3: Example of vertex sequences on a given graph including two walks
(top). Molecular graph representation of a palladium complex. Color-coded of the
nodes: e nitrogen, e carbon, and e palladium (bottom).

in chemistry. The two considered approaches, ¥— and p(r)—based theories
are generally employed across computational chemistry depending on the
demands of the problem. Throughout this Thesis, we have entirely focused
on DFT calculations based on their optimal ratio between accuracy and
computational cost.®? Given the extensive volume of calculations involved,

opting for a less time-consuming method was found to be more convenient.

2.3 Molecular graphs

Graphs, expressed as G = (V, £), are mathematical objects defined as a set
of vertices or nodes, V, and a set of edges, £, which connect two nodes of
the graph.?® These entities are commonly represented by drawings where
the nodes are dots, and the lines linking the points are the edges (Figure
2.3).

Moreover, this mesh of points and lines can be traversed by different
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paths. It is possible to read a graph jumping sequentially from one node
to another. Figure 2.3 shows a walk going from node a to node ¢ passing
through 6. Within this path, it is observed that nodes a and b are separated
by one edge, thus, the distance between nodes a and b is d,, = 1. However,
in the path connecting nodes a and e, this definition is not obvious, since
there are two accessible routes either V, -V, - V. - V; = V. or V, —
Vy = Vg — Ve. The rule of thumb for determining the distance between two
nodes is to search for the shortest possible walk between them. Therefore,
in the previous example the dg . = 3.

These concepts are successfully transferred to the chemical domain
establishing the molecular graphs. In this context, atoms are considered
nodes, and chemical bonds are converted to edges (Figure 2.3). Indeed,
the graph drawing resembles a molecular structure. The advantage of
this representation is its geometry-agnostic approach, since it lacks spatial
coordinates, facilitating its computation.

The most crucial part in the definition of molecular graphs are the edges,
that rule the connectivity. These topological descriptors need to convert
chemical bonds to edges in a satisfactory manner. In organic molecules,
this is straightforward since the valence or degree of connectivity of atoms is
well-defined, but this task is more challenging in transition metal complexes
where the valences are fuzzier. To address this aspect suitable criteria have
been adopted. For instance, the use of Bader’s Quantum Theory of Atoms in
Molecules (QTAIM) has settled the connectivity in polyoxometalate-based
graphs.?! Furthermore, electronic patterns relied on NBO analysis provided
a proper connectivity definition of TMCs in the diverse tmQMg database.?3

In addition, graphs can encode more information beyond to the
topological structure. These supplementary features of the molecular graphs
are called attributes. Each element of the graph, and the entire graph itself,
can have associated attributes. By assigning attributes, such as atomic

number or atom size, the graph assumes a chemical-looking entity.
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2.4 Machine learning classification

In the first Chapter, the timeline of data-analysis techniques displays the
potential of ML in chemistry. ML models are classified according to the
type of problem they solve. Examples include supervised, unsupervised and
reinforcement learning.

Supervised learning models map f: x M Y to connect a set of input
(X) and outputs ()), data. These models can be used for either regression
tasks, where the output is predicted in a continuous range; or classification,
where the goal is to predict a class. The model is trained using pairs of
input /output data during the training set. Then, the ultimate objective is
to predict never-before-seen data by the model.

The second set of ML algorithms involves unsupervised learning. Here,
the input is known, but not the output. Thus, the aim is to extract
knowledge from X without previous instructions. Consequently, it is
uncertain whether the output generated is correct or not. Among the
models, we find regression and clustering algorithms. A widespread
application of this type of ML model is dimensionality reduction
for visualization purposes and chemical descriptor generation.?6%2 This
reduction retains the meaningful properties of the dataset with fewer degrees
of freedom. Additionally, the detection of outliers is another commonly
exploited use of this model family.

The last group of machine learning models regards reinforcement
learning (RL) tasks. This class of methods combines aspects of both
unsupervised and supervised learning. During the process, the input/output
pairs are not labelled. Therefore, the RL agent perceives and interprets
the data environment and it learns by receiving feedback in the form of
punishments and rewards.

The selection of ML models depends firstly on the purpose of
the chemical problem, and secondly on the available data. Likewise,

choosing the appropriate method can be challenging. In such instances,
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programs like ROBERT can be valuable.”® The code provides a framework
for automatically performing certain ML models and analyzing their

performances systematically.

2.5 Singular value decomposition

Processing, analyzing, and effectively utilizing the vast amount of chemical
data generated is a challenge. As discussed in the Introduction, data-driven
approaches are cutting-edge strategies that rely on mathematical techniques
and databases. Throughout the current Thesis, one of our focus has been
placed on the application of singular value decomposition (SVD).

SVD is an algorithm classified as an unsupervised ML model. As
explained earlier, this type of methods only relies on the input data
X. Widely utilized for reducing data dimensionality, SVD hierarchically
organizes the data to maintain significant information, while eliminating
noise. Hence, when the objective is to extract knowledge from a dataset,
the SVD approach is appropriate. This mathematical tool finds application
and demonstrates its impact across various fields (vida supra).

Before delving into the mathematical details of the operation, a
representative example of this method is presented. When observing a
figure, we often overlook fine-grained shapes, but retain the global concept.
Images are constructed using pixels, each representing numerical data.
Thus, each figure constitutes a dataset. By subjecting a figure to SVD,
we effectively reduce the file size while preserving the general shape of
the picture. Figure 2.4 provides an example of this application using an
image of Ledn’s cathedral facade. Prior applying SVD, we can specify
the amount of information to withhold. Figure 2.4 shows images that
vary the retained weight. The image containing 17 % of the original
picture is unfeasible to analyze. Increasing the information weight to 32
%, evaluation is cumbersome but its content can still be inferred. At 54

% of the original information, the photo, while somewhat blurred, closely
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resembles the original. This proof-of-concept highlights the property of the
SVD in preserving the most important information of the data. We did not

need a high-quality photo to recognize Ledn’s cathedral.

Figure 2.4: Representation of the singular value decomposition for dimensionality
reduction in an image of Ledén’s cathedral facade, at various levels of truncation.

Upon providing a general idea of the method, we proceed with its
mathematical foundation and its chemical application. In linear algebra,
singular value decomposition (SVD) is a powerful technique that breaks
down a real or complex matrix into three matrices.?® Given a real m x n
input matrix A, upon application of SVD, the following decomposition is

provided,

A=UxvT (2.5.1)

where U m x m and VT n x n are unitary matrix, thus, UTU =
UUT =T and VIV =VVT =1, and T k x k is a diagonal matrix with
nonnegative elements, sorted from largest to smallest (see Figure 2.5). VT

and UT are the transpose matrix of V' and U, respectively.
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Figure 2.5: Schematic representation of singular value decomposition over a

matrix A to obtain three matrices U, 3, and V'T.
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Columns of the U are the left singular vectors (u) and columns of V
are the right singular vectors (v), while the diagonal elements of ¥ (o;)
are the singular values of the matrix A. (Figure 2.5). Therefore, we can

expressed the above equation 2.5.1 as bellow,

A= ulo'lfvf + u202v2T + ..+ uka'kv;f (2.5.2)

The number of nonzero singular values (Ng,-0) is the rank of the A,
and the o; values are sorted in a hierarchical order (o1 > g9 > ... > oy).
This confers the capability to highlight the most significant o to the least
important ;. Moreover, the rows of VT are the eigenvectors of AT A
and, the columns of U are the eigenvectors of AAT. In both matrices
either AT A or AAT their corresponding eigenvalues are given by 2. This
property provides relationships with other mathematical factorization (vide
infra).

The design of this decomposition operation is to apply a linear
transformation of the data, as both U and VT can be chosen to be
rotations/reflections of the space. This transformation enables the original
points to be projected onto a new basis, where the primary vector directions
align with the directions of maximum variance. Hence, directions with
low variance correspond to smaller axes. This characteristic creates a
hierarchical structure within the procedure. Through this process, the SVD
allows a data compression, extracting valuable insights into the properties
of the original matrix A, increasing the understanding of the data and
preserving the maximum amount of information. This notable feature,
known as truncation or dimensionality reduction endows the method with a
powerful tool for obtaining crucial information, i.e. the primary vectors,
while eliminating less informative variables. This treatment, can be

expressed as the following equation:

~

A=U3VT (2.5.3)
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In the context of this Thesis, this procedure effectively captures the
fundamental aspects of chemical problem at hand. Figure 2.5 illustrates
the dimensionality reduction procedure after the decomposition of matrix
A. The determination of the truncation, represented by the number of
representative variables ky,qq, does not have a fixed ruled. Authors usually
employ a threshold to collect information that explains more than 95% of
the data variance, but this decision is subjective.”

Furthermore, SVD provides the left and right singular vectors of a
matrix, denoted as u;, vj, respectively. This property becomes particularly
interesting since our objective is to apply SVD to a matrix A where both
rows (represented as ¢ in Figure 2.5) and columns (indicated as j in Figure
2.5) encompass data variables of equal significance. Figure 2.5 displays this
characteristic for further elucidating the concept.

Nowadays, the application of SVD is carried out using different
computational tools. Throughout this thesis, Numpy“® Python library was
the tool employed with the below snippet code:

import numpy as np

U, S, VT = np.linalg.svd(A)

However, it is crucial to outline the steps involved in the operation to
further understand the method. Given a dataset represented by an m x n

matrix A, the SVD includes the following operations:

1. Compute a square matrix by multiplying the transpose of A by itself,
denoted as AT A

2. Find the eigenvalues, represented as A, of ATA by solving the
equation det(AT A — XI) = 0, where I is the identity matrix.

3. The singular values of A, expressed as o;, are the square roots of the

eigenvalues of AT A.

oi =i (2.5.4)
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4. Normalize the eigenvectors of AT A which are the right singular

vectors of A, vj.

5. Compute the left singular vectors, w, using equation 2.5.5, and
normalize them,
AvyT =U (2.5.5)

where X7 is equivalent to ¥ since ¥ is a diagonal matrix.

6. Build the matrices by combining their respective singular vectors and

singular values to represent A as ULV,

Nowadays, efficient algorithms exist to calculate SVD of A without

having to form the matrix AT A.

2.5.1 SVD vs PCA

The application of dimensionality reduction practices in chemistry such
as t-Stochastic Neighbor Embedding (t-SNE), and Principal Component
Analysis (PCA) is a general practice in data-led strategies.?6:69:96

In the frame of the linearly transformations, there is a common
misunderstanding that assumes that SVD and PCA are referred to the
same procedure. Figure 2.6 depicts and schematic representation of both
methods. In order to shed light on the subject, an explanation of this PCA
practice will help to understand the similarities and differences between
these methods.

Starting from the broad overview of these two concepts, while SVD is
a linear algebraic operation, PCA is a technique that employs algebraic
operations such as eigenvalue decomposition or SVD, to interpret the data.
Secondly, it is true that PCA can be performed by carrying out SVD over
the covariance matrix C of a specific matrix, i.e. C = AT A, however,
the outcomes of the practices are not the same. Aiming to explain from
their mathematical basis their differences, we briefly comment the steps to
perform PCA:
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1. First, to center the data of the matrix, A, by calculating its mean by

rows or columns u; and subtracting it.
1 J
np=— i (2.5.6)
(2
1

2. Obtain the covariance matrix of A, denoted as C, by performing

C=ATA.

3. Retrieve the eigenvalues, represented as A, and eigenvectors, which are
referred as loading vectors in PCA, from matrix C. This operation can
be achieved by diagonalizing matrix C or, alternatively, by conducting

SVD of matrix C. The vectors are also normalized.

e By diagonalization of the matrix C, the result is,
D=vcvT (2.5.7)

where D is the diagonal matrix that includes the eigenvalues,

and V is the matrix that contains the eigenvectors.
e By SVD:
ATA = UzvhHTusvT
=vxTuTuxvT (2.5.8)
=vxvT
Therefore in both operations, we get the eigenvalues included in either

D or 32 matrix, and the eigenvectors which are the columns, the

vectors of the matrix V.

4. Project the data of A onto the new basis vectors of V', to get a new

matrix T which is the score matriz (purple matrix in Figure 2.6).
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Figure 2.6: Schematic representation of singular value decomposition over a
matrix A to obtain three matrices U, ¥, and VT (top) and representation of
PCA application over a matrix A to derive two matrices T and VT (bottom).

T = AV (2.5.9)

The outlined derivation demonstrates that the loading vectors of PCA
and the left singular vectors of SVD can be identical, provided that the
data is centered prior the application of SVD. The key distinction for
applying SVD, instead of PCA, lies in the origin of the information they
generate. Figure 2.6 reflects their differences. SVD yields three matrices,
U, 3, and VT, which primarily capture information regarding the rows,
weights, and columns of matrix A, respectively. In contrast, PCA results in

two matrices, T and VT, mainly deriving from the columns of matrix A.
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Understanding this property in the context of this Thesis is crucial. The
objective throughout this compilation is to investigate chemical phenomena
that involve two distinct variables. For instance, the study of the metal—
ligand bond (M—L) regards two moieties that hold equal significance. If this
bond is featured through its energy, (e;;), where 7 is the metal fragment and
j is the ligand, then, it is possible to create a matrix E introducing other
values (e;j) per each partner of ith metal fragment (rows) and jth ligand
(columns). By expanding this matrix and applying SVD, it results in three
matrices: U which contains information about the metal fragment (rows),
VT which refers to the ligands (columns), and ¥ which defines the weight
of the singular values. This approach allows for simultaneous analysis of
both the metal fragments and ligands. In contrast, if PCA is the method
selected, it will provide information exclusively about the ligands (columns)

either with the T' or VT matrices.

2.5.2 Applications of SVD

SVD is a powerful technique widely used today in a lot of models.
Applications of singular value decomposition are manifold, spanning across
various disciplines. This section provides an overview exploration of its
diverse implementations.

As introduced with Figure 2.4, SVD can perform image compression.
Since images are an ensemble of numbers, we can treat them as 3D matrices.
Thus, applying SVD over them is almost trivial. The reduction in the
number of singular vectors helps in limited image storage, while preserving
the overall image quality.

The following application is required in our chemical study.
Dimensionality reduction and data comprehension are key to extract
knowledge from matrices containing wide-ranging accumulated data.
The selection of the necessary k singular values allows to retain
crucial information for the data, while reducing redundant or noisy

information. The effectiveness of this approach has been demonstrated
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in various contexts, such as studying interactions in protein complexes?”,

decomposition of the matrices simulating wave function of entangled

systems,”®, or analysis of orbital interactions in different chemical

sys‘cems.ggv100

SVD is widely applied in signal-processing tasks. In this realm, noisy
signals are inherent problems in spectra. Here, SVD aids in the reduction
of such noise, facilitating the analysis and comprehension of spectra.!9:102

Furthermore, latent semantic analysis (LSA) is a technique of natural
language processing (NLP), that identifies the main topics of a text
document and measures the similarity of documents containing comparable
concepts. This text analytics implies to map the word frequency of the
documents to build a concept-frequency matrix. Then, SVD is applied over
the matrix to give insights into the documents through the singular value
and singular vectors derived.

A recent notable application of SVD comes from its integration
within social networks. Recommendation algorithms relying on user-
generated content, are widely used in internet apps, and some of them
are grounded on SVD. SVD effectively captures pivotal features of the
provided data, enabling the classification of users based on attributes such
as their preferences, age, gender, or any other valuable characteristics that
marketing strategies seek to spot.!03

The broad range of applications provides a solid basis for justifying the
utilization of SVD across various domains. In our study, we apply it to

address computational chemical challenges.

2.6 Hidden Descriptor method

The careful selection of chemical descriptors is still a subject under study.
The fundamental premise is that by thoroughly exploring a diverse range
of descriptor sets, one or a combination of them will accurately reproduce

the target property. However, the inherent complexity of this topic stems
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from two main reasons. First, the challenge of finding relationships between
descriptors and a target property. Subsequently, if the correlation is
achieved, distinguishing whether the relationship is due to causation or mere
chance implies another layer of complexity. The second reason lies in the
inclusion of irrelevant or skewed variables that may affect the rationalization
of the chemical transformation, as well as the predictive and generalization

ability of the model (top Figure 2.7).

Conventional approach
Target property Chemical descriptors
@ O C N H
ATE Non ideal key factors Atom type
Under/overfitted model
HOMO energy NS
HoN S
ML-L , \ "N,
y H
NBO charges
Alternative approach
Target property Hidden descriptors
SVD
[ > |-
AE Optimal descriptors for < ()
the target chemical ' = :
problem >
M Ln_L HD 1-5

Figure 2.7: Conventional and alternative approaches in the use of chemical
descriptors.

Concerning these potential pitfalls in the use of predefined descriptors,
our group proposed a shift of paradigm in both the development and use
of chemical descriptors. The method entails the application of statistical
techniques of a relatively large number of DFT results to identify the
mathematical optimal descriptors. The so-called hidden descriptor (HD)
method was developed as a tool to find the optimal descriptors for a specific

chemical scenario (lower part of Figure 2.7). The chemical problem must
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be rationalized by a designated target property. This property will be
computed to build the dataset, ensuring coverage across a diverse chemical
space.

This method was first published in 2018.1%4 In its first application, it
was studied the interactions between metal fragment and ligand moieties
through the metal-ligand (M-L) bond. Optimal descriptors were found that
accurately described the electronic interactions between these two moieties
utilizing the HD method. To do so, the authors selected an array of metal
fragments and ligands and computed all the possible combinations of bond
dissociation energies (BDE). The selection of BDE as a target property
was based on its capacity to evaluate the stability and reactivity of the
moieties involved in the bond. The resulting BDE values were introduced
in a matrix, subjected to SVD. Upon an analytical study, it was assigned
five hidden descriptors for describing metal and ligand electronic properties,
HDjs and HDy, respectively. A priori, Lakuntza et al. did not know if HD s
and HDjy, were associated with well-known properties or if they were just
simply numerical scales. This is the explanation of the hidden name, since
firstly HD were unknown. Further examination led to the conclusion that
each of the five HDs for metal fragment and ligand were mostly related to
fundamental chemical concepts. Moreover, an extension of HD for metals
and ligands out of the scope of the initial chemical space is possible with a
prediction tool. This strategy allows obtaining new HDs without performing
SVD anymore.

So far, we have detailed the initial study on the subject. This led us to
think that the same methodology can be extrapolated to different chemical
scenarios. We can capture the important features of chemical process, i.e.
HD, and use the derived chemical descriptors to distinguish the behaviour
of the compounds considered in the dataset. Moreover, we can predict
HD and use them to predict the target property in a reverse mode. In
that vein, we outlined the protocol for obtaining the hidden descriptors

for any chemical phenomenon. Figure 2.8 illustrates the following steps:
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Figure 2.8: Workflow of the procedure for obtaining hidden descriptors and using
them to predict the target properties.
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(i) defining the desired property and the chemical space where computing
such property; (i) conducting electronic structure calculations within the
dataset; (iii) construction of the matrix that contains the target feature for
each pair of chemical variables i.e. in the previous example, M and L are
variables that constitute the target property, the bond dissociation energy;
(iv) upon data curation, execution of SVD Python code; (v) afterwards,
an in-depth qualitative and quantitative evaluation of the obtained hidden
descriptors is accomplished; (vi) prediction of HD for unsampled chemical
species and target properties.

In the previous Section 2.5, a detailed explanation of the singular value
decomposition operation was present. We concluded that a matrix A is
decomposed in three matrixes, U, X, and V. In the context of this Thesis,
these matrices have chemical meaning. A is a chemical matrix built with the
target property a. Each target value is defined according to two chemical
variables ¢ and j relevant to the event, a;;. Thus i property is the row-
variable and j is the column-factor. Matrix U is linked to the row-variable
i of the matrix A, and matrix V is connected to the column-variable j. The
3 matrix contains the chemical weights W of the vectors of the matrices,
thus, the weights of the hidden descriptors. Placing this within the context
of the M—L bond study, the variable ¢ refers to the metal fragments. Each
entry ith in the rows corresponds to a distinct metal fragment. On the other
hand, the column-variable is designated to the ligands, and here, each entry
jth indicates a different ligand. All gaps of the matrix are filled with each
possible combination of M and L fragments.

To illustrate this idea, Figure 2.9 shows the three matrices, with chemical
significance. U equals to M, V is L, as well as, ¥ matrix that is
represented by the W which quantifies the relative chemical importance
of the vectors in these matrices. Upon decomposition, truncation of the
matrices is conducted (lower part of Figure 2.9). The reduced matrices
contain, thus, less number of vectors k;qe. In the Figure 2.9, matrix M is

pruned to HD); with a dimension of i X knqz , and matrix LT to HDj, with
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Figure 2.9: Schematic representation of HD procedure for the metal-ligand bond.

dimensions k.. X j; the diagonal matrix W is truncated to HDyy with
the size Kz X kmaez. These condensed matrices hold the hidden descriptors

vectors, which will provide the relevant interaction of the M—L bond.

2.7 Neural networks

Within the vast amount of ML architecture, one of the most prominent
algorithms is the feed-forward neural networks. This supervised ML model
is also regarded as a class of deep learning. Particularly, in this Thesis, we
focused on the application of a relatively simple method, namely multilayer
perceptron. (MLP). This strategy undergoes classification and regression
tasks, and herein, we are going to apply the latter application. We will
briefly introduced the basic concepts of MLP.

As earlier mentioned, the supervised models map a set of inputs X and

outputs ) to provide predictions of subsequent input, X5, based on the
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Figure 2.10: Schematic representation of the MLP architecture in the forward
pass with two hidden layers, where x denotes the input elements, w the weights, b
the biases, Ypreq the predicted value, ) means the linear summation and the linear
draw shows the activation function.

learned patterns. The learning process takes place due to the transmission
of information along the hidden layers that connects the input and output
layers (Figure 2.10).

These intermediates layers are constituted by neurons, and each of them
transforms the values from the previous layer (z;) with a weighted linear

summation (Equation 2.7.1), followed by a non-linear activation function.

=1

z= Z(xz X w;i) +b (2.7.1)

n
The non-linear functions can adopt different shapes, being the most
popular the rectified linear unit (ReL.U) and the tangens hyperbolicus (tanh).
The weights are set randomly before the training starts. Thus, the weight
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initialization can lead to slightly different models’ performance. To retain
the same w values, it is possible to fix the randomness of the seed. The
output layer receives the values from the last hidden layer and transforms
them into output values. Once the output is generated, the selected loss
function, often the mean-squared error (MSE), computes the differences
between the outcome and the truth value. This unidirectional process is
the forward task. Upon the estimation of the output data, the results are
evaluated and the weights are updated via the backpropagation strategy,
namely the backward pass.

This reverse path is based on the minimization of the loss function.
To do so, the neural network model’s parameters, i.e. weights and bias,
are fine-tuned repeatedly until achieve a plateau of accuracy. The level of
adjustement is determined by the gradients of the loss function with respect
to those parameters and the learning rate (Ir), with the following equation:

oL
w=w— lra—w (2.7.2)

This cycle is repeated in a loop, where each iteration is named as epoch.
Therefore, the number of repetitions is determined by the number of epochs,
and all the data is read in each epoch.

Furthermore, there are more important parameters that need to
be adjusted before the training. @ The whole collection denotes the
hyperparameters. Within it, there are the number of nodes in the hidden
layer (n), the number of layers (1) in the architecture, and the size of the
batches if needed, among others. The batches separate the training dataset
in groups that facilitate the gradient computation, and the subsequent
update of the models’ parameters. Apart from that, it is important to
consider the number of parameters in the model, i.e. weights and biases, to
avoid some anomalies such as underfitting — scarce number of parameteres,

or overfitting — exceed the number of variables. The equation to compute
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it:
ning + nong + ... + n_1ng + (n1 +na + ... +ng) (2.7.3)

For instance, an architecture of 2 hidden layers, each with n = 128, and
with a input size of 33 will contain 33-128+128-128+128-14(128+128) =
20,992 parameters to be adjusted. Moreover, the homogenization of the
data is critical in any statistical model, thus standarization techniques are
set as fundamental pretraining step. The algorithm and tutorials are freely
available to be used. It is worth mentioning the PyTorch,”® or Keras!'%®

libraries.
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Chapter 3

Metal-ligand interaction

Second comes right after first.

— Buzz Aldrin — The Simpson

3.1 Introduction

Bond dissociation energy is a measure that holds significant importance as
it offers insights into the strength of chemical bonds. By quantifying the
energy interaction of the two moieties involved in a bond, BDE provides
information about their relative stability and reactivity. This parameter
is particularly useful in the frame of transition metal (TM) chemistry.
The reactivity of TM complexes undergoes ligand exchange processes, with
thermodynamics ruled by differences in BDE.

In the Methodology Chapter, the origin of the HD strategy was
introduced. Former members of the group designed the HD methodology
using the BDE quantity. In that study, BDE was considered in its
heterolytic form, i.e. where no radical species are formed, between a metal
fragment (M or ML,) and a ligand (L).!%* This transformation is depicted
as (M-L)* — M®=%) 4 LY. Therefore, BDE target property was regarded as
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dependent on two variables: metal fragment ¢ and ligand j. This definition
allowed the construction of a BDFE matrix.

According the procedure outlined in Methodology Chapter, the HD
analysis elucidated the fundamental binding forces. These results yielded
vectors of five hidden descriptors which describe each metal fragment,
HD sk, and each ligand, HDy, of a particular bond in water, where k
denotes the number of the hidden descriptors. Furthermore, the prediction
of the BDE property was attained using the estimated HD values, within
an average absolute error of 1.3 kcal-mol~! and a maximum error of 6.7
kcal-mol~!. The first four hidden descriptors happen to be related to
conventional chemical concepts in the field of metal-ligand bond. The first
hidden descriptor, HD{, is associated with the o donation, the second HD,
HDs, is related to the 7 interactions, the third, HDj3, is identified with the
cis-influence; and the fourth, HD,4, correlates with a covalency term. For
the fifth HD, HDs5, no traditional chemical concept examined was found
to correlate with it. The sign of the HD determines the direction of the
property. For instance, a positive sign of HD; denotes a donor capacity, but
a negative sign refers to an accepting o ability. The negative sign of HD»o
values implies 7 acceptor tendency to the moiety, while the positive reflects
7 donor capacity. It is crucial to emphasize that the SVD method follows
a hierarchical approach, signifying that the ¢ donation mainly governs the
M-L bond, followed by the 7 interactions, and so forth.

Further extension of that work enabled to derive HD values for metal
fragments and ligands beyond the original dataset. This strategy aids in
investigating the chemistry of the species from dual perspectives. First,
the characterization of HDs of ligands and metal fragments leads to
envision their electronic properties, thus, providing valuable insights into
the behaviour of these chemical species. On the other hand, the HDs can
be employed to predict BDE, which as previously said, is a quantity that
evaluate the stability of the metal complex. Two distinct cases have been

tested to examine the two mentioned approaches.
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In the first part of the Chapter, N-heterocyclic carbene (NHC) ligands
were submitted to the HD analysis. NHC grasped our attention because
of their outspread use in transition metal chemistry. From the synthesis

06

of the first air-stable ylidic carbene,'6, they have played a role in

107,108 109,110

important processes such as cross-coupling, olefin metathesis,

HLI2 - Their modularity facilitates their design

or asymmetric catalysis
and their constant involvement in chemical transformations.''3 In certain
practices, NHCs have assumed the function of phosphine ligands due to
their similarities.''*!15 Experimental''® and computational’™ 129 studies
have explored the binding properties of NHCs in TM complexes. Herein,
energy and charge partitions analysis has served as a tool in computational
investigations.'?! These findings leveraged a better understanding of the
function of these ligands. NHCs are an intriguing class of neutral ligands
containing a divalent carbon atom. A significant feature of this type of
species is their strong o donation capacity. Thanks to their versatile
topology this property can be tuned. The main bonding characteristics
of the M-NHC bond are depicted in the left part of Figure 3.1. The o
donation from the ligand’s lone pair to an empty d,» orbital of the metal
is the dominant force. This interaction occurs together with a negligible 7
back donation from the metallic d,, (or d, ) orbital to the 7 orbital of the
ligand. In addition, a combination of occupied and empty 7 orbitals on the
NHC may donate density to electron-deficient metal fragments through the
T — dy2 (or dy,).'?

In the second part, the HD strategy aims to untangle the coordination
mode of He with TM complexes. The understanding of the fashion
coordination of this small Ho molecule is key to optimize hydrogenation
reactions.'?3125 Nowadays, it is well-known the multistep nature of Hy
activation in homogeneous catalysis where the dihydrogen and hydride-
bonded intermediates are found. Yet, this was not always clear.'26-128 The
dihydrogen-bonded complex remained elusive until 1984 when Kubas et al.

characterized a sigma complex with 72 coordination (7 denotes hapticity).'2?
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M-NHC M-H,
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Figure 3.1: Molecular orbital scheme for the interaction between a NHC ligand
and a TM center through a ¢ — d,2, d;. (or dy,) — 7 back donation, and 7 —
dg. (or dy.) (left); and the interaction between a metal complex with a Hy molecule
in the n?~Hy and n'-H, configurations (right).
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This breakthrough in inorganic chemistry prompted questions about the
degree of coordination of Hy with a metal center.!39-132

On the top-right side of Figure 3.1, the dihapto coordination of the Ho
with a TM complex is illustrated. The Hy molecule is bound to the metal via
a 3-centered bond with Cg, symmetry. The ligand and the metal fragment
interact through a donation from the occupied o orbital of the Hs to the
empty orbital of the metal; and via back donation from the metal to the
empty o* orbital of the dihydrogen. Here, the hydrogen acts as a base,
however, if the back donation is too strong, cleavage of the dihydrogen can
occur and the oxidative addition takes place. In addition, the stability of the
molecule within a TM complex stems from the nature of the metal center, as
well as the solvent and the presence of counterions.'?3!34 Alternatively, the
coordination of Hy in a monohapto fashion (n'-Hsy) remains unexplored.
In this scenario (bottom-right part of Figure 3.1) the Hs molecule acts
as an acid, accepting electrons from the metal via a ¢* bond. Limited
research has been conducted to date on the subject, resulting in scarce data.
Investigations that examined the activation of Ho molecule by a Pd atom in
inert matrices at low temperature, identified that Hy can coordinate with
metal species in this alternative n'~Hy mode, with a local Cu, symmetry.'33
Nevertheless, the presence of the n'~Hj was finally attributed to the kinetic
stability of the complex in the inert matrices.'6 All these findings raised
the question of whether the mono— and dihapto—configurations are isomers.
Can it be expected in some metal complexes?, or by contrast, is n'-Hy
highly unstable and challenging to characterize?

Throughout this Chapter, we will derive the HDs from the BDE
parameter for the mentioned chemical systems. In the first part, HDs
will assist in the comparison of the electronic properties of the NHCs with
other ligands. In the second part, HDs will reveal the preference for the
conventional or the unconventional coordination of the Hy ligand within

the L,M(Hz) complex.
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3.2 Computational details - BDE Matrix App

The five hidden descriptors described in the first study,'®* can be easily
predicted for ligands and metal fragments that have not been previously
characterized. To achieve this, it is not necessary to apply the whole
SVD treatment as in its implementation. That initial strategy is time-
consuming and is used to set a new chemical space. Therefore, researchers
within the group designed a mathematical equation for obtaining efficiently
HD values.!3” This equation utilizes a limited set of DFT calculations
to produce the HD wvalues. The tool is implemented in an open-
publicly app named BDE Matriz App available at https://maserasgroup-

repo.github.io/bdeapp/.138

BDE Matrix App COMPOUND TYPE: LIGAND  MEDIUM: WATER

+ Your lgand(s) 002 PaHPHy),* PapH;

Figure 3.2: BDE matrix App.

The BDE Matriz App takes as input each of the BDEs of a given
target ligand (metal fragment) paired with five metal fragments (ligands)
of reference (ref). The outcome includes the five hidden descriptors for this
ligand, denoted as HD (1 _5) (metal fragment, HD M(1_5)). These descriptors
are modelled in water media, thus, certain calculations must be performed in
continuum water solvent as specified below. In this Chapter, we only focused
on deriving HDs for ligands in water. Therefore, we need to identify the
five metal fragments of reference to calculate their BDE with the ligands.
In former studies, it was concluded that the set of reference is formed by:
OSO§+, PdPHj;, PAH(PH3)?*, ZrCl; , and InClj metal species. The formula
used for the BDE Matriz App is a multiple linear regression,

5

HDypy = Z kref * BDEres. 1 + Br (3.2.1)
ref=1
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The parameters oy, .y and [, are integrated in the application. In water
solvent, the average and maximum error associated with the prediction
of the BDE using predicted hidden descriptors is 1.3 kcal-mol~! and 6.7
kcal-mol~! in water. It is important to remark that SVD was not employed
in any part of this Chapter making this strategy very efficient.

The computational method selected in this Chapter follows the
specifications established to compute the BDEs of the original dataset.'%
All electronic structure calculations were perfomed using Gaussian 09
package.'? The geometry optimizations and frequency calculations were
conducted using B3LYP-D3!%11 functional, where empirical dispersion
correction was introduced by means of D3 version of Grimme’s dispersion. 42
The basis set 6-31+G(d)'3144 was applied to all elements between H and
Cl, and Stuttgart/Dresden effective core potential (ECP), together with
the SDD basis set for the heavier atoms.!4>!46 It is worth mentioning
that the optimization of the metal complexes with monohapto coordination
was challenging, and some constraints were needed in order to get a n'-
like structure. The optimization calculations performed for four of the
referenced metal complexes: [PAPH3(n' — Hy)], [PAH(PH;3)a(n' — Ha)]™,
[ZrCls(n' — Hs)]~, and [InCly(n' — Hs)]* required relax the convergence
criteria threshold. In the case of [0sO3(n' — H3)]** no specific demand
was included. Solvent effects were simulated implicitly via the PCM47:148
model for water. The pyssian library was employed as a managing
tool for the processing of the input and output files.'*® The vibrational
frequency calculations were performed on optimized geometries with the
default temperature (298.15K) and 1 atm of pressure to characterize
stationary points. A minima state was found when no imaginary frequencies
were obtained, while a transition state was determined if one imaginary
frequency was present. All energies reported correspond to the potential
energies in the aqueous phase plus zero-point energy corrections (ZPE)
from the vacuum calculations. A data set collection of computational

results is available in the ioChem-BD repository,'® and is accessible via

99



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

Chapter 3. Metal-ligand interaction

https://dx.doi.org/10.19061 /iochem-bd-1-220.

3.3 Binding properties of N-heterocyclic ligands

In the analysis of the NHC ligands, we selected a set of twenty-two ligands
that covers the common NHC families. Our research focus lies in the study
of the electronic properties of these ligands. Hence, we did not consider
bulky NHCs to avoid any possible interference.

The top part of Figure 3.3 depicts the considered NHC. For
the sake of clarity, we adopted the NHC nomenclature employed
by Gusev.''™® This is based on the following scheme abbreviation:
[parentheterocycle](substituents), N(substituents),,. = Among the chosen
parentheterocycles we found imidazole (Im), imidazoline (sIm), pyrazole
(Pyraz), abnormal-imidazole (alm), triazole (Triaz), pyridine (PyC4),
saturated pyrimidine (sPm), benzimidazole (BIm), and dipyridoimidazole
(DPyIm). The substituents introduced were alkyl (Me-, Et—, ‘Pr-), aryl
(Ph-), and functionalized F—, CN—, NOg— and NMes— groups.

The ligands can be classified into different family types as well.
The imidazole, imidazolidine, and triazole cores belong to the normal
NHC ligands (nNHC). Within the NHC species with reduced heteroatom
stabilization, we encounter the Pyraz partners. We also incorporated
the remote NHCs (rNHC) and cyclic(alkyl)(amino)carbenes (CAAC) that
encompass pyridine-derived structures. The abnormal NHC (aNHC) hosts
the NHC in which the nitrogen atoms are not in the expected positions.
As previously stated, NHCs are highly modular leading to a broad range of
ligand scaffolds. Throughout the Chapter, the Gusev’s nomenclature along

with the NHC family classification was employed.

3.3.1 Calculation of the HDs for NHCs

The derivation of the HDs involves computing certain BDEs for each target
chemical ligand. All BDE values are collected in the Appendix A. The
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Figure 3.3: NHC structures (top). Scatter plot of the bond dissociation
energies (in kcal-mol™!) for each NHC ligand of the set (bottom). Color-coded

representation: e e imidazoline (sIm), e pyrazole (Pyraz); e
abnormal-imidazole (alm); e triazole (Triaz); e pyridine (PyC4); e saturated
pyrimidine (sPm); e dipyridoimidazole (DPyIm)
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scatter plot in Figure 3.3 shows the DFT-BDE values between the considered
NHCs and each metal fragment.

A first inspection of the Figure 3.3 plot reveals that the BDE values
are primarily influenced by the metal component rather than the ligand.
The osmium complex yields the lowest and broadest BDE values among the
metal fragments. In this context, the lowest BDE refers to the strongest
bonds and thus, the less labile ligands. Furthermore, the InCl;F fragment
provides energies ranging from -100 and -60 kcal-mol~!. We also observed
that the transition metals of the group 10 and the zirconium complex are
the least efficient partners in forming stable bonds with NHCs.

Regarding the NHC classes, we realized that the pyrazole-derivate
ligands display the most robust bonds within every metal fragment.
Unsaturated imidazoles are spread across the spectrum of BDEs associated
with each metal fragment. The remaining values are more difficult to
analyse. This plot aids in identifying potential outliers or sources of errors

in the calculations.

3.3.2 Analysis of the HDs

Upon calculating the bond dissociation energies, we input them into the
BDE Matriz App. The resulting HD for each ligand is showcased in Table
3.1.

Table 3.1: Hidden descriptor values of the NHC ligands.

NHC | HD;; | HD;2 | HD;3 | HDy4 | HD5

ImNHy | 0.193 | -0.160 | -0.123 | 0.038 | -0.092
ImNMey | 0.200 | -0.220 | -0.038 | -0.025 | -0.089
ImNEty | 0.204 | -0.243 | -0.080 | -0.032 | -0.047
ImN‘Pry | 0.207 | -0.243 | -0.105 | -0.030 | -0.034
ImNPhy | 0.204 | -0.295 | 0.011 | -0.145 | -0.079
Im(NO2)2NMey | 0.151 | -0.270 | -0.117 | 0.068 | -0.101
ImCNa2NMey | 0.162 | -0.259 | -0.106 | 0.040 | -0.089
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ImFoNMey | 0.185 | -0.227 | -0.039 | -0.020 | -0.131
ImMey NMe, | 0.210 | -0.220 | 0.005 | -0.082 | -0.123
ImNMeyNMeg | 0.227 | -0.188 | 0.197 | -0.269 | -0.378
sImNH, | 0.190 | -0.192 | -0.185 | 0.046 | -0.027
sImNMey | 0.194 | -0.269 | -0.091 | -0.043 | -0.029
sImNEty | 0.197 | -0.285 | -0.123 | -0.028 | 0.019
PyrazC3NHy | 0.210 | -0.174 | -0.114 | 0.004 | 0.004
PyrazC3NMe, | 0.219 | -0.185 | -0.101 | 0.009 | 0.036
sPmNMes | 0.192 | -0.320 | 0.025 | -0.082 | 0.043
Pyc4dNH | 0.238 | -0.175 | -0.136 | -0.021 | 0.081
Pyc4-3,5-Mea NH | 0.239 | -0.292 | -0.011 | -0.117 | 0.081
BImNMey | 0.193 | -0.245 | -0.037 | -0.050 | -0.115
DPyIm | 0.219 | -0.155 | 0.135 | -0.197 | -0.372
almNMey | 0.230 | -0.159 | -0.064 | 0.001 | 0.009
1,2,4-TriazNMey | 0.180 | -0.237 | -0.114 | 0.028 | -0.044

An initial evaluation of Table 3.1 indicates that the first and the second
HD; provided the expected values. HDp, parameter has a positive sign
indicating a sigma donating capacity, while the negative sign of the HDyo
denotes a general m acceptor behaviour. This outcome aligns with the
anticipated properties of such ligands.

In the initial dataset reported by our group, HDs were derived by
applying the SVD method. Consequently, in that particular study, the
weight of each hidden descriptor (H Dyyy) represented the average influence
of diverse 42 ligands and 43 metal fragments. In contrast, in the current
Chapter, our focus narrows down to a specific type of ligands. As a
consequence, we quantified the % contribution of each HD to the BDE
for the particular M-NHC bond set. Comparison of these newly derived
contributions with those documented in the initial chemical space reveals
the properties of these NHC ligands. Equation 3.3.2 renders the amount of
BDE for each k value,
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bdey,ij = HDpk,; - HDwy, - HD g, (3.3.1)

Within Equation 3.3.2, HDy, and HD gy, ; are SVD-derived HDs, while
HDyy, ; are the new values obtained in this Chapter. To quantify the %
influence of each bdey ;; on the computed DFT-BDE value, we conducted
Equation 3.3.2 simplifying the notation of HDy to W. In other words, we
aimed to know the percentage of BDE that each HDj, explains (% Wi ).

bdek@j-100

3.3.2
BDEprr,j ( )

96vV%¢j::

We then collected % Wy, ;; for all BDE values between each pair of metal
fragment of reference i and each NHC ligand j (where Ngpp denotes the
total number of computed BDEs). Next, we averaged that value to obtain

a percentage of the weights for all the NHC set.

ZNBDE |%Wk,ij|

%Wy = == 3.3.3
Wi Noon (3.3.3)
5
BW = %Wy (3.3.4)
k=1

Finally, we normalized,

%W}, - 100
%W
The weight of the hidden descriptor within the NHC set (% Wy nuc)

(displayed as blue bars in Figure 3.4) was compared to the weight of the

%W (NHC) = (3.3.5)

ligands from the preceding study (% Wy prr) (displayed as purple bars in
Figure 3.4).
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Figure 3.4: Bar plot of the percentage of the hidden descriptor weights in the
reported chemical space!® (purple bars) and in the NHC collection (blue bars).

Bars corresponding to the HD 1 and HD o exhibit greater heights in the
NHC set than in the reported chemical space. In contrast, the remaining
bars follow the opposite trend. In the original set, the first two chemical
descriptors accounted for 84.7 % of the chemical contribution. In the NHC
ensemble, this contribution increases up to 95.7 %, reflecting the higher
importance of these two parameters within the NHC collection. Conversely,
the HDy g for k = 3, 4, and 5 have a lower contribution to the BDE value.
Thus, the chemical properties associated with them are less significant in
the M-NHC interaction.

Due to the increased importance of the hidden descriptors 1 and 2,
the following HD analysis concentrates on the study of these two values.
Moving back to the Table 3.1, we located at the top of the HDy, scale,
the 6-membered PyC4-3,5-Mea NH fragment (0.239) and the five-membered
almNMes (0.230). These are the strongest o donors in our group. In
contrast, the less donating NHC is Im(NOgy)o NMes with HDy; of 0.151.
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This result agrees with the experimental values, as the ligands on the
top are CAAC and abnormal NHC, which were expected to be the most
donating. In the case of Im(NO2)asNMes, we assumed its poor capacity
to donate electrons because of the presence of the NOs— group. This
electron-withdrawing group (EWG) retains the electron density preventing
the charge transfer to the metal center.

In the investigation of the HDyo column, the DPyIm holds the highest
value (-0.155).

aromaticity and electron density delocalization, enabling lower 7 acceptance

Its ligand structure is a fused tricycle NHC with high

capacity. On the other hand, the greatest m acceptor is sPm/NMes with
HDp2 of -0.320. The structure of the latter is opposite to the one identified

on the top, being a saturated six-membered structure.

Saturation ——
)\ I\
o N _N-o o N _N-o
ImMNR; sImNRy
c—donation
n—acceptor
Substituents

N-@ h
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Figure 3.5: General trends for ¢ donation and 7w acceptance for the NHC set.

Regarding the entire collection of values, it is worth noting some patterns
(Figure 3.5). For instance, unsaturated imidazole carbenes (ImNRg being
R = H—, Me—, Et-) are stronger o donors and weaker 7 acceptors than their
saturated imidazoline analogues (sImNRg being R = H-, Me—, Et-). The
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alkyl substituents on the nitrogen atoms customize the global properties
of the ligands. The longer the chain length (H- < Me- < Et- < ‘Pr-),
the greater the sigma donating and w accepting features of ImNRo and
sImNRy, and of pyridine- and pyrazole-derived fragments. In addition,
the substituents in the C4 and C5 positions tunes to higher extent the o
donation capacity of the five-membered rings. The EWGs decrease the
o donation ability and the electron-donating groups increase it (NOg— <
CN- < F- < H- < Me— < NMey—) along the ImRy NMes group. Lastly,
CAACs and abnormal ligands exhibit a stronger o donation contribution
compared to the nNHCs. After evaluation of the resulting HDs for NHCs,
we confirmed the parallelism between this outcome and the findings reported

in different studies.!90-152

3.3.3 Descriptors for ¢ donor ability and HDs

The analysis carried out in Section 3.3.2 validates the effectiveness of the
HD method with this type of chemical species. We have already mentioned
that HD method offers a simplified approach since it only requires the
computation of a few DFT calculations. However, it is remarkable that
certain widely employed conventional descriptors, e.g. HOMO energy, are
even more straightforward to acquire. To assess the performance of our
descriptor against more popularly used, we carried out statistical analyses.

BDE is inherently connected to the binding affinity of the ligands. This
value is the sheer parameter to describe the bonding tendency of the ligands.
Moreover, it is established that the binding affinity of the NHC is strongly
correlated with the o donation feature. This evidence is further reinforced
by the calculation of % W ygc1 which accounts for 78.7 % of the overall
metal-ligand interaction. Therefore, we collected all the computed BDEs in
this Chapter, between each NHC and each metal fragment, and calculated
their average values with respect to each NHC ligand, WEJ Then, we
utilized this value to evaluate the descriptors of the sigma donating property.

We sought conventional chemical descriptors related to that property. Our
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Figure 3.6: Scatter plots of the average BDE per each ligand (BDE;) vs the
values of the HOMO energy (left-upper plot in circle dots); the values of the o-
HOMO energy (right-upper plot in square dots); the values of the NBO energy of
the LP(C) (left-bottom plot in triangle); values of the HDy; (right-bottom plot in
diamonds).

expectations were to find good correlations between these easy-handled
descriptors and the WE]

Among the standard descriptors, we encountered features associated
with the frontier molecular orbitals (FMO). The energy of the highest
occupied molecular orbital (Egoao) is a commonly used parameter to
rationalize chemical species reactivity. We first evaluated the linear
correlation of such descriptor, yielding a R? of 0.765 (top-left) plot in Figure
3.6). We noticed that the raw energy values of HOMO are not suitable for

the fitting. In this attempt, the correlation was fully conducted to correlate
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the descriptors with the o donation characteristic, however, the orbitals may
happen to bear different symmetry. Hence, we examined the symmetry
orbital to gather the highest occupied molecular orbital with the correct
symmetry. This new descriptor was denoted as the energy of the HOMO
of the o orbitals (E,—pono). Top-right plot of Figure 3.6 illustrates the
correlation between WE] and E,_ goaro with a R? of 0.411. This redefined
function was also unsuccessful.

Next, we gathered the orbital energies derived from the Natural
Bond Orbital (NBO) analysis. NBO results provide a valence bond-type
description of the system giving the most accurate possible “natural Lewis
structure” associated with the total electron density. Within this theoretical
framework, NBO analysis localizes atomic (i.e. lone pairs and vacancies) and
bond (i.e. 2- and 3-center non-bonding, bonding, and anti-bonding) orbitals
interacting with each other. Therefore, we identified the lone pairs (LP)
located over the carbene carbon of the NHC. Bottom-left plot of Figure 3.6
shows the correlation between the sp-hybridized lone energy pair (LEP)
of the ylide carbon and the WEJ The R? denotes a poor relationship
between these two concepts. In this case, the molecular orbital linked to
the LP of the carbene carbon contributes to a minor extent due to the
mixing of atomic orbitals distant from the carbon center. The variations in
the results can be attributed to the unique characteristics inherent to each
NHC. Indeed, after an in-depth inspection of the plots, we realized that
there are subsets within the same type of ligands with good correlation.
In light of the findings, we acknowledge the challenging task of associating
orbital-based descriptors with parameters of a different nature.

Finally, HD, is associated with the WE] parameter yielding a R? of
0.994 (bottom-right plot of Figure 3.6). It’s important to note that our
study does not intend to discredit the utility of Efoaro; instead, it did not
provide the expected results in this specific investigation. This conclusion is
also a valuable proof that there are instances where Egoao is not adequate

enough, and the application of the HD method helps in the understanding
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Figure 3.7: Cyclopropenylidenes (CP), phosphines (PRj3), and amines (NRgs).
The boxes contain the substituents considered in this study.

of the o donation property.

3.3.4 Comparison between ligands employed in TMC

Throughout the Chapter, the hidden descriptor methodology was utilised
to evaluate the electronic role of various NHC ligands. Their characteristics
were identified and compared based on their skeletal structure. Additionally,
the HD values have the ability to distinguish ligands, regardless of their
nature.

Aiming to evaluate that property, we have selected different classes of
ligands employed in TM chemistry: cyclopropenylidines (CP), phosphines
(PR3), and amines (NRg3) with diverse substituents, —R (Figure 3.7).
Cyclopropenylidines are a type of carbocyclic carbenes that have gained

153,154 5nd their relevance

attention due to their involvement in catalysis
in the field of intellestar chemistry.'® We curated a set of phosphines for
comparison, considering that NHCs have been considered as “phosphine
mimic” ligands.''3 Furthermore, amine ligands were included to observe the
effect of the nitrogen atom directly acting in the donation. The expanded
set encompassed 38 ligands and all of them are classified as ¢ donors and 7
acceptors.

We then applied the protocol by first computing the BDEs between the
incorporating ligands and our metal species and second, by stemming the

HDs. Table 3.2 collects all the HD values of the new set.
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Table 3.2: Hidden descriptor values of the cyclopropenylidine, phosphine and
amine ligands.

Ligand | HD;; | HD;2 | HD;3 | HD;y | HDp5
CP; | 0.157 | -0.214 | -0.140 | 0.103 | -1.236
CPy | 0.181 | -0.194 | -0.110 | 0.063 | -0.089
CPs | 0.195 | -0.175 | -0.084 | 0.012 | -0.064
CPy | 0.221 | -0.129 | 0.030 | -0.043 | -0.143
CPs | 0.193 | -0.156 | -0.032 | 0.041 | -0.140
CPg | 0.200 | -0.151 | -0.037 | 0.019 | -0.075
CP7 | 0.178 | -0.180 | -0.088 | 0.075 | -0.098
CPg | 0.230 | -0.220 | 0.043 | -0.108 | -0.063
PHs; | 0.092 | -0.192 | 0.175 | 0.052 | -0.277
PMes | 0.156 | -0.184 | 0.125 | -0.063 | -0.267
PPhs | 0.156 | -0.225 | 0.208 | -0.164 | -0.406

PFs; | 0.030 | -0.262 | -0.052 | 0.245 | -0.509
PHF> | 0.063 | -0.254 | -0.006 | 0.130 | -0.486
PHLF | 0.082 | -0.230 | 0.063 | 0.072 | -0.394

NHs | 0.111 | -0.091 | -0.018 | 0.177 | 0.093
NMes | 0.114 | -0.103 | 0.094 | 0.165 | 0.117

The range of substituents in CP endows 3-membered cycles with flexible
properties. Minor modifications in their structure greatly affect their
features because of the proximity of the —R to the carbene carbon, and the
constrained cycle core. The CP; holds the smallest value of HDy; (0.157).
This ligand possesses hydrogen substituents which are the weakest donors
considered in the set. CPg contains ‘Pr, the longest alkyl chain within the
CP group, and it has the highest value of HDy;. Trends for the HDjo
are also consistent with the expected results, being CPg the preferred =
acceptor.

A further examination of Table 3.2 reveals that the fluorine bound to

the phosphorous atom decreases the capacity of the phosphines to donate
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Figure 3.8: Scatter plot of the HDy; and HD5 for the 38 ligands considered in
the study.

o electron density. The increment in the number of fluor atoms enhances
this behaviour (HDy;: PHsF > PHF3 > PF3). The 7 acceptor property
diminishes in the opposite direction. The selected two amine fragments
anticipated the outcomes since the presence of alkyl group augments the
donation ability of the ligand. Furthermore, the capacity to accept =
electrons is enriched as well.

Figure 3.8 shows a scatter plot with the 38 ligands submitted to the
study. The NHCs exhibit the highest ¢ donor property together with CPs.
However, they differ in the HD o because CPs offer less m acceptor capacity.
The adjacent nitrogen atoms of NHC may aid in the accommodation of the =
electron density. Additionally, the phosphine set is clearly the less donating
group. This is indeed affected by the F— substituents introduced in such
ligands. The two amines are far from being designed as 7 accepting groups,

while they fall within the ¢ donating range of the phosphines.
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3.4 Searching for metal fragment candidates for

monohapto-dihydrogen ligand

As introduced at the beginning of the Chapter, the monohapto coordination
of Hy remains elusive. We attempt to find a metal fragment that stabilizes
a complex with a n'-Hy ligand (L, M(n'-Hs)).!56 Here, the HD method is

used to identify such ideal metal fragment.

3.4.1 Calculation of the HDs

First, it is necessary to acquire the hidden descriptors of the unexplored Ho
coordination mode. To accomplish this, the same protocol as explained in
Section 3.2 is implemented. The computed BDEs between the n'-Hs and
the metal fragments of reference furnish the HDs. The resulting values are
collected in Table 3.3.

Table 3.3: Hidden descriptor values for both n'-Hy and 72-H; ligands, along with
the respective differences between them.

HD;;. | HD.(n'-Hy) | HDL(7*-H)* | AHDL((n'-Hs) - (7°-Hy))
1 -0.015 -0.013 -0.002
2 -0.058 -0.143 0.085
3 -0.022 0.013 -0.035
4 0.312 0.118 0.194
5 0.032 -0.021 0.053

aExtracted data from previous publication.!%*

From Table 3.3, it is evident that the differences between the HDs for
both ligands are minimal. The first hidden descriptor only differs by 0.002
units. In both ligands, the ¢ donation interaction is almost negligible. The
HD 5 varies in 0.085 units. In this case, the conventional Hs reflects a higher
tendency to accept 7 electrons from the metal fragment. Therefore, metal
fragments entitled to donate 7w electrons will slightly favour the dihapto

coordination. This phenomenon is understood for the orbital disposition in
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the ligands (Figure 3.1) where the o* orbital that locates the electrons is
closer in the Cy, symmetry than in the C,o, symmetry, thereby, promoting
the interaction. The HD3 value is smaller for monohapto than for dihapto
Hs. In this case, the unconventional ligand exhibits smaller cis repulsive
interaction with the metal fragments. This decreased behaviour arises from
the linear arrangement of the hydrogen atoms where the o* orbital does
not contact the other ligands of the metal fragment. The HDr4 quantifies
the degree of covalency, where the n' ligand holds higher values for this
characteristic than the n?>—Ha.

Within Table 3.3, we observed that the ligand configuration confers
different electronic properties that can be explained by the hidden descriptor
method. Consequently, these derived property values are expected to impact
the predicted BDE. Our analysis will be based on BDE parameter because
it distinguishes between the two types of ligand configuration and reflects

the stability of the complexes.

3.4.2 Comparison between end-on- and side-on-bonded

dihydrogen in metal complexes

BDE is a metric that measures the stability of a given bond, therefore,
we can employ this value to discriminate the unstable isomer of Hs
ligand. Besides the insights about the electronic role of the ligands, hidden
descriptors are inputs to predict BDE of the M—L bond. Equation 3.4.1
outcomes the predicted BDE, BDE,,.4, between a metal fragment and the

Hs ligand, where k£ denotes the number of hidden descriptors considered.

5
BDEprea = » (HDugy - HDyy, - HD o) (3.4.1)
k=1
The hidden descriptors for the metal fragments, HD s, were extracted

104

from the former study of the group.™* In total, we considered twenty-three

ML,,, resulting in the same number of predicted BDEs for metal complexes
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Figure 3.9: Bar plot of the bond dissociation energy difference between the bonds
L,M-n'-Hy and L, M-n'-H,

with 7'-Hy. The BDEs for the metal complex with 7%-H, are gleaned from
the reported article.!% All the BDE,,¢q values are reported in the Appendix
A.

Our attempt is to identify the metal fragments that favour end-on-
bonded configuration rather than side-on-bonded. For this purpose, we
performed a simple substraction of BDE(L,M(n?-Hz)) to the BDE(L,,M(n*-
Hy)). Figure 3.9 collects the outcome of the operation. Herein, the
negative values (purple bars in Figure 3.9) correspond to instances where
the unconventional rearrangement is favoured, while the positive values
(yellow bars in Figure 3.9) state for the opposite case. Among the twenty-

three tested complexes, we found that fourteen metal complexes have a
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preference for the conventional configuration, whereas nine of them favour
the monohapto disposition.

A careful evaluation of Figure 3.9 reveals a greater understanding of
the metal . The following nine metal complexes a priori favours the
atypical ligand configuration: IrCO(PH3)?* with d® electron configuration,
Co(NH3)# comprising d®, FeCl; containing d°, Mo(SH); with d® and four
d® metals: ZrCly, TiCly, TaMe,, Nb(NHy)], CrOs. Notably, they do not
exhibit an uniform characteristic, apart from the higher number of d° metal
fragments present. Identifying that 39 % of the entire metal set promotes
the underdeveloped arrangement is promising. We are aware of the simple
approach of the HD method and its inherent limitations, however, we do
not want to fall into the misconception that a more complex method would
necessarily yield more accurate results. Hence, we proceeded to investigate
the nature of these nine metal fragments using our current strategy.

So far, the HD method filtered the whole set of metal fragments.
The BDE-based approach pointed out nine metal fragments that favoured
the n' hapticity. However, as the BDE values are predictions, they
might contain errors. In addition, n' and 7n? arrangements are isomers,
whereby the differences between them are smaller, and even minimal errors
are significant. Bearing this in mind, we decided to compute the nine
identified potential complexes through DFT optimizations. Geometry
optimizations were challenging and they required constraints. It was
necessary to freeze the angle along the M-H-H axis at 178.0° for [FeCly(n! —
Hy)J*, [Mo(SH)s (! — Hy)J*, [TiCly(n! — Hy)J*, [TaMey(n' — Hy)]* and
[Nb(NH2)4(n! — H2)]". For the remaining complexes, [IrCO(PH3)(n! —
Hy))**, [Co(NH3)5(n' — Ha)]*, CrOs(n' — Hs), the angle was fixed at 179.0°.
Table 3.5 shows the computed BDE values for the L,M(n!-Hy) and the
reported DFT energies for L, M(n2-Hy) with the nine metal fragments.

Only four out of the nine candidates fulfilled the expected outcome, as
indicated by the bold values in Table 3.5. The four metal complexes that
followed the anticipated trend were: FeCl], ZrCly, TaMej , and Nb(NHz); .
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Table 3.5: Bond dissociation energies in kcal-mol™! computed with DFT
calculations and predicted with HD method between the nine selected metal
complexes and the Hs ligand in 7' and n? hapticities.

Metal BDEDFT BDEHD

fragment L.M(n'-Hz) | L.M(n*-H2)* | L,M(n'-Hz) | L,M(n*-H2)"
IrCO(PH;)?" 12.8 3.3 0.8 10.6
Co(NH3)# 8.3 4.4 3.4 14.1
FeCl} 10.4 11.5 10.6 13.9
Mo(SH)4 15.9 5.0 3.7 14.8
ZrCly 1.7 9.3 3.8 7.9
TiCly 16.0 13.8 4.7 17.2
TaMe] 15.0 16.2 8.5 11.1
Nb(NH,); 5.2 12.1 6.7 7.9
CrOs; 10.2 3.1 -0.4 15.8

*Extracted data from previous publication.'®. Lower values for n'-Hy ligand in bold.

A 3D representation of these metal fragments with the associated linear
ligand is depicted in Figure 3.10.

Computing the BDE parameters supposed a second filter that eliminated
five metal fragments from the set. At first glance, the removal of five
candidates may suggest that the HD method failed to predict energies. Yet,
it is important to consider several factors in order to fully analyze this
outcome. Firstly, as already mentioned in the Section 3.2, the prediction of
BDE using HD method has associated an average and maximum error of
1.3 kcal-mol~! and 6.7 kcal-mol~! within the water phase in the initial set.

In the current work, the average absolute error in predicting the BDE
is 6.8 kcal'mol™! for L,M(n'-Hy) and 6.2 kcal-mol~! for L,M(n?-Hy).
Apparently, these values appear relatively high, so it is crucial to place
them within the frame of BDE parameter. The values of the initial BDE
set span from -280 kcal-mol~! to 20 kcal-mol~!. Here, the average absolute
error corresponds to 2.3 % of the total range, which is deemed acceptable.
Furthermore, due to the constraints imposed during the DFT optimizations
for n'-Hy, small energy errors were expected. Attempting to analyse the
electronic features of the selected candidates, Table 3.6 displays their hidden

descriptors.
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Figure 3.10: 3D Representation of metal complexes with n'-Hy ligand. Following
the order top, left-to-right, the metal centers of the complexes are (a) e Fe ,(b)

,(c) e Ta, and (d) ¢ Nb. The color-coded for the non-metal atoms is: e C, ,
e N, and o CI.

Table 3.6: Hidden descriptor values of the candidate metal fragments.

HD,,; | FeCly | ZrCl; | TaMe,; | Nb(NHy);
1] -0.198 | -0.112 | -0.158 -0.112
2| -0.230 | -0.256 | -0.371 -0.245
3] -0.004 | 0.350 | 0.229 0.388
4| 0.161 | -0.058 | 0.055 0.087
5| -0.073 | 0.081 | -0.187 0.075
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Concerning the ligands of the four homoleptic metal fragments, we
observed that Ta and Nb complexes hold donating groups. In contrast,
the Zr and Fe complexes contain chloride, an EWG ligand. The ¢ donation
capacity of Hy ligand is minimal (as seen in Table 3.3). Thus, it is expected
to find metal fragments that do not rely on the electron density from this
ligand for their stabilization. Regarding HDj;q values, we observed that
behaviour since this variable ranges from -0.112 to -0.198 in this subset.
In this context, we considered the inverted ligand field (ILF) situation.
In this case, the sigma bonding orbital is predominantly centered on the
metal. Thus, metal fragments that promote this situation may provide an
alternative approach to forming the unusual complex.

On the other hand, HDj;s;o yields negative values, indicating the
stronger m acceptor character of these metal centers. This result seems
counterintuitive as the Csq, ligand interacts strongly with 7 acceptor
fragments, due to its arrangement. This observation holds true, and it is the
source of the problem. The increased 7 interaction between the metal and
the orbitals of the hydrogen atoms would lead to the cleavage of the H—H
bond, switching to a more stable dihydride complex. Therefore, in such
cases, the monohapto configuration is preferred to avoid bond breaking.

Three of the four metal complexes, with the exception of the FeCl;,
exhibit stronger positive values for the third descriptor. This positive
behaviour agrees with the linear disposition of the ligand, which reduces
the potential repulsion between the Hs orbitals and the ligands bound to
the metal center. This repulsion would be more pronounced for the 1?-Ha
ligand, where the 3-centered disposition facilitates the interaction with the
rest of the ligands. The HDjs4 parameter is relatively small in this set,
covering from -0.058 to 0.161, in contrast to the wider range of values in the
initial set (-0.233 to 0.368).

So far, we have figured out the preferred isomer of Hy with twenty-three
metal fragments of different nature. Nevertheless, even if we identified four

metal fragments that favours the sought 1! isomer, we needed to investigate
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the stability of such metal complexes. The computed BDE values (Table
3.5) were between 1.7 and 15.0 kcal-mol™!. These results do not satisfy
the criteria anticipated at the begining of the section. To consider a
relatively stable bond, and thus, a potential existing metal complex, we
need to identify negative BDE, approximately lower than -10 kcal-mol~!.
This is required to further account for the entropic contributions opposing
coordination. Therefore, with our outcome, the Hs ligand will separate from
the four metal centers.

Upon evaluating the interaction between this atypical mode of the ligand
with twenty-three diverse metal fragments, we ended up assuming that
none of them facilitate the formation of the L,M(n!-Hz). The challenging
task of finding a suitable metal fragment is out of the scope of our metal
species group. Aiming to discover the ideal electronic features that would
accommodate that ligand in a complex, we explored alternative statistical

investigation.

3.4.3 Search for the ideal metal fragment for monohapto

dihydrogen metal complex

We aim to explore the features of the ideal fragment out of the chemical
space delimited by the twenty-three metal fragments. The electronic
attributes are defined as quantitative hidden descriptor variables. In
the previous section, the HDj;; values corresponded to the twenty-three
metallic species defined earlier. Henceforth, these variables HDj, have
to be defined. Assigning values to an empty HD array will generate
combinations of HD s that refer to hypothetical metal fragments. Figure
3.11 shows the HD ;. arrays for theoretical metals, My, Mo, ..., My, where
N refers to the total number of metal vectors described. We selected a
numerical range between -0.650 to 0.650 for HDjs; parameters based on
the chemical space outlined in Lakuntza’s study.!'0

For the HDj;q, these values are pruned to negative values (-0.650 to
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Figure 3.11: Scheme of of the development of N combinations of HD ;s values
for describing hypothetical metal fragments.

0.000) since positive values are not anticipated for this parameter. A
negative sign denotes the metal fragment’s capability to accept o electron
density, while a positive sign would imply a metal fragment endowed with
a o donation capacity, which is not expected a priori.

The remaining HDj; parameters, HDy, HD3, HD4, and HDj5 span the
entire range of values with incremental intervals of 0.050. The complete set
of combinations results in a total of (N) of 6908733 vectors, each comprising
five elements.

Upon establishing the arrays of HD s, it is necessary to subject these
combinations to a twofold evaluation: stability vs dissociation, and stability
vs hapticity. The first criterion is related to the likelihood of finding a newly
described metal complex to be stable. This aspect is crucial in assessing the
feasibility of the proposed metal complex. The second is based on comparing
the preferred isomer for the hypothetical metal fragment. Thus, we gain
insights into the promising candidates.

We started by examining the stability vs dissociation. This evaluation

distinguishes between potentially present bonds and unstable ones that
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break apart. Regarding Equation 3.4.1, BDE values can be predicted by
introducing the three variables: HDjsk, HDyy and HDp,,. As we were
interested in analysing the stability of n'-Hy ligand, HDy,, is HD (1 _ 1)k

leading to the customised formula,

BDET, v = —22.935HDpn — 11.832H Do — 1.870H D3

+21.528HDprg + 1.504H D5 (3.4.2)

_H2)pred

Equation 3.4.2 has to be filled with the new combinations of HD;j in
order to predict BDEs. The resulting BDEs encompass numbers between
-22.7 to 38.7 kcal-mol~!. As explained during the Chapter, our focus is
on BDEs with negative signs. Consequently, we refined the BDE dataset
to encompass values below -10 kcal-mol~!. The filtering imposed reduced
the HD s arrays to only 4.2 % of the initial combinations. We analyzed
287338 HD;, arrays, each associated with its respective BDEs. Notably,
287k combinations met the stability criterion.

We visualized the 287k metal vectors by using a plot that displays their
five elements, HD s, where k ranges from 1 to 5. However, we realized
that such a graph would be overly complex and challenging to interpret.
Therefore, we opted for a more manageable approach by utilizing two 2D
plots, as illustrated in Figure 3.12, which represent the outcomes in terms
of the descriptor values. Furthermore, the previously defined twenty-three
metal fragments were included in the plots to provide context. Figure 3.12
neglects the HD ;5 variable, which has a minimal effect on predicting BDE,
and its chemical meaning could not be identified.

The Figure is split into two plots. The left plot displays the values
of the HDjs1 ws HDjpso, whilst the plot on the right illustrates the third
and fourth hidden descriptors of the metal fragments. Different types of
points appear in the scatter plots. The light green points refer to the 287k
derived combinations (as indicated by the L;,M;geq; dots in the legend). The
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Figure 3.12: Scatter plots containing the values of the HDjsq and HD o (left),
and displaying the values of the HDjs3 and HDjzy4 (right). In the legend, there
are the 23 metal fragments considered explicitly in this study, and the remaining
green dots correspond to the predicted values for the potentially stable L, M(n'-H,)
complexes.

Ly M;4eqr dots on the plot represent a HD s array that yields the necessary
BDE value below -10 kcal-mol~! to form a metal complex with a monohapto
Hs ligand. The remaining dots, distinguished by their different shapes and
colors, indicate the hidden descriptors of the metal chemical space from the
preceding study. It is remarkable that each dot in the plot represents a
HD s array, of which three elements are not visible in the graph.

In the first inspection, certain actual metal fragments were observed
within the regions marked by the green points, hinting at promising
outcomes. Nonetheless, it is important to note that even if the green dots
share the same HD ;1 and HD 9 values with a specific metal fragment, such
as CO(NH3)§Jr (an orange diamond on the left plot of Figure 3.12), they may
not necessarily be the same metal. This outcome does not automatically
imply that CO(NH3)§+ would be a suitable metal fragment for n'-Hy ligand.
The results of Equation 3.4.2 are influenced by the HD 3, HD 4 and HD 5

parameters as well. In the case of CO(NH3)§+, its complete HD ;. vector
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does not furnish the desired BDE with n'-Hy ligand (BDE (Co(NH3)2" —n!-
Hy = 3.4 kcal-mol!). Although limited by the constraints of a 2D plot,
our analysis aimed to examine the desired features independently. When
focusing on the HDj;; axis, green dots are concentrated in the vicinity of
zero, indicating minimal desired o interaction. On the other hand, regarding
HD ;o parameter, the values are clustered in the regions with larger positive
values, indicating to a preference for m donor metals.

Regarding the right plot of Figure 3.12, the L,M;4.q dots present
a different distribution compared to the left plot. The x-axis, which
corresponds to the HD ;3 variable, is populated without restrictions along
the whole range of values. However, the ordinates confine the sought
values to the lower part of the plot. In other words, the cis influence
does not significantly affect the BDE result. Instead, the covalency term
selects the metal fragments towards those favouring covalent interactions
with the Hy ligand. Understanding these aspects is crucial for identifying
and characterizing an ideal fragment to form the L,M(n'-Hz) complex.
Additionally, we could also understand the outlined trends regarding
Equation 3.12. To achieve a negative BDE value, the first term, HDps
should be minimal or positive, HDjso has to render a positive value, the
HD /3 is not relevant to the result due to its low coeflicient, and the fourth
variable requires a negative value.

Upon discussing general trends about the stability criteria, it became
necessary to examine the findings regarding the preference for either the n'-
or n?-Hy isomer. We decided to perform a similar analysis to that of the
n'— configuration but for the n?—~mode. The following Equation 3.4.3 is
analogous to Equation 3.4.2, but here it applies to the dihapto ligand.

BDELnM(ﬁQ*Hﬂpred = —19.877THD ;1 —29.172H D59 + 1.105H D3
+ 8.142H Dpsq — 0.987H D ;5 (343)
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Figure 3.13: Scatter plots containing the values of the HDjsq and HDjpso (left)
and displaying the values of the HD ;3 and HD 4 (right). In the legend, there are
the 23 metal fragments considered explicitly in this study, and the remaining grey
dots correspond to the predicted values for the potentially stable L, M(n?—Hsz)
complexes.

The objective is to gain insights into the metal fragments that also
will form stable metal complexes with n?-Hy. By filling the gaps of the
Equation 3.4.3 with the same array combinations as before (N = 6908733),
we obtained BDEs ranging from -24.6 to 38.5 kcal-mol~!. This represents a
difference between n' — and 72 —Hs isomers. The range of BDE values before
filtering is slightly narrower for the monohapto ligand than for the dihapto.
This suggests a smaller capacity of the hypothetical metal fragments to
develop stable complexes with the non-traditional ligand. After reducing the
combinations to a set that encompasses BDE values below -10 kcal-mol™!,
we maintained 641434 vectors, 9.3 % of the initial combinations. Again, the
number of potential combinations surpasses the ones of the understudied
ligand.

Figure 3.13 shows the HD ;i values of the L;,;M;qeq; points that furnish
metal complexes with dihydrogen molecules bound in an n? fashion.

Comparing Figures 3.12 and 3.13, we can draw some observations. Firstly,
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a higher quantity of grey dots (Figure 3.13) is observed than green dots
(Figure 3.12). Secondly, the left plot in Figure 3.12 shows a greater
concentration of L,M;geq; dots than in Figure 3.13. Yet, the distribution
trend remains similar. HDj;o must be presented with a positive value,
indicating that in both cases the metal must be a m donor ligand. On the
other hand, the right plots are crucial in determining the chosen isomer.
The plot on the right side of Figure 3.12 is distinctly separated according to
the HDpy4 sign. Nevertheless, in the right plot of Figure 3.13, most of the
HDjs3 and HD ;4 combinations under consideration are the best option to
attain the L, M(n?-Hz) complex.

After examining the overall characteristics of each hapticity, it was
necessary to assess the inclination towards conventional or unconventional
ligands using numerical parameters.

In fact, tracing back to Figure 3.9, we subtracted the BDE(L,, M (n?-Hz))
from the BDE(L,M(n'-Hs)) to determine the most likely isomer to form
stable metal complexes. Performing the same mathematical operation on

Equations 3.4.2 and 3.4.3 results in the following equation,

ABDEpa((n' — Hz) — (n* — Ha)) = —3.058 HD 1 + 17.340H D)ypo
—2.975H D3 + 13.386 HD g — 2.491HD s (3.4.4)

Equation 3.4.4 predicts the difference in energy for each of the Hy
configurations. If the mathematical operation results in a negative value,
this will correspond to metal fragment instances that favour the end-on-
bonded configuration. Whereas the positive values stand for the side-on-
bonded disposition. The number of negative ABDE was 3139714 (45.4 %)
between -22.7 to 37.0 kcal-mol~!. Upon filtering the values to selectively
obtain the ones lower to -10 kcal-mol~! for BDE(L, M(n!-Hz), we obtained
a total of 120788 combinations, which only accounts for 1.7 % of the total

number of combinations. The results are illustrated in Figure 3.14 using
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Figure 3.14: Scatter plots containing the values of the HDjsy and HD o (left)
and displaying the values of the HD ;3 and HD 4 (right), after the filter of stability
and the preference for the isomer. In the legend, there are the 23 metal fragments
considered explicitly in this study, and the remaining green dots correspond to the
predicted values for the potentially stable L, M(n'-Hz) complexes.

the same template as Figure 3.12.

The first concern regarding Figure 3.14 is that the number of green dots
has dramatically decreased compared to Figure 3.12. This implies that the
preference for one or other isomer is a key factor in the search of the ideal
ML,, for n'-Hs.

In the left plot of Figure 3.14 the 23 metal fragments still fall within the
green area. However, in the right plot, none of the defined metal fragments
are within the grid region. This implies that HD s, HD 9, and HD 3 for
the hypothetical metal fragment are located in ranges of hidden descriptors
that fit with the known metal fragments. Instead, HD 4 plays a pivotal role.
The covalency property happens to concentrate the candidates L, M;geq in
the negative values, thus, in the metal fragments favouring mainly covalent
interactions.

To provide a joint understanding of the result, we created a 3D plot in

Figure 3.15 using the first four hidden descriptors. The plot indicates clear

87



UNIVERSITAT ROVIRA I VIRGILI

DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS

Lucia Moréan Gonzéalez

Chapter 3. Metal-ligand interaction

LnMigear
AuPH$
Co(NH3)2*
CrOs3
Cu(NH3)2*
FeCly

groPARGp gp e

(O BXBXRXRXS

HDwm3

Fe(CO)4
IrCO(PH5)2*
MnO4
Mo(SH) 5
Nb(NH2);
0s03%™*

OO0 o000

PdH(PHs);"
PdPH3
PtFs
Rh(H,0)3*
Ru(SH)4
TaMe;f

A<<O0O0

TiClF
W(CO)s
ZrCls
AUC|3
Hgl>
InCly

Figure 3.15: 3D plot of the hidden descriptors for metal complexes HD . In the
legend, there are the 23 metal fragments considered explicitly in this study, and
the remaining dots correspond to the predicted values for the potentially stable

L,M(n'-Hy) complexes.
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separation between the dots and the set of 23 metals. Additionally, the
color of the closest L, M;geq; dots does match with any of the defined known
metals. Therefore, we concluded that none of the proposed metal species

are suited to our problem.

3.5 Conclusions

This chapter focused on the application of BDE Matriz App to the study
of N-heterocyclic carbenes and monohapto dihydrogen ligand in metal
complexes. The first part of this Chapter was dedicated to the analysis of the
electronic properties of N-heterocyclic carbene ligands. To achieve that, we
calculated the bond dissociation energies between a set of twenty-two NHCs
with the set of five metal fragments indicated in the BDE Matriz App. Such
metal fragments were OSO§+, PdPH3, PAdH(PH3)?", ZrCly, and InClJ.
Upon computing a total of 110 DFT-BDE points, we introduced that values
into the App to obtain the HD of each of the NHC ligands. Even if these
ligands are endowed of o donating and 7 accepting capacity, HD values assist
in differentiating within them. We identified as the strongest sigma donor
PyC4-3,5-Mes NH (HDy; = 0.239), and the least donor Im(NOg)s N Mey
(HDz; = 0.151). Among the 7 accepting property, we located as the
greatest 7 acceptor sSPmNMey (HDzo = -0.320), and the poorest DPylm
(HDr2 =-0.155). This provided a global picture of chemical species selected.
Notably, we also elucidated the trends of the electronic properties within
each family core. For instance, saturated and unsaturated imidazoles can
be structurally customized with EWG and EDG in their N-subsituents to
vary their ¢ and 7 interactions. Moreover, the modification of C4 and C5
substituents affects the sigma properties of the ligands together with the
presence of unsaturations on the ring of the ligand. Next, we compared
the ability of the first hidden descriptors to account for o donation with
other recognized descriptors such as Epgoyo and NBO-properties. In our

case, the HD, unveiled a better understanding of such properties in our
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chemical space. Finally, NHCs were subjected to a comparison with other
well-known ligands. The results showed that the NHCs are the greatest o
donors together with the CP. However, CP ligands offered a lower flexibility
to vary their 7 interactions compared to the NHCs. The phosphines selected
were identified as the least donors.

In the second part, we attempted to identify metal fragments to form
potentially stable L, M(n'-Hz) complexes using the hidden descriptors. To
do so, we employed the BDE Matriz App to obtain the hidden descriptors
of the Hs in the monohapto and dihapto arrangements. It was necessary to
calculate the BDEs between the Ho in each respective disposition, with five
metal fragment of reference already mentioned. The five generated hidden
descriptors provided valuable insights into the electronic variations of Ho
based on its configuration within the complexes. Our exploration focused
on discerning metal fragments that stabilize the L,M(n'-Hy) complex by
evaluating stability against dissociation, and preference for a particular
isomer. Upon an assessment of BDE between the n'-Hy ligand and a
set of twenty-three known metal fragments, we concluded that none metal
proposed was a suitable candidate for monohaptic binding. Expanding
our investigation beyond these twenty-three metal fragments enabled the
exploration of alternative electronic motives in metals. We formulated
hypothetical metal fragments by incorporating HD s, values into vacant
arrays, resulting in a vast number of arrays, 6908733 in total. These
arrays presented the potential to identify theoretical metal fragments
characterized by the five hidden descriptors. Evaluating the hypothetical
metal fragments, i.e. HDjs, arrays, against the criteria of stability and
preference for the isomer, diminished the likelihood of finding a metal
species that closely matched our requirements. Unfortunately, none of
the proposed combinations yielded similar features with the already known
metal fragments to achieve the desired L, M(n'-Hz) complex. Interestingly,
in the discrimination of proposed HD ;i combinations, HD ;4 emerged as

a pivotal element. This property, associated with the covalency percentage
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in the M-L bond, needed to exhibit a strongly negative value to achieve
the desired metal complex. After an in-depth analysis, we did not pinpoint
a suitable metal candidate for n'-Hy. However, this study helped in the
comprehension of the required metal electronic properties for such ligand.
Further studies varying the ligands belonging to known metal fragments or
exploring overlooked metal fragments that hold ¢ donating properties can

reveal new ways of coordination chemistry domain.
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Chapter 4

Bimolecular nucleophilic

substitution

We can do anything now that scientists have invented

magic.

— Marge Simpson — The Simpson

4.1 Introduction

In the previous chapter, the hidden descriptor method was successfully
applied to unravel the thermodynamic aspects of the M—L bond. In this
chapter we go one step further by investigating the kinetic aspects of an
organic reaction. To accomplish this goal, we selected the bimolecular
nucleophilic substitution (Sy2) reaction at sp® carbon centers (Sy2QC).
This is a well-known transformation that participates in the synthesis
of a broad range of functionalised products. The mechanism of the reaction
is well understood and is depicted in Figure 4.1. The orbital interaction
causes that a lone pair of the entering group (EG) interacts with the empty
o* antibonding orbital of the leaving group (LG), which is polarized towards

the carbon. This transformation implies a Walden inversion which leads to
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Figure 4.1: Scheme of the Sy2QC reactions. EG is the entering group, LG
is the leaving group, and Add; and Add; are the reactant and product adducts,
respectively.

a change of the configuration at the carbon center.

The aforementioned backside attack is widely understood by the
community. It is worth mentioning that, it is also possible to carry out
a frontside attack, where the configuration is retained.'®” However, in most
cases, the latter method is not preferred because of the higher barrier.

The exact shape of the free energy profile depends on the entering group,
the leaving group, and the solvent. Figure 4.2 illustrates the representative
free energy profile shapes throughout the reaction at carbon centers.9%159
An unimodal potential free energy profile is present under polar solvents
where the reaction proceeds from reactants, transition state to products
(grey line in Figure 4.2). In contrast, for apolar solvents, it is common to
characterize double-well profiles, where the reactants fall into the reaction
complex (Add;) and move forward the TS until the next product complex
(Addy), resulting in the products (blue line in Figure 4.2).

From the beginning of computational chemistry, many studies have
tackled aspects of this reaction starting from HF-based methods!'6%:161,
DFT!62-164 t5 ML, It is worth highlighting the in-depth work of
Bickelhaupt and co-workers addressing this reaction through the application
of different techniques, such as the activation strain model (ASM).157:166

Along this Chapter, we will be focusing on the derivation of HDs for
nucleophiles in the Sy2@C reaction. Upon application of the SVD algebraic

operation, we will identify the hidden descriptors that accurately correlate
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Figure 4.2: Schematic representation of the free energy profile within the Sy2@QC
reaction in the apolar solvent (blue line) and in the polar solvent (grey line). R
denotes the reactants, TS is the transition state, P is the product, Add refers to
the adduct complex.

with the kinetics of the reaction. Finally, we will develop a program that
straightforwardly predicts HDs for out-of-sample nucleophiles. The general
goal of this work is to appraise the main driving forces underlying the

bimolecular nucleophilic substitution (Sy2) reaction.

4.2 Computational details

All DFT calculations were performed using Gaussian 16 package.'%” For
geometry optimizations and frequency calculations B3LYP-D3140:141 (D3
states for Grimme-D3 dispersion corrections) with 6-311+G(d)%¥ 170 was
used for all the elements except for Br and I, where an ECP!™! together
with the LANL2DZdp!'™ basis set was employed. The vibrational frequency
calculations were computed on optimized geometries with the default
temperature (298.15K) and 1 atm of pressure to ensure the nature of the

stationary points. A minima is identified when no imaginary frequencies
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Figure 4.3: Scheme of the workflow followed along this Chapter.

are obtained and a transition state if one imaginary frequency is present.
Solvent effects were introduced implicitly via the SMD'™ model for water
and dichloromethane (DCM). The pyssian library was employed as a
managing tool for the processing of the input and output files.'? All
the reported energies correspond to the free energies in solution and in
kcal-mol~!. A data set collection of computational results is available in the
ioChem-BD repository,'? accessible via http://dx.doi.org/10.19061 /iochem-
bd-1-215.

4.3 HD method

Figure 4.3 depicts the sequential steps performed for this particular chemical
problem: (1) define the set of reactions to compute, (2) carry out the
optimization and frequency calculations, (3) construct the energy barrier
matrix, (4) conduct the singular value decomposition with the Numpy
library in Python, (5) evaluate the resulting decomposition and decide
the number of optimal descriptors, (6) relate the hidden descriptors with
chemical concepts, (7) predict new HDs for new nucleophiles and (8) design

a publicly open app and make it available to the scientific community.
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4.4 Choice of the nucleophiles

The careful selection of chemical species is crucial in any data-driven
approach. In this study, we selected a series of twenty-six different chemical
fragments acting as both entering and leaving groups. Then, we computed
the reactions at the methyl center considering all possible combinations
between these chemical species. Our selection was based on previous

174176 and as a result, we built a square matrix

computational studies,
with twenty-six rows (one for each entering group) and twenty-six columns
(one for each leaving group) for the two solvents considered: water and
dichloromethane (DCM).

We acknowledge that the term nucleophile can be mistaken for the
concept of entering group. However, since we are considering the chemical
fragment’s ability to enter and leave a carbon center, we redefined the
reaction elements to entering groups and leaving groups. Therefore, the
term nucleophile collects all the chemical species capable of entering and
releasing from the carbon center of the reaction.

The nucleophiles considered included halogens (F~, Cl=, Br™,
I7), hydroxide groups (HO™, MeO~, EtO™), a-nucleophiles (HCOO™,
CH3COO~, HOO~, HC(=0)OO7), tosylate (TsO7), triflate (TfO™),
thiolates (HS™, MeS™, EtS™), selanide (HSe™), azanide (HaN7),
formamidate (CHOHN™), amines (H3N, (CHs)3N), phosphino (HyP7),
arsinide (HpAs™), phenyl (HsCg), trifluoromethyl anion (F3zC™) and
cyanide (NC7). We ended up considering 26 nucleophiles, and their

combinations gave rise to a total of 676 reactions.

4.5 Matrix of free energy barriers

4.5.1 Definition of the reference state

As explained in Section 4.1 (vida supra), there are two potential reference

states for the calculation of the free energy barriers: the separate reactants
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(R) or the reactant complex (Add). Aiming to determine the most stable
intermediate of the transformation, we performed a preliminary study with
seventeen nucleophiles acting as EG and as LG (energies are depicted in
the Appendix B). The activation energies were considered as the difference
between the TS and the reactants, AG%S_ > and as the difference between
the TS and the Add, AGIT s—adq- To evaluate the adequate energy reference,
Figures 4.4 and 4.5 show the energy barrier difference between these two

terms.

Water
- -
Cl
s Br-
-
== HO-
MeO-
HS
FsC-
. NC-
MeS-
CH3CH,0~
HaN-
= (CH3)3N
sHeC~
me CHOHN-
- T50-
= CH;CH,S

Frequency

Figure 4.4: Histrogram of the free difference (in kcal-mol~!) between AG;S_ R

and AG%FS_ Adq 0 water. Colors denote the reactions according to their entering
groups groups.

In the pair of bar plots, bars located at positive values correspond to
instances where AGiTS_ Adq 18 lower than AGiTS_ p» indicating that the
energy of the adduct is higher than that of the separate reactants, while
negative values refer to the opposite trend. In both Figures 4.4 and 4.5,
most values are located to the right side of the horizontal black line,
thus, the AGiTS_ Adq 18 lower than AG%S_ p- 1t is noteworthy that the

energy separation between Add and R is more pronounced in polar solvents
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DCM
- -

cl
80 - Br-

-
= HO-
MeO-
HS
F3C-
m— NC
Mes-
CH3CH,0-
HaN
= (CH3)sN
sHeC-
m=s CHOHN
40 == TsO-
= CH;CH,S

Frequency
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AGHs - pgs - AGls -z

Figure 4.5: Histogram of the free energy difference (in kcal-mol™!) between
AGIT57 r and AG;S_ Adg 10 dichloromethane.  Colors denote the reactions
according to their entering groups groups.

compared to apolar media. This observed behavior is consistent with
our initial definitions that when transitioning towards less polar solvents,
the energy differences between these two minima decrease, and the rate
constant starts to be governed by the adduct complex. For instance, in
the dichloromethane medium, the cyanide EG (depicted in brown color
in Figure 4.5) achieves greater stability by forming a stable adduct with
the electrophile rather than remaining separate. Nonetheless, to ensure
consistency, and in light of the overview trends, the discussion will focus on

the AG%S_R values.

4.5.2 Separate reactants as reference

Upon analysing the relative energies, we defined a 26 x 26 matrix,
AG%,,S_ R containing 676 activation energy values. Henceforth, the term
AG%S_ r is simplified to AG*. Initial inspection of the data is shown in
Figure 4.6.
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Figure 4.6: Histogram analysis of the free energy barrier (in kcal-mol™!)
distribution for water (blue) and dichloromethane (purple). Lines are referred
to the KDE distribution plots.

Through the histogram and Kernel Density Estimate (KDE)
visualization in Figure 4.6, we can get a grasp on the energy barrier
distributions for both solvents. The KDE plot is a method for visualizing
the distribution of observations in a dataset using a continuous probability
density curve. As expected the absolute values of AG* are different in each
reaction media. Concerning the activation energy values in water, the value
range spans from 8.1 to 113.7 kcal-mol~! and in dichloromethane, from 10 to
108.1 kcal-mol~!. Such higher values would not take place in experimental
conditions. Nevertheless, the existence of trends in the data suggests that
the problem is well-suited for a statistical treatment. The same reactions are
more energetically demanding in water than in DCM. When the polarity of
the solvent increases, the anionic nucleophile is better solvated than the T'S.
The Nu is solvated with its charge confined in a small area, but TS contains

the separated negative charges along the bigger TS, and thus, the energy
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CH3CO0™ —
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Figure 4.7: Color-coded version of the matrix of the free energy barriers (in
kcal-mol~!) from the reactants to the transition state, AG*.

difference between these two stationary points increases in polar solvents.
In addition, Figures 4.7 and 4.8 are color-coded matrices for the
activation energy of the reactions in water and DCM, respectively.

We collected the energy barriers between an entering group ¢ and a
1

4,57
j are the elements in the " row and the j* column of such matrix,

leaving group j, AG! ., as entries of the matrix AG* where the i and
respectively. Therefore, entering groups are arranged in rows, and leaving
groups correspond to the columns. Preliminary examination reveals that
the color trends are similar in both Figure 4.7 and 4.8 regardless of solvent.
In both heatmaps, the AG* are ruled by the columns rather than the rows,

indicating the dominant role of the leaving group in the kinetics of the
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Figure 4.8: Color-coded version of the matrix of the free energy barriers (in

kcal-mol~!) from the reactants to the transition state, AG*.
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reaction. Darker color in the matrix shows higher AG*, as in the case of
the amine, phenyl, and triflate leaving groups. In the opposite behaviour,

there are the triflate and tosilate as excellent leaving groups.

4.6 Calculation of the HDs

Following the procedure outlined in Chapter 2, we carried out the SVD
operation over the AG* matrix. We used NumPy package™ to decompose
AG* via SVD as shown in the equation below 4.6.1,

AGY = EGpxn - Woxn - LGE, . (4.6.1)

where n is the number of nucleophiles under study. The decomposition
involved a n x n unitary matrix (EG) which is related to the row variable
and thus, to the entering groups; a n x n diagonal matrix (W) representing
the positive hidden descriptor weights; and a n x n matrix (LGT) for
the column variable, therefore, for the leaving groups. As mentioned in
the Chapter 2, the SVD operation is hierarchical, thus, we can reduce
the dimensionality of the matrices while maintaining the main chemical
information of our dataset. The aim is to choose the smallest number
of descriptors that adequately replicate the AG;?J- matrix’s values with an
acceptable level of precision. To do so, a measure of the HD weights is
conducted. Figure 4.9 depicts the relative percentage of weight (%W) of
the first hidden descriptors in the total barrier.

A first inspection of the pie charts shows the very large role of the
hidden descriptor 1 (HD;). HD; contains approximately 90% of the overall
barrier in both solvents. While the other 25 descriptors do have an impact,
we believe that it is so small that it cannot be easily distinguished from
statistical fluctuations. After recognizing the main role of HDy, we used
energy criteria to confirm its importance. Thus, the optimal number of

hidden descriptors is also elucidated by applying Equation 4.6.2 varying the
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Water DCM
3 HD;:91.84 % =3 HD;: 88.61 %
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(a) Hidden descriptor weights in (b) Hidden descriptor weights in
water. DCM.

Figure 4.9: Pie charts of the Weight % of the hidden descriptors in the Sy2
reaction.

values of hidden descriptors considered, namely k, from 0 to n.

This variation in the number of hidden descriptors, k, included in
Equation 4.6.2 refers to the number of vectors maintained in the matrices
EG, W, LG. As we want to know which vectors of these matrices are
relevant, we refer to these vectors as the hidden descriptors: HDy gq,

HDyw, HDy G-

AGH

pred,k — HDk,EG * HDk,W : HDk,LG (4.6.2)

Equation 4.6.2 is the truncated form of Equation 4.6.1, where only the

first k& columns of matrix EG and the first & columns of matrix LG are

H

maintained. The predicted matrix AGW ed,

r Will not reproduce exactly
the initial matrix AG¥, and the difference between them will provide an
evaluation of the accuracy achieved when k descriptors are used. Figure 4.10
presents the maximum error and average error when comparing AG}W cd.k
values with DFT-energies using up to six k. The value corresponding k =
0 refers to the average and maximum value of the activation energy of the

data when 0 descriptors are used.
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Figure 4.10: Performance measures for the AG;TEd’k values under DCM (purple
bar and red dots) and water (blue bar and gray dots) as a function of the number
of hidden descriptors considered (HD;_;). Average errors in bars and maximum
error in dots (kcal-mol™1).

Despite the differences in the dielectric constants of the solvents, the
performance measurements are comparable. The average value of the A G
is between 30.0 and 40.0 kcal-mol~! for both solvents. Therefore, the average
error of 2.0 kcal-mol~! in the prediction with only one HD (k = 1) is rather
small considering that some DFT functionals can also provide errors with

177 Furthermore, the use of only HD; results in

an amount of inaccuracy.
a maximum error of 12.8 kcal-mol™!' for DCM and 10.5 kcal-mol™! for
water. Moving forward an increment in the number of descriptors does
not significantly improve the prediction performance. Consequently, it is
reasonable to claim that a single descriptor sufficiently characterizes this
reaction. The aforementioned indicates that only one descriptor allows for
assigning two values to each nucleophile: one for its entering ability, HD g¢,
and another for its leaving capacity, HD g, during the Sy2 reaction.

We further confirmed the solidness of our data set by carrying out a

series of tests to assess its stability. Initially, a new submatrix for the
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energy barrier was created by removing one EG(LG) element at a time,
which is the leave-one-out (LOO) technique, followed by an SVD analysis.
Subsequently, a comparison was made between the new HD4 values and the
directly derived HD; values from the computed 26 x 26 AG*. Herein,
the differences in the HD; were minimal, i.e. lower than 0.009, which
confirmed the stability of the data set. In a second analysis, a distinct energy
barrier submatrix was designed by removing a set of EG(LG) elements either
randomly or selectively via cross-validation. This new submatrix was then
subjected to SVD analysis, and as well, its HD; values were compared to
those obtained from the 26 x 26 AG¥. As expected the dissimilarities
between the original set and the one created increased as the size of the
new energy submatrix decreased. The fact that the error increased linearly

further proves the stability of the model.

4.7 Analysis of the HD,

Tables 4.1 and 4.2 show the values of the HD; descriptor. Several insights
can be gleaned from these two tables. We have established two scales,
HD;gg and HD; g, to characterize the entering and leaving group ability
of twenty-six nucleophiles, respectively. Throughout the remaining analysis,
HD;gg and HDq ¢ are also denoted as HD g and HD ¢, respectively. This
simplification is made because we focus solely on the first hidden descriptor
as the most significant in the investigation of the reaction. Higher values
of these variables, HD g and HD ¢, refer to a diminished ability to attack
or leave the sp3 carbon center. Conversely, lower HD values state the
opposite trend. In water, the range of values for entering ability is notably
narrower (0.135 units ranging from 0.145 to 0.280) than that of leaving
ability (0.338 units ranging from 0.060 to 0.398). This pattern is similar in
dichloromethane medium: the EG ability spans from 0.146 to 0.289, and
the LG ability covers the range from 0.049 to 0.406. Hence, as previously

anticipated, the barrier is more sensitive to the nature of the LG.
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Table 4.1: Values of the HD; in water.

Water

EG | HD g LG | HDq ;¢
TfO~ | 0.280 TfO~ | 0.060
TsO™ | 0.255 I™ | 0.076
HCOO™ | 0.228 Br~ | 0.086
CH3COO™ | 0.224 Cl~ | 0.088
1= | 0.223 TsO~ | 0.089
Cl~ | 0.212 F~ ] 0.118
H3N | 0.206 HCOO~ | 0.122
HC(=0)00~ | 0.203 CH;COO~ | 0.136
(CHs3)sN | 0.197 HSe™ | 0.141
HSe™ | 0.196 HC(ZO)OOf 0.143
NC~ | 0.196 HsN | 0.151
F~ 10.195 (CH3)3N 0.156
CHOHN™ | 0.194 HS™ | 0.162
HO™ | 0.191 HOO™ | 0.175
HOO™ | 0.186 HO™ | 0.192
Br= | 0.186 MeS™ | 0.192
EtO~ | 0.181 EtS™ | 0.193
HS~ | 0.180 MeO™ | 0.204
MeO~ | 0.180 EtO~ | 0.206
HoP~ | 0.169 HyAs™ | 0.228
EtS™ | 0.167 CHOHN™ | 0.230
MeS™ | 0.165 HoP~ | 0.246
HyAs™ | 0.164 NC~ | 0.249
FsC~ | 0.161 HoN™ | 0.305
HoN~ | 0.156 F3C~ | 0.319
Hs;Cg | 0.145 Hs5Cg | 0.398
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Table 4.2: Values of the HD; in dichloromethane.

Dichloromethane

EG | HD g LG | HDq ¢
TfO~ | 0.289 TfO~ | 0.049
TsO™ | 0.254 I~ | 0.062
1= | 0.240 Br~ | 0.071
HsN | 0.234 Cl= | 0.072
Cl~ | 0.229 TsO~ | 0.094
HCOO™ | 0.219 HsN | 0.098
(CH3)3sN | 0.213 F~ | 0.108
HSe™ | 0.207 (CH3)sN | 0.111
CH3COO™ | 0.206 CH3COO™ | 0.117
Br~ | 0.205 HCOO™ | 0.127
F~ | 0.202 HSe™ | 0.132
HS™ | 0.193 HS~ | 0.154
CHOHN™ | 0.192 HC(=0)0O0~ | 0.155
HC(=0)0O0~ | 0.183 MeS™ | 0.185
EtS™ | 0.181 EtS™ | 0.187
HoP~ | 0.178 HOO™ | 0.198
MeS™ | 0.176 HO™ | 0.220
HyAs™ | 0.173 HyAs™ | 0.222
FsC~ | 0.172 MeO™ | 0.226
HoN™ | 0.158 EtO~ | 0.228
EtO™ | 0.157 CHOHN™ | 0.238
HO™ | 0.154 HoP~ | 0.243
H5Cy | 0.153 NC~ | 0.244
HOO™ | 0.151 HoN~ | 0.306
MeO™ | 0.151 F3C~ | 0.320
NC~ | 0.146 HsCy | 0.406
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An initial analysis of the chemical fragment ranking leads to an overall
agreement of the trends with expectations. For instance, TfO™ has a HDygg
(water) = 0.280, whereas H5Cy has HDgg (water) = 0.145. This suggests
that the entering group ability of TfO™ is comparatively weaker than that
of H5Cy, implying a slower reaction rate for the alkoxide compared to
the phenyl anion. In the case of the leaving group scale, the pattern is
qualitatively the contrary. The worse LG within our chemical space is
HsCy with HDir¢ (water) = 0.398, and the best LG is the TfO™ with
a HDirg (water) of 0.060. The HDs and trends are comparable in the
dichloromethane solvent, where the best EG is the cyanide (HD; g (DCM)
= 0.146), whereas the worse is the triflate HD1pg (DCM) = 0.280. In the
case of the leaving group, TfO™ is endowed with the highest leaving capacity
(HD1rg (DCM) = 0.049), and the lowest releasing capacity belongs to the
phenyl anion (HD;gg (DCM) = 0.406).

In addition, several interesting trends can be observed in Tables 4.1 and
4.2. The following values are referred to: (HD (water), HD (DCM)). Poor
EGs include those where the attacking atom is a carbon, H5Cy (0.146,
0.153), F3C~ (0.161, 0.172). We also observed that for some good LGs,
their interacting atom belong to the right groups of the periodic table.
HDq ¢ values decrease on going down along the periodic table for the
halide group: F~ (0.118, 0.108) > CI~ (0.088, 0.072) > Br~ (0.086, 0.071)
> I~ (0.076, 0.062); for the chalcogen group: HO™ (0.192, 0.220) > HS~
(0.162, 0.154) > HSe™ (0.192, 0.132); and for the nitrogen group HaN~—
(0.305, 0.306) > HoP~ (0.246, 0.243) > HaAs™ (0.228, 0.222). The effect
of increasing the length of the carbon chain in the oxygen and sulfur
atoms implies a slight worsening in the LG nature going from H- (HO™
(0.192, 0.220)), Me— (MeO~ (0.204, 0.226)) to Et— (EtO~ (0.206, 0.228))
substituted atoms. Besides the alpha-nucleophiles as HOO™ (0.175, 0.198),
HC(=0)OO0™ (0.143, 0.155) are better LGs than HO™ (0.192, 0.220).

While there is an overall trend of inverse correlation between the two

scales, there are numerous variations in the ordering between them. These
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variations among the scale groups led us to conduct a more in-depth analysis
of the correlation between them.

It is interesting to compare these results with those of our previous
study on M-L bonds.'® When examining the M-L bond, HD; and HDy,
quantify equivalent chemical attributes, meaning that in this problem,
HD; corresponds to the o donation capacity, applicable to both the
metal fragment HDj,sq, and the ligand moiety HDy;. However, the HD
interpretation depends on the solvent, distinguishing between gas phase and
water environments. In this current chapter, our objective was to unveil if
this behavior also holds true for EG and LG scales. We further evaluated the
correlations among the vectors present in Tables 4.1 and 4.2. For the sake

of simplicity, Figure 4.11 provides an overview of the resulting R? values.

HD1£G, water
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Figure 4.11: Correlation matrix between the HD; scales.

The diagonal elements of Figure 4.11 are 1.00 since they represent the
correlation of each vector with itself. The other value that comes close
to unity is the correlation between the HDipc (water) and the HDjp¢
(DCM) vectors. This indicates that the ability of a given nucleophile to
act as a leaving group is quite similar in both solvents. Yet, the rest of the

correlations are significantly smaller, with R? coefficients ranging from 0.56
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to 0.69. The lowest values of R? were found for the correlations between
the Higg and Hirg which indicates that they correspond to different
magnitudes. In contrast with the previous chapter, the solvent nature seems

to have little influence on the HD scale.

4.8 Limitations of the calculations

We acknowledge that BSLYP-D3 may not be the most precise method for
computing the barriers in these reactions. Several studies have indicated
its tendency to underestimate barriers,'”™ but the trends are anticipated
to be similar. Moreover, we believe it offers a reasonable balance between
quality and cost-effectiveness. The ideal scenario would be to perform a
benchmarking against experimental data, but the available data are limited

179-181

in scope. It is worth mentioning that the reported patterns are mostly

reproduced by our calculations.!®?

The second limitation arises from not explicitly accounting for solvent
and counterion effects, a constraint that extends to various other systems.
For instance, it is known that in protic solvents like water, the presence of
hydrogen bonds between solvent and solute may be significant to consider.
Moreover, in a recent report, it was evidenced that the Lewis acid interacting
through hydrogen or halogen bonds disrupts the energy of the intermediates
and TS in the Sy 2 gas phase reaction.'®3 However, we do not consider this to
be a serious problem, as it points to a problem of interpretation not directly
related to our treatment, and this is beyond the scope of the present work.

A nice illustration of seemingly problems really explainable by a careful
interpretation concerns the role of iodide additives for nucleophilic catalysis.
Todide is indeed recognized to enhance sluggish transformations. Yet within
our HD ¢ scale, 1™ is categorized as a poor EG. To shed light on this
contradiction, we conducted an analysis of the Williamson reaction.84-186
This reaction serves as one of the standard processes for the synthesis of

ethers. The reaction is RO~ + MeX — MeOR + X~, where X~ is a CI™
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or Br~. This slow process is accelerated when the iodide replaces X,
and then, I~ is a more efficient LG for the reaction with methoxide. This
suggests that iodide should be a good nucleophile, yet attending to our
HDgg parameter, HD1gpg(I7) = 0.240, HD1pg(MeO™) = 0.151 in DCM,
thus MeO™ should be better EG. Indeed, an examination of our computed
energy barriers (Equations 4.8.1 and 4.8.2) suggests that the addition of the

iodide anion should not favor the reaction.

I~ 4+ MeCl — Mel + Cl~ AG* = 22.0 keal - mol™* (4.8.1)

MeO™ 4+ MeCl — MeOMe + Cl~ AG* = 9.9 kcal - mol™* (4.8.2)

In order to clarify the issue, we performed some mechanistic studies
considering the presence of counterions in the solution.

The mechanism of Figure 4.12 shows that the presence of the
countercation Na™, which inverts the trends with respect to the reactions
computed without it, discussed in Equations 4.8.1 and 4.8.2. Herein, the
highest rate-determining step is found in the absence of the iodide (purple
path in Figure 4.12). This demonstrates that the addition of the iodide
salt kinetically facilitates the reaction (black path). The interaction of the
counterion with the chloride promotes the leaving of such anionic fragment
and reduces the energy barrier. This result aligns with the experimental
evidence. The key to the “catalytic” ability of iodide is thus, its weak
binding to the associated counterions.

While these topics hold interest for further investigation, we believe that
delving deeply into these matters is not the primary focus of our work. Our

aim is to introduce hidden descriptors for understanding reactivity.
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Nucleophilic catalysis

Il non-catalyzed reaction [(Na OCH,)olusterCH30 —-CHg— CI]i

Wl catalyzed reaction o ©

o

o ©
(Na OCH3)cIuster

[-1---CHg---Cl---Na*]*

99 (NaOCH3z)qyystefOCH3

CH30CH3 + (NaOCHg)ciuster!
-29.7
CH30CH3+ (NaOCH3)giusterl
-42.6

Figure 4.12: 3D structure of the (NaOCHj)cluster, with the following the
color-coded for the atoms: e oxygen, e sodium, e carbon and (top).
Mechanistic profile of free energy (in kcal-mol~!) for the formation of methoxide
with the sodium iodide (black path) and without the catalyst (red path) (bottom).
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4.9 Chemical meaning of the the first hidden

descriptor

Thus far, we have presented the data concerning HD; and conducted
a statistical analysis to identify its trends. Our objective was also to
comprehend the chemical concepts underlying the reaction. A priori, we did
not know whether these two entering and leaving scales could be simple sheer
mathematical scales, or by contrast, they correspond to well-known chemical
driving forces. To shed light on the topic, we used statistical tools including
LR, and MLR. A set of 191 quantum-chemically derived conventional
descriptors were selected and used to seek significant correlations with HD;.
These descriptors were Frontier Molecular Orbital (FMO) energies and
their derived concepts, different atomic-based charges, energetic parameters,
solvent terms, geometrical features, and measures of bond order. The full
list of chemical descriptors is supplied in the Appendix B. Our approach was
to encompass most of the physical organic chemistry properties expected a
priori to be related to the mechanisms of the nucleophilic attack.!7>-187

Figure 4.13 illustrates the probability density plot of the R? values
obtained from the linear regression analysis conducted between HD; and
the ensemble of 191 descriptors.

A general inspection of Figure 4.13 indicates that most of the correlations
were not satisfactory with an R? lower than 0.500. We only found a few
models that fit at higher R?. Table 4.3 contains the significant results of
the statistical analysis.

Considering the mechanism of the reaction, we expected that the
FMO energetic descriptors related to the donor-acceptor interactions would
correlate the best. However, upon inspecting the correlations with the
highest occupied molecular orbital (HOMO) and the lowest occupied
molecular orbital (LUMO) energies, we noticed weak correlations between
these descriptors and HD; (Table 4.3, entries 1 and 8). We explored other

descriptors that involve electrodonating and electrodonating power!®® but
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HD1 ¢ (water)
HD1g6 (water)
HD.6 (DCM)
HD1gG (DCM)

2.5

0.5

00 01 02 03 04 05 06 07 08 09 10
RZ

Figure 4.13: Density plot of the square correlation coefficient (R?) derived from
the linear regression between the conventional descriptors and the HD¢ (water)
in blue; HDy g (water) in red; HDyrg (DCM) in purple; and HDygg (DCM) in
gray.

Table 4.3: Square correlation coefficient (R?) between different HD; values and
selected conventional descriptors.

No. | Descriptor RZ Watt;{Z RZ DCl\l/iZ
HD;i.¢ | HDigg | HDy1g | HDigg
1 HOMO of EG™ 0.287 0.634 0.322 0.483
8 LUMO of CH3LG 0.183 0.307 0.218 0.412
50 | w(I) of EG™ 0.169 0.307 0.083 0.017
60 | wt(I) of CH3LG 0.199 0.695 0.088 0.099
124 | AGgp1 for EG™ 0.007 0.002 0.063 0.147
128 | AG1 for CH3LG 0.021 0.028 0.077 0.087
114 | AV for (I= + CH3LG — | 0.975 0.735 0.969 0.784
CHsI + LG™)
146 | d(I-C) for TS of (EG~ + | 0.713 0.897 0.672 0.833
CH;I — CH3;EG + 1)
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none of them provided significant results (Table 4.3, entries 50 and 60).
As the reactions were computed with implicit solvation, we thought that
some solvent-based descriptors would provide good fits. Nevertheless, none
of these descriptors displayed significant correlation values (entries 124 and
128).

Let us first analyse the conventional descriptors closer to HDqrq.
Despite the fact the LUMO energy of CH3LG molecule is believed to be
responsible for the reaction, it displays a weak interaction of only R? of
0.183 in water and R? of 0.218 in DCM (entry 8 in Table 4.3). This can be
attributed to the fact that the LUMO in the reactant might not always be
the crucial orbital in the TS, as it may be located elsewhere in the molecule.
We also expected to identify correlations with alternative FMO attributes,
such as the electrophilicity index of CH3LG, w, or its electron affinity, EA.
The formulas to compute all descriptors are detailed in the Annex B. After
exploring the trends, the best correlation with HD ;s is obtained with
descriptor number 114 (Table 4.3, entry 7), which is the potential energy
value of the reaction, I~ + CH3LG — CHgsl + LG™.

The left plot of Figure 4.14 illustrates the linear regression between
the HDq1¢ and descriptor number 114 for the twenty-six studied chemical
fragments. In this context, the effect of the EG in the reaction parameter
value is not critical, iodine in this case, is not critical. Other EG
groups had similar effects. Iodine was selected as the representative
EG during the parameter extraction, ensuring uniform energy influences
throughout. Descriptor 114 is a thermodynamic property that measures
the strength of the bond between the carbon center and the LG moiety,
CH3-LG. The reaction involves a two-electron transfer mechanism, making
AV a quantifier of heterolytic bond dissociation. This parameter is
crucial in the Sy1 reaction where the initial step involves the formation
of the carbocation CH;{. This descriptor refers to the DFT energy of
the reaction. Unsurprisingly, descriptors incorporating thermodynamic
contributions such as AH, AG and AV + ZPV E (zero point vibrational
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Figure 4.14: Plots of the values of the HDyp¢ (left plots) and HDygg (right
plots) wvs. the values of the corresponding conventional descriptor providing the
best correlation outcome. Analysis in water media (top plots) and in DCM solvent
(bottom plots)
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energy), exhibit also good correlations with R? higher than 0.964 in both
solvents.  Therefore, the cleavage of the bond CHs—LG is pivotal in
determining the barrier for the reaction. This observation gains further
support from the correlation observed in the breaking of the CH3-LG bond.
The less bounding chemical fragments, such as triflate, tosylate, acetate, and
formate are the exceptional LGs, consequently, they yield the lowest AG*.
In the opposite side, stronger bonds with LGs like CgH; , and CF; have
to overcome high activation energies. This underlines the key role of the
cleavage energy of the leaving group in shaping the core characteristics of
the Sy2 process.

Our attention now shifts towards the entering group, with the associated
HDigg scale. We anticipated that the energy of the HOMO or the
electrodonating power w™ of the EG, (entries 1 and 50 in Table 4.3,
respectively), could be critical. However, none of these descriptors furnished
significant correlations. The HOMO energy value achieves a R? of 0.634
in water and 0.483 in DCM, but these are relatively moderate values.
Descriptor number 146 in Table 4.3 exhibited the best correlation with the
HDigq descriptor with a R? of 0.897 in water and 0.833 in DCM. The
right plots of the Figure 4.14 displays the LR between that property and
the HD1gqg. Descriptor 146 comprises a geometrical feature of the transition
state structure (TSS). This descriptor has a more kinetic component since it
is related to a T'S. In particular, it measures the distance between iodine and
the carbon center (d(CHs-1)) within the TSS of the reaction: EG™ + CH3l
— CH3EG + 1. Interestingly, this distance is not about the iodine LG.
Instead, it reflects the nucleophilicity ability of the EG chemical fragment.
This effect can be viewed as a trans-effect, where the EG pushes the LG
away. For the TSs with the shortest distances, d,;,(CHs—I), it indicates
a lower resistance for the EG to break the CHs3—LG bond. Therefore,
this corresponds to an early transition state where the EG is effective.
In contrast, when the interaction between the CHs— and I- fragments is

exceptionally strong, a longer elongation of the CHs-I is required for the
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Table 4.4: Square correlation coefficient (R?) between different HD; values and
selected conventional descriptors in water.

Water
HD No. | Descriptors R? No. R? No. R?
HDq1¢ | 56, w~(I) of CH3LG, AG | 0.990 | 56 0.199| 117 0.966
+ LG™)
HDigq | 56, w—(I) of CH3LG, AG | 0.933 | 56 0.695| 117 0.779
+LG)

bond to be broken. Herein, the EG needs to push the LG further away
to attain the TS. This last situation relates to the later TS and involves
poorer EGs. Furthermore, it is noteworthy that the impact of the entering
group on the barrier appears to be less significant than that of the leaving
group, as already discussed earlier. This is evident from the narrower range
of values and lower correlation values compared to those of the LGs.

In the case of the HDypq variable, its correlation with a TS property
adds complexity to estimating the EG ability via easy calculations. Drawing
from these results, we examined the question of whether HD; might correlate
with two conventional descriptors instead of only one. We conducted
multilinear regression analysis aiming to identify correlations that could
be easier to interpret. The set of descriptors chosen was the same as for the
LR approach, but removing the two highest-performing descriptors (114
and 146), the hidden descriptor values, and any of the transition state-
based descriptors. By considering all possible pairs of descriptors without
repetition from the remaining 138 conventional descriptors, we had a total
of 9453 unique combinations of two variables. Finally, 9453 MLRs were
calculated.

The performance of the correlations increases respect to the LR from
0.897 (Table 4.3, number 146) to 0.933 (Table 4.4, numbers 56 and 117) for
the entering group and from 0.975 (Table 4.3, entry 114) to 0.990 (Table 4.4,

entry 56, 117) in water, and equivalent results for DCM (one descriptor in

119



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

Chapter 4. Bimolecular nucleophilic substitution

Table 4.5: Square correlation coefficient (R?) between different HD; values and
selected conventional descriptors in dichloromethane.

Dichloromethane
HD No. | Descriptors R? No. R? No. R?
HDir¢ | 26, n~ of X7, AG (I" +]0.990 | 26 0.151| 117 0.970
117 CH3LG — CH3I + LG_)
HDigq | 26, n~ of X7, AG (I + | 0.933 | 26 0.437| 115 0.811
115 | CH3LG — CH3I+ LG™)

Table 4.3, entries 26 and 117 to two descriptors in Table 4.5 entries 56 and
117). Analysing in-depth the results show that the highest correlations
include one energetic reaction feature, which also reaches satisfactory
outcomes by themselves alone.

To assess the role of the high-order HDs (HDy, HD3, and HD,), we also
conducted LRs between them and the reported set of 191 descriptors. None
of the resulting LRs yielded a R? value above 0.830. This outcome supports
the initial hypothesis of section 4.7, that HDo, HD3, and HD4 are mainly
affected by numerical noise and do not provide significant insights into the

chemical reaction.

4.10 Prediction of HDs

The procedure outlined above has furnished HD values for twenty-six
nucleophiles covering a broad chemical space. Our subsequent objective
was to be able to derive hidden descriptors for any given nucleophile out
of the original dataset without significant computational expense. We
could certainly repeat for each new nucleophile the exhaustive methodology
detailed throughout this Chapter: the determination of HD wvalues for
new target chemical fragments implies the computation of twenty-seven
reactions, the subsequent application of the SVD process, and the final
analysis of the HDs. Nevertheless, this volume of calculations becomes

impractical given the simplified approach we are pursuing. Moreover,
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this approach might introduce minor alterations to the already computed
descriptors. Thus, inspired by previous studies in our group,'%?, we defined
a procedure to derive those values with low computational cost and small

error. Figure 4.15 summarizes the process.

Dataset o

>

fSeIect thte . @) .Parameters | Model
ragmen @ aand B Design
of reference .
©
- HD Robustness

AG? prediction Fﬁ' estimation Test

*

©
New .(®-- Predicted HDs Extended
nucleophiles and AGH Set

Figure 4.15: Workflow for the design of the HD prediction model for new target
entering and leaving groups.

We started by establishing the dataset for the construction of the
prediction model. Then, we employed MLR analysis to select the
representative chemical fragments for the model. Once the fragments were
chosen, we evaluated its performance by comparing the initially computed
HD and AG? values with the predicted counterparts. Finally, we applied

the technique on novel target nucleophiles.

4.10.1 Model design

We employed as dataset the collection of 676 DFT activation barrier,
along with the SVD-derived matrices: EG, LGT, W, each within the

two solvents. Using this data, we sought to identify the reference set of
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H Dmatrix Aset det(Aset)

~ |HD;; HD; »
HD5, HDz,

det(Ase)

Set1 Set2 Set3

< |HD,, e HD,

Figure 4.16: Procedure followed for the selection of the reference set of
nucleophiles.

nucleophiles that exhibits the greater variability of the entering and leaving
group descriptors. Those would be suitable chemical fragment variables for
predicting accurate hidden descriptors. The procedure for achieving this is
depicted in Figure 4.16.

For the sake of clarity, EG and LGT matrices are denoted as H Dpatriz
in the Figure 4.16, since they contain the hidden descriptor vectors. Figure
4.16 shows a hidden descriptor matrix H D,,qtrie from which we built
square matrices Ager with the same number of nucleophiles and HDs. These
matrices encompass all possible nucleophile combinations along with their
corresponding hidden descriptors, arranged in a hierarchical manner. Thus,
the first column vector of Aget is for the HDq, the second column is for the
HDs, and so forth. We formed matrices of the following dimensions 2 x 2,
3 X 3,4 x 4. In total, we computed 17875 combinations with two, three,

and four species each:

26 26 26
<2> — 325; (3) = 2600; <4) — 14950 (4.10.1)

The hidden descriptor vectors included in the Age; were normalized
for each nucleophile ﬂDNu,k. Then, the reference set of nucleophiles
was determined by evaluating the highest determinant of these matrices,

det(Aset). The more different the hidden descriptors of the nucleophiles
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in the subset, the higher the determinant. This concept relates to the fact
that the determinant of a matrix provides an idea about how much the
multiplication by such matrix stretches or shrinks the space. In our problem,
expansion across as much space as possible is desired. We performed
this procedure for water and dichloromethane, and for entering groups
and leaving groups independently. As a result, the outlined procedure
was carried out for four different hidden descriptor matrices: EGqyater,
LGE, ..., EGpcm and LGE .

At first, we did not know how many nucleophiles were required in the
set, thus, Aget were formed with 2, 3, and 4 different fragments. It gave
rise to several reference sets, and consequently, different model equations.

The R? for the HD; prediction within the training set is outlined in
Figure 4.17. The values of those correlations are always above 0.997 for the
first HDpg (¢ prediction regardless of the number of parameters included.

We also selected the mean-square error (MSE) metric to assess the
appropriateness of the reference set. The following Figure 4.18 illustrates
the predictive performance of the models for HD values, based on different
quantities of HD variables.

The left plot of Figure 4.18 demonstrates that when predicting HD g¢,
employing two elements in the reference set results in an MSE slightly above
0.08. As the number of elements increases, the error remains relatively
constant. In the case of the leaving group HD, the error is remarkably low
from the first attempt (right plot in Figure 4.18). For the sake of simplicity,
we decided to adopt the same number of elements as used for the entering
group. Consequently, we concluded that an equation model involving two
nucleophiles is adequately accurate for predicting HDgpq/1.q-

We then established four sets of references. The most illustrative
entering groups are: Br~ and CH3COO™ for water and NH3 and CgH; for
dichloromethane, and the sets of leaving groups are: HC(=0)OO~, TfO~
for water and 1™, PH; for dichloromethane.

Upon definition of the reference chemical fragments, we conducted MLR
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Figure 4.17: Plots of the computed HDgg/11¢ vs estimated HDpg/1¢ in
water (top) and in dichloromethane (bottom) with different numbers of variables .
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Figure 4.18: Mean-squared error (MSE) for HD,,.q under water (blue bars) and
DCM (purple bars) as a function of the hidden descriptors considered (HD;_;).

analysis to predict HD; values. In this context, HD values are the dependent
variables related to the independent energy barrier values. We fitted a linear

model as Equation 4.10.2 resulting in the parameters oy, .y and 3.

Y=X- Ak ref + B (4.10.2)

Y matrix contains the HD; values of the 26 nucleophiles (Nu). The X
matrix refers to the energy barrier between the nucleophiles of the reference
set and the whole set of nucleophiles AGi ef,Nu- The calculated oy ,.r and
Br parameters are depicted in Tables 4.6a and 4.6b.

4.10.2 Consistency of the model

First, we analysed the performance of the training set. The variables derived
before, a and 3, are employed to predict HDy; with the Equation 4.10.3,

where k is 1, and ¢ represents the target nucleophiles,

HDyj prea = AG} 1 i+ Opesy + AGE 4 - 0 peg, + B (4.10.3)
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Table 4.6: Values of the coefficient parameters o and S of the MLR equation for
HD y,, prediction.

(a) Values of the coefficient parameters a and § for the HDg¢ prediction.

EGs of reference

k Q. Br—  %p.cH3;c00~ B1
Water 1 | 0.00294 0.0012 -0.0055

2 | 0.0586 -0.0190 -0.2778

k| arNbs O oom- B2

1 | 0.0031 0.0012 0.0138
DCM 2 | -0.0434 0.0341 0.0992

(b) Values of the coefficient parameters « and 3 for the HD ¢ prediction

LGs of reference

k| arNm, 0 oo Pr
Water 1 | 0.0031 0.0012 0.0138

2 | -0.0434 0.0341 0.0992

k e ak’PHz_ B2

1 | 0.0034 0.0013 -0.0083
beM 2 | -0.0308 0.0176 0.1186

Since our focus is on calculating HD1, i7.e. HD1gg and HDq ¢, we set the
value 1 to k in Equation 4.10.3. The unknown value H D}, ; preq is unveiled
once we input the energy barrier AG}E efii and AGf efai? which represent the
activation energy for the reaction between the reference set of nucleophiles
ref and the new nucleophile 4, into the equation.

We then validated the consistency of the model by predicting the energy
barriers for each entering and leaving group pair with Equation 4.10.4.
Subsequently, these predicted values were compared with the corresponding

DFT-energy barriers.

AGY = HDpo

pred

“HDw -HDyg (4.10.4)

pred pred

Plots of Figure 4.19 show such comparison of the response value in
Equation 4.10.4 with those explicitly computed.

Using two energy barrier values to calculate the first hidden descriptor,
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Figure 4.19: Plots of the computed AG* vs predicted AG* (in kcal-mol~!) using
the first HD in water (left plot) and in dichloromethane (right plot).

the mean absolute error (MAE) was 1.4 kcal-mol™! in water and 2.0
kcal-mol~! in DCM; and the maximum error was 10.3 kcal-mol~! in water
and 12.6 kcal-mol~! in DCM. In Section 4.7, we provided a detailed analysis
of the errors obtained when predicting the energy barrier using HD o and
HDy ¢ directly derived from the SVD. In that scenario, the MAE was 1.3
kcal-mol~! and 1.8 kcal-mol~! with maximum errors of 10.5 kcal-mol~! and
12.8 kcal-mol~! for water and for DCM, respectively. Herein, the errors
for the computation of AG; .q are nearly equal when the HD; is estimated
instead of directly derived from the SVD. The correlations between the
computed energy barrier and the predicted ones are R? = 0.989 for water
and R? = 0.978 for DCM, within the set. Therefore, we conclude that
our prediction model adequately captures the first hidden descriptor of
the nucleophiles and subsequently, the calculation of the AG;*:T oq €xhibits

satisfactory accuracy.

4.10.3 Application to extended series of nucleophiles

Aiming to assess the predictive model we extend the use of this model to

new chemical candidates. We tested seventeen additional nucleophiles which
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Figure 4.20: 3D Representation of the considered metal fragments. Following the
order top, left-to-right, the metal centers of the complexes are e Rh, e Pd.
The color-coded for the atoms is the following: e carbon, ® oxygen, e
nitrogen, e phosphorous,

act both as entering and leaving groups. In this set, we consider organic,
CH;, CO, NCH, NHC, C5H5N, CgH4MeO™, and inorganic molecules HyO,
H—-, 0?7, PH;s, S?>7, PCl3, SiMe~. Moreover, four metal complexes
were evaluated (see Figure 4.20) since some oxidative additions of organic
molecules have been tested to occur through a concerted Sy2 reaction. 89,190
We selected AuP(Mes)Me, MP(Mes)2 being M = Pd, Pt and, a Rh complex,
which was one of the first examples to participate in this type of reaction.!”!

As mentioned above, we needed to perform a few calculations for each of
those chemical species. We computed the activation energy of each target

fragment with the reference nucleophiles. Figure 4.21 shows a color-coded
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Figure 4.21: Color-coded version of the matrices of the free energy barriers,
AG%_TS, (in kcal-mol 1) in water solvent (top in blue) in dichloromethane (bottom
in purple).

representation of the 17 x 2 matrices with the free energy barriers in water
and in dichloromethane. Each heatmap (Figure 4.21) similarly organizes
the activation energy. In the first two rows, the horizontal axis represents
the EG (Br—, CH3COO™ in water; HC(=0)OO~, TfO~ in DCM) and in
the last two rows, this axis depicts the leaving group (NHj, C¢H; in water;
I, PH; in DCM). The horizontal axis is first LG and then the same species
act as EGs.

Following the same Equation 4.10.3, we computed the HDs of the
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Table 4.7: Predicted values of the HD; descriptor.

Water Dichloromethane

EG HD:z¢| LG HD..c | EG HD:z¢| LG HDi.¢
CeH4MeO™0.137 CHs™ 0.439 CO 0.014 0%~ 0.447
CH;s~ 0.142 CeHsMeO~0.436 §2- 0.014 CHs™ 0.407
SiMe~ 0.142 SiMe™ 0.436 02~ 0.087 SiMe™ 0.401
§2- 0.143 H™ 0.404 PH; 0.121 CeH4MeO™0.392
H~ 0.148 02~ 0.377 SiMe™ 0.144 H~ 0.377
0%~ 0.154 §2- 0.308 H™ 0.148 S2- 0.305
PdL; 0.167 NHC 0.281 CHs~ 0.154 NHC 0.221
PtLo 0.173 CsHsN 0.204 CeH4MeO~0.155 PH;3 0.102
RhL4 0.176 CO 0.178 PtL, 0.167 CsH5N 0.097
NHC 0.187 PH; 0.151 RhL4 0.168 PtLs 0.076
CsHsN 0.217 NCH 0.148 PdL, 0.172 PdL, 0.069
PHs 0.233 PtL, 0.123 NHC 0.197 RhL4 0.066
PCls 0.237 RhL4 0.121 AuLy 0.198 CO 0.063
Cco 0.254 PCls 0.120 PCls 0.237 NCH 0.036
AuLz 0.237 PdL2 0.114 C5H5N 0.241 PC]S 0.017
H,O 0.272 H>0 0.043 NCH 0.314 Aul; -0.001
NCH 0.276 AuLy 0.034 H-,0 0.760 H>0 -0.009

fragments in the test set. Table 4.7 presents the values of the hidden
descriptor 1 for the test set in water.

An interesting result from Table 4.7 is that most of the estimated hidden
descriptor values fall within the range of the SVD operation results (HD g¢
range: 0.145 to 0.280; HDyg range: 0.060 to 0.398). This confirms the
premise that the initial dataset covers most of the chemical space. Among
the new nucleophiles, the best EG (0.137) is anisolate, and the worst is
NCH (0.276). The best LG in the scale is AuLy (0.034) and the worst is
CH3 (0.439). Similar trends are also found in the dichloromethane solvent
along the species where the best EG is CO (0.014) and the poorest entering
fragment is HoO (0.760); the LG ability ranges from the O?~ (0.447) to the
best nucleofuge HoO (0.009).
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DFT calculations
C — .
H H SN2 Matrix App
Af*
;
L —
H

Figure 4.22: Scheme of the procedure to predict HD values for EG using the Sy2
Matrix App.

4.11 Sy2 Matrix App

The HD wvalues are thus employed for both locating the EG and
LG ability of nucleophiles in the chemical space and predicting AGH
to the design of chemical reactions. In light of these results, we
developed a user-friendly app, that anyone can use to compute HD values.
This open-access application is accessible through https://maserasgroup-
repo.github.io/sn2app/.192

In order to employ it, it is required to compute the DFT energy barriers
between a target nucleophile with two selected nucleophiles (left in Figure
4.22), and introduce these values in a system of linear equations (right in
Figure 4.22). This enables to spawn the hidden descriptors of any given

nucleophile.

4.12 HD for Sy2 vs. HD for BDE

In the previous Chapter, we examined the application of the hidden
descriptor methodology to unravel the electronic contributions of moieties
involved in the metal-ligand bond (M-L) within a water environment. We
wonder now if those thermodynamic contributions can be related in some

way to our Sy2 hidden descriptors in water.
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To investigate this potential relationship, we will use several ligands
that in previous work'% were characterized using the hidden descriptors
for ligands, HD;. Herein, we examined the ability of these ligands to
participate in bimolecular nucleophilic substitution processes type using the
Sn2 Matrix App to compute their HD-Sy2 values. We are aware that the
hidden descriptors for metals were also determined. Nonetheless, because
of the difficulty to compute the energy barriers between those exact metal
fragments and our nucleophiles of references, we did not predict the HD-
Sn2 variables for metal fragments. Therefore, we established correlations
between both sets of HDs: HDgg ¢ and HDp.

We firstly performed linear regressions (LR) between the HDjgg and
HDq ¢ and each of the other HDy,. In a first inspection, correlation is at
most moderate, being the highest R? of 0.782 with HD g and R? of 0.761
with HDyr¢. It is noteworthy, that while we only used the first hidden
descriptor for describing the entering and leaving ability of the nucleophiles,
HDigg and HDqq, respectively, in the M—L analysis we employed five
HDj for characterizing each ligand’s behaviour (HDL(1_5)). This raised
the question of whether the correlation of HD g/ might extend to a few
hidden descriptors of ligands rather than being solely linked to a single
descriptor.

Aiming at finding answers, we explored multilinear regressions between
HDgc and HD1¢ and all the possible combination of the five HDp—5).
We set up a threshold of R? = 0.9 to analyse the contributions of each
hidden descriptor. The best fittings were the following,

HDipg = —0427THDL1 + 0.042HDLo — 0.048HDLs + 0.278
R? =0.903
(4.12.1)
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HD g =1284HDL; —0.280HDL, — 0.022

o o0n1 (4.12.2)

Considering that HDs are normalized, we can assume that the weight
of each HDj, over the HD1gg and HD ;o can be measured with their
coefficients. Their contributions are for the HDypg (water): HDp; 82.6%,
HD;9 8.1% and HD 3 9.1%; and for HD; ;¢ (water): HDy 82.1% and HD
17.9%.

It is clear that HDy is the main parameter in both equations 4.12.1 and
4.12.2 as it can be observed by their % contribution. This is not surprising
because the o-orbitals drive the formation and the breaking of bonds in the
reaction.

Let us focus now on HDy. As it is shown in Equation 4.12.2, HDq7¢
has good correlation with a combination of HDy; and HDjys. This HDjo
describes the 7 effects of the nucleophiles. Therefore, as the first term of the
MLR equation 4.12.2 is positive, to get a small value of HD; s and thus, a
good leaving group, the HDy9 should be also positive. This suggests that
the better leaving group are the ones with a low capability of o donation
and high 7 donating properties. Figure 4.23 displays the distribution of the
chemical species according to their HD;; and HDyo and their color position
details their nucleofuge ability.

In the case of the HD1 g, those values correlate twith a combination of
HDj;1, HD;9 and HDy3. The latter is associated with the cis-contribution
of the chemical species. Considering that all our nucleophiles have a positive
HD;; value, to obtain a good entering group, HDs and HDy3 should be
negative values, i.e. its m acceptor capacity and its cis-influence should be
small. However, here the correlation is worse than in the case of HD1¢ and
in addition, the contribution of HD 3 is almost negligible. The noteworthy
observation is that the descriptors derived from kinetic Sy2@C reactions
are correlated with those resulting from the thermodynamic values of the

bond dissociation energy, but this correlation is not trivial.
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Figure 4.23: Scatter plot of HDy;, HDys and color-coded grid of the HD g
values in water.

4.13 Conclusions

This chapter delved into the application of the hidden descriptor
methodology to bimolecular nucleophilic substitution reactions. In the
first part, we characterized the concerted mechanism of 676 reactions
encompassing twenty-six nucleophiles in implicit water and dichloromethane
solvents. The reactants were categorized either as separated entering groups
and electrophiles, or as adducts. We evaluated the minima of the reactants
by selecting a subset of reactions. Then, their energy barrier values were
computed starting from both the reactants and adducts. The results showed
higher stability of the separate reactants across most of the reactions.
Next, we conducted SVD on the full DFT-AG* matrices, followed by
dimensionality reduction to derive hidden descriptors. A sufficient number
of HDs were chosen based on various factors such as weight, energy, and
chemical concepts. The first hidden descriptor rules over the rest of the HDs

accounting for %90 of the information of our chemical system. Furthermore,
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using only the first HD; derived from the matrix decomposition, the
prediction of activation energy yielded a MAE of 2.0 kcal-mol~!. Therefore,
the HD; was defined as a quantitative measure of the intrinsic reactivity of
a nucleophile that contains three numerical values: HD1gg referring to the
entering group ability, HD7 g denoting the leaving group ability, and HDy
indicating the weight of this hidden descriptor in the matrix decomposition.
The study found that the identity of the leaving group had a higher
influence on the barrier than the identity of the nucleophile. An exhaustive
LR and MLR analysis was performed to unravel the chemical meaning
of variables HDige and HDirg. Unexpectedly, this hidden descriptor
is poorly correlated with magnitudes intuitively associated with frontier
molecular orbitals or solvation descriptors. Instead, it correlates with a
thermodynamic property in the case of the HDq1c and with a geometric
property for HDygq. The performance of MLR did not achieve substantial
improvement of the correlations.

In the second part of the Chapter, upon statistical treatment of the Sy 2-
HD data, we constructed a predictive model to derive hidden descriptors of
out-of-the-sample nucleophiles in two different solvents. The process began
with the selection of the chemical fragments of reference. In water, reference
EGs included Br~, CH3COO~, while LGs encompassed HC(=0)OO™,
TfO~. In dichloromethane, the EG selected were NH3 and CgHy , and the
LGs I7, PH; . Then, we ensured the robustness of the model analysing the
training set performance. We compared the computed 676 AG* values with
the predicted AG; g Values derived from HD,,.4, and the corresponding
equation. The successful comparison yielded R? values exceeding 0.978 for
both water and DCM, and the MAE was roughly 2.0 kcal-mol~!. To further
evaluate the performance of the prediction model, we introduced a test set
comprising four metal complexes and several nucleophiles. Their resulting
HD values were in line with the expected trends. In order to extend the
concept of the HD variable for nucleophiles to the scientific community, we

developed an open-access web application. This model can be accessed at

135



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

Chapter 4. Bimolecular nucleophilic substitution

https://maserasgroup-repo.github.io/sn2app/, and the user can employ it
to predict HDgo and HDqpg of any nucleophile.

Finally, we explored correlations between Sx2-HDs and the HD, to find
some relationships between the thermodynamic and the kinetic parameters.
Our findings revealed that leaving group ability is strongly influenced
by contributions from ¢ and 7 orbitals, while entering group ability is
predominantly governed by the ¢ donation.

Overall, the current work furnished HD wvalues that can aid in
both understanding and forecasting the kinetics of this organic reaction,

ultimately reducing the resources needed for designing chemical processes.
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Chapter 5

AABBA graph kernel

WEell, it should be obvious to even the most dim-witted individual who
holds an advanced degree in hyperbolic topology, that Homer Simpson

has stumbled into... the third dimension

— Professor Frink — The Simpson

5.1 Introduction

This Chapter is part of the project undertaken during my PhD secondment
at the Hylleraas Centre for Quantum Molecular Sciences at the University
of Oslo, under the supervision of Dr. David Balcells. The graph database
used was provided by Hannes Kneiding, along with the preliminary code
for running the neural networks. I developed the AABBA kernel, executed
the code over the dataset, and provided the results of the DNN, which
represent the overall content of this Chapter. The ChemRxiv preprint
contains additional work®? that was not included in this Thesis, which was
conducted by Jgrn Eirik Betten.

So far in this Thesis, we have utilized a reverse engineering approach
to obtain the hidden descriptors. That methodology has leveraged valuable

insights into chemical phenomena. However, the initial acquisition of HD
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involves the computation of a large chemical space varying two variables, i.e.
metal fragment and ligand in HD-BDE, and entering and leaving groups in
HD-Sx2. As mentioned in the Chapters 1 and 2, consistency between data
size, algorithm, and target problem is essential when dealing with data-led
approaches. Therefore, in this last Chapter, we have changed the strategy
to extract chemical descriptors. We no longer created chemical descriptors
from a target property, but we refined a protocol for extracting chemical
characteristics.

At the beginning, it was showed the broad number of available chemical
descriptors that could be used for statistical approaches.  Choosing
the suitable ones requires a trade-off between information content,
dimensionality, and computational requirements. Depending on the
chemical system, we can select precise representations that effectively
capture the relevant chemical information. For instance, SMILES3” encodes
a recognized nomenclature that is successfully employed in the organic
chemistry field.!”3 However, extrapolating this representation to metal
complexes, such as the TMCs, has been proved challenging. Descriptors
that are effective for organic molecules may result unsuitable for inorganic
materials.”

This problem appears in complexes such as Mo(PCys)2(CO)s, which
displays agostic interactions between the metal centre and a remote C—H
bond. When using SMILES notations, this stabilizing interaction will be
disregarded, and consequently, it will not have an impact on the SMILES-
based models. Furthermore, in the case of TMC complexes, where the
bond connectivity is diffuse, the SMILES may not account for the correct
bond structure (Figure 5.1). In this context, SMARTS (SMiles ARbitrary
Target Specification)!? or SELFIES (Self-Referencing Embedded String)!'%
have emerged to overcome certain limitations of SMILES strings. However,
they still remain underdeveloped for TMCs. To fill this void, there has
been a growing interest in graph-based representations in chemistry. The

architecture of molecular graphs was thoroughly explained in Chapter 2.
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Complex hapticity pattern

— SMILES
[Ru(ﬂ31ﬂ3'C1oH16)C/2] B Disregard the trihapticity
CI[Ru]1(C)([C@H](CCCCC1C)C)(ChC
% — Molecul. h
A\ R|u olecular grap |—‘T'l3
\"Z | B Mantain connectivity
Cl patterns
W Contain V, €, and G,
attributes

H atoms ommited

Figure 5.1: Molecular representations of the ruthenium-based catalyst: 2D
drawing, SMILE notation and molecular graph. Hydrogen atoms are omitted for
clarity.

The graphs consider the topology of a compound through the nodes and
edges, further integrating properties through the use of attributes.
Moreover, these representations can be fed directly into Graph Neural
Networks. This ML architecture processes graphs as inputs by loading the
attributes of the scaffold. The use of molecular graphs in GNN has shown

23,72 Nevertheless,

promising success within various chemical applications.
this cutting-edge strategy is computationally expensive. Additionally,
many ML models cannot handle graphs as input. Alternatively, molecular
graphs may be utilized as a tool to incorporate sorted information, that
can eventually be processed and served as inputs of a statistical model.
To achieve this, graph kernel functions are utilised to extract relevant
aspects from the graph as a feature engineering tool. This method
accounts for similarities and differences, reducing the dimensionality of the
representations, while preventing the loss of information. Herein, we have
extended and developed a graph kernel to convert molecular graphs into
fixed-length vectors. These vectors can be used as fingerprints in data-lead

methods, effectively turning 2D graph information into 1D strings.
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Among these kernels, we found the Moreau-Broto autocorrelation, which
was first introduced for its applicability in organic chemoinformatics.'%
This approach is based on walking over the graph to obtain products of
atomic properties. These atomic properties refer to five atomic heuristics:
the atomic number (Z), the covalent radius (R), the electronegativity (x),
the atomic valence (V'), and the identity (I). The algorithm maps the
graph up to a certain depth, tracing the shortest connection between two
autocorrelated atoms. Each atomic attribute provides a product property,
and when aggregated, they constitute the components of a final vector. This
final fixed representation is characterized by the user-selected depth and the
number of properties per atom, v(P,d). Therefore, the extraction of these
product features leverages graph-based descriptors that can be seamlessly
integrated into different ML models.

Kulik et al. have applied this approach to TMCs. They reformulated
the classical autocorrelation function to provide a revised autocorrelation
(RAC) formulation.'%” The authors defined new scopes regarding metal and
ligand moieties, and incorporated additional mathematical operations into
the functions beyond multiplications.

In this Chapter of the Thesis, we aim to reformulate the traditional
Moreau-Broto autocorrelations and evaluate their efficacy in a TMC
dataset. Our goal is to design autocorrelations that go beyond the classical
representation, not only considering atomic products but also bond-bond
and bond-atom (AABBA) correlations. Furthermore, we will also extend
the five heuristic attributes to include geometric and electronic features.
Finally, we will benchmark the performance of this representation within a
Vaska’s complex dataset.!?* A ML model will be fed using the AABBA-
based autocorrelation vectors to predict the energy barriers and bond

distances during the oxidative addition of the dihydrogen molecule.
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Figure 5.2: Scheme of the hydrogenation step of the Vaska’s catalyst.

5.2 Database

Aiming to test the validity of the graph-based kernel, we employed a
collection of 1,947 iridium complexes. These were derived from the structure
of the Vaska’s complex, [Ir(PPh3)2(CO)(Cl)], and used in the study of the
Hs-activation process (Figure 5.2). The compound scaffold contains one
The set of

ligands encompasses diverse o donor, o/m donor, and ¢ donor/7w acceptor

iridium metal with four ligands in a square planar manner.

species. Further computational details and curation properties of the set
are found in Chem. Sci., 2020, 11, 4584-4601.

This transformation, as previously mentioned in Chapter 3, is highly
employed in the hydrogenation stage leading to a stable molecular
dihydride.'®® Thus, the dataset comprises 1,947 iridium-based compounds,
along with computed results for their respective transition states in the
oxidative addition of molecular hydrogen. This includes information about
the energy barrier and the bond distance for breaking H—H.

In this work, we pursue to evaluate the performance of the vectors
derived from the graph kernel, therefore, it was required to build the
molecular graphs. These were downstreamed by Kneiding using the
Hylleraas deep graph learning (HyDGL) program.!”® Here, the graph
skeleton is provided by natural bond orbital theory, and second-order

200

perturbation analysis (SOPA), avoiding the bias of using manual
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descriptions. These orbital-based topologies are defined as natural quantum
graphs (NatQG). The implementation can account for interactions that

201 or complex denticity partners

may be crucial in catalytic procedures,
(vida supra). Following the drawing of the undirected NatQGs (u-NatQG),
they are equipped with G, V, and £ attributes. These graphs fall into two
categories based on the origin of their properties: generic or NBO electronic

properties.

5.2.1 Generic properties

We already mentioned the atomic generic properties (Pj):
Py = {ézalalc }37Xd} (5'2‘1)

They are founded on tabulated constant values and are not derived from
electronic calculations. Along this Chapter, we have referred to them as
generic or periodic properties interchangeably. They provide information
about the uniqueness of the atom (Z), the shape of the TMC (), the number
of bonds connected to an atom (V'), the volume (R), and their electronic
behaviour (x). The identity property may be regarded as an obscure
parameter, yet, it only takes the values of 0 or 1. It indicates whether a
node is present or absent at any given depth. Moreover, bond polarization
can be calculated from the difference between the electronegativities of the
atoms. Overall, this ensemble of properties offers insight into the chemical
constitution and environment.

The following properties correspond to the bond generic attributes (Pg):

Pg={BO,I,BD} (5.2.2)

where, BO is the Wiberg-based natural bond rounded order, I is the

identity, in this case for the bond existence, and BD is the bond distance

in A.
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5.2.2 NBO properties

The second category of graphs is characterized by its NBO electronic
attributes. This compendium of NBO properties is obtained through NBO
analysis, and the complete set of properties can be found in the Appendix
C, specifically in Tables C.1 and C.2. This collection of NBO properties
encompasses electronic attributes, such as the natural charge of the atom
(gNat), the electronic occupancies of the s, p, d orbitals, (Ng, Np, N,
respectively), or the character of the bonding NBOs (BNy, BN,, BNy).
The number of properties is higher for the NBO set than for the GP group,
|Pagp| =5, |Ppgp| =3, and |Panpo| = 19, |[Ps nBo| = 16.

5.2.3 Whole-graph properties

Besides the periodic and NBO properties, each G is characterized by four
global properties, Pg. The set includes the charge of the metal complex (q),
its molecular mass (M), and the total number of atoms (N 4;) and electrons
(Ne).

5.3 ABBA Kernel

This work focused on the development of the graph kernel called
atom-atom, bond-bond, and bond-atom autocorrelation (AABBA-AC).
This autocorrelation function (fac) yields a fixed-length vector (vac) for
any molecular graph G, regardless of its size. This transformation is
considered a compression operation, since the dimension of v4¢ is generally
smaller than the G, given a molecular fingerprint. In this context, two
different flavours have been proposed: AABBA(I) and AABBA(II). Further
details of each function are detailed below, and the code to perform them
is accessible at https://github.com/lmoranglez/AABBA.

Before, delving deep into the formulation, two main concepts must be
addressed: the depth and the origin of the AC. The depth (d) refers to
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Figure 5.3: Path to reach the maximum metal-centered depth for the molecular
graph: the path connects the metal index with the furthest atomic node (A).
Histogram plot of the distribution of the maximum depth per molecular graph in
the Vaska’s dataset (B).

the minimum number of edges connecting two nodes. In the case, of the
bond-bond AC (BB-AC), this applies to the minimum number of nodes
connecting two edges. In this walk, one of the nodes (or edges), i, is the
origin, thus, it is located at d; = 0, and the path finishes in a target node
(or edge) set at the specified depth (d;j = d; ;). The maximum depth (D)
denotes the necessary number of jumps to cover all the nodes (or edges) of
the G. Therefore, the path starts in the origin index and goes to a target
index.

Figure 5.3 shows a walk over the G. Starting from the red node (d = 0)
and proceeding stepwise through the nodes to finish in the dot at d = 5.
In this case, D is equal to 5. When we apply the autocorrelation functions,
two scenarios are possible: (i) to fix the origin center in the metal, which
is trivial, since the dataset contains mononuclear metal complexes; or (ii)
to apply the AC function recursively while fixing all the nodes (or edges)
of the G at d = 0 once. The first approach is metal-centered (MC) AC,
and the second is referred to as full (F) ACs. From a chemical perspective,
the former method is preferable for better interpretability. Initiating the

analysis from the metal centre simplifies the extraction of chemical insights
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from the prediction models. For further details, see the full set of equations

below.

5.3.1 Atom-Atom autocorrelations

The first method encompasses the traditional Moreau-Broto
autocorrelation. We denoted this as atom-atom autocorrelation (AA-AC)
(Figure 5.4, and to compute v44, the following autocorrelation function

must be applied.

Ng Ng

fac(Ng,p,d) = ZZpipj(Sd,di,j (5.3.1)

i=1 j=1

where Ng is the number of atomic nodes in the molecular graph, p is
an atomic property, d is the depth, 7 and j are the atomic indices, and d; ;
is the shortest path connecting the node j from i. The last term, dq,4, ;, is
the Kronecker delta, which is defined as 044, ; = 1 for d = d; ;, and 0 for
d#d; ;.

Upon application of Equation 5.3.1, the properties of the atoms ¢ and j,
which are separated at a given d, are then correlated by multiplication. The
results constitute the elements of the final v44 vector. The fac¢ is applied
to a property and at a specific depth. Yet, it is important to note that the
resulting v4¢ is accumulative, meaning that it incorporates all the depths

up to the specified value of d. In the Equation 5.3.2 the d is equal to D.

vaa(D) = (fac(d =0), fac(d=1),..., fac(d = D)) (5.3.2)

Furthermore, as explained in Section 5.2, each component of the
molecular graph contains a group of properties. Thus, the fac may be
executed as many times as, in this case, total atomic properties (K)
are. Combining both concepts, the accumulative depth and the different

properties, the resulting va4 vector is built as below,
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Figure 5.4: Definition of metal-centered depth approaches in AABBA kernel:
atom-atom, bond-bond, and bond-atom autocorrelations. Hydrogen atoms and
nodes are omitted for clarity.
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AA-AC vector at depth=1 with generic properties

Ir-based graph Atom-atom AC

®Ir [ I

777 Z:15 . ZirZ1r = 5929
1:2.2 1:2.19 Equations under = 7z, 7.+ 27, Zp + Z1.Zc1 = 4081
R:1.41 R:1.07 the hood VirVir = 25
Vo V4 Vi Ve + 2Vi, Vp + Vi, Ve = 65
° eC
717 76
316 X:‘j.ﬂﬁ vaa = {Zo,Z1,10,11 ,Vo.V1,Ro,R1, %o, %1}
R:1.027 | R:0.73 vaa = {5929,4081,1,4,25,65,4.84,22.09,1.99,5.48 }
Vil V:i4

Figure 5.5: Practical example of calculating the metal-centered v 4 of the Ir-
based graph with depth equal to 1.

vAA(Pa, D) = (fac(Pa1,d =0),...,

fac(Pay,d = D),...fac(Pax,d=0),..., fac(Pax,d = D))
(5.3.3)

An interesting aspect of the graph kernel is that leverages fixed-length
vectors, which can be seamlessly integrated into machine learning models.

The following Equation 5.3.4 provides the maximum dimension of the vector

VAA-

dim(vaa) = (D+1) x K (5.3.4)

Figure 5.5 provides an illustrative example of generating a v44 with a

depth equal to 1, containing all the generic atomic properties. Within it,
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the equation below must be solved.

vaa(Pa,d=1) = (fac(Z,d=0), fac(Z,d =1), fac(I,d = 0)
facI,d =1), fac(V,d =0), fac(V,d = 1),
fac(R,d=0), fac(R,d=1), fac(x,d =0), fac(x,d =1))
= (Zo, Z1, 1o, 11, Vo, V1, Ro, R1, X0, x1)

(5.3.5)

The final vector is formed by five properties at a depth of 1, therefore,
dim(vaa) = (1+1) x 5 =10.

In addition, as mentioned before, the origin of the equations can vary to
perform F or MC autocorrelations. In the case of the full autocorrelation
(Equation 5.3.1), the vector derived from each origin node ¢ of a given depth,
va4(i,d) is summed with the vectors resulting from other origin nodes i’ at

the same depth, thus,
UAA(d) = UAA(i, d) + UAA(iI, d) + ...+ UAA(Ni7 d) (5.3.6)

where NN; denotes the total number of nodes at a determined depth.
Whereas in the MC equations, the index ¢ of Equation 5.3.1 is always the

metal center M.

Ng
fac(Ng,p,d) = pup;idady, (5.3.7)

j=1
The final aspect to consider in the AC functions is the mathematical
operation. In the first implementation of the autocorrelations, the
properties were only correlating via a multiplication (©).!%6 Herein, we
expanded the equations to consider different arithmetic procedures: division
as ratiometric function, @ (Equation 5.3.8), summation as summetric

function, @ (Equation 5.3.9), and subtraction as deltametric function, ©
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(Equation 5.3.10) autocorrelations.

Ng Ng

fac(Ng,p,d) = &5d,di7j (5.3.8)
i=1 j=11%7

Ng Ng

fac(Ng,p,d) ZZ pi +D;j)ddd; (5.3.9)
=1 j=1
Ng Ng

fac(Ng,p.d) = > "(pi — pj)daa,,, (5.3.10)
=1 j=1

5.3.2 Bond-Bond autocorrelations

The reactivity pattern is primarily governed by the atomic nature of
the compounds. As a result, atomic properties will be closely linked to
these transformations. Nevertheless, it is important not to overlook bond
properties, as they can also furnish valuable insights for predicting reactions.
Inspired by this argument and the donor-acceptor interactions between bond
orbitals in NBO, we extended the classical AC concept to develop the bond-
bond autocorrelations (BB-AC) (Figure 5.4). The autocorrelation function
can be performed in the same fashion as for the AA-AC (Equation 5.3.1).
Nevertheless, in this context, the correlated features are bond properties
providing the vpp vector. Additionally, the Ng is redefined to the number
of bonds in the molecular graph, p is referred to a bond property, and
and j are bond indices. The depth is referred to as the shortest distance,
in number of atoms, connecting two bonds ¢ and j.

As the number of properties is different in atoms or bonds, the Equation

5.3.11 to determine the vector dimensionality is also different.

dim(vE8) = (D +1) x L (5.3.11)

being L the number of bond properties. Thus, to derive the vgp with

the same conditions as before (d = 1) and GP properties as in Equation
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o~ -y Metal-centered in BB-AC .~ S0

|
definition ofthe + = '\ g I =
edge origin ' | \ -G
eo ={&o,1,€0,2,€0,3, 0,4} .~ v

O metal index 5(), 1

Figure 5.6: Definition of the edge origin ey (red ellipse) in the metal-centered
BB-AC autocorrelation. The dotted-line black circle comprises the metal center
and the bonds connected to it.

5.3.5), the formula to be applied is the following,

vpp(Pp,d=1) = (fac(BO,d = 0), fac(BO,d = 1), fac(I,d = 0)
fac,d=1), fac(BD,d =0), fac(BD,d = 1),
= (BO7B17IO7I17BD[),BD1)

The resulting vpp formed with three properties at d = 1 has a dimension
of 6.

In the full BB-AC, the reinterpreted Equation 5.3.1 is conducted defining
all bonds at the origin once. However, it is difficult to transfer the metal-
center approach into the BB-AC. Here, there is not a unique bond that
dominates over the rest. Thus, we need to reformulate the strategy in the
metal-centered BB-AC. In this implementation, the origin is defined by the
several bonds connecting the metal center to the ligands, the metal-ligand
bonds.

Figure 5.6 illustrates the definition of the edge origin (ep). To do so, the
index of the metal serves as a means to identify the bonds associated with it.
These labelled bonds are the edges at d = 0, and as a whole, they form the
edge origin eq, i.e. eg = {€0,1,02; .., £0,cN }, where C'N is the coordination

number of the metal center. The next step to be addressed is the definition of
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the properties associated with the edge origin, p.,. Two different strategies

have been implemented: either (i) averaging the properties of the edge set,

ZPEOz

Deg (CN,p) = CN (5.3.12)
(ii) or summing them up to create a super bond:
Peo (CN,p Zpeol (5.3.13)

Once the edge origin and its properties are defined, the metal-centered

bond-bond autocorrelation is calculated with this function:

Ng
fac(Ng,p,d) = Peypjda.,, (5.3.14)

j=1
This AC function is denoted as BB-AC or BB-AC, depending on whether
Pe, is equal to p,, or pe,, respectively. It is remarkable that, although the
approach to handling the properties of the first bond sphere varies, the
properties themselves remain constant. Consequently, substantial changes

are not expected.

5.3.3 Bond-Atom autocorrelations

The last implementation within the AABBA(I) model is the bond-atom
autocorrelation (BA-AC). This method relies on the concepts of the
message-passing in GNNs, where neighbouring nodes or edges exchange
information and influence each other’s updated embeddings. It also draws
from NBO analysis, where localized and bond orbitals interact with each
other. In this context, an atom is set as the origin d = 0, and the AABBA
graph walks from there to over the edges of the G (Figure 5.4). Equation
5.3.15 defines the BA-AC function.
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Ng,v Ng.e

fac(Ngy, Ngg,p.d) = > > pipidaa,, (5.3.15)
i=1 j=1

where Ngy refers to atomic nodes and Ngg¢ to bond edges, ¢ and j
correspond to the indices of the atom and bond, respectively, ad thus, the p
denotes the corresponding properties of each. The term d; ; is the shortest
path in nodes between the node ¢ and the edge j. For the metal-centered
BA-AC, the equation that leverages the vp 4 is analogous to Equation 5.3.15.
However, in this case, the node i always corresponds to the metal center M.

At first glance, it may seem challenging to correlate these two
sets of properties, given their different dimensionality. @ We designed
Equation 5.3.16, with the specified arithmetic operation, to obtain the

autocorrelations between bonds and atoms.

L
pipj = Zpipj,l (5.3.16)
=1

In this context, ¢ and j are the indices of the origin node and the edges,
respectively, and L is the number of bond properties. To account for the
shape of the vp 4 is necessary to apply again Equation 5.3.4. In this method,

to obtain the vp4 at depth 0, involves computing the following array,

vpa(d =0) = Zy + Ty + Iy + Sh + Xo (5.3.17)

The derivation of this vpa(d = 0) is explained below, where Each

element in this array has undergone prior processing.
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fac(Z,d=0)= ZyBy+ Zoly + ZoBDy = Z),

fac(T,d =0) = TyBy+ Tolo + ToBDy = T(/)

fac(I,d=0) = IoBo+ Iolo + IoBDo = I (5.3.18)
fac(S,d =0)= SoBo+ Soly + SoBDg = S|,

fac(x,d =0) = x0Bo+ xolo + xoBDo = X

UBA = {Z(/)aZiaI(l)u-[ia‘/O/)‘/vllaRIO) /17X65X/1}

(5.3.19)
vpa = {5929,4081,1,4,25,65,4.84,22.09,1.99, 5, 48}

5.3.4 Autocorrelation ensemble - AABBA(I) and
AABBA(II)

At that point, we developed autocorrelation functions to relate atomic
and bond properties, both independently and crossing the terms. Aiming
to obtain a comprehensive representation of the molecular graph, and
thus, of the metal complex, we formulated a generalized feature vector,
denoted as vaappa. We yielded this vector following two strategies:
AABBA(I)-AC and AABBA(II)-AC. The former compilates the previously
defined autocorrelations, including AA-AC, BB-AC and BA-AC, join their

outcomes and generate the vl , 554 (Equation 5.3.20).

VhABBA = VaA ® V55 ©UBA (5.3.20)

This novel vector has significantly increased its dimensionality with
respect to the previous implementations, as demonstrated in Equation

5.3.21.

dim(vhappa) = (D+1) x (2K + L) (5.3.21)
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Here, D is maximum depth, K is the number of atomic properties, L,
the number of bond properties. As discussed thoroughly in the Thesis,
a higher amount of dimensionality leads to a greater characterization of
the molecule. However, it is worth mentioning that this practice comes at a
higher computational cost and may potentially saturate the models in which
these vectors are employed.

The second strategy, AABBA(II), relies on a sort of manually data
comprehension. In this context, we selected the edges of the graph to extract
information about both the bond and the atoms that constitute them. Thus,
we obtain a combination of atomic and bond properties, Pap in the feature
vector. In total, new five sets of P4p were obtained to describe each edge of
the molecular graph. Within the generic properties, we found Pap 1, Pap,2
and Psp 3 (Equation 5.3.22).

PAB,I = {ZquaVtLa%aszX]’BD?BO’I},M:9
PAB,2 = {Zlvzja‘/;a‘/;aXZ_XjaBD7B07]}7M:8 (5322)
PAB,3 = {ZquthLa‘/jaXZ_X]aRzaRjaBO>I}7M:9

The indices ¢ and j denote each atomic index forming the edge &; ;. The
three groups of properties contain the atomic number, and the valence of
each of the atoms belonging to the bonds, together with the bond distance
and the bond identity. Furthermore, the first set, P4p 1, also includes the
electronegativity of each of the atoms of the bond, x; and x;, and the bond
order. Within the Psap2 and P4p 3, we included the bond polarity via the
difference in electronegativity of the atoms, x; — x;. In addition, Pap»
contains the bond distance parameter, while the P4p 3 accounts for the
dimensionality of the bond by including the covalent radius of each of the
binding atoms. It is worth mentioning that the last group of GP properties
does not hold any computed property; all of the parameters are tabulated
constants.

We have additionally defined two sets of P4p based on NBO properties.
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Pap.a = {anati> ANat,j> VNat,ir VNat,js Nejis Nsj, Npir Npj, Nai» Naj, NLpjis
Nrpj, Novi, Nov,j, BD, BONat, NgN, BNs, BNy, BNg, Npn+,
BN, BN}, BNj,T}; M = 25

Paps = {anati> ANat,j> VNat,ir VNat,j» Nopi, Nopj, LPE i, LPg j, LPAR,,
LPAgj, Nrv,i, Npv,j, LVE i, LVE j, LVAE:, LVAE,j, BD, BOpgt,
Npn,BNg, BNap, Ngn+, BN, BNAg, I[}; M = 25

Concerning the Pap4 and P4ps collections, they shared the natural
charge and valence properties. For the rest of the properties, whereas Pap 4
primarily encompasses properties related to orbital symmetry behaviour,
Psp,5 mainly characterizes the orbital energy information.

These groups of properties characterize each bond, thus, these will
be the autocorrelated properties during the execution of AABBA(II)
kernel. To clarify, when applying AABBA(II), we focus on the bond-bond
autocorrelation mapping. When applying metal-centered approach P, is

equal to p,,. Lastly, the dimensionality of the resulting vector, vl{{A BBA 1S

dim(wigpa) = (D+1) x M (5.3.23)

In this Equation, M is the number of properties of each P4p, set and
n = 1,2,3,4,5. In this variation of AABBA, the global information of
the molecule is condensed in a reduced UAIAB pa- For instance, if we set a
d = 3, using generic properties, and we employed the AABBA(I) version, the
dim (vl 45p.4) is equal to (3+1) x (2-5+3) = 52. Instead, using AABBA(II),
the total number of elements in UAIABBA is 36 for P4p,1 and Pyp3; and 32
for Pap2. Therefore, AABBA kernel offers two distinct approaches for
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Figure 5.7: Scatter plots of the dimensionality of the vectors derived from the
autocorrelation functions for the generic properties (left) and for the NBO-based
properties (right).

combining the autocorrelated properties of atoms and bonds, known as the
explicit, AABBA(I), and implicit modes, AABBA(II).

5.3.5 Dimensionality overview

In previous sections, we detailed the equations to calculate the
dimensionality of the autocorrelation vectors. Figure 5.7 depicts a visual
summary of how the number of autocorrelated features increases linearly
as we delve deeper into the walk. In addition to the vector size, the time
required to generate these vectors may vary significantly among the different

AC functions, as well as the dataset’s regime.

5.3.6 Computational implementation

After thoroughly discussed the theoretical framework of the AABBA graph
kernel, some additional details will be provided on how the model is coded.
This tool is an open-source code written in Python, which is capable of
processing u-NatQGs to get the corresponding fixed-length autocorrelation
vector. The code is built using the NetworkX?%? and Numpy’® libraries.
It can be found at https://github.com/Imoranglez/AABBA, and it is
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organized into the following scripts:

e graph_info.py - read the chemical graph and extract a dictionary
with the node and edge indices at specified depths. It also contains
the property labels.

e ac_functions.py - perform autocorrelation functions.
e utilities.py - tools for manipulating and saving the data.

e ac_multithread.py - parallel implementation to perform the

autocorrelation functions.

The code is designed in a functional manner, thus allowing the user to
use the code according to the given problem. Revised graphs with other
non-defined properties are easily implemented to address autocorrelation

functions in other mononuclear TMCs. It can be transferred easily.

5.4 Neural network models

Upon performing the autocorrelations on the Vaska’s dataset, we leveraged
a set of vectors for each sample containing both periodic and NBO
autocorrelated features. This process was executed for each of the
mathematical operations mentioned previously (as outlined in Equations
5.3.7, 5.3.8, 5.3.9, and 5.3.10). To evaluate the effectiveness of these
new chemical descriptors, we conducted predictive experiments with neural
networks. The target properties were the energy barrier and H—H distance
during the oxidative addition of Hs within Ir-based complexes. The NNs
contain a multilayer perception architecture where the hyperparameters
were set manually based on previous work. We defined two hidden layers
consisting of 128 nodes each, ReLLU as the activation function, and Adam
optimizer to minimize the MSE loss function. The dataset was randomly

split into train, validation, and test sets at a ratio of 80:10:10 using a seed
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of 2022. This seed is maintained during the evaluation process. However,
the randomness of the model comes from the weight initialization. Thus,
we repeated each training ten times providing the average mean absolute
errors, and the 95% of confidence level. Moreover, we also highlighted the
best outcome within each training set. We employed batch training, with a
batch size of 32 for 200 epochs. The learning rate (Ir) was initialized at 0.01,
and it dynamically changes according to ReduceLROnPlateau scheduler of
PyTorch library.”® Here, the validation error is assessed, and in case it does
not change during five consecutive epochs (patience), the Ir is reduced by
a factor of 0.7, as Irypdatea = 0.7lr. Therefore, after each optimization, the
training with the highest validation accuracy was evaluated over the test
set. The performance metrics provided in the Thesis are the errors during
the test stage. It is worth mentioning that upon the NN training model,
data was subjected to standardization. To do so, we computed the mean,

Utrain, and the standard deviation, oypqin, of the training set.

Xstd,train = (Xtrain - Ntrain)/atrain (541)

To prevent data leakage, we transferred the ptrqin and oirgin to the
validation and test sets. Furthermore, if a property has the same value
across all samples, it was removed from the feature vector as it did not
contribute meaningful information to the model. We conducted numerous
NN trainings, but for the sake of simplicity and considering the benchmark
aim of this project, we only highlighted some relevant outcomes. The results
in the following sections correspond to inputs derived from metal-centered

functions with a depth of 3, unless otherwise stated.

5.4.1 Energy barrier prediction

In the first attempt, we explored the regression prediction ability of the
vectors with the energy barrier. Figure 5.8 shows the distribution of the

energy barrier in our dataset. The range of values is distributed among the
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Figure 5.8: Distributions of energy barriers (in kcal-mol™!) during the neural
network training process.

three data clusters.

All results are collected in the Appendix C. In previous
publication, authors employed the Moreau-Broto AA-AC, with different
hyperparameters and another Python library, achieving after an in-depth
search, a minimum MAE of 1.12 kcal-mol~!.12* In this study, we conducted
a hierarchical testing of the input vectors, progressively increasing their
complexity in terms of information and depth. Thus, we started by defining
a metal-centered origin vector with a maximum depth of three. A general
overview of the outcomes is depicted in Figure 5.9.

We started our analysis with the traditional autocorrelation with
generic properties, AA-AC, where the best-reached outcome was a MAE
of 1.16 kcal'mol™! (entry 1 in Table C.3). Then, we tested the novel
autocorrelations that include bond properties. Figure 5.9 shows a poorer
prediction when using BB-, BB-, and BA-AC approaches, being BA-AC
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Figure 5.9: Mean absolute error (MAE) (in kcal-mol~!) in the prediction of the
energy barrier using vectors derived from autocorrelation functions (top). Mean
absolute error (in kcal-‘mol™!) and R? in function of a given depth using the
ABBA(I)npgo (left-bottom) and ABBA(II), autocorrelations (right-bottom).
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the worst of all the methods tested so far. The results suggest that
autocorrelated bond properties are less effective molecular representations
than classical AC in this task.  Furthermore, a decrease in vector
dimensionality, such as dim(vaa) = 18 to dim(vgg) = 10, can lead to
reduced prediction accuracy. Furthermore, the average bond, BB-AC,
outperformed the superbond approach, and thus, the former will be selected
for concatenation purposes in metal-centered ACs. To sum up, none of
the isolated kernels achieved better results than the previously attained
ones. Later, we concatenated all the derived vectors, vaa, vgg, vBA,
within the defined AABBA(I)-AC. This global molecular representation
yielded a minimum MAE of 0.86 kcal-mol~! (fifth bar in Figure 5.9). This
result was a hit as its MAE is below 1 kcal-mol™!, and outperformed the
reported attempts. This implementation represents a 26 % decrease in error
compared to the first model (AA-AC).

We mainly focus on the product autocorrelation, but there are
alternative arithmetic operations. In this regard, we thought about
properties that represent key chemical concepts. For instance, the polarity
of the bond is the difference in electronegativities between the binding
atoms, thus, a deltametric function will be suitable for the x property.
Moreover, we also proposed the ratiometric function for the covalent radius,
since it is related to the relative atomic size. Models 6 and 7 of Table
C.3 show that these fine-grained settings do not improve the forecast
performance.

The subsequent refinement in the complexity of the model is the
application of NBO properties. We exploited the AABBA(I) kernel with
Pnpo leveraging results (Figure 5.9) that outperformed the GP-based
predictions reaching a maximum accuracy of 0.85 kcal-mol™', in the
prediction, and R? of 0.913. This outcome is enhanced with the replacement
of the metal-center functions by the full autocorrelations achieving a MAE
of 0.76 kcal-mol™! (model 9 in Table C.3). In light of the results, we

attempted to enhance the accuracy of the full autocorrelation at d = 3 by
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Figure 5.10: Pair plots depicting the correlation between the DFT-calculated and
NN-predicted energy barrier (AE*) within the Vaska’s dataset. Data points follow
the color-coded: e training, e test sets.

concatenation the whole-graph properties. The outcome was only slightly
improved (model 13 in Table C.3). This model achieved the best outcome
within all the numerical experiments and its prediction ability is shown in
Figure 5.10. We examined the robustness of the most accurate ML model.
To do so, we repeated ten times the training of model using different random
training:validation:test split. The results were aligned with the expectations
to further confirm their reliability. At that point, it is important to remark
that MC approaches are preferred for the sake of interpretability. It is easier
to rationalize the impact of the properties according to the distance to the
metal index, e.g. proximal, middle, or distance effects.

Therefore, we focused on the impact of increasing the depth of the
molecular fingerprint from 3 to 6 in the metal-centered AABBA(I)npo
implementation. The left-bottom plot in Figure 5.9 provided an overview
of the results, where all the models achieved averaged results of roughly

0.90 kcal-mol~!. The best performance was found at a depth equal to 6
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yielding a MAE of 0.84 kcal-mol~! and a R? of 0.918 (model 12 in Table
C.3). However, this increment of the depth did not significantly improve
the prediction performance.

Lastly, we turned our attention to the AABBA(II) kernel. As mentioned
in Section 5.3.4, each of the five sets encompassed either generic or NBO
features. The MAE is less than 1.00 kcal-mol™! when applying all these
strategies (Figure 5.9). In the case of the GP, the concatenation-based
AABBA(I) remained giving the lowest MAE compared to AABBA(II);,
AABBA(II); and AABBA(II)s. In contrast, within the NBO frame,
the compressed global-NBO metal-centered AABBA(II)4 attained the best
results within the set. In particular, the lowest average MAE was reached at
d =5 and d = 6 (right-bottom plot of Figure 5.9). The highest performance
of this collection of metal-centered numerical experiments was attained at
a depth equal to 5 with a MAE of 0.81 kcal-mol~! (entry 21 in Table C.3).

Upon a thorough examination of Table C.3, we observed that the best
accuracy was attained with the full AABBA(I)ypo-AC. Its derived input
vector contains a dim(UAABBANBO) of 227 elements. On the other hand,
a slightly reduced accuracy was observed with MC-AABBA(II)4-AC with
a dz’m(v%ABBAAI) of 129. This implies a reduction of 42 % of the features.
In addition, this latter approach is beneficial in terms of elapsed time and
comprehensibility.

We could conclude after an in-depth analysis, that the AE* parameter
is mostly related and thus, accurately reproduced with global electronic

features.

5.4.2 H-H bond distance prediction

In exploring the H—H distance during the transition state, we also plotted
the dataset based on the training split, as shown in Figure 5.11.

We started to run numerical experiments with the baseline approach:
metal-centered at a depth of 3 with generic properties. We also depicted the

average prediction ability using different inputs with the earlier mentioned
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Figure 5.11: Distributions of H — H distance in A during the neural network
training process.

parameters and diverse properties, accordingly (Figure 5.12).

Regarding the simplified approaches, AA-, BB-, BB-, BA-AC, we
noticed that the first three functions yielded comparable accuracies, i.e.
their MAEs range from 2.30-1072 to 2.38-1072 A (Table C.4). Unlike the
barrier prediction (Table C.3), where the classical AA-AC exhibited the
best outcome among these kernels, here, the BB-AC obtained the highest
performance within this set achieving a MAE of 2.09-10~2 A. The BA-AC
was also tested but displayed poorer efficiency. Consequently, we confirmed
the expected hypothesis that bond properties are crucial in the prediction
model of the bond distances. It is worth mentioning that the models exhibit
lower accuracy in terms of R? for the d(H — H) values when compared to
the predictions for the energy barriers (Tables C.3 and C.4).

Following the same procedure as in the energy barrier experiment,

we built the comprehensive vector by concatenating all the individual
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Figure 5.12: Mean absolute error (MAE) in 10~2A in the prediction of the H—H
distance using different vectors derived from autocorrelation functions (top). Mean
absolute error and R? in function of the given depth applying the ABBA(II)3 (left-
bottom) and ABBA(I) ypo autocorrelations (right-bottom).
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approaches. This implementation involves a reduction of the MAE with
respect to the BB-AC by 12 % (model 27 in Table C.4). The performance
with the full AC for AABBA(I) was unsuccessful, leading to a poorer
prediction ability compared to the metal-centered approach (model 28 in
Table C.4). Inspired by earlier experiments, we also fined-tuning the
product of the electronegativity and the covalent radius by their deltametric
and ratiometric functions, respectively. For the first replacement, we
achieved a prediction with a MAE of 1.87-1072 A. Therefore, the bond
polarity plays a crucial part in predicting the bond distance. While for the
relative size, the performance was not significantly improved compared to
the original AABBA(I)-AC.

To further analyse the impact of the properties, numerical experiments
were conducted using electronic features. We observed that the models’
accuracy diminished with the use of NBO in comparison to periodic
properties. This behaviour is opposed to the one found in the AFE?
prediction. For instance, the ABBA(I)-AC approach with NBO properties
provided a MAE 10.4 % higher compared to its periodic analogous. The
bar plot presented in Figure 5.12 shows a lower MAE for the GP-based
approaches, contrasted with the last three bars founded on NBO properties.
Aiming to enhance the NBO-informed forecasting, we investigated NNs by
shifting the depth from 3 to 6 in ABBA(I)ypo (as depicted in the left-
bottom plot of Figure 5.12). Despite the rise in vector dimensionality, the
performance remained almost unchanged across the different depths.

Delving into the customized atomic-bond property vectors, we found
that GP features outperformed electronic ones, as shown by the
AABBA(II),, bars in Figure 5.12. Figure 5.13 displays the most accurate
model driven by the AABBA(II)3-AC with a MAE of 1.72-10~2 A, which
encompasses generic properties (entry 40 in Table C.4). Interestingly, the
P4p 3 set contains the polarity of the bond and the covalent radius of each
of the atoms forming the bond. Therefore, the UIIL&IBB A3 lacks the bond

distance feature, being a geometric-agnostic approach.
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Figure 5.13: Pair plots depicting the correlation between the DFT-calculated and
NN-predicted distance (d(H—H)) within the Vaska’s dataset. Data points follow
the color-coded: e training, e test sets.

Endeavours to further minimize the MAE were collected in the left-
bottom plot of Figure 5.12 increasing the depth of the input vectors. In this
regard, the profoundness increment did not yield more accurate results.
Finally, we repeated ten times the training process of the most accurate
model using random splits. The model’s robustness was confirmed as the
results align with those previously obtained.

To conclude, the distance between the hydrogen atoms is largely affected
by the generic properties in a local environment rather than global electronic

effects.

5.5 Conclusions

This Chapter focused on the development and application of the graph
kernel. This tool extracts information from molecular graphs to derive

molecular vector representations. Our approach involves the introduction
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of the atom—-atom, bond-bond and bond-atom autocorrelations. These
functions gather generic and electronic properties of both atoms and bonds,
and encode them in autocorrelation vectors. The concatenation of these
autocorrelations establishes the AABBA(I)-kernel. Our implementation
leverages vectors containing correlated properties of a chemical compound.
On the other hand, we also created the AABBA(II) variant. It involves a
fusion of atomic and bond characteristics for correlation. Here, tracing a
path over the edges of the molecular graph serves to derive the atom-bond
features. This approach diminishes the vector size by concentrating on a
limited number of properties. The code for employing the AABBA kernel
is available on GitHub,?3. It is organized into individual functions, which
ensures modularity and customization.

The AABBA kernel was applied in the generation of the vectors
for Vaska’s database, which contains 1,947 molecular graphs. Thus, we
derived all possible vectors for each of the iridium-based graphs. The
prediction ability of the vectors was evaluated in the prediction of the
energy barrier and H-H bond distance during the catalysed oxidative
addition of Hs. To carry out this task, a multilayer perceptron with two
hidden layers was employed. We provided a review of the performance
of various autocorrelation vectors in a consistent manner: starting from
the simplest approaches to the most complex vectors. The predictions
with the extended BB- and BA-AC autocorrelations yielded outcomes that
align with the ones provided by the traditional AA-AC. This indicates that
the introduction of bond properties is beneficial for regression prediction
tasks. In addition, the models’ accuracy was significantly enhanced
by introducing a comprehensive molecular graph descriptor using either
AABBA(I) or AABBAC(II) strategies, resulting in the best performance
to date. Interestingly, the two AABBA flavours provide similar errors.
In the case of the energy barrier predictions the vi Appa 1s slightly
superior than UAIA BpA» Whereas for the distance bond forecast,s the vﬁIA BBA

representation outperformed the U,Iax appa- This finding is unexpected as the
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dimensionality of the vi ABBA is much higher than the UIQIA BBA> Showing the
potential benefits of dimensionality reduction in this context. Particularly,
in the prediction of the energy barrier, global electronic properties highly
influenced the accuracy of the design. The best model within the set is
achieved by using the full AABBA(I) with NBO properties combined with
the entire properties of the graph. On the other hand, the bond distance
between the hydrogen atoms is effectively predicted using generic properties.
Specifically, the metal-centered AABBA3(II) with a depth of 3, provided
the most successful outcome. Notably, this last implementation does not
contain any geometrical features.

In summary, this work presents a novel methodology for extracting
molecular graph features, and utilizing the resulting vector in machine
learning models, without losing information that may impact prediction

accuracy.
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Conclusions

Everything’s coming up Milhouse!

— Milhouse Van Houten — The Simpson

This Thesis introduces novel descriptors aimed at enhancing our
understanding of chemical processes.

In Chapter 3, we set up a free-to-access web application, BDE Matriz
App and we used it to study two classes of ligands: N-heterocyclic carbenes
(NHC) and monohapto dihydrogen. In the first example, we calculated
the BDE between NHCs and five metal fragments of reference to derive
the HDs of the NHC ligands. We observed that these descriptors identify
electronic patterns within the NHC families. The HDj;; was claimed as a
suitable descriptor to account for ¢ donation, and a global picture of the
NHC compared with other ligands was provided. In the second example,
the formation of stable L, M(n!'-Hz) complexes with various metal fragments
was investigated. The generation of the HDs using the BDE Matriz App,
and its subsequent evaluation, revealed that none of the metal fragments
proposed are suitable for monohapto binding.

Along Chapter 4, we delved into the study of the bimolecular
nucleophilic substitution reaction. We characterized hundreds of reactions
involving nucleophiles acting as entering and leaving groups. Singular value
decomposition was applied to the data to derive the importance of the
first hidden descriptor (HD;), which encapsulates 90 % of the chemical
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information of the fragments. This descriptor was used to build a prediction
model accessible through the Sy2 Matrix App to extend the analysis
beyond the initial nucleophiles. Additional investigations found correlations
between these HD-Sx2 descriptors and those HDs-BDE from the previous
Chapter. This approach established a workflow for extracting nucleophile
data and predicting energy barriers for reaction design.

In Chapter 5, we shifted the paradigm of the hidden descriptors,
designing a tool that generates well-suited molecular descriptors for ML
models. We developed the AABBA graph kernel which extracts molecular
representations using both periodic and electronic properties. We assessed
these descriptors in two regression tasks using a data set of the oxidative
addition of Hy within Vaska’s complexes. We observed low mean absolute
errors (MAES) in the prediction of the energy barriers and bond distances.
Furthermore, we attributed the most effective properties to precisely
estimate the selected targeted properties. Our modular Python code for the
AABBA kernel is publicly available, offering a valuable tool for generating
molecular descriptors in chemical research.

Overall, an adequate representation of chemical compounds is essential.
We have sought accurate and interpretable chemical descriptors, harnessing
the power of data-driven approaches. These data-driven strategies have
emerged as alternatives to traditional methods. They require less time and
fewer resources, and are capable of solving chemical problems. Achieving a
balance between time and effectiveness is crucial in the design of chemical
descriptors. When dealing with a small dataset and intricate mechanisms,
the search for optimal descriptors should be accomplished. Strategies such
as hidden descriptors can untangle chemical problems, pinpoint their main
driving forces, and accurately predict their target properties. However,
when treating databases that contain thousands of molecules, the use of fast-
to-calculate descriptors that can offer significant information are required.
Along this Thesis we proposed the AABBA kernel to accomplish this task.

We have provided an in-depth explanation of the hidden descriptor
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methodology. We exhibited their applications in two different approaches:
thermal and kinetic scenarios. Particularly, we employed bond dissociation
energy as a key parameter to unravel electronic interactions in metal—
ligand bonds, and the energy barrier of bimolecular nucleophilic substitution
reaction for tacking kinetic problems. This new approach contributes
to the generation of specific chemical descriptors, thus avoiding the
design of suboptimal models, and assisting in the targeted design of
experiments. Furthermore, the design of the AABBA graph kernel enables
the generation of molecular representations for large data sets, which can
be seamlessly integrated into ML models. These data-driven strategies
show a promising future for generating more robust models, promoting
sustainability, understanding, and effectiveness in research approaches. We
conclude that the applications proposed in this Thesis have the potential to

be generalized across a wider range of chemical systems.
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Appendix A

Bond dissociation energies

In this Appendix, we collect all bond dissociation energies that we
characterized between NHCs, cyclopropylidenes, amines, and phosphine
ligands and the metal fragments of reference. Energies are expressed in
kcal-mol 1.

Table A.1: Bond dissociation energies (in kcal-mol~!) between NHC ligands and
each of the metal fragments of reference.

Metal fragments of reference

Ligands 0s02" — T —

sO3 PdH- PdPH; | ZrCl; InCl3 BDFE

(PH3)3

ImNH, -112.18 | -39.77 -38.20 -28.98 -75.73 -568.97
Im NMe, -119.62 | -42.84 -40.05 -23.73 -79.16 -61.08
ImNEt, -119.13 | -44.46 -40.98 -24.37 -80.75 -61.94
ImNPr, -119.33 | -45.14 -41.27 -25.57 -81.56 -62.57
ImNPh, -124.12 | -45.58 -40.15 -19.32 -79.74 -61.78
Im(NO3)2- -80.82 -35.74 -37.31 -15.51 -59.46 -45.77
NMe,
ImCN;NMe; | -89.17 -37.31 -37.49 -17.66 -63.71 -49.07
ImF,; NMe, -110.17 | -39.91 -38.75 -21.32 -72.35 -56.50
ImMe; NMesy | -129.73 | -44.00 -40.60 -24.39 -82.27 -64.20
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ImNMes;- -158.02 | -44.33 -40.47 -24.86 -84.18 -70.37
NMe,

sImNH- -105.09 | -40.94 -38.30 -28.47 -74.73 -57.51
sIm N Me- -110.90 | -43.58 -39.64 -21.82 -76.48 -58.48
sIm N Et, -110.02 | -45.06 -40.62 -22.09 -78.47 -59.25
PyrazC3NH, | -122.25 | -43.40 -38.78 -30.24 -83.89 -63.71
PyrazC3- -127.55 | -45.31 -40.44 -30.08 -88.45 -66.36
NMe,

sPmN Me, -112.50 | -43.92 -38.65 -14.34 -78.37 -57.56
PyC4NH -139.85 | -48.97 -42.75 -35.16 -95.11 -72.37
PyC4-3,5- -143.02 | -52.23 -44.16 -24.29 -97.20 -72.18
Me; NH

BImN Me, -115.27 | -42.10 -39.80 -21.59 -75.48 -58.85
DPyIm -149.70 | -42.18 -39.88 -27.2 -81.22 -68.03
alm N Me, -138.12 | -46.15 -41.45 -32.11 -93.11 -70.19
1,2,4- -100.49 | -39.90 -38.22 -21.84 -71.22 -54.33
Triaz N Me,

Table A.2: Bond dissociation energies (in kcal-mol~!) between ligands and each
of the metal fragments of reference.

Metal fragments of reference

Ligands G — T —

OsOj5 PdH- PdPH; | ZrCl; InCl3 BDE

(PH3)5

CP, -84.79 -35.05 -36.58 -20.29 -62.21 -47.78
CP, -102.69 | -38.54 -37.95 -24.19 -72.09 -55.09
CP; -116.20 | -40.36 -39.46 -27.33 -75.99 -59.87
CP, -140.29 | -42.40 -39.53 -30.31 -87.16 -67.94
CP; -116.03 | -38.74 -37.54 -25.77 -77.75 -59.17
CPg -120.97 | -39.83 -38.20 -27.54 -79.40 -61.19
CP; -102.16 | -37.32 -37.09 -23.79 -71.59 -54.39
CPs -144.41 | -47.40 -42.54 -25.98 -91.33 -70.33
PH; -60.74 -19.02 -24.71 -2.37 -36.39 -28.64
PMe; -102.70 | -31.33 -32.05 -15.04 -59.68 -48.16
PPh; -108.71 | -31.94 -33.26 -10.92 -56.54 -48.27
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PF; -7.37 -11.72 -29.14 4.50 -6.77 -10.10
PHF, -33.39 -17.40 -30.25 -0.42 -19.36 -20.16
PH,F -49.08 -19.45 -28.25 -2.59 -28.56 -25.59
NH; -59.84 -20.81 -19.94 -16.06 -49.43 -33.22
NMe; -66.18 -20.71 -19.93 -11.63 -52.94 -34.28
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Appendix B

Computed energy barriers

and chemical descriptors

In this Appendix, we collect the computed energy barriers and the chemical

descriptors that we have employed for the LR and MLR analysis in Chapter

4.

Frontier Molecular Orbital descriptors

© 00 N O Ut W N

—_
= o

12

13

Energy of the HOMO orbital of the EG™.

Energy of the HOMO-1 orbital of the EG™.

Energy of the LUMO orbital of the EG™.

Energy of the LUMO+1 orbital of the EG™.

Ernomo — Erumo of the EG™.

Energy of the HOMO orbital of the CH3LG.

Energy of the HOMO-1 orbital of the CH3LG.

Energy of the LUMO orbital of the CH3LG.

Energy of the LUMO+1 orbital of the CH3LG.

Enomo — Erumo of the CH3LG.

Energy of the HOMO orbital in the transition state of the reaction EG™ +
CH3l — CH3EG + 1™

Energy of the HOMO-1 orbital in the transition state of the reaction EG™ +
CHs3l — CH3EG + 1™

Energy of the LUMO orbital in the transition state of the reaction EG™ +
CHsl — CH3EG + 1™
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14

15

16

17

18

19
20

21

22

23

24

25

26

27

28

29

30

31

32

33
34

35

180

Energy of the LUMO-1 orbital in the transition state of the reaction EG™ +
CH3l — CH3EG + 1™.

Ernomo — Erumo of the transition state of the reaction EG™ + CHsl —
CH3EG + I™.

Tonization potential of the EG™, IP, computed as Energy of the cation-Energy
of the nucleophile: E(EG)-E(EG ™).

Electron affinity of the EG™, EA, computed as Energy of the nucleophile-
Energy of the anion: E(EG™)-E(X?7).204

Chemical potential of the EG™, u, computed as —(IP+EA)/2 = (E(X*7)-
E(EG))/2.2%

Electronegativity of the EG™, xx, 1 = - x.2%6

Hardness of the EG™, 7, computed as (IP-EA)/2 = (E(X*7)+E(EG)-
2xE(EG™))/2.207

Softness of the EG™, S, computed as 1/(IP-EA) = 1/(E(X*)+E(EG)-
2xE(EG™)).208

Electrophilicity index of the EG™, w, computed as p2/(2n) = (E(X*7)-
E(EQ))2/(4xE(X*7)+E(EG)-2xE(EG™)).209:210

Nucleophilicity of the EG~™ computed as 1/w = (2n)/ w2 =
(4xE(X*7)+E(EG)-2xE(EG™ ))/(E(X?7)-E(EG))?.2%?

Chemical potential of the EG™, u, computed as 7((-EHOM0)+ELUMO)/2.205
Electronegativity of the EG™, x, computed as -u = (-EHOMO+ELUMO)/2.206
Hardness of the EG™, 1, computed as (-EHO]\/[O-ELUMO)/2.2O7

Softness of the EG™, S, computed as 1/(—EHOMO—ELUMO).208
Electrophilicity index of the EG™, w, computed as u2/(2n) = ((Ezomo-
Ervnmo)/2)2/((-Eromo-Eruao)/2). 209210

Nucleophilicity of the EG™ computed as 1/w = (2n)/ p2 = (-
Enomo+Ervmo)/(Exomo+Erumo)/2)?.2%?

Tonization potential of the CH3LG, IP, computed as Energy of the cation-
Energy of the nucleophile: E(CH;LGT)-E(CH3LG).2

Electron affinity of the CH3LG, EA, computed as Energy of the nucleophile-
Energy of the anion: E(CH3LG)-E(CH;LG™).20*

Chemical potential of the CH3LG, p, computed as —(IP+EA)/ — 2 =
(E(CH3LG™)- E(CH3LG))/2.2%
Electronegativity of the CH3LG, x, p = - x.2
Hardness of the CH3LG, 7, computed as (IP-EA)/2 = (E(CH3LG™)
+E(CH;3LG)- 2xE(CH3LG))/2 .27

Softness of the CH3LG, S, computed as 1/(IP-EA) = 1/(E(CHsLG™)
+E(CH3LGT)- 2xE(CH3LG))/2.2%8
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36

37

38

39

40

41

42

43

Electrophilicity index of the CH3LG, w, computed as u2/(2n) = (E(CH3sLG™)-
(E(CH3LG™))2)/(4xE(CH3LG ™ )+E(CH;LGH)-2xE(CH3LG)).209:210
Nucleophilicity of the CH3zLG computed as 1/w = (21)/ u2
- (4xE(CHsLG ™) +E(CHsLG1)-2xE(CH3LG)) /(E(CHsLG™)-
(E(CH3LG™)))2.2%9

Chemical potential of the CH3LG, g, computed as —((-
Enomo)+Erumo)/2.2%

Electronegativity of the CH3LG, x, computed as -p = (-
Enomo+Erumo)/2.2%

Hardness of the CH3LG, 7, computed as (-Egomo-Ervmo)/
Softness of the CH3LG, S, computed as 1/(—EHOMO-ELUMO).208
Electrophilicity index of the CH3LG, w, computed as p2/(2n) =
(EzomoELumo)/2)2/((-Exomo-ELvmo)/2).20%21°

Nucleophilicity of the CHsLG computed as 1/w = (21)/ p2 = (-
Ewnomo+Eruvmo)/(Exomo+Erumo)/2).2%

2.207

Alternatives to the classical FMO descriptors

44

45

46
47

48

49

50

51

52

53

Electrodonating power I of the EG™, w™, computed as w™ = (IP)2/2(IP-
AE).188

Electrodonating power II of the EG™, w™, computed as w~ =
(3TP+AE)2/16(IP-AE).'58

Nucleophilicity T of the EG™, computed as 10/w™ = 20(IP-AE)/(IP).2*!
Nucleophilicity II of the EG™, computed as 10/w™ = 160(IP-
AE)/(3IP+AE).*"!

Electroaccepting power I of the EG™, w™', computed as wt = AE2/2(IP-
AE).188

Electroaccepting power II of the EG™, w?t, computed as w’™ =
(IP4-3AE)2/16(IPAE).'®®

Electrodonating power I of the EG™, w™, computed as w™ = (-Enonmo)2/2(-
EnomoELumo)."®®

Electrodonating power II of the EG™, w™, computed as w~ = (-3Exmomo-
Ervmo)2/16(-Egomo-Ervamo). '

Nucleophilicity I of the EG™, computed as 10/w™ = 20(-Eromo-Ervamo)/(-
Enomo)2.2™

Nucleophilicity II of the EG™, computed as 10/w™ = 160(-Exomo-

ELvmo)/(-3EnomoELumo)2."!
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54

55

56

57

58
59

60

61

62

63

64

65

66

67

68

69

70

71

72

73
74

182

Electroaccepting power I of the EG™, w', computed as w’ = Ervamo 2/2(-

188
Enowmo - Ervmo).

+ +

Electroaccepting power 1I of the EG™, w™, computed as w
3ELumo)2/16(-Exomo - Eromo) '

Electrodonating power I of the CH3sLG, w™, computed as w™ = (IP)2/2(IP-
AE).188

Electrodonating power II of the CHs3LG, w™, computed as w~ =
(3TP+AE)2/16(IPAE).'58

Nucleophilicity T of the CH3LG, computed as 10/w™ = 20(IP-AE)/(IP).?!!
Nucleophilicity II of the CH3LG, computed as 10/w~ = 160(IP-
AE)/(3IP+AE).?!

Electroaccepting power I of the CH3LG, w™, computed as w* = AE2/2(IP-
AE).188

Electroaccepting power II of the CH3LG, w', computed as w™ =
(IP4-3AE)2/16(IPAE).'®®

= (-Eromo +

Electrodonating power I of the CH3LG, w™, computed as w = (-
Enomo)2/2(-ExomoErumo).'®®

Electrodonating power II of the CH3LG, w™, computed as w~ = (-
3EnomoELumo)2/16(-Egomo-Erumo).'®®

Nucleophilicity I of the CH3LG, computed as 10/w™ = 20(-Emowmo-
Ervmo)/(- Exomo)2.2M

Nucleophilicity II of the CH3LG, computed as 10/w™ = 160(-Exomo-
Ervmo)/(- 3Egomo-Ervao)2.2'

Electroaccepting power I of the CH3;LG, w', computed as w' = (-

Exowmo)2/2(-EromoBrumo). 58

Electroaccepting power II of the CH3LG, w™, computed as w™
+ 3ELumo)2/16(-Ervmo - Enomo).10

Nucleophilicity of the EG™, N, computed as N = (3IP-AE)2/8(IP-AE).>!!
Electrophilicity of the EG™, E, computed as E = (IP+AE)2/8(IP-AE).?!!

Nucleophilicity of the EG™, N, computed as N = (-3Exomo — Ervnmo)2/8(-
211

= (-Eromo

Enomo — Erumo).

Electrophilicity of the EG™, E, computed as E = (-Egomo + Ervnmo)2/8(-

211
Enomo — Erumo).

Nucleophilicity of the CH3LG , N, computed as N = (3IP-AE)2/8(IP-AE).?!!
Electrophilicity of the CH;LG , E, computed as E = (IP+AE)2/8(IP-AE).?"!
Nucleophilicity of the CH3LG, N, computed as N = (-3Ezomo —Ervmo)2/8(-

211
Enomo — Ervmo).
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75

76

"

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

Electrophilicity of the CH3L.G, E, computed as E = (-Egomo + Ervmo)2/8(-
Enomo — Ervmo). !

AEnucicofuge of the EG™, computed as AEnucicofuge = (IP-3AE)2/8(IP-
AE).212:213

AEcicctrofuge of the EG™, computed as AEcicctrofuge = (3IP-AE)2/8(IP-
AE) 212,213

Nucleofugality of the EG™, AN, computed as AN = e~ #FABnucleofuge ' g\ —
67.6556.%1%213

In(Nucleofugality) of the EG™, In(AN), being AN = e~ AEAEnucleofuge " g —
67.6556.%1%213

Electrofugality of the EG™, AE, computed as A\E = ¢~ #FAEelectrofuge " gpy
5.4389.212213

In(Electrofugality) of the EG™, In(AE) being \E = ¢~ #EAEelectrofuge - g
5.4389.21%213

A]'-_Cnucleofuge of the EG_» computed as AEnucleofuge - (‘EHOMO‘
3ELumo)2/8(-EnomoELumo). 2%
AE)elecif'rofuge of the EG™ s Computed as AEelectrofuge = (—

3Eromo-Erumo)2/8(-ExomoErumo). 2?23

Nucleofugality of the EG™, AN, computed as AN = ¢~ #FABnucleofuge ' N —
67.6556.212:213

In(Nucleofugality) of the EG™, In(AN), being AN = e~ AEAEnucleofuge " g —
67.6556.%1%:213

Electrofugality of the EG™, AE, computed as A\E = e~ #FAEelectrofuge " gpy
5.4389.212213

In(Electrofugality) of the EG™, In(AE) being \E = ¢~ #EAEelectrofuge - g
5.4389.212213

AEnucicofuge of the CH3LG, computed as AE,ucicofuge = (IP-3AE)2/8(IP-
AE).212:213

AEcicctrofuge of the CHsLG, computed as AEcicctrofuge = (3IP-AE)2/8(IP-
AE).212:213

Nucleofugality of the CHsLG, AN, computed as AN = ¢~ #EAEnucleofuge " gy
= 67.6556.21>2!1%

In(Nucleofugality) of the CH3LG, In(AN) being AN = e~ #EAEnucleofuge " gy
= 67.6556.21%213

Electrofugality of the CHsLG, AE, computed as A\E = e~ #FAFelectrofuge ' gp
= 5.4389.%1%:213

In(Electrofugality) of the CH3LG, In(AE) being A\E = e~ #FAFelectrofuge - gp
= 5.4389.%1%:213

183



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS

Lucia Moréan Gonzéalez

Appendix B. Computed energy barriers and chemical descriptors

94

95

96

97

98

99

AEnucicofuge 0of the CH3LG, computed as AEpucicofuge = (-Emomo-
3ELumo)2/8(-EromoBrumo). 2321
AEecicctrofuge  0f the CH3LG, computed as AEgectrofuge = (-
3Enomo-Erumo)2/8(EromoEruamo). 23213
Nucleofugality of the CHsLG, AN, computed as AN = ¢~ #EAEnucleofuge - g
= 67.6556.%'>'3

In(Nucleofugality) of the CH3LG, In(AN) being AN = e~ #FAEnucleofuge " gy
= 67.6556.%'>"3

Electrofugality of the CHsLG, AE, computed as A\E = e*BEAEelectrofuge7 8E
— 5.43809.212:213

In(Electrofugality) of the CH3LG, In(AE) being A\E = e~ #FABelectrofuge " g

= 5.4389.21213

Atomic Charges

100
101
102
103
104
105
106
107
108
109
110
111
112
113

Mulliken charge on the attacking atom of the EG~ 214215

APT charge on the attacking atom of the attacking atom of the EG~.216
NPA charges of the attacking atom of the EG™ .27

Hirshfeld charges of the attacking atom of the EG~.218220

Charge Model 5 of the attacking atom of the EG~ .22

Electric potential of the attacking atom of EG™ 222,223

Merz-Kollman charge of the attacking atom of EG~,222:223

Mulliken charge on the electrophilic carbon of CH3LG. 2215
APT charge on the electrophilic carbon of CH3LG.?'¢

NPA charges of the electrophilic carbon of CH3LG.?'"
Hirshfeld charges of the electrophilic carbon of CH3LG 2187220
Charge Model 5 of the electrophilic carbon of CH3LG.??!
Electric potential, of the electrophilic carbon of CH3LG.?2%:223

Merz-Kollman charges of the electrophilic carbon of CH3LG.?2%:223

Energetic parameters

114
115

116

117
118

184

Potential energy of the reaction I~ + CH3sLG — CHsl + LG™. (kcal/mol).
Potential + ZPVE energy of the reaction I~ 4+ CH3LG — CHsl + LG~
(kcal/mol).

Enthalpy of the reaction I~ + CH3sLG — CHsI + LG~ (kcal/mol).

Free energy of the reaction I~ + CH3LG — CHsI + LG~ (kcal/mol).
Potential energy of the Proton Affinity of the EG™ (kcal/mol).
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119
120
121
122

123

Potential + ZPVE energy of the Proton Affinity of the EG™ (kcal/mol).
Enthalpy of the Proton Affinity of the EG™ (kcal/mol).

Free energy of the Proton Affinity of the EG™ (kcal/mol).

Imaginary frequency of the transition state of the reaction EG™ + CHszl —
CH3EG +1™ (cm_l).

Imaginary frequency of the transition state of the reaction EG™ + CH3CgHs—
CH3EG + CgHj (cmfl)

Solvent features

124
125
126
127
128
129
130
131
132

133

134

135

136

137

138

139

140

141

AG(solvation) in water of EG™ (kcal/mol).
G(solvation) in DCM of EG™ (kcal/mol).39
G(solvation) in DMSO of EG™ (kcal/mol).
G(solvation) in cyclohexane of EG™ (kcal/mol).

( )

(

(

(

P

G(solvation) in water of CH3LG (kcal/mol).

G(solvation) in DCM of CH3LG (kcal/mol).

AG((solvation) in DMSO of CH3LG (kcal/mol).

AG(solvation) in cyclohexane of CH3LG (kcal/mol).

AG(solvation) in water of the transition state of the reaction EG™ + CH3l —
CH3EG+ I™ (kcal/mol).

AG(solvation) in DCM of the transition state of the reaction EG™ + CHsl —
CH3EG+ I™ (kcal/mol).

Cavity volume of the EG™ in water with SMD according to Gaussian defaults.
Cavity volume of the EG™ in DCM with SMD according to Gaussian defaults.
Cavity volume of the EG™ in DMSO with SMD according to Gaussian
defaults.

Cavity volume of the EG™ in cyclohexane with SMD according to Gaussian
defaults.

Cavity volume of the CH3LG in water with SMD according to Gaussian
defaults.

Cavity volume of the CH3LG in DCM with SMD according to Gaussian
defaults.

Cavity volume of the CH3LG in DMSO with SMD according to Gaussian
defaults.

>

Cavity volume of the CH3LG in cyclohexane with SMD according to Gaussian
defaults.
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Geometrical features parameters

142
143

144
145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

186

Box volume of the EG™.

Molar volume of the EG™ computed according to Gaussian’s keyword
Volume(cm?® /mol).

Box volume of the CH3LG.

Molar volume of the CHsLG computed according to Gaussian’s keyword
Volume(cm?®/mol).

Distance between the electrophilic carbon and I™ in the transition state of the
reaction EG~ + CH3I — CH3EG + 17, d(I7-C), (A). 40

Standard deviation of d(I"—C) in the transition state of the reaction EG™ +
CH3I — CH3EG + 1™

Distance between the electrophilic carbon and EG™ in the transition state of
the reaction EG~ 4+ CHzI — CH3EG + I, d(C-X), (4).

Standard deviation of d(C-X) in the transition state of the reaction EG™ +
CH3I —CH3EG + I~

Angle between the EG™, the electrophilic carbon and 1™ in the transition state
of the reaction EG™ + CHsl — CH3EG + I~ (°).

Average of the distance between the EG™ and the three H of the methyl group
in the transition state of the reaction EG™ 4+ CH3l — CH3EG + 17 (A).
Average of the distance between the I and the three H of the methyl group
in the transition state of the reaction EG™ + CH3l — CH3EG + I~ (A).
Distance between the electrophilic carbon and TsO™ in the transition state of
the reaction EG™ 4+ CH3TsO — CH3EG 4 TsO~ 4+ EG~, d(TsO~-C), (A).
Standard deviation of d(TsO™—C) in the transition state of the reaction
EG™+CH3TsO — CH3EG + TsO™ + EG™.

Distance between the electrophilic carbon and EG™ in the transition state of
thereaction EG™ + CH3TsO — CH3EG + TsO~, d(C-X), (A).

Standard deviation of d(C-X) in the transition state of the reaction EG™ +
CH3TsO— CH3EG + TsO™

Angle between the EG™, the electrophilic carbon and TsO™ in the transition
state of the reaction EG™ + CH3TsO — CH3EG + TsO™ (9).

Average of the distance between the EG™ and the three H of the methyl group
in the transition state of the reaction EG™ 4+ CH3TsO — CH3EG + TsO™
(A).

Average of the distance between the TsO™ and the three H of the methyl
group in the transition state of the reaction EG™ + CH3TsO — CH3EG +
TsO~ (A).



UNIVERSITAT ROVIRA I VIRGILI
DECODING CHEMICAL PROCESSES: THE POWER OF DATA-DRIVEN DESCRIPTORS
Lucia Moréan Gonzéalez

160

161

162

163

164

165

166

167

168
169

Distance between the electrophilic carbon and TfO- in the transition state of
the reaction EG™ 4 CH3TfO — CH3EG + TfO- + EG™, d(TsO~-C), (4).
Sterimol L parameter (al=C and a2=X) for the transition geometry I~ +
CH3LG— CHsl + LG™.**

Sterimol B1 parameter (al=C and a2=X) for the transition geometry I~ +
CH3LG— CHsl + LG™.**

Sterimol B5 parameter (al=C and a2=X) for the transition geometry I~ +
CH3LG— CHsl + LG~ .*

Sterimol L parameter (al=C and a2=I) for the transition geometry I~ +
CH3LG —CHsl + LG~ .?*

Sterimol B1 parameter (al=C and a2=I) for the transition geometry I~ +
CH3LG— CHsl 4+ LG~.2**

Sterimol B5 parameter (al=C and a2=I) for the transition geometry I~ +
CH3LG— CHsl 4+ LG~ .2

Molecular weight of EG™.

Molecular weight of CH3LG.

Molecular weight of the transition state of the reaction EG™ + CH3EG —
CH3EG + X

Bond order parameters

170

171

Pauling Bond Order, n#, of the bond between the electrophilic carbon and I~
in the transition state of the reaction EG™ + CH3sl — CH3EG + 17, calculated
as n# =exp[(r-r#)/0.6], being r and r# the bond lengths at the reactant and
at the TS, respectively.???

Pauling Bond Order, n#, of the bond between the electrophilic carbon and
EG™ in the transition state of the reaction I~ + CH3sLG — CHsl + LG™,
calculated as n# =exp[(r-r# )/0.6], being r and r# the bond lengths at the

reactant and at the TS, respectively.??®

187
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HO- - 19.1 134 133 123 35.7 36.7 29.8 12.6 35.7
MeO- - 159 11.7 10.0 9.1 30.2 32.8 25.1 o d b 1 b 12.6 323
HS- - 184 11.2 11.2 8.4 344 36.3 11.4 32.8
-
60 L
FsC- =134 80 88 7.1 27.8 29.1 8.8 27.4 g
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(CHs3)sN—19.3 13.5 134 123 352 37.1 N 35.6 38.6 [CLWA 27.2 5 13.9 36.7
sHeC- = 10.5 5.2 4.8 6.0 241 256 b d 23.0 26.6 . 18.2 . 6.8 24.2
CHOHN- - 19.3 14.3 13.3 12.5 34.8 385 b 3 35.9 38.9 EEEN 27.0 " 14.1 36.4 =20
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Figure B.1: Matrix 17217 of the free energy barriers (in kcal-mol~!) from the
adducts to the transition states in water (AGEg 4. )
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Figure B.2: Matrix 17217 of the free energy barriers (in kcal-mol~!) from the
adducts to the transition states in dichloromethane (AGE} S Adduct)
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Appendix C. NBO properties and neural network models

Table C.1: NBO properties included in the atomic (P4 npo) property sets.®

Py NnBO
Z Atomic number
qNat Natural charge (e)
Vat Natural valence index
Ny # s electrons in nat. config.
N, # p electrons in nat. config.
Ny # d electrons in nat. config.
Nrp # Lone pairs
LPg E of highest-lying LP (Ha)

LPAR Lowest /highest-lying LP E gap (Ha)
LPocc Electron occupancy of highest-E LP

LP; s-character of highest-E LP (%)
LP, p-character of highest-E LP (%)
LP,; d-character of highest-E LP (%)
Npyv # Lone vacancies

LVg E of lowest-lying LV (Ha)

LVAE | Lowest/highest-lying LV E gap LV (Ha)
LVoee Electron occupancy of lowest-E LV

LV s-character of lowest-E LV (%)
LV, p-character of lowest-E LV (%)
LV, d-character of lowest-E LV (%)

%Abbreviations: # = Number of; E = Energy; Nat. = Natural,;
LP = Lone Pair; LV = Lone Vacancy; Config. = Configuration.
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Table C.2: NBO properties included in the bond (Pg,npo) property sets.®

Pg nBO
BD Bond distance (A)
BOya Natural Wiberg bond order
NN # bonding NBOs
BNg E of highest-lying BN (Ha)

BNag | Lowest/highest-lying BN E gap (Ha)
BNp.. | Electron occupancy of highest-E BN

BN, s-character of highest-E BN (%)
BN, p-character of highest-E BN (%)
BNy d-character of highest-E BN (%)
Npn~ # non- & anti-bonding NBOs
BNy, E of lowest-lying BN* (Ha)

BN} | Lowest/highest-lying BN* E gap (Ha)
BN{,. | Electron occupancy of lowest-E BN*

BN} s-character of lowest-E BN* (%)
BNy p-character of lowest-E BN* (%)
BN} d-character of lowest-E BN* (%)

%Abbreviations: # = Number of; E = Energy; Nat. = Natural;
BO = Bond Order; NBOs = Natural Bond Orbitals; BN = Bonding NBO;

BN* = Non- and anti-bonding NBOs.
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Appendix C. NBO properties and neural network models

2From ten repetitions with a training:validation:test split of 80:10:10;
bMetal-centered (MC) or full (F); After removing redundant dimensions;
dI.e. Pa, Pp, and Pap periodic and generic property sets; ®All properties
correlated by product (®), except the electronegativity in entry 6 in Table
C.3, and in entry 8 in Table C.4 (subtracted, ©,), and the covalent radius
in entry 7 in Table C.3, and in entry 9 in Table C.4 (divided, @g);
Entries 5-13 and 14-22 correspond to the AABBA(I) and AABBA(II)
kernels, respectively, in Table C.3 and entries 5-15 and 16-24 correspond
to the AABBA(I) and AABBA(II) kernels, respectively in Table C.4;81.e.
PaNBO, PeNBO, and Pagxpo NBO property sets. hIncluding whole-
graph properties; 'Also including whole-graph properties; JFrom an extended

neural network of 3 hidden layers with 256 nodes each.
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