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Chapter 1

General Introduction

1.1 Organic Chemistry

Organic chemistry is the field of artificial synthesis of compounds. Today, organic

compounds are used in various products, becoming indispensable tools in human life. This

chapter introduces the history, overview, and challenges of organic chemistry.

1.1.1 Organic Reaction

Until the early 19th century, it was believed that organic compounds could only be

synthesized by the mysterious power of life [1]. Substances that could be synthesized by

humans were classified as inorganic, whereas those believed to originate only from living

organisms were classified as organic. However, in 1828, Friedrich Wöhler discovered that

urea could be synthesized by heating ammonium cyanate (Figure 1.1) [2]. This discovery

demonstrated that organic compounds could be synthesized from inorganic substances.

This historic discovery, known as the Wöhler synthesis, is considered to be the beginning

of modern organic chemistry. Since then, organic chemistry has developed as a new field of

chemistry and achieved remarkable success. In 1973, Robert Woodward’s group achieved

the total synthesis of vitamin B12 [3]. This legendary achievement is still considered a
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Figure 1.1. The Wöhler synthesis.

monumental achievement in organic synthesis. Today, compounds synthesized by organic

chemistry are used in various products, including fibers, plastics, liquid crystals, semicon-

ductors, pharmaceuticals, and agrochemicals, making organic chemistry inseparable from

human life.

Now, what is the definition of organic chemistry? In essence, organic chemistry is

the field of chemistry that deals with the study of carbon. Carbon exhibits a unique ability

to form covalent bonds with up to four other atoms, allowing for the creation of molecules

ranging from simple hydrocarbons like methane to complex biomolecules. This unique

property of carbon allows the synthesis of compounds with various functionalities through

organic reactions.

1.1.2 Reaction Mechanism

There are various types of organic reactions, ranging from simple to complex reac-

tions. For simplicity, a model one-step reaction where two molecules, A and B, combine

to produce the product AB is considered as an example (Figure 1.2). In a one-step reac-

tion, there is a reactant, product, and transition state. The reactant passes through the

transition state and reaches the product while undergoing a structural change. The Gibbs

free energy difference between the reactant and the transition state is denoted as ∆∆G,

representing the energy barrier that the reaction must overcome. The Gibbs free energy

difference between the reactant and the product is expressed as ∆G, indicating whether

the chemical reaction proceeds spontaneously. Generally, organic reactions characterized

2



Figure 1.2. An energy diagram for a one-step reaction. ∆∆G represents the reaction

barrier, while ∆G represents the reaction energy.

by high activation barriers exhibit reduced reactivity and yield. Furthermore, organic

reactions associated with negative reaction energies proceed spontaneously, yielding prod-

ucts. Even in multi-step reactions involving multiple transition states and intermediates

between reactants and products, analyzing the reaction barriers of rate-determining steps

and the reaction energies associated with each elementary step provides insights into re-

action mechanisms and kinetics.

Analysis of structural changes is also crucial for understanding reaction mechanisms.

While the mechanisms of organic reactions are diverse, the movement of electrons fun-

damentally governs the formation and dissociation of chemical bonds. For example, a

covalent bond forms when two atoms share a pair of electrons. Resonance structures in a

molecule arise due to the delocalization of electron pairs. Even in complex catalytic cycles,

the reaction mechanism is often interpreted in terms of the transfer of electrons. Thus,

understanding the movement of electrons is essential for understanding the mechanisms

of chemical reactions.
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1.1.3 What’s the Challenge?

Understanding the Gibbs free energy changes and the movement of electrons facili-

tates the analysis of reactivity and mechanisms of organic reactions. However, the most

important aspect of organic synthesis is efficiently discovering the organic reactions that

yield the desired products through a desired process. In other words, designing a syn-

thetic pathway for a new compound by using knowledge of established organic reactions

is critical. Therefore, the objective in reaction development is to identify the optimal

combination of substrates and reaction conditions, which is often uncertain due to the

complex, high-dimensional nature of chemical reactions dependent on various parameters.

Reactivity and selectivity of chemical reactions are influenced by a variety of factors, in-

cluding substrates, transition metals, ligands, acids, bases, and solvents. These species

exhibit different electronic and steric properties, stability, and solubility, all of which sig-

nificantly impact the outcome of chemical reactions. In addition, numerical parameters

such as stoichiometry, reaction temperature, concentration, and time, as well as addition

rates, mixing conditions, and workup procedures are additional crucial factors influencing

reactivity and selectivity. Since unsuitable substrates, reaction conditions, and procedures

reduce reactivity, selectivity, and generality, optimization of the combination of chemical

parameters is an unavoidable task in reaction screening.

Traditionally, chemists have explored the chemical space using empirical or heuristic

approaches based on their experience and intuition. For instance, they narrowed down

the search space through knowledge of similar reactions or routine-dependent methods to

identify regions where optimal solutions were thought to exist. These approaches have the

disadvantage that applying prior knowledge to highly novel reactions is challenging, and

the search process is subject to chemist bias. Hence, the challenge in reaction development

lies in efficiently screening reactions at minimal cost. In recent years, quantum chemical
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calculations and informatics have been used as promising approaches to address this issue.

In the following sections, an overview of quantum chemical calculations and informatics,

and their applications to organic synthesis will be provided.

1.2 Quantum Chemical Calculation

Quantum chemistry, which began with the discovery of the Schrödinger equation [4],

has undergone a remarkable development in just 100 years. In this section, an overview of

the Schrödinger equation and density functional theory will be introduced. The systematic

search for potential energy surfaces by quantum chemical calculations is also described.

1.2.1 Schrödinger Equation

The time-independent Schrödinger equation can be expressed as

ĤΨ = EΨ (1.1)

where, Ĥ is the Hamiltonian operator, Ψ is the wave function, and E is the energy

eigenvalue. Using atomic units (m = 1, e = 1, ℏ = 1), Ĥ can be written as

Ĥ =

M∑
I=1

(
− 1

2MI
∇2

I

)
+

N∑
i=1

(
−1

2
∇2

i

)
−

N∑
i=1

M∑
I=1

ZI

riI
+

N∑
i,j=1
(i>j)

1

rij
+

M∑
I,J=1
(I>J)

ZIZJ

RIJ
(1.2)

where the first term represents the non-relativistic kinetic energy of the nuclei, the second

term is the kinetic energy of the electrons, the third term accounts for the Coulomb inter-

action between nuclei and electrons, the fourth term represents the Coulomb interaction

between electrons, and the fifth term is the Coulomb interaction between nuclei. MI and

ZI denote the mass and charge of the I-th nucleus, riI is the distance between the i-th

electron and the I-th nucleus, rij is the distance between the i-th and j-th electrons, and

RIJ is the distance between the I-th and J-th nuclei.
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Here, an approximation known as the Born-Oppenheimer approximation is intro-

duced [5]. Atomic nuclei are significantly heavier than electrons, with a mass difference

of over three orders of magnitude. Consequently, electrons move much faster than nuclei.

Therefore, when considering the motion of electrons, it is assumed that the motion of

nuclei can be neglected. Under the Born-Oppenheimer approximation, the kinetic energy

of the nuclei is considered zero, and the Coulomb interaction between nuclei is treated

as a constant. Thus, Ĥ can be reformulated as the electronic Hamiltonian operator Ĥel

given by

Ĥel =

N∑
i=1

(
−1

2
∇2

i

)
−

N∑
i=1

M∑
I=1

ZI

riI
+

N∑
i,j=1
(i>j)

1

rij
(1.3)

Under this assumption, the Schrödinger equation for the electronic states is given by

ĤelΨel = EelΨel (1.4)

where Ψel and Eel are the electronic wave function and the electronic energy eigenvalue, re-

spectively. Solving the Schrödinger equation yields Ψel and Eel. However, the Schrödinger

equations cannot be solved for systems other than the hydrogen atom. Therefore, some

form of approximation is necessary.

One of the promising methods for approximately solving the Schrödinger equation

is molecular orbital theory and density functional theory. In molecular orbital theory, an

N -electron wave function is approximated by single-electron wave functions based on the

independent electron approximation. A representative method in molecular orbital theory

is the Hartree-Fock method [6]. In the Hartree-Fock method, an N -electron wave function
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is expressed by the following the Slater determinant [7]:

Ψ (x1,x2, · · · ,xN ) =
1√
N !

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

χ1 (x1) χ2 (x1) · · · χN (x1)

χ1 (x2) χ2 (x2) · · · χN (x2)

...
...

...

χ1 (xN ) χ2 (xN ) · · · χN (xN )

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
(1.5)

where, χ denotes spin orbitals, and x denotes the position r and spin σ of an electron.

Constraints are imposed to ensure that χ satisfies orthonormality, and using variational

methods to minimize the Ĥel, the Schrödinger equation is approximated by the Hartree-

Fock equation: −1

2
∇2 + V (r) +

N/2∑
j=1

(
2Ĵj − K̂j

)χi(x) = ϵiχi(x) (1.6)

where −1
2∇

2 is the kinetic energy of an electron, V (r) is the Coulomb interaction between

nuclei and an electron, Ĵj is the Coulomb operator, K̂j is the exchange operator, and ϵi is

the orbital energy of the spin orbital χi(x). In practice, the spatial orbitals ϕi(r) consti-

tuting the spin orbitals χi(x) are approximated as linear combinations of basis functions,

and the expansion coefficients of the basis functions are determined self-consistently.

1.2.2 Density Function Theory

Density functional theory (DFT) is a type of first-principles calculation method and

a crucial theory widely used in theoretical studies using quantum chemical calculations.

The main feature of DFT is the use of the electron density instead of the wave function,

to determine the energy of the ground state [8]. For this purpose, it is required that the

energy of the ground state is a functional of the electron density, and it must satisfy the

variational principle with the electron density as a trial function. These conditions are

established by the Hohenberg-Kohn theorems [9].
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Practically employed DFT is known as Kohn-Sham DFT [10]. In Kohn-Sham DFT,

the following Kohn-Sham equation is considered:

[
−1

2
∇2 + V (r) +

∫
ρ (r′)

|r − r′|
dr′ + Vxc(r)

]
φi(r) = εiφi(r) (1.7)

where the first term is the kinetic energy of the electrons, the second term is the Coulomb

interaction between nuclei and electrons, the third term is the Coulomb interaction be-

tween electrons, and the fourth term is the exchange-correlation potential. φi(r) represents

the Kohn-Sham orbitals, and εi is the Kohn-Sham orbital energy corresponding to φi(r).

In addition, Vxc(r) is the first-order derivative of the exchange-correlation energy Exc(r)

with respect to the electron density:

Vxc(r) =
δExc(r)

δρ
(1.8)

Exc(r) includes the electron exchange energy, the electron correlation energy, and the

difference between the true and approximated kinetic energies of the electrons. While the

exact form of Exc(r) is unknown, practical Kohn-Sham DFT uses approximated exchange-

correlation functionals. In solving the Kohn-Sham equations, φi(r) is approximated as

a linear combination of basis functions, and the coefficients of the basis functions are

determined self-consistently, similar to the Hartree-Fock method.

1.2.3 Potential Energy Surface

The degree of freedom of an N -atom system is 3N since each atom has 3 degrees

of freedom along the x-, y-, and z-axis directions. The translational degree of freedom is

always 3, and the rotational degree of freedom is also 3 (2 in the case of linear molecules).

Since translational and rotational motions don’t contribute to structural changes, the

degree of freedom of structural changes is 3N -6. The potential energy as a function

8



Figure 1.3. Model potential energy surface. Each equilibrium structure is connected by

the transition states along the intrinsic reaction coordinate.

of 3N -6 structural variables is called the potential energy surface (PES). Local minima

on the PES correspond to the equilibrium (EQ) structures, and first-order saddle points

are the transition state (TS) structures (Figure 1.3). In EQ, the gradient is 0 in all

directions, and all eigenvalues of the Hessian matrix are positive. In TS, the gradient value

is also 0, but there is only one negative eigenvalue, and the corresponding eigenvector

represents the direction of the reaction path. The path from a TS down the steepest

descent path in the direction of the eigenvector in the mass-weighted PES is called the

intrinsic reaction coordinate (IRC) path [11]. Each EQ is connected by an IRC path via

the TS. Furthermore, pathways from EQ to dissociated channels (DC) via TS also exist.

Reactants and products of a chemical reaction correspond to EQs on the PES, typ-

ically connected via multiple TS and meta-stable EQs. Hence, by exploring reaction

9



pathways with low reaction barriers from reactants to products, the reactivity and mecha-

nisms of the reaction can be predicted by calculations. Traditionally, the systematic explo-

ration of reaction pathways has been considered challenging. However, recently developed

reaction path exploration methods enable the comprehensive exploration of chemically

important PES regions.

1.2.4 Automatic Reaction Path Search

Numerous reaction path exploration methods have been proposed. Among them,

the anharmonic downward distortion following (ADDF) method [12,13] and the artificial

force induced reaction (AFIR) method [14, 15], along with their utilization in the global

reaction route mapping (GRRM) strategy [16, 17], are groundbreaking approaches that

enable systematic and automatic exploration of reaction paths.

The ADDF method utilizes the anharmonicity of the PES near EQ. Figure 1.4 shows

the harmonic potential centered at each EQ. However, the actual potential surface looks

like a red line smoothly connecting the EQs and TS and is distorted below the harmonic

potential (Figure 1.4). This effect is called anharmonic downward distortion (ADD). The

presence of ADD implies the existence of a reaction path in that direction. Therefore, by

tracing the reaction path from the EQ in the direction of the ADD maximum, it is possible

to reach an approximate TS. In the actual algorithm, all ADDs can be found by considering

the hypersphere in the scaled normal coordinates, which are the normal coordinates scaled

by the corresponding vibrational eigenvalues, and examining all locations where the energy

is minimum, i.e., where the ADD is maximum, on the hypersphere. The method to trace

the reaction paths along with ADD on the hypersphere is called the scaled hypersphere

search (SHS) method, and the method to find all ADDs on the hypersphere is called the

iterative optimization elimination (IOE) method.

10



Figure 1.4. Typical potential curve (red line) and the harmonic potentials (black line).

The ADD is shown by a down arrow.

In the AFIR method, part of a chemical structure is considered a fragment and a

virtual force is applied between the fragments to induce a structural change. The AFIR

method can find a reaction path from one EQ to another EQ by a simple geometry

optimization calculation. Moreover, since multiple patterns of fragment can be defined

for an EQ, it is possible to explore the reaction path from one EQ to multiple EQs by

systematically changing the fragment that artificial force is applied. The AFIR method

can also be applied to EQs newly found by the AFIR method. Hence, the automatic

reaction path search is enabled by systematically adding the artificial force to all EQs.

Furthermore, in geometry optimization using the AFIR method, the structure with the

maximum potential energy without artificial forces is considered to be the approximate

TS structure. Details of the AFIR method are presented in Chapter 2.1.

In the ADDF and the AFIR methods, the actual TS is obtained from the approxi-

mate TS using the quasi-Newton method. Hence, the systematic application of the ADDF

11



and AFIR methods enables the systematic exploration of chemical reaction path networks

and the prediction of reaction barriers.

1.2.5 Prediction of Reaction Outcome

Quantum chemical calculations allow the analysis of various physical parameters

such as charges, dipole moments, bond distances, and frontier molecular orbital energies.

There have also been many studies that rationalize experimental reactivity and selectivity

of organic reactions by exploring intermediate and TS structures [18–29]. In recent years,

advancements in computer performance and the development of automatic reaction path

search methods have enabled reaction screening by quantum chemical calculations prior

to experimental validation [30–38]. Some studies even succeeded in the prediction of

reaction yield without experiments [39, 40]. Such computation-driven reaction screening

has the potential to significantly reduce experimental costs required for reaction screening

by narrowing down desirable substrates and experimental conditions through quantum

chemical calculations.

1.3 Informatics

Informatics is a technique for extracting rules from available data to construct a

model that predicts outcomes of unknown inputs and explores candidate solutions that

give better results. This section introduces the concept of machine learning algorithms

and optimization algorithms and their application in chemistry.

1.3.1 Machine Learning Algorithm

Machine learning algorithms are methods that enable computer programs to learn

from data and recognize rules and patterns behind the data to solve problems [41, 42].
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Machine learning algorithms can be broadly classified into three main categories.

1. Supervised learning: Supervised learning is a method that uses input and output

data pairs as training data to learn the underlying knowledge or rules within the

dataset. The primary objective of supervised learning is to construct models that

can predict outputs for unknown inputs with high accuracy. Such models are termed

regression models when the objective variable is continuous and classification models

when it is discrete. Linear regression, random forest regression, and Gaussian process

regression are some of the well-known regression algorithms.

2. Unsupervised learning: Unsupervised learning involves extracting patterns, struc-

tures, and other insights from training data, which is comprised solely of input data,

without corresponding output data. In contrast to supervised learning, there is no

objective variable in unsupervised learning. Hence, there is no feedback from the

results. k -means clustering and principal component analysis are typical examples

of unsupervised learning algorithms.

3. Reinforcement learning: Reinforcement learning does not use a dataset and be-

gins learning with no prior knowledge. An agent chooses an action and subsequently

receives feedback, often in the form of rewards, from the environment based on its

actions. Through this iterative process, the agent learns the relationship between

its actions and the received feedback and finds a policy to choose the optimal action

that maximizes the cumulative reward. The multi-armed bandit algorithm is one of

the popular reinforcement learning algorithms.

This section focuses on the application of supervised learning to the regression prob-

lem. In the regression problem, the training data consists of the input x and corresponding
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Figure 1.5. A conceptual diagram of regression using machine learning. The computer

learns the relationship between input and output in the training data and utilizes it to

predict output for new inputs.

output y. The x is a column vector consisting of several descriptors xi.

x⊤ = (x1, x2, . . . , xn) (1.9)

It is commonly assumed that y represents the function value f(x), obtained by transform-

ing x through the objective function f , with the addition of observation noise ϵ following

a normal distribution N (0, σ2): 
y = f(x) + ϵ

ϵ ∼ N (0, σ2)

(1.10)

Commonly, the objective function f is a black-box function. Therefore, regression algo-

rithms construct a prediction model f̂ by learning the relationship between x and y. Using

f̂ , the predicted output ŷ∗ for a new input x∗ can be expressed as follows

ŷ∗ = f̂(x∗) (1.11)

The outline of the regression algorithm is shown in Figure 1.5.

1.3.2 Machine Learning Algorithm and Chemistry

The use of machine learning in chemistry has its roots in the Bell-Evans-Polanyi

(BEP) principle (1936) [43,44] and the Hammett equation (1937) [45]. The BEP principle
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is a linear relationship in the difference in reaction barrier for different reactions of the same

type is proportional to the difference in the reaction enthalpy. The Hammett equation

is also a linear relationship in which the logarithmic ratio of the equilibrium constants

or reaction rate constants of two aromatic reactants with substituents in meta or para

position is proportional. These two principles are one of the linear free energy relationships

(LFERs) that predict the specific chemical property from the available data by linear

regression.

Subsequently, quantitative structure-activity relationship (QSAR) [46] and quanti-

tative structure-property relationship (QSPR) [47] have subsequently been developed to

model qualitative relationships between compound structures and pharmacological activ-

ity or physical parameters. QSAR/QSPR constructs prediction models for activity and

physical property using descriptors that represent various features of chemical structure.

Subsequently, through an inverse analysis of the prediction model, it becomes possible to

design compounds that exhibit desired activity and physical properties.

With the development of machine learning algorithms, reliable methods that are

capable of regression and classification of non-linear and complex data have been used

in chemistry. Early research used clustering [48, 49], neural networks [50, 51], support

vector machines [51], decision forests [52], and random forests [53] to analyze and predict

the objective valuable. In recent years, machine learning has been more widely used

in organic chemistry. For instance, it has been used in predicting reaction yield [54–56],

selectivity [57–60], designing optimal reaction conditions [61], proposing reaction pathways

[62, 63], and performing retrosynthesis [64]. These successes prove that machine learning

can significantly accelerate the discovery of new reactions that previously relied on the

intuition and experiment of chemists.
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Figure 1.6. Conceptual diagram of the optimization algorithm. The search space is effi-

ciently explored and the location of local and global minima are searched.

1.3.3 Optimization Algorithm

Optimization algorithms are techniques used to find the best solution or set of param-

eters for a given problem. These problems often involve the minimization or maximization

of a black-box function (Figure 1.6).

Optimization algorithms can be broadly classified into continuous optimization al-

gorithms and discrete optimization algorithms. Continuous optimization algorithms are

methods that find the optimal solution from a continuous objective function and can be

divided into methods that use differential information, e.g., gradient and Hessian, of the

function and those that do not. The gradient descent method and Newton’s method

are representative examples of the former, and the simplex method and the golden section

search method are representative examples of the latter. Discrete optimization algorithms,

on the other hand, are methods for solving optimization problems whose solutions have a

combinatorial structure, and there is a wide range of them, including dynamic program-

ming, shortest path algorithms, and many metaheuristics.
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1.3.4 Optimization Algorithm and Chemistry

In chemistry, there are various optimization problems, and various optimization algo-

rithms are used to solve them. Geometry optimizations searching local minima (EQs) and

saddle points (TSs) on the PES are continuous optimization problems. EQs can be found

by using the steepest descent algorithm to change the molecular structure in the opposite

direction of the gradient of the PES. In addition, the correct TSs can be found by using

Newton’s method to search for a saddle point from a molecular structure close to the TS.

Since the actual PES is a complex function in a 3N -6 dimensional space, more advanced

methods such as the conjugate gradient algorithm, the Bloyden-Fletcher-Goldfarb-Shanno

(BFGS) algorithm, and the quasi-Newton method are employed as optimization algorithms

for practical use.

Discrete optimization algorithms also contribute to solving optimization problems in

chemistry. For example, by considering the reaction path network as an undirected graph

where EQs are vertices and TSs are edges, graph algorithms can be applied. For example,

using Kruskal’s algorithm, one can find the minimum spanning tree of the reaction path

network [65]. The Floyd-Warshall algorithm can also be used to find the shortest path

between all EQs by constructing a weighted undirected graph considering the height of

the reaction barrier for each elementary step as the weight of an edge [66].

Metaheuristics have been employed since the 20th century to accelerate in silico

optimization. For example, the partial swarm algorithm is used for crystal structure

prediction [67], molecular screening [68], and searching the minimum energy structure

of carbon clusters [69]. The basing-hopping algorithm and the genetic algorithm are

also employed to systematically explore molecular conformations and discover low energy

structures [70–74].

Bayesian optimization has also emerged as a promising method to solve optimiza-

17



tion problems. Bayesian optimization can find optimal solutions with a small number of

trials by balancing exploration and exploitation to explore the domain efficiently [75, 76].

Bayesian optimization has been used in many studies to design materials [77–79], cata-

lysts [80], batteries [81], thin-film [82], optimize reaction conditions [83–86], and maxi-

mize yields [87–89] and selectivities [90]. Some studies combine robotic synthesizers and

Bayesian optimization to discover the best reactions in a closed loop without the inter-

vention of a chemist [79–82, 86, 88–90]. A unique aspect of the Bayesian optimization

algorithm is its use of machine learning models as surrogates. In other words, Bayesian

optimization is an algorithm that combines machine learning and optimization strategies.

Details of Bayesian optimization are presented in Chapter 2.4.

As described above, optimization algorithms and chemistry are closely related. In

particular, Bayesian optimization is considered a powerful method.

1.4 Purpose of the Study

Bayesian optimization can reduce the number of experiments required for reaction

screening. Reaction barrier calculations can directly predict experimental reactivity and

selectivity of chemical reactions by evaluating the Gibbs free energy change. These facts

raise a specific question: ”Can the combination of Bayesian optimization and barrier

calculations further reduce the number of synthetic experiments required for reaction

screening?”

In reaction screening, it is not difficult to utilize Bayesian optimization and barrier

calculations simultaneously. For example, since the reaction barrier predicted by barrier

calculations directly reflects the reactivity or selectivity of the reaction, scores of candidate

reactions proposed by Bayesian optimization can be evaluated by barrier calculations in-

stead of experiments. In other words, Bayesian optimization can be performed by utilizing
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theoretical reactivity and selectivity data obtained from barrier calculations, rather than

relying solely on experimental results. Therefore, there is no inherent issue in employing

both experimental and computational data in Bayesian optimization. With this approach,

it is intuitively expected that if the deviation between experimental and computational

results is sufficiently small, the convergence of Bayesian optimization can be accelerated

and the number of experiments required for reaction screening can be reduced by utilizing

the computational results.

However, it is not clear whether such an approach can effectively reduce the number

of experiments. Therefore, in this study, I developed a method to reduce the number of

synthetic experiments by combining Bayesian optimization and barrier calculations. The

performance of the developed method was benchmarked using a reaction barrier dataset

to explore the feasibility of using barrier calculations to reduce the number of experiments

required for reaction screening. Furthermore, the developed method was applied to actual

organic reactions to investigate its applicability.

1.5 Overview of This Thesis

This thesis is composed of six chapters. Chapter 1 is a general introduction and

reviewed the challenges in reaction screening. Quantum chemical calculations and infor-

matics approach for organic reactions and the objectives of this study were also explained.

In Chapter 2, an overview of the methods employed in this study was provided. First,

the concept of the AFIR method was introduced. Then, the algorithm for substituting

atoms, adding substituents, and placing molecules for a model structure was explained.

In addition, the concept and the algorithm of a genetic algorithm and Bayesian optimiza-

tion were discussed. Finally, an overview of the Chemspeed ISYNTH robotic platform

employed in organic synthesis was presented.
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In Chapter 3, reaction barrier datasets that can benchmark the performance of

optimization algorithms were created. Focusing on the Claisen rearrangement, 100,000

allyl vinyl ether molecules with different substituent combinations were generated. The

reaction barriers for each molecule in the Claisen rearrangement were calculated at the

semi-empirical PM7 level using the AFIR method. The substituent effects that lower

the reaction barrier in the datasets were systematically analyzed, and it was shown that

chemically and numerically appropriate reaction barriers were obtained. In addition, the

performance of the genetic algorithm was evaluated using created datasets and compared

to the performance of the random search. The results showed that created reaction bar-

rier datasets of the Claisen rearrangement can be used to evaluate the performance of

optimization algorithms.

In Chapter 4, a method to reduce the number of experiments required for substrate

optimization was developed by combining Bayesian optimization and reaction barrier cal-

culations. I hypothesized that the number of required experiments could be reduced by

performing Bayesian optimization using theoretical reactivity data as well as experimental

reactivity data. However, the relationship between the magnitude of computational devia-

tion, computational batch size, and the number of experiments that can be reduced is not

clear. Therefore, I benchmarked the optimization performance of the developed method

through virtual experiments and virtual computations using the reaction barrier dataset of

the Claisen rearrangement. The results indicated that even with a computational error of

approximately 20 kJ/mol, the developed method outperformed the conventional Bayesian

optimization.

In Chapter 5, the developed method was applied to maximize the regioselectivity

of the thermal azide-alkyne cycloaddition. The thermal azide-alkyne cycloaddition is a

powerful reaction to form triazoles from azides and alkynes, generally producing a mixture
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of two isomers, i.e., 1,5-disubstituted isomer and 1,4-disubstituted isomer. To maximize

the regioselectivity of the 1,5-disubstituted isomer, I optimized the combination of azide

and alkyne substrates. Three substrate optimization algorithms that employ Bayesian

optimization and quantum chemical calculation were used to optimize the combination of

substrates. As a result, the combinations that show 74.7% 1,5-regioselectivity and 86.4%

1,4-regioselectivity were found.

Chapter 6 is a general conclusion, and I summarize this thesis and outline future

directions.
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Chapter 2

Methods

2.1 Artificial Force Induced Reaction Method

The artificial force induced reaction (AFIR) method is a technique to induce con-

formational changes of chemical structures in a simulation by applying virtual external

forces between molecular substructures called fragments [1, 2]. A systematic search for

structural changes in a chemical reaction using the AFIR method reveals the entire reac-

tion path network, including many equilibrium structures (EQs), transition states (TSs),

and dissociation channels (DCs). This enables us to predict the reactivity and selectiv-

ity of chemical reactions by quantum chemical calculations without experiments. In this

study, the AFIR method was used to systematically search for chemical reaction pathways

and calculate reaction barriers to predict theoretical reactivity and selectivity.

2.1.1 AFIR Function

The idea of the AFIR method is simple. It is to induce chemical reactions by pushing

and pulling fragments apart. As an example, consider a model chemical reaction where

two fragments A and B react to form a producr AB. Normally, there is a reaction barrier

between A + B and AB. Therefore, even if a geometry optimization is performed from
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A + B, the reaction barrier cannot be overcome and AB cannot be reached (Figure 2.1).

Therefore, in the AFIR method, an artificial force is applied to push A and B together.

This increases the energy of A + B on the potential energy surface (PES) and eliminates

the reaction barrier. By performing the geometry optimization on the PES with such

an artificial force applied, a reaction pathway from A + B to AB is obtained (Figure

2.1). The strength of the artificial force is a function directly proportional to the distance

rAB between A and B. In the more general case, the artificial force term is given by the

following equation:

FAFIR(Q) = E(Q) + ρα

∑
i∈A
∑

j∈B ωijrij∑
i∈A
∑

j∈B ωij
(2.1)

where E(Q) is the potential energy of the atomic coordinates Q. ρ is set to 1.0 or -1.0.

If ρ = 1.0, an attractive (pushing) force is applied, and if ρ = −1.0, a repulsive (pulling)

force is applied. α is the strength of the artificial force, which is described in detail below.

The second term is given as a weighted sum of the distance rij between ith and jth atoms,

and the weight ωij is given as

ωij =

[
Ri + Rj

rij

]6
(2.2)

where Ri and Rj are the covalent radii of ith and jth atoms, respectively. The force

strength parameter α is obtained using the following equation:

α =
γ[

2−
1
6 −

(
1 +

√
1 + γ

ε

)− 1
6

]
R0

(2.3)

where R0 and ϵ are the Ar-Ar Lennard-Jones parameters, which are set to 3.8164 Å and

1.0061 kJ/mol, respectively. α corresponds to the mean force that an Ar-Ar pair feels as it

moves from the minimum point to the turning point in its direct collision with the collision

energy γ. Thus, γ is called the model collision energy parameter and corresponds to an
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Figure 2.1. Potential energy surface and AFIR path

approximate upper limit of the barrier that the AFIR method can overcome. Thus, by

adding artificial forces to the PES and virtually deleting TS, the products can be obtained

efficiently. In practice, however, the information on TSs between reactants and products is

most important to investigate reaction rates, barriers, mechanisms, and so on. Removing

TS from the PES may seem to be contradictory to wanting to obtain TS. However, since

F (Q) contains the potential energy E(Q) in its expression, it is possible to reconstruct

E(Q) by removing the artificial force term from F (Q), and the energy maxima and minima

can be obtained as approximate TS and approximate product structures, respectively.

2.1.2 AFIR Path

The reaction path obtained by the AFIR method is called the AFIR path. Since

the AFIR path is located close to the intrinsic reaction coordinate (IRC) path [3], a

local maximum and a local minimum on the AFIR path can be regarded as approximate

structures of the product and TS. By using the quasi-Newton method, the actual TS

structure can be obtained from the approximate TS. One can also find the reactant and

product connected by TS by searching the IRC path from the TS. However, if the value

of γ is inappropriate, the approximate TS structure will be far from the actual TS, and

the search will not be successful. In such cases, the locally update plane (LUP) method
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Figure 2.2. Schematic diagram of systematic reaction path search by the AFIR method

is used to relax the AFIR path and more accurately reproduce the IRC path [4].

2.1.3 Systematic Reaction Path Search

The AFIR method enables an automatic search of reaction paths from one EQ to

another. By executing this process sequentially, a systematic reaction path search is

possible. Specifically, since there are multiple possible fragment definitions for an EQ,

reaction paths from one EQ to multiple EQs can be obtained by automatically defining

different fragments for an EQ and sequentially applying the AFIR method. Furthermore,

it is also possible to define fragments for newly obtained EQs and apply the AFIR method

to them. Therefore, by repeating this process one after another, an entire reaction path

network can be obtained (Figure 2.2). Recently, the rate constant matrix contraction

(RCMC) method has been used to search only for reaction paths that proceed within a

certain time scale, but the details of the RCMC method are omitted here [5].

2.2 Geometry Generation Algorithm

In computational chemistry, the generation of molecular structures to be computed

is sometimes a time-consuming task. This is especially critical in cases where systematic

reaction screening is required. For example, in the case of screening combinations of metal
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ions, ligands, substituents, bases, etc., the number of possible combinations is enormous,

and it is impractical to manually construct model reaction systems for all of them. In

such cases, it would be very useful to have an algorithm that can automatically generate

molecular geometries in model reaction systems. Although there is already some geom-

etry generation software, such as molSimplify [6], these methods do not fully implement

the functions needed in my research. Therefore, I implemented a simple original geometry

generation algorithm. This program provides three functions: substitution of atoms, addi-

tion of substituents, and placement of molecules to a model reaction system. The program

is implemented to generate geometries with minimal steric hindrance. Therefore, it does

not consider changes in interatomic distances due to substitutions of atoms. It also does

not consider changes in non-covalent interactions, e.g., formation of hydrogen bonds, C-H

bonds, and π-π stackings, due to the addition of substituents or molecules. Therefore, the

program is set up to automatically perform geometry optimization from the structures

generated by my algorithm.

2.2.1 Input

The user creates an input file specifying the atomic coordinates of a model system

with X atoms at the site of manipulation. For each X atom, the user specifies one of the

following modes: substitution of atoms (A), addition of substituents (S), or placement of

molecules (M). For mode S, the atom to which the substituent is attached must also be

specified. A more advanced option is also implemented to consider multiple X atoms as

a group and avoid duplicate combinations within the group. A list of candidate atoms,

substituents, and molecules to be placed on each X atom is then specified. Substituents

must always be considered in the form neutralized by the X atom. The coordinates of the

X atom used for neutralization and the coordinates of the substituent must be written in
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Figure 2.3. Addition of a substituent to a model molecule.

this order in the input.

The user can specify whether the geometry optimization for the generated structure

should be performed automatically. Whether or not atoms unrelated to the substitution

operation are treated as fixed atoms in the calculation depends on the options. The

user can also specify the machine and computation nodes on which the calculations are

executed. When performing geometry optimization, input and intermediate files with the

level of theory and options to be used must be prepared in advance.

2.2.2 Algorithm

The program reads an input file created by the user. For each X atom, a list of

atomic coordinates of all possible atoms, substituents, and molecules that could be placed

at that X atom is defined. The number of possible combinations is the product of the

number of all candidates for each X atom. In my implementation, all combinations are

searched using depth-first search. If a particular combination is specified in the program

arguments, only the corresponding combination is considered for geometry generation.

Substitution of atoms can be easily performed by simply replacing the string of atom

names in the atomic coordinates of the X atom with the name of the new atom. Adding

substituents, on the other hand, requires a slightly more complex procedure. As a simple
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example, consider the case of introducing an isopropyl group (CH(CH3)2) at the position

of an X atom in a model molecule (Figure 2.3)

The carbon atom to which the X atom of the model molecule is bonded is called

Corigin. The X atom moves to a position where the distance between the X atom and

the Corigin atom is twice the covalent bond radius of the carbon atom. This is done by

considering the vector equation of the point P on the line passing through the two points

of the X atom and the Corigin atom:

P = (1− t)Corigin + tX (2.4)

and adjusting the mediating variable t to an appropriate value so that the distance between

point P and Corigin is twice the covalent bond radius of the carbon atom. The entire

substituent geometry is then translated so that the Ccenter and X atoms overlap.

After that, the direction of the CH(CH3)2 is adjusted. This manipulation is done in

two steps: 1. optimization of the substituent bond direction and 2. maximization of the

sum of the distance between the substituent and the other atoms. In the optimization of

the bonding direction of substituent, first, all atoms are moved so that Ccenter is at the

origin, i.e., (0, 0, 0). Next, a combination of rotation matrices around the x-, y-, and z-axes

are acted on the substituent’s coordinates to determine the rotation angle that minimizes

the angle between the Ccenter−Xneutralize bond and the Ccenter−Corigin bond. The rotation
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matrices around each axis are expressed by the following equations, respectively.

Rx(θ) =


1 0 0

0 cos θ − sin θ

0 sin θ cos θ

 (2.5)

Ry(θ) =


cos θ 0 sin θ

0 1 0

− sin θ 0 cos θ

 (2.6)

Rz(θ) =


cos θ − sin θ 0

sin θ cos θ 0

0 0 1

 (2.7)

This operation optimizes the bonding direction of the CH(CH3)2 group. Xneutralize used

to neutralize CH(CH3)2 is then removed. Next, substituents are rotated around the

Ccenter−Corigin axis to find the angle that maximizes the sum of the distance between the

substituent and the other atoms. The rotation matrix around any axis n = (nx, ny, nz),

which satisfies n2
x + n2

y + n2
z = 1 in unit vector, is represented by the following equation.

Rn(θ) =


cos θ + n2

x(1− cos θ) nxny(1− cos θ)− nz sin θ nznx(1− cos θ) + ny sin θ

nxny(1− cos θ) + nz sin θ cos θ + n2
y(1− cos θ) nynz(1− cos θ)− nx sin θ

nznx(1− cos θ)− ny sin θ nynz(1− cos θ) + nx sin θ cos θ + n2
z(1− cos θ)


(2.8)

The above three operations, translation, bond direction optimization, and distance matrix

maximization, enable the addition of substituents at appropriate positions. The above

operations are summarized in Figure 2.4. The placement of molecules can likewise be

performed by searching for the angle that maximizes the sum of the distance to the

surrounding atoms.
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Figure 2.4. Scheme to add a substituent to a model molecule.

2.3 Genetic Algorithm

A genetic algorithm is an optimization algorithm that searches for the optimal solu-

tion to a complex optimization problem by mimicking the mechanism of natural selection

through heredity and survival of the fittest in biological evolution [7]. In genetic algo-

rithms, multiple candidate solutions are maintained as a population. Each candidate

solution is called an individual and the component of each individual is called a gene.

Genetic operations called selection, crossover, and mutation are repeatedly applied to this

population to search for the solution that maximizes or minimizes the objective variable.

This process is a multivariate optimization process that generates multiple candidate so-

lutions in a multivariate space one after another, gradually narrowing the search space

to a neighborhood of the optimal solution. The genetic algorithm is a metaheuristic that
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Figure 2.5. Flow of the genetic algorithm.

can be applied to a variety of problems, such as combinatorial optimization and NP-hard

problems.

2.3.1 Algorithm

The algorithm of the genetic algorithm is shown in Figure 2.5. The initial population

is generated using either randomly generated individuals or individuals generated by some

algorithm to maximize diversity. In the evaluation of the fitness, the score of the objective

variable for each individual is investigated.

Selection is an operation that models natural selection in living organisms. In nature,

individuals that are adapted to their environment survive and multiply. On the other hand,

individuals that are poorly adapted to the environment are eliminated and disappear from

the population. Thus, the selection operation increases the number of individuals with

high fitness for the objective function and decreases the number of individuals with low

fitness. Typical selection methods include roulette selection, ranking selection, tournament
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selection, and elite selection. In selection, it is important to maintain the diversity of

individuals and genes in the population without removing too many individuals with

low fitness. If only a small number of individuals are selected early in the optimization

process, the diversity of candidate solutions within the population is lost. In this case,

the subsequent crossover operation will not work effectively, leading to the premature

convergence of the genetic algorithm.

Crossover is an operation that models the mating of organisms. In nature, offspring

are born inheriting half of their parents’ genes. Crossover mimics this mechanism by

swapping parts of two individuals selected from a population with each other to create

a new individual that did not exist in the population. The idea behind crossover is the

simple assumption that ”a solution that combines a good solution with a good solution will

be a better solution”. Typical crossover methods include one-point crossover, two-point

crossover, uniform crossover, average crossover, arithmetic crossover, blended crossover,

unimodal normal distribution crossover, and unitary crossover. In genetic algorithms,

crossover may be the most crucial genetic operation. The optimization performance of

the genetic algorithm depends largely on whether the search can maintain the genetic

diversity of the population and perform crossover effectively.

In general, selection and crossover alone are insufficient to find the optimal solution.

This is because selection and crossover alone produce only a limited range of individuals

that are dependent on the parent individuals. Therefore, by mutation, a gene of an indi-

vidual is randomly changed to a new gene with a low probability. Mutation prevents the

genetic algorithm from getting stuck in a local minimum by maintaining genetic diversity.

If the probability of mutation is too low, it leads to local convergence, and if it is too high,

it increases the number of iterations required for convergence.
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Figure 2.6. Flow of Bayesian optimization.

2.4 Bayesian Optimization

Bayesian optimization [8] is an optimization algorithm that search for an input x∗

that maximizes or minimizes the black-box objective function f :

x∗ = argmax
x∈X

f(x) (2.9)

where, x∗ is the input that optimizes the objective function f and X denotes the set

of possible inputs. Bayesian optimization is designed to examine the search space by

balancing exploitation, which focuses on areas where data observations are sufficient, and

exploration, which seeks areas where data observations are insufficient. This strategy

enables Bayesian optimization to find optimal solutions with a small number of data and

is particularly effective for solving optimization problems with high evaluation costs.

The algorithm of Bayesian optimization is illustrated in Figure 2.6. In Gaussian

process (GP) regression, a Gaussian process is used as a surrogate model to predict the

objective variable and evaluate its uncertainty. The acquisition function is utilized to
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Figure 2.7. Example of using Bayesian optimization on a 1D search space. Red circles

denote observed data points. The predictions of the GP regression are shown as black

lines, and the uncertainty of the predictions (confidence interval) is shown as blue areas.

The orange line shows the value of the acquisition function for each input. The input that

maximizes the acquisition function is treated as the next search point.

assess the acquisition function value of each candidate solution and the candidate solution

with the highest acquisition function value is typically selected as the next search point.

An example of Bayesian optimization behavior for a one-dimensional input is shown in

Figure 2.7. In the following sections, a detailed explanation of the surrogate model and the

acquisition function is provided. Furthermore, parallelization methods for simultaneously

proposing multiple candidate solutions in Bayesian optimization are explained.
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2.4.1 Algorithm

2.4.1.1 Surrogate Model

A surrogate model approximates the behavior of a complex and computationally

expensive black-box function. In Bayesian optimization, the surrogate model estimates

the objective function f based on available observational data and predicts the output

f(x∗) for new input x∗. The most commonly used model for the surrogate model is

GP regression. GP regression is a machine learning regression algorithm that assumes a

Gaussian process for the prior distribution of the objective function f .

In GP regression, the posterior and predictive distributions of the Gaussian process

are computed using observed data to estimate the expected value µ(x∗) and the uncertainty

of the prediction σ(x∗) for the new input x∗. A Gaussian process is an infinite-dimensional

Gaussian distribution. For any n, if the output vector for the input (x1,x2, . . . ,xn):

f = (f(x1), f(x2), . . . , f(xn)) (2.10)

follows a Gaussian distribution N (µ,K) with mean µ = (µ(x1), µ(x2), . . . , µ(xn)) and a

covariance matrix K with elements Kij = k(xi,xj), then f is said to follow a Gaussian

process denoted as:

f ∼ GP (µ(x), k(xi,xj)) (2.11)

In many cases, the mean function µ(x) is assumed to be a zero vector:

f ∼ GP (0, k(xi,xj)) (2.12)

In the following discussion, I present the equations under this assumption.

In general, the observed data yi is obtained as the output f(xi) of the function f

plus the observation noise. Specifically, the observed data yi is the true value f(xi) derived
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from f plus observation noise ϵi. It is commonly assumed that the observation error ϵi

follows a normal distribution with mean 0 and variance σ2.
yi = f(xi) + ϵi

ϵi ∼ N (0, σ2)

(2.13)

Here, given a set of observations:

D = {(x1, y1) , (x2, y2) , . . . , (xn, yn)} (2.14)

where

X = {x1,x2, . . . ,xn} (2.15)

is the input and

y = {y1, y1, . . . , yn} (2.16)

is the corresponding output, the probability of observing y from the function f can be

expressed as:

p(y | f) = N (f , σ2I) (2.17)

where I is the identity matrix. Thus, the probability of observing the output y for the

input X can be expressed as:

p(y | X) =

∫
p(y, f | X)df (2.18)

=

∫
p(y | f)p(f | X)df (2.19)

=

∫
N (y | f , σ2I)N (f | µ,K)df (2.20)

= N (µ,K + σ2I) (2.21)

This equation shows that when function f follows a Gaussian process, output y also follows
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a Gaussian process. In addition, adding σ2 to the diagonal elements of the covariance

matrix K allows for the incorporation of the influence of observation noise.

The equation for predicting the output y∗ at an unobserved x∗ using GP regression

is then described. In GP regression, the predictive distribution for y∗ is expressed as a

conditional probability:

p(y∗ | X,y, x∗) = N (µ∗, σ
2
∗) (2.22)

Given a set of the training input X and the corresponding output y, the mean function

at point x∗ is given by

µ(x∗) = k⊤
∗
(
K + σ2I

)−1
y (2.23)

where k⊤
∗ is the vector of covariance function evaluations between x∗ and each training

input,

k⊤
∗ = (k (x∗,x1) , k (x∗,x2) , . . . , k (x∗,xn)) (2.24)

and K is the n × n covariance matrix of the training inputs X obtained using a kernel

function k(xi,xj), and σ2 is the noise variance. The variance function at point x∗ is given

by

σ2(x∗) = k∗∗ − k⊤
∗
(
K + σ2I

)−1
k∗ (2.25)

where k∗∗ is the covariance function evaluation at x∗ itself,

k∗∗ = k (x∗,x∗) (2.26)

The kernel function represents the covariance between input xi and xj

k(xi,xj) = cov(f(xi), f(xj)) (2.27)
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where f(xi) and f(xj) are the function value at xi and xj . Commonly used kernel functions

are the radial basis function (RBF) kernel function,

kRBF(xi,xj) = θ1 exp

(
−1

2
r2
)

(2.28)

the Matérn1 kernel function,

kmatérn1(xi,xj) = θ1 exp(−r) (2.29)

the Matérn3 kernel function,

kmatérn3(xi,xj) = θ1

(
1 +
√

3r
)

exp
(
−
√

3r
)

(2.30)

and the Matérn5 kernel function,

kmatérn5(xi,xj) = θ1

(
1 +
√

5r +
5

3
r2
)

exp
(
−
√

5r
)

(2.31)

where θ1 represents the output scale parameter, which governs the magnitude of the change

in prediction assessed by GP regression. r2 is the square of Euclidean distance between

xi and xj scaled by the length scale parameter:

r2 = (xi − xj)
⊤Θ−2(xi − xj) (2.32)

where Θ is a d×d diagonal matrix (d is the number of dimensions of x) of the length scale

parameters:

Θ =



θ21 0 · · · 0

0 θ22 · · · 0

...
...

. . .
...

0 0 · · · θ2d


(2.33)

When the automatic relevance determination (ARD) kernel is used, Θ becomes a non-
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constant diagonal matrix and each dimension of the input x has a unique length scale

parameter denoted as θ2j for the jth dimension. Since the length scale parameter controls

the smoothness and scale of variations in the function being modeled in GP regression,

using the ARD kernel and learning a length scale parameter for each dimension allows us to

consider the feature (descriptor) importance. Note that the importance of the features in

the ARD kernel is not directly related to the weight parameters used in linear regression.

The length scale parameter does not assume a linear relationship between inputs and

outputs but simply considers the extent of the contribution of each feature by varying the

amplitude of the function with respect to the direction of each input dimension. If the

ARD kernel is not used, Θ is a constant diagonal matrix where θ2j is uniform across all

dimensions.

The hyperparameters of the kernel function such as the output scale parameter and

length scale parameter determine the shape of the covariance function and need to be

optimized to fit the observations D. This operation is done via the type-II maximum

likelihood estimation or the type-II maximum a posteriori (MAP) estimation. In the

maximum likelihood estimation, the hyperparameters θ that maximizes the likelihood

function p(y | X, θ) is evaluated. The likelihood function for a multivariate Gaussian

distribution, obtained by marginalizing the dimensions other than the dimensions of the

available data y from the Gaussian process, can be expressed by the following equation:

p (y | X, θ) = N
(
y | 0,K + σ2I

)
(2.34)

=
1

√
2π

d√|K + σ2I|
exp

(
−1

2
y⊤ (K + σ2I

)−1
y

)
(2.35)

Here, since the logarithmic function is a monotonically increasing function, maximizing

the likelihood function p (y | X, θ) is equivalent to maximizing the log-likelihood function
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log p (y | X, θ). Thus, taking the logarithm on both sides of the equation:

log p(y | X, θ) = log

(
1

√
2π

d√|K + σ2I|
exp

(
−1

2
y⊤ (K + σ2I

)−1
y

))
(2.36)

= −d

2
log(2π)− 1

2
log
∣∣K + σ2I

∣∣− 1

2
y⊤ (K + σ2I

)−1
y (2.37)

By maximizing this log-likelihood function, the hyperparameters of the kernel function

can be optimized. This is achievable by finding the minimum of the negative log marginal

likelihood function, typically using optimization techniques such as gradient descent. In

my implementation, I utilized the Adam optimizer to find the minimum [9].

On the other hand, in the MAP estimation, the object is to determine the maxi-

mum value of the posterior distribution of θ given the observed data D. The posterior

distribution of θ is derived from Bayes’ theorem:

p(θ | y,X) =
p(y | X, θ)p(θ)

p(y | X)
(2.38)

Substituting the likelihood function p (y | X, θ) with a multivariate Gaussian distribution

and taking the logarithm of both sides, the equation can be transformed:

log p(θ | y,X) = −d

2
log(2π)− 1

2
log
∣∣K + σ2I

∣∣− 1

2
y⊤ (K + σ2I

)−1
y + logP (θ) + const.

(2.39)

Thus, the MAP estimation can be performed by maximizing log p(θ | y,X), which is

the log-likelihood plus the log probability of the hyperparameters specified by the prior.

In my implementation, a gamma prior is assigned to each hyperparameter. The gamma

distribution is a type of continuous probability distribution and has two parameters called

a shape parameter α and a rate parameter β. The choice of a gamma prior reflects prior

knowledge or assumptions about the hyperparameters.

Finally, a surrogate model other than Gaussian process regression is introduced.
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Random forest regression is sometimes used as an alternative surrogate model in Bayesian

optimization [10]. Random forest regression is an ensemble learning algorithm that uses

decision trees as weak learners and predicts the expected value of the objective variable

by averaging the predictions f̂i(x∗) of each decision tree. In addition, by considering

the standard deviation of the prediction of each decision tree as the uncertainty of the

prediction, the empirical posterior distribution and posterior variance can be evaluated as

in GP regression [11].

µ(x∗) =
1

n

n∑
i=1

f̂i(x∗) (2.40)

σ2(x∗) =
1

n

n∑
i=1

(
µ(x∗)− f̂i(x∗)

)2
(2.41)

While GP regression approximates a continuous function, random forest regression ap-

proximates a discrete function. In cases where the search space is discrete, random forest

regression may be more suitable as a surrogate model. However, random forest regres-

sion tends to exhibit poorer extrapolation performance in regions where no data exists

compared to GP regression [8].

The surrogate model is sequentially updated by training a GP regression model

each time observational data is added. When the kernel function and hyperparameters

are appropriately chosen, the predictive accuracy of the surrogate model improves with

increasing data. The sample paths drawn from a prior and posterior distribution obtained

by GP regression are shown in Figure 2.8.

2.4.1.2 Acquisiton Function

An acquisition function evaluates candidate solutions based on the posterior mean

and posterior standard deviation obtained from GP regression. The probability of im-

provement (PI) function [12], expected improvement (EI) function [13], and upper confi-
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Figure 2.8. (a) Five sample paths drawn from a prior of a GP. (b) 100 sample paths drawn

from a posterior distribution after observing 4 data.

dent bound (UCB) function [14] are the most widely used acquisition functions.

The PI function is defined as

PI(x) = Φ(Z) (2.42)

Z =
µ(x)− f (xbest)− ξ

σ(x)
(2.43)

where Φ(Z) denote the cumulative density function of the standard normal distribution,

µ(x) is a posterior mean predicted by GP regression, f (xbest) is a function value of the

current optimal solution, i.e., a maximum value of the current posterior mean, ξ is a

49



parameter that controls the trade-off between exploitation and exploration, σ(x) is a

posterior standard deviation obtained from GP regression. In my implementation, ξ is

fixed to 0.01.

The EI function is given by

EI(x) = (µ(x)− f (xbest)− ξ) Φ(Z) + σ(x)ϕ(Z) (2.44)

Z =
µ(x)− f(xbest)− ξ

σ(x)
(2.45)

where ϕ(Z) denotes the probability density function of the standard normal distribution.

The UCB function is a technique that has been widely used in the multi-armed

bandit problem. The most general expression of the UCB function is given:

UCB(x) = µ(x) + β1/2σ(x) (2.46)

where β is a parameter that controls the trade-off between exploitation and exploration.

A smaller β emphasizes exploitation, while a larger β favors exploration. Various methods

exist to determine β. In recent years, the GP-UCB function has been a reliable approach

to the automatic selection of β [8]. In the GP-UCB function, β is given

β = 2 log(|D|t2π2/6δ) (2.47)

where |D| is the size of the search space, and t is the total number of current observations,

respectively. In my implementation, δ is set to 0.5, as employed in the previous study [15].

In Bayesian optimization, besides the PI function, EI function, and UCB function,

various other acquisition functions have been proposed. For instance, Thompson sampling,

as described in Chapter 2.4.1.3, is a powerful method for determining the next search

point. Additionally, entropy search and predictive entropy search are representative types

of acquisition functions. However, compared to the previously mentioned methods, these
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techniques rely on somewhat complex assumptions and approximations.

2.4.1.3 Parallelization

In general, Bayesian optimization proposes only one candidate solution that maxi-

mizes the acquisition function per iteration. However, in practice, it is often more efficient

to propose multiple candidate solutions at a time and evaluate their objective variables.

Such an approach is called parallelization of Bayesian optimization, and various meth-

ods have been proposed. Here I focus on the Kriging believer algorithm and Thompson

sampling. In the following description, the batch size is denoted as N .

Algorithm 1 Kriging Believer Algorithm

1: batch← {}, beliefs← {x, y}
2: for i = 1 to N do
3: Fit GP model to beliefs
4: xi ← argmaxxfi(x)
5: batch← batch ∪ {xi}
6: beliefs← beliefs ∪ {xi, yi}
7: end for
8: return batch

In the Kriging believer algorithm (Algorithm 1), the posterior mean of GP regression

of the candidate solution with the largest acquisition function value is temporarily regarded

as observed data and added to a database [8]. Using this database, GP regression and

the evaluation of the acquisition function are performed again to propose a new candidate

solution. By repeating this process N times, N candidate solutions can be proposed

simultaneously (Figure 2.9). As Doyle and co-workers note, the process of the Kriging

believer algorithm closely resembles the process in shogi or chess, where a player predicts,

”If the opponent plays this move, then it’s optimal for me to play this move,” to choose

the best move [15].
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Figure 2.9. Flow of the Kriging believer algorithm. The posterior mean of the GP re-

gression on the input that maximizes the acquisition function is temporarily added to

the dataset as a provisional observational data. Bayesian optimization is then repeated a

batch size number of times.

Algorithm 2 Thompson Sampling

1: batch← {}
2: for i = 1 to N do
3: Sample gi(x) ∼ GPposterior
4: xi ← argmaxx∈Xgi(x)
5: batch← batch ∪ {xi}
6: end for
7: return batch

Thompson sampling (Algorithm 2) is a widely used decision-making technique in the

multi-armed bandit problem. In the context of Bayesian optimization, Thompson sampling

is used to obtain the input that maximizes the sample path drawn from a multivariate

normal distribution. Specifically, in Thompson sampling, N sample paths are drawn from
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Figure 2.10. Flow of Thompson sampling. Sample paths are drawn from the posterior

distribution of the GP a number of times equal to the batch size. The inputs that maximize

each sample path are then treated as the next search batch.

the posterior distribution of the objective function obtained by GP regression [16]. Each

sample path represents a possible function and the input that maximizes each sample path

is selected as a candidate solution (Figure 2.10).

2.5 Chemspeed ISYNTH Robotic Platform

The Chemspeed robotic platform is a laboratory automation system developed to

automate various processes in the field of chemistry. In particular, ISYNTH is a system

specialized for the automation of organic synthesis. Organic synthesis using the Chem-

speed ISYNTH robot can automatically perform common experimental operations such as

dispensing liquid or solid reagents, stirring, heating, cooling, nitrogen flushing, and work-

up of reaction mixtures. Robot synthesis has three major advantages: 1. it can achieve

highly reproducible experiments through mechanical manipulation; 2. even experiments

with toxic or explosive reagents can be performed safely; and 3. it can run multiple exper-
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Figure 2.11. Chemspeed ISYNTH robotic platform.

iments simultaneously, thus significantly reducing human costs in processing experimental

batches. Because of these advantages, the Chemspeed ISYNTH robotic platform was used

for organic synthesis in this study.

2.5.1 Synthesizer

The Chemspeed ISYNTH robotic platform consists of a workstation and a robotic

synthesizer (Figure 2.11). The equipment used depends on the type of the organic exper-

iment, so different devices must be used for different purposes (Figure 2.12). It is also

possible to connect third-party equipment to the Chemspeed ISYNTH robotic platform

to automate the execution of experiments and the analysis of experimental results.

2.5.2 Scriptfile

In robot synthesis, all experimental operations are executed according to a script file

created by the user. To create a script file, the user must define ”zone” and ”task”.
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Figure 2.12. Robot synthesizer.

Figure 2.13. Zone for ISYNTH.

2.5.2.1 Zone

Zone is a two-dimensional coordinate parameter in the robot synthesizer. Zone

allows us to specify the storage and transport locations of substrates, solvents, catalysts,

and so on, as well as the location of reactors where synthesis is performed. All zones used

in experiments should be defined before defining Task. An example of Zone is shown in

Figure 2.13.
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Figure 2.14. Task for ISYNTH.

2.5.2.2 Task

Task is a script that describes experimental commands that refer to specific ex-

periment operation tasks performed by the robot. The robot executes the experiment

according to the created Task file. Therefore, creating a Task file is similar to the process

of a chemist writing an experimental procedure in experimental notebooks in advance.

The correctness of the created file can be verified in advance by simulation on a computer.

An example Task is shown in Figure 2.14.
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Chapter 3

A Dataset of Computational Reaction Barriers

for the Claisen Rearrangement: Chemical and

Numerical Analysis

3.1 Introduction

For achieving desired reactivity and/or selectivity, optimization of a combination of

substrate, catalyst, solvent, temperature, and so on is required. Depending on the number

of possible combinations, it can be difficult to investigate all of the combinations in terms

of resources and costs. Therefore, an efficient screening technique to find an optimum

condition has been desired. Thanks to recent advances in chemoinformatics, successful

applications of optimization algorithms such as genetic algorithm (GA) and Bayesian

optimization (BO) to experimental reaction screening have been actively reported [1–10].

In experimental screening, quantities to maximize using an optimization algorithm

are reaction yield and/or selectivity. On the other hand, these quantities can be estimated

theoretically by evaluating Gibbs energy barriers. Quantum chemical calculation has

grown to be a useful tool to assess Gibbs energy barriers. There have been numerous

studies that discussed reactivity and selectivity utilizing quantum chemical calculations
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[11–19]. Quantum chemical calculations have also been conducted for predicting reactivity

and selectivity [20–23]. Therefore, reaction screening can also be done by evaluating Gibbs

energy barriers theoretically for various combinations.

When identifying a reaction with a desired reactivity or selectivity, evaluating Gibbs

energy barriers for all possible combinations is the most reliable way [24]. On the other

hand, evaluating all possible combinations can be difficult, even in theoretical screening.

Let me think about a case of an unimolecular rearrangement in which the substrate has

five substitutable sites. In this case, the number of molecules that can be generated

by substituting these five sites with ten substitution groups is 100,000, and evaluating

Gibbs energy barriers for all of the 100,000 reactions based on accurate quantum chemical

calculations could be computationally impractical.

Optimization algorithms such as GA and BO can also be useful to reduce the number

of combinations actually to evaluate theoretically. It is noted that the purpose here is not

to identify the best combination but to find one that falls into a specified number of top-

ranked combinations. For example, all reactions having Gibbs energy barriers lower than

∼80 kJ/mol provide the desired product nearly quantitatively at room temperature, and

finding one of the good combinations having Gibbs energy barriers lower than ∼80 kJ/mol

is the actual subject when the purpose is to find a reaction that proceeds quantitatively

at room temperature. Optimization algorithms such as GA and BO assist in finding top-

ranked combinations with the least number of trials. GA, for example, finds a combination

that falls into the top 0.1% among ∼100,000 combinations with a 98.2% success rate after

evaluating ∼200 combinations, in an example shown below in this chapter. Evaluating 200

combinations by accurate quantum chemical calculations is feasible. Therefore, combining

such an optimization algorithm with theoretical reaction screening would be promising.

Various implementations are possible for an optimization algorithm such as GA and
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BO. Hence, this study focuses on generating a dataset of reaction barriers that can be

used in testing various implementations of an optimization algorithm. The targeted size

of the present dataset is set to 100,000, and the Claisen rearrangement for 100,000 allyl

vinyl ether molecules with different substitutions is considered. Since performing highly

accurate calculations for 100,000 reactions is not feasible, this study adopts a semiempir-

ical theory PM7 as a method to evaluate the barriers. To verify whether the resultant

dataset shows chemically reasonable trends and is useful in testing various implementa-

tions of an optimization algorithm, some features in the dataset are discussed. As a result,

variations of barriers were found to be well interpretable based on physical quantities such

as electronegativity of substituent groups, indicating that the dataset would be chemically

reasonable. To further evaluate the dataset numerically, a simple GA program that op-

timizes the combination of substituents systematically is applied. GA achieved a much

higher success rate of finding a top 0.1% molecule than the random search (RS), indicating

that there would be a clear correlation between barriers and substitution groups at each

substitution site in the dataset. These verification results suggest that the present dataset

is useful in testing various implementations of optimization algorithms to accelerate the-

oretical reaction screening.

3.2 Methods

3.2.1 Barrier Calculation

The Claisen rearrangement is a [3,3]-sigmatropic rearrangement of an allyl vinyl

ether, as illustrated in Figure 3.1. 100,000 allyl vinyl ether molecules were generated by

substituting five hydrogen atoms of the unsubstituted molecule with 10 substituents, as

illustrated in Figure 3.2.

Substituted reactant structures were generated using the unsubstituted reactant
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Figure 3.1. A schematic of the Claisen rearrangement.

Figure 3.2. (a) Five substitution sites of allyl vinyl ether and (b) 10 substituents considered

in this study.

structure shown in Figure 3.2a as a template. Pre-optimized substituents substituted

to the five substitutable sites were rotated around the newly generated covalent bonds to

reduce steric hindrances. These structures were subsequently optimized without imposing

any constraints. Transition state (TS) structures were generated using the artificial force

induced reaction (AFIR) method [25, 26]. The force-induced path was relaxed by the lo-

cally updated planes (LUP) method [27], and the highest energy point along the relaxed

path was further optimized to an actual TS using a quasi-Newton method. Intrinsic re-

action coordinate (IRC) calculations were then performed from all obtained TSs to check

whether they connect the right reactant and product pair [28, 29]. All these calculations
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were done at a semiempirical PM7 level [30] using an in-house GRRM program [31] in-

terfaced with Gaussian 16 [32]. It is emphasized again that the present purpose is not to

discuss accurate energetics in this system but to generate an extensive dataset that can be

useful in testing various implementations of an optimization algorithm. Qualitative and

quantitative evaluations below would justify the use of PM7 for this purpose.

In this study, the following two quantities were used as importance measures,

∆∆GL
i = ∆GTS

i −∆GReactant
i (3.1)

∆∆GG
i = ∆GTS

i −∆GParent
i (3.2)

where ∆GTS
i and ∆GReactant

i are relative Gibbs energy values of TS and reactant, respec-

tively, in the ith reaction. ∆GParent
i is given as,

∆GParent
i = ∆GuAV E

i +

5∑
k=1

∆GRkH − 5∆GH2 (3.3)

where ∆GuAV E
i is a relative Gibbs energy value of the unsubstituted allyl vinyl ether,

∆GRkH is a relative Gibbs energy value of an RkH molecule where Rk is one of five

substituents introduced to the ith reaction’s reactant, and ∆GH2 is a relative Gibbs energy

value of a hydrogen molecule. In short, ∆∆GL
i and ∆∆GG

i correspond to the reaction

barrier of each reaction and the relative stability of TS to the unsubstituted (parent)

system, respectively. In other words, ∆∆GL
i is a local measure of reactivity of the ith

reaction and ∆∆GG
i is a global measure of stability of the ith TS.

3.2.2 Genetic Algorithm

In this study, trials of finding a top 0.1% reaction in terms of ∆∆GL
i or ∆∆GG

i

were conducted by GA to see if the dataset has any numerical trend. My implementation,

which almost follows a standard one [33], is described below in brief.
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Figure 3.3. An example of a reactant molecule and its representation in GA.

As illustrated in Figure 3.3, each reaction is encoded by a combination of five num-

bers representing the substituent groups listed in Figure 3.2b. These numbers correspond

to genes, and a set of these numbers represents an individual. Then, an individual pos-

sessing a high score, i.e., those having a low ∆∆GL
i or ∆∆GG

i value, is searched through

the following optimization cycle.

1. The current population is generated by selecting pop size individuals by the greedy

method, and Ntrial is set to 0. The greedy method generates individuals sequentially

while choosing substituents that appear in individuals generated earlier with the

least frequency.

2. Scores, i.e., ∆∆GL
i or ∆∆GG

i values, for individuals in the current population are

obtained either from the record of the previous GA iteration or from the dataset,

where Ntrial is incremented by the number of times the dataset is accessed.

3. The best elite size individuals (elite group) in the current population are copied to

the next generation population.

4. While allowing duplication, pop size individuals (parent individuals) are chosen

from the current population by repeating a procedure electing the best one among

tournament size individuals randomly chosen from the current population.
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5. (2×pop size) children individuals are generated through (2×pop size) times crossovers

between two randomly chosen parent individuals, where their chromosomes, i.e., a

set of genes, are divided into two fragments and one of them is swapped.

6. Random mutation is applied to some genes of the children individuals, where the

ratio of a child to be chosen as a candidate of applying mutation is ind mutate rate

and the ratio of a gene to be mutated is gene mutate rate.

7. From the (2× pop size) children individuals, (pop size− elite size) individuals are

chosen taking account of the gene diversity and added to the next generation popu-

lation including the elite size individuals from the elite group.

8. If Ntrial reaches 200, then the cycle is terminated. Otherwise, the cycle is continued

by copying the next generation population to the current population and going back

to step 2.

The five hyper-parameters, i.e., pop size, elite size, tournament size, ind mutate rate,

and gene mutate rate, were determined to maximize the performance, as described in the

results and discussion section.

3.3 Results and Discussion

3.3.1 Barrier Distribution

The above computational procedure found TSs for Claisen rearrangement for 99,072

cases out of the 100,000. In some of the 928 unsuccessful cases, TSs for different chemical

transformations were obtained. In the other unsuccessful cases, the structures were disso-

ciated into two parts during TS optimization. There were also cases where the calculations

did not converge. In cases where reactant’s conformers and/or metastable intermediates
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Figure 3.4. Distribution of (a) ∆∆GL
i and (b) ∆∆GG

i in the present dataset.

were found along the IRC path, the highest TS among those obtained along the path and

the lowest reactant’s conformer were used to evaluate the Gibbs energy barrier. Although

there were 12 cases where ∆∆GL
i values were slightly negative due to strong destabiliza-

tion of reactant molecules caused by inappropriate substitution combinations, these values

were used without taking any special care in the analyses below.

Figure 3.4 shows histograms of distributions of ∆∆GL
i and ∆∆GG

i for the 99,072

reactions. As seen in these histograms, the present dataset includes reactions having

various ∆∆GL
i ranging from ∼0 to ∼200 kJ/mol. The distribution of ∆∆GG

i is wider

than that of ∆∆GL
i , indicating that the stability of the reactant molecules also has a wide

distribution. It would be interesting to see how these distributions have arisen.

3.3.2 Chemical Analysis

Tabel 3.1 lists the number of appearances of substituent groups at different substi-

tution sites in the top 0.1% (top 100) reactions in terms of ∆∆GL
i . As seen in Tabel 3.1,

electron-donating groups (EDGs) such as NH2 and OCH3 frequently ranked in at sites

X1, X4, and X5, and electron-withdrawing groups (EWGs) such as CO2CH3, CF3, and

65



Table 3.1. The number of appearances of substituent groups at different substitution sites

in the top 0.1% (top 100) reactions in terms of ∆∆GL
i .

X1 X2 X3 X4 X5

Substituent Number Substituent Number Substituent Number Substituent Number Substituent Number

OCH3 41 CO2CH3 41 CO2CH3 63 OCH3 32 NH2 92

F 22 CN 23 CF3 7 NH2 28 CH3 3

NH2 15 OCH3 11 CN 7 F 10 H 2

CF3 13 CF3 10 CH(CH3)2 6 CH3 10 CH(CH3)2 1

CN 4 F 7 H 4 H 9 CN 1

CO2CH3 2 NH2 5 CH2CH3 4 CH(CH3)2 3 CH2CH3 1

CH(CH3)2 1 H 3 OCH3 3 CO2CH3 3

CH3 1 F 3 CH2CH3 3

CH2CH3 1 NH2 2 CN 2

CH3 1

CN ranked in at sites X2 and X3. As shown in Figure 3.5, the TS structure of Claisen

rearrangement is composed of two substructures: the enolate moiety bearing a negative

partial charge and the allyl moiety bearing a positive partial charge. Considering the res-

onance structure of these moieties, there is a negative charge on C2 and a positive charge

on C4 and C5. Hence, EWG at X2 and EDG at X4 and X5 stabilize the partial charge

and decrease the reaction barrier [34, 35]. On the other hand, substituting EDG such as

NH2 and OCH3 to X1 enhances the stability of the product by delocalizing a lone pair of

electrons to the carbonyl π* orbital. In particular, NH2 forms an amide bond with the

carbonyl group and significantly stabilizes the product [34, 35]. It is known that reaction

barriers often correlate with products’ stability [36, 37]. Although there is no clear ex-

planation based on charge distributions on the reason why X3 prefers EWG, this trend

was confirmed by DFT calculations at ωB97X-D [38]/def2-SVP [39] level to be correct as

shown in Figure 3.6.

Table 3.2 presents the number of appearances of substituent groups at different

substitution sites in the top 0.1% (top 100) reactions in terms of ∆∆GG
i . By definition,
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Figure 3.5. Partial charges at TS and preferred locations of EDG and EWG.

Figure 3.6. Substituent dependences of ∆∆GL
i values at X3 by substitution groups listed

in (a), at different computational levels (b).
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Table 3.2. The number of appearances of substituent groups at different substitution sites

in the top 0.1% (top 100) reactions in terms of ∆∆GG
i .

X1 X2 X3 X4 X5

Substituent Number Substituent Number Substituent Number Substituent Number Substituent Number

NH2 77 CO2CH3 44 CO2CH3 61 NH2 60 NH2 51

CF3 9 CF3 34 CN 20 CH3 7 CF3 11

OCH3 8 CN 18 CF3 18 CO2CH3 7 CH2CH3 9

CH(CH3)2 4 CH2CH3 2 CH2CH3 1 CH(CH3)2 6 CH(CH3)2 8

CH3 1 CH3 1 CH2CH3 6 CH3 7

CO2CH3 1 CH(CH3)2 1 OCH3 5 OCH3 5

CF3 5 CN 4

CN 4 CO2CH3 4

F 1

this ranking reflects the stability of the TS more directly. The main difference from Table

3.1 is seen at sites X1 and X4. At these sites, the most preferred substituent changed

from OCH3 to NH2. This would be related to the preference of the CO2CH3 group at

the adjacent X2 and X3 sites in the top 0.1% reactions. The presence of the NH2 and

CO2CH3 groups on adjacent sp2 carbons allow the reactant molecule to take the resonance

structures shown in Figure 3.7.

The stabilization in the reactant molecule due to the existence of these resonance

structures increased ∆∆GL
i for reactions taking X1 = NH2 and X4 = NH2 and conse-

quently lowered the rankings of NH2 at X1 and X4 in Table 3.1.

In summary, it can be said that the present dataset at the PM7 level catches the

trends concerning the preferences of substitution groups at the five substitution sites well.

Therefore, it is expected that the present dataset is useful in tuning implementations of

an optimization algorithm like GA, as shown below.
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Figure 3.7. Resonance structures in systems having neighboring NH2 and CO2CH3.

3.3.3 Numerical Analysis

To check the performance of GA, the success rate of finding one of the top 0.1%

(top 100) reactions within 200 trials was evaluated. The success rate was determined by

running the GA search 10,000 times and counting the number of successful runs out of

the 10,000. The five hyperparameters were determined by a grid search to maximize the

success rate, where pop size was changed in the range from 10 to 30 with step size 5,

elite size was changed in the range from 0 to 9 with step size 1, tournament size was

changed in the range from 2 to 9 with step size 1, ind mutate rate was changed in the

range from 0.05 to 0.50 with a step size 0.05, and gene mutate rate was changed in the

range from 0.05 to 0.50 with a step size 0.05. The success rate was evaluated at the 48,000

grid points, and the best parameters were determined as pop size = 25, elite size = 8,

tournament size = 6, ind mutate rate = 0.25, and gene mutate rate = 0.05.

Figure 3.8 (a) and (b) show the performances of the GA searches applied to the

datasets of ∆∆GL
i and ∆∆GG

i , respectively. The success rates increase depending on

the number of trials and reach 95.9% and 98.2% after 200 trials for ∆∆GL
i and ∆∆GG

i ,

respectively. As a reference, the performance of a simple RS is also shown in these figures.

The success rate of the RS increases linearly. The GA searches show clear advantages

above trials of 50 times. These results indicate that the target quantities, i.e., ∆∆GL
i

and ∆∆GG
i , have a clear correlation with groups and sites of substitutions in the present
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Figure 3.8. Performances of GA and RS using (a) ∆∆GL
i and (b) ∆∆GG

i as importance

measures. The success rate at each point was evaluated by conducting GA or RS 10,000

times and taking the average.

datasets, which proves that the present datasets are useful in testing performances of

computational reactions search/optimization algorithms.

3.4 Conclusion

Theoretical datasets of reaction barriers of Claisen rearrangement were generated.

These reaction barriers were computed for ∼100,000 allyl vinyl ether molecules with dif-

ferent substitutions at a semiempirical PM7 level. Best substitution patterns were well

interpreted based on chemical features of the reactant, TS, and product and electronic

properties of substitution groups such as electron withdrawing/donating abilities. The ge-

netic algorithm with a simple implementation dramatically improved the success rates of

finding one of the top 0.1% reactions, compared to a simple random search. These results

suggest that the present datasets are useful in tuning parameters and implementations of

computational reaction search algorithms.

In this study, the datasets were used in testing a simple GA algorithm in which

each reaction was encoded by a set of integers representing each substituent. The present
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datasets would also be useful in testing the more complicated algorithms such as Bayesian

optimization utilizing geometric and electronic features of substituent groups as descriptor

variables.

3.5 Data Availability

The present datasets of the reaction barrier of the Claisen rearrangement are avail-

able in the supplementary material of doi: 10.1002/minf.202100216.
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Chapter 4

On Accelerating Substrate Optimization Using

Computational Gibbs Energy Barriers: A

Numerical Consideration Utilizing a

Computational Dataset

4.1 Introduction

Substrate optimization is a time- and resource-consuming step in organic synthesis.

Since the number of possible conditions increases exponentially depending on the number

of substrates that need to be optimized, it is challenging to assess all of the combinations

experimentally. It is generally done based on a chemist’s intuition and experience. Such

an empirical process often takes a long time and consumes considerable resources. Thus,

an efficient and reliable optimization method has been desired.

Informatics techniques such as linear and nonlinear regression, machine learning,

data clustering, and black-box optimization, among others, are currently used in chem-

istry for a variety of purposes. These include predicting reaction yields and selectivities,

elucidating reaction mechanisms, planning synthetic routes, developing descriptors, sug-
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gesting improved reaction conditions, and designing materials [1–18]. Bayesian optimiza-

tion (BO) is a powerful tool that balances exploration and exploitation [19, 20]. In BO,

Gaussian process (GP) regression predicts an objective variable and estimates its variance.

Then, the next candidate to be evaluated is proposed via an acquisition function. BO has

been applied to various problems in chemistry [21–38], including reaction optimization in

organic synthesis [39–42].

On the other hand, Gibbs energy barriers, calculated using quantum chemical calcu-

lations, have been widely used to interpret and explain known reactivities and selectivities

of organic reactions [43–53]. In addition, their ability to predict results in advance of

experiments has also been successful in many examples [8, 54–61]. In one-step reactions,

the Gibbs energy difference between the transition state (TS) and the reactant determines

the rate constant and thus represents the reactivity [62]. Even in multistep reactions,

the reactivity is represented by the Gibbs energy difference between the TS of the rate-

determining step and the lowest intermediate before the rate-determining step, under the

generalized pre-equilibrium approximation [63, 64]. Therefore, this study regards Gibbs

energy barriers as experimental and computational reactivities.

This study considers the use of theoretical Gibbs energy barriers to accelerate BO-

assisted substrate optimization and, consequently, reduce the number of required experi-

ments. In such a BO, data of two kinds, i.e., experimental data and computational data,

are used, as illustrated in Figure 4.1. To do that, one must consider the deviation between

computational and experimental results. Relying too much on the computational data

misleads optimization due to computational errors. At the same time, suppressing the

use of computational data too much does not help to reduce the number of experiments.

Moreover, the deviation varies depending on the computational levels. In Gibbs energy

barriers of organic reactions, the deviation typically is ∼5 kJ/mol by CCSD(T), 10-20
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Figure 4.1. Flow of the BO-assisted substrate optimization using experimental and com-

putational data. Method 1 and Method 2 correspond to the experiment and barrier

calculation, respectively.

kJ/mol by density functional theory (DFT), and even more by semiempirical methods.

The main focus of this study, which examines the algorithm in Figure 4.1, is how

to deal with the deviation between the two datasets of different nature (i.e., experimen-

tal vs computational). Figure 4.2 illustrates a similar situation where two measurement

methods are combined to optimize a common value, one with high accuracy and high cost
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Figure 4.2. Two types of data observation approaches: Method 1 is a high accuracy and

expensive observation; Method 2 is a low accuracy and cost-effective observation.

and one with low accuracy and low cost. The low-accuracy, low-cost measurement is also

considered to be a biased and noisy but cost-effective source. Bayesian optimization that

accesses biased and noisy but cost-effective sources of information along with accurate

and expensive sources is called multi-information source Bayesian optimization [65, 66].

In the field of chemistry, multi-information source Bayesian optimization was employed

to reduce the required cost of optimization and accelerate materials discovery [67], where

it was demonstrated to be effective in the study of three optimization problems: global

minimization of Rosenbrock function, geometry optimization of CO molecule, and maxi-

mization of intermolecular binding energies between hybrid organic-inorganic perovskites

and solvent.

To investigate the performance of the algorithm in Figure 4.1 with sufficient sta-

tistical accuracy, avoiding enormous computational and experimental effort, I propose

a procedure to do this virtually with practical effort instead of actually performing ex-
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Figure 4.3. Virtual experiment (Method 1) and virtual computation (Method 2) in this

study.

periments and computations. Such a virtual investigation requires two sets of reactivity

data. As mentioned above, the Gibbs energy barrier is considered as an index of reac-

tivity throughout this paper. As discussed above, computational data based on quantum

chemical calculations have errors due to the approximations used to solve the electronic

wave equations, and thus can be considered a biased and noisy but cost-effective source

of multi-information source Bayesian optimization. In this study, it is assumed that the

experimental error bar is much smaller than the errors in quantum chemical calculations.

With these assumptions, I construct a model, as shown in Figure 4.3. In this model, I

first adopt a large set of Gibbs energy barrier data (vide infra). Another dataset is cre-

ated by replicating the original one and then modifying its values by adding random and

systematic errors. The search for the optimal (low barrier) data in the original dataset is

then performed with reference to these two datasets. In such a virtual study, the origi-

nal dataset without errors is considered to be the virtual experimental dataset, and the

replicated and modified dataset with errors is considered to be the virtual computational

dataset. It should be emphasized that the purpose of this study is not to find a good
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Figure 4.4. (a) Claisen rearrangement, (b) substitution sites and substituents considered

in the Claisen rearrangement barrier dataset [68], and (c) the barrier distribution in the

Claisen rearrangement barrier dataset.

chemical reaction in a particular system. The purpose is to study the algorithm in Fig-

ure 4.1 using data of two different accuracies and to see how effective the algorithm is in

reducing the number of references to the higher accuracy data.

As a case study, this study focuses on the Claisen rearrangement and uses its theo-

retical Gibbs energy barrier dataset based on semiempirical PM7 theory reported in the

literature [68]. The dataset contains Gibbs energy barriers of the Claisen rearrangement

of allyl vinyl ether (Figure 4.4a) with ∼100,000 different substitutions (Figure 4.4b). Even

though all of the barriers are for the Claisen rearrangement, these barriers have a wide

distribution, as illustrated in 4.4c. It is emphasized again that the purpose of this study

is not to predict a new reaction using the Gibbs barrier dataset as descriptors, nor to

provide an accurate dataset for any particular system; the purpose is to examine the

Bayesian optimization algorithm that combines two datasets with different accuracies.

For this purpose, these datasets can be anything as long as they are not too chemically

unrealistic. Although the dataset I employed is based on semiempirical PM7 theory, it

was carefully examined in the former publication (ref [68]) and was shown to well describe

the substituent dependence of the reactivity of the Claisen rearrangement. Therefore,
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the following numerical experiments using the PM7 dataset are sufficient for the present

purpose.

This study conducts an extensive numerical investigation regarding these Gibbs en-

ergy barriers as virtual experimental data, while these Gibbs energy barriers plus system-

atic and random noises are virtual computational data, as illustrated in Figure 4.3. Such

a numerical investigation avoids additional experimental and computational efforts, en-

abling massive trials to check statistical behaviors while adjusting various parameters. The

present numerical investigation shows that even computational data including systematic

and random errors accelerates BO-assisted substrate optimization and helps reduce the

number of experiments.

4.2 Method

4.2.1 Barrier Dataset Utilized

To perform virtual experiments and computations, I use the Gibbs energy barrier

dataset of the Claisen rearrangement [68]. The Claisen rearrangement is a [3, 3] sigmat-

ropic rearrangement of an allyl vinyl ether, as illustrated in Figure 4.4a. This dataset in-

cludes theoretical Gibbs energy barriers of the Claisen rearrangement for 100,000 molecules

computed based on a semiempirical theory PM7 [69]. Each molecule is generated by

substituting 5 hydrogen atoms of the unsubstituted allyl vinyl ether molecule with 10

substituents. Five substitution sites and 10 substituents considered in the dataset are

summarized in Figure 4.4b. Although there are 928 missing values in the dataset, these

values were filled by random forest regression. It should be noted that the deviation be-

tween the PM7 dataset and the more accurate computational dataset obtained by, e.g.,

DFT is not essential in the present numerical investigation, which focuses purely on the

deviations between the original dataset and the replicated and modified dataset. The only
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requirement for the dataset used in this study is that it is chemically reasonable. The

PM7 dataset has been carefully studied in the literature and has been shown to reproduce

well the chemical trends discussed in previous DFT studies [70, 71]. Furthermore, after

extensive numerical analysis, it has been shown that the dataset reflects well the chemical

trends of different substitutions and is useful for testing different implementations of an

optimization algorithm [68].

In BO and random forest regression, each substituent is represented by a descrip-

tor variable. As descriptor variables, eight parameters, HOMO energy, LUMO energy,

HOMO-LUMO gap, NBO charge, Hammett constant [72], and Sterimol parameters (sub-

stituent length: L, minimum radius: B1, and maximum radius: B5) of each substituent

capped by a hydrogen atom are used in this study. The reactivity of the Claisen re-

arrangement depends on the partial charge of the transition state, the stability of the

product, and the interaction of the frontier orbitals. Previous studies have reported that

these factors are controlled by substituent effects [70, 71]. Therefore, it is expected that

the energies of the substituent frontier orbitals and the NBO charge will correlate with

the reaction barrier. The Hammett constant, which represents the electron-donating or

electron-withdrawing property of a substituent, and the Sterimol parameter, which repre-

sents the steric hindrance of a substituent, are also thought to affect reactivity.

HOMO energy, LUMO energy, HOMO-LUMO gap, and NBO charge were calculated

using the Gaussian 16 software package [73] by DFT at the ωB97X-D/def2-SVP [74, 75]

level of theory. Hammett constants σp were taken from the literature. Sterimol parameters

L, B1, and B5 were calculated using Winmoster [76]. Since each aryl-vinyl-ether molecule

in the dataset has 5 substitution sites, each molecule is represented by 40 descriptor

variables. Values of these parameters are listed in Table 4.1.
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Table 4.1. Lists of descriptor variables for each substituent.

Substituent HOMO (eV) LUMO (eV) Gap (eV) NBO charge σp L (Å) B1 (Å) B5 (Å)

CN -12.27 2.58 14.85 0.22152 0.66 3.7810 1.7000 1.7000

CO2CH3 -10.13 2.25 12.38 0.13372 0.45 4.6592 1.7901 3.7086

CF3 -13.11 4.38 17.49 0.12820 0.54 3.0327 2.0928 2.7158

F -12.99 3.80 16.79 0.53020 0.06 2.3889 1.4700 1.4700

H -13.86 4.25 18.11 0.00000 0.00 1.9578 1.2000 1.2000

CH3 -12.86 4.27 17.13 0.21486 -0.17 2.7979 1.7171 2.2351

CH2CH3 -11.45 4.01 15.45 0.21158 -0.15 3.9584 1.7620 3.3698

CH(CH3)2 -11.00 3.81 14.81 0.21332 -0.15 3.9102 2.1241 3.3814

NH2 -9.20 3.85 13.04 0.35184 -0.66 2.5695 1.5500 2.1817

OCH3 -9.56 3.84 13.40 0.45253 -0.27 3.7011 1.5200 3.2946

4.2.2 Input and Output

BO is a sequential global optimization strategy to find x∗ that maximizes or min-

imizes output f(x). In substrate optimization, input x is a set of descriptor variables

representing a substrate combination. The output f(x) is an objective value such as reac-

tion yield, rate constant, and Gibbs energy barrier. In this study, x is a set of descriptor

variables representing an allyl vinyl ether molecule, and f(x) is the Gibbs energy barrier

of their Claisen rearrangement.

In the present numerical investigation, a virtual experiment returns the Gibbs energy

barrier for the corresponding allyl vinyl ether, i.e., ∆∆G, from the dataset. On the other

hand, a virtual computation returns the Gibbs energy barrier for the corresponding allyl

vinyl ether from the dataset after adding systematic and random noises ϵ, i.e., ∆∆G + ϵ,

where ϵ is the Gaussian noise following the normal distribution N
(
µ, σ2

)
with mean µ

and variance σ2. In quantum chemical calculations, a specific computational method often

systematically underestimates or overestimates the Gibbs energy barriers for a particular

chemical transformation. The former µ represents such a systematic deviation. The latter

σ2 expresses deviations caused by factors having no systematic trend. It is noted that pre-
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cisely representing a deviation for a specific computational level is not the purpose of this

study. Instead, this numerical investigation aims to show that such virtual computational

results can help reduce the number of virtual experiments.

4.2.3 Implementation of Bayesian Optimization

Figure 4.1 presents my implementation of BO utilizing both virtual experimental

(Method 1) and computational (Method 2) results. First, Gibbs energy barriers are eval-

uated by virtual experiments for n allyl vinyl ether molecules, where these are randomly

chosen in the initial cycle or otherwise are ones proposed in the last cycle. The Gibbs

energy barrier data are standardized to have a mean of 0 and a standard deviation of 1.

Second, a posterior mean and variance for the reaction barrier, representing its

expected value and the uncertainty of the prediction, respectively, are estimated by GP

regression. In the implementation of GP, a Python package GPyTorch is used [77]. As a

kernel function, this study employs the radial basis function kernel:

kRBF (x1,x2) = θ1 exp

(
−1

2
(x1 − x2)

⊤ Θ−2 (x1 − x2)

)
(4.1)

where θ1 is the output scale parameter and Θ2 is the length scale parameter. These hy-

perparameters determine the shape of the covariance function and need to be optimized

to fit the observed data. This operation is performed via the type-II maximum a pos-

teriori estimation. In this step, a γ priori is assigned over each hyperparameter. The γ

distribution is a type of continuous probability distribution and has two parameters called

a shape parameter α and a rate parameter β. In my implementation, α and β for length

scale parameter and output scale parameter of radial basis function kernel, and noise were

specified as shown in Table 4.2. Then, m allyl-vinyl-ether molecules to be evaluated next

by virtual computations are proposed via an acquisition function. As the acquisition func-
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Table 4.2. Lists of shape parameter and rate parameter for each hyperparameter.

Parameter name α β

Length scale parameter 1.5 0.1

Output scale parameter 7.0 1.0

Noise 1.5 0.5

tion, I adopt the expected improvement (EI) function. The best candidate is estimated

by evaluating EI values for all possible allyl vinyl ether molecules, where candidates that

a virtual experiment or computation has already done are excluded to avoid duplication.

In my initial tests, the EI function outperformed the other acquisition functions such as

the probability improvement function and the upper confident bound function for the

present system. Adopting the Kriging believer algorithm [20], the GP regression and the

subsequent candidate proposal are iterated m times. In the first iteration, all previously

evaluated virtual experimental and computational results are used with the same weight

as data points for the GP regression. In the kth iteration, in addition to the virtual

experimental and computational values, (k - 1) GP predicted mean values obtained in

the first to (k - 1)-th iterations for the candidates proposed in the corresponding itera-

tions are additionally used with the same weight as data points for the GP regression.

In my initial tests, this Kriging believer algorithm outperformed the other multiple can-

didate suggestion schemes, such as the ϵ-greedy and Thompson sampling for the present

system [78,79].

Third, Gibbs energy barriers are evaluated by virtual computations for the proposed

m allyl vinyl ether molecules. Then, n candidate molecules are proposed based on the

GP regression through the same procedure taken in the second step, where candidates

that virtual experiment has already done are excluded to avoid duplication. The cycle is

terminated after acquiring 100 virtual experimental results in this study.
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4.3 Results and Discussion

4.3.1 Performance Comparison

To clarify whether computational data can be used to reduce the number of exper-

iments, I benchmarked the performance of the algorithm in Figure 4.1. The success rate

of finding one of the 10 most reactive allyl vinyl ether (one of those having the 10 lowest

Gibbs energy barriers) within 100 virtual experiments was evaluated to benchmark the

performance. The numerical investigations were done for the case without virtual compu-

tation (m = 0) and for all of the possible combinations of the virtual computational batch

size m = 5, 10, 15, 20, 25, and 30, mean deviation µ = -20.0, -10.0, 0.0, 10.0, and 20.0

kJ/mol, and standard deviation σ = 0.0, 5.0, 10.0, 15.0, and 20.0 kJ/mol. In all cases,

the virtual experimental batch size n was fixed to 5. I performed these numerical inves-

tigations 200 times for each combination, given different initial candidates and Gaussian

noise ϵ, and discussed their averages as statistically (nearly) converged results. In total,

30,000 numerical investigations were thus performed. Using the literature dataset enabled

such a massive test requiring millions of experiments.

Figure 4.5 shows the changes in performance for different combinations of m, µ,

and σ. In each panel of Figure 4.5, the blue line denoted by m = 0 corresponds to the

reference obtained without the use of virtual computational results. All of the other lines

in Figure 4.5 show better performance than the reference. Even the worst µ = 20.0 and

σ = 20.0 kJ/mol case in panel o shows a better success rate at the 20th batch (100th

virtual experiment) than the reference. Knowing that even virtual computational results

including such a significant error help improve the success rate and consequently reduce

the number of virtual experiments is encouraging.

Figure 4.5 also shows that the performance changes, depending on m and σ. When
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Figure 4.5. Rise in the success rate depending on the increase in the number of batches

under each combination of m, negative µ, and σ.

m increases, the success rate rises rapidly. This is an intuitively reasonable result that

using more virtual computational data improves performance. When σ increases from

the left panel to the right panel in Figure 4.5, the success rate decreases. In contrast, µ

does not affect the performance much compared to m and σ. This implies that the GP

regression easily recognizes and learns the systematic deviation. Similar trends are also

found for µ = -10 and -20 kJ/mol cases, as shown in Figure 4.6.

It was also found that the success rate decreases compared to the reference when µ

and σ exceed the range |µ| ≦ 20 kJ/mol and σ ≦ 20 kJ/mol. Figure 4.7 shows the changes

in performance for the case without the use of virtual computation (m = 0) and for all of

the possible combinations of the virtual computational batch size m = 5, 10, 15, 20, 25,

and 30, mean deviation µ = 20.0, 30.0, and 40.0 kJ/mol, and standard deviation σ = 20.0,

25.0, 30.0, 35.0, and 40.0 kJ/mol. As shown in Figure 4.7, when the computational error
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Figure 4.6. Rise in the success rate depending on the increase in the number of batches

under different combinations of m, µ, and σ, when µ is negative.

is too large, my method cannot accelerate the convergence of Bayesian optimization and

requires more virtual experiments than general Bayesian optimization. Therefore, when

the computational error is too large, e.g. exceeding the range |µ| ≦ 20 kJ/mol and σ ≦

20 kJ/mol in the present case, my method does not work well.

4.3.2 Heatmap Analysis

These trends are further visualized on the heatmaps in Figure 4.8 for different virtual

computational batch sizes. Each heatmap presents the number of virtual experiments

required to reach the 95% success rate. As m increases, the blue area in which the 95%

success rate can be achieved by virtual experiments less than 50 times increases. Such a

trend indicates that the number of experiments can be reduced using more computational

results. As seen in Figure 4.5a, the improvement saturates when m is increased over a
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Figure 4.7. Rise in the success rate depending on the increase in the number of batches

under different combinations of m, µ, and σ, when µ, and σ are large.

certain level, even with µ = σ = 0.0 kJ/mol. This would be due to the Kriging believer

algorithm, which suggests multiple candidates using a GP model and emphasizes errors

in the GP model.

Figure 4.8 also shows that the change in performance is highly dependent on σ,

but not so much on µ. However, all of the heatmaps are asymmetric and show better

performance when µ is positive. This is because the virtual computational results bias the

GP model to accept molecules like those already evaluated by virtual computation when µ

is negative (underestimating their barriers), especially in the early optimization stage. On

the other hand, the virtual computational results bias the GP model to avoid molecules

like ones already evaluated by virtual computation when µ is positive (overestimating their

barriers). Such a difference in the early stage explains the asymmetric heatmaps in Figure

4.8. Although numerical investigations were performed only using BO in this study, I
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Figure 4.8. Heatmap of the number of virtual experiments required to reach the 95%

success rate of finding the top 10 reactions from the Claisen barrier dataset.

expect similar results to be obtained even with other optimization algorithms such as the

genetic algorithm and particle swarm optimization algorithm.

4.3.3 Limitation

Finally, I discuss issues one needs to consider when one uses the algorithm in Figure

4.1. One is how to determine the rate-determining step from a multistep reaction profile

and compute an overall reactivity [80]. Another is how to accurately determine the en-

semble of various conformations at the rate-determining TS [45–52, 81]. There also are

methods to directly determine the reaction yield through automatic reaction path network

explorations considering formations of various resting and byproduct states [82,83]. Eval-

uating the reactivity accurately, considering an entire reaction profile or reaction path
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network, could often be more time-consuming than a single experiment. On the other

hand, focusing only on a few elementary steps could mislead BO due to a wrong kinetic

description based on an oversimplified model. In a similar vein, the choice of the com-

putational level is also crucial. In general, cost and efficiency are a trade-off in quantum

chemical calculations. However, using computational methods with lower computational

costs can result in larger computational errors and weaken the superiority of my method.

Therefore, when using my method, it is important to carefully determine the appropriate

computational level for barrier calculations, taking into consideration the available com-

putational resources and costs and taking note of a balance between the time and cost

required for a single experiment and a single barrier calculation. While my method may

reduce the number of experiments, it may not be as effective for reactions that require a

significant computational effort to compute the reaction barrier. On the other hand, reac-

tions explainable with a relatively simple mechanism possessing a clear rate-determining

step would be suitable targets for the algorithm shown in Figure 4.1.

4.4 Conclusion

In this study, I virtually validated the impact of using computational Gibbs energy

barriers in BO-assisted substrate optimization and showed that it potentially accelerates

BO-assisted substrate optimization and reduces the number of required experiments. To

perform a thorough numerical investigation, Gibbs energy barriers in the literature dataset

were employed virtually regarding the Gibbs energy barriers as experimental results and

those with systematic and random noises as computational ones. Such a numerical model

allowed me to examine as many as 30,000 cases and acquire statistically (nearly) con-

verged outputs. The present numerical validation suggested that the use of computational

Gibbs energy barriers considerably accelerates substrate optimization, especially when a
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computational method affected by a small random error is adopted. It was also found that

systematic errors are not a serious matter. Moreover, it was shown that even a computa-

tional method affected by a relatively sizable random error of 20 kJ/mol, more significant

than the typical error by DFT, is sufficiently helpful in reducing the number of experi-

ments. These findings encourage the utilization of computational Gibbs energy barriers

in actual substrate optimizations. Although this study has focused on the optimization of

the combination of substituents in the reactants of the Claisen rearrangement, my method

can easily be applied to reaction optimizations of different types, varying temperatures,

solvents, ligands on organometallic complexes, etc. In these cases, barrier calculations are

also carried out by changing these conditions. A further study combining real experimental

and computational results is in progress in my group.

4.5 Data Availability

All of the barrier data used in this study were taken from the Supporting Information

of ref 68.

4.6 Code Availability

The Python code used for implementing Bayesian optimization and benchmarking its

performance can be found at: https://github.com/Hiroaki-Okada/bo-comp-barrier.
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Chapter 5

Regioselectivity Maximization of the Thermal

Azide-alkyne Cycloadditions Based on Bayesian

Substrate Optimization

5.1 Introduction

The azide-alkyne cycloaddition between organic azide and alkyne is a powerful or-

ganic reaction that allows for the direct synthesis of 1,2,3-triazoles. This reaction is a type

of 1,3-dipolar addition reaction proposed by Smith and generalized by Rolf Hüsgen, in

which a 1,3-dipolar azide and a dipolarophile alkyne undergo pericyclic cyclization [1–3].

In the azide-alkyne cycloadditions, both 1,4- and 1,5-disubstituted isomers with differ-

ent relative positions of substituents can be produced, typically resulting in a mixture

of the two isomers (Figure 5.1). Extensive research has been conducted to control the

regioselectivity of this reaction.

In 2002, the copper(I)-catalyzed azide-alkyne cycloaddition was reported, demon-

strating the selective synthesis of 1,4-disubstituted isomers [4–7]. This reaction is consis-

tent with the concept of ”click chemistry” proposed by Sharpless and co-workers and is a

process that yields a single isomer in high yield under mild conditions [8]. Subsequently,
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Figure 5.1. Azide-alkyne cycloaddition and two isomers.

in 2005, the ruthenium(II)-catalyzed azide-alkyne 1,3-cycloaddition was introduced, en-

abling the regioselective formation of 1,5-disubstituted isomers [9–12]. These discoveries

made it possible to control the selectivity of the azide-alkyne cycloadditions in the presence

of catalysts. Despite these remarkable successes, controlling the selectivity of the azide-

alkyne cycloadditions under non-catalytic conditions remains a topic of interest [13–17].

In this study, I have focused on maximizing the regioselectivity of the catalyst-free thermal

azide-alkyne cycloaddition through reaction screening.

In recent years, informatics and quantum chemical calculations have emerged as

promising tools for reaction screening and reducing experimental trial and error, and

minimizing cost. Informatics techniques, such as machine learning and optimization algo-

rithms, have proven successful in various applications, including the prediction of reaction

yields, reaction selectivities, forward synthesis designs, retrosynthetic analyses, and opti-

mizing reaction conditions [18–29]. Notably, Bayesian optimization is an algorithm that

efficiently explores optimal solutions by balancing ”exploitation” which focuses on areas

where optimal solutions are expected, and ”exploration” which investigates areas where

data collection is inadequate [30,31]. Bayesian optimization consists of two main processes:

(1) predicting the objective variable and assessing prediction uncertainty using a surrogate

model, such as a Gaussian process (GP), and (2) proposing candidate solutions for the

next iteration via an acquisition function. Bayesian optimization is widely employed in the

field of chemistry and has demonstrated success in many problems including optimizing
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reaction conditions [32–41].

On the other hand, Gibbs free energy changes of chemical reactions calculated by

quantum chemical calculations have been used to analyze and interpret experimental re-

activity, and selectivity [42–52]. Some studies have even directly predicted the reaction

outcome prior to experiments [53–63]. Thus, quantum chemical calculation can predict

desirable substrates and reaction conditions by evaluating Gibbs free energy barrier of

a reaction without experiments. Especially in one-step reactions with a clear transition

state (TS) structure, the height of the reaction barrier and its difference directly determine

reactivity and selectivity, making it easy to predict experimental results.

Here, I screened a combination of substrates of an azide and an alkyne using substrate

optimization algorithms with Bayesian optimization and quantum chemical calculations

to maximize the regioselectivity of the thermal azide-alkyne cycloadditions, especially the

regioselectivity of 1,5-disubstituted isomers. Three different optimization algorithms were

implemented and run independently to compare the experimental and computational costs

required for optimization. The optimization algorithms propose combinations of substrates

whose regioselectivity is examined from a search space of 256 combinations of substrates,

based on available experimental and theoretical regioselectivity data. The regioselectivity

of the thermal azide-alkyne cycloaddition in the proposed combinations was evaluated

using an automated synthesis robot and quantum chemical calculations.

5.2 Method

5.2.1 Reaction Space

In experiments, azide and terminal alkyne substrates were dissolved in N,N -dimethylformamide

and stirred at 100 ◦C for 18 h (Figure 5.2a). I defined the reaction space with a combi-

natorial set of 16 azides (Figure 5.2b) and 16 alkynes (Figure 5.2c), resulting in a total
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Figure 5.2. (a) Reaction condition for the thermal cycloaddition between an azide and

terminal alkyne. (b) 16 candidate azides. (c) 16 candidate alkynes.

of 256 combinations of substrates within the search space. Each candidate substrate was

chosen to have substituents with various electronic and steric properties, such as electron-

donating, electron-withdrawing, bulky, and small. Here, I have also confirmed that the

solvent does not affect the regioselectivity of the thermal azide-alkyne cycloaddition reac-

tion by another experiment.

5.2.2 Substrate Optimization Scheme

Three substrate optimization algorithms were run independently to maximize the

regioselectivity of the reaction. The experimental and computational costs of optimization

for each scheme were compared.

1. Bayesian Optimization Using Experimental Selectivity: This algorithm uses

Bayesian optimization and experimental selectivity data to search for optimal com-
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binations of substrates. In Bayesian optimization, the GP regression is performed

based on the available experimental data to evaluate the posterior mean and vari-

ance of the selectivity for each substrate combination. Then, the next batch of the

experiments is proposed via an acquisition function (Figure 5.3a). This is the most

common implementation of Bayesian substrate optimization, using only experimen-

tal results as a source of information. Thus, this scheme is a reference to other

algorithms that utilize the computational results as a second source of information.

Details of the implementation of Bayesian optimization are described in Chapter

5.2.3.

2. Bayesian Optimization Using Experimental and Theoretical Selectivity:

This algorithm also searches for the best substrate combination using Bayesian op-

timization. However, it differs from the first algorithm in that it uses not only the

experimental selectivity data but also the theoretical selectivity data in the GP re-

gression (Figure 5.3a). This algorithm aims to reduce the number of experiments

required for Bayesian substrate optimization by utilizing computational results as

a second source of information. In general, observational errors in experimental

results are sufficiently smaller than computational errors in computational results.

In such cases, experimental data can be considered accurate but expensive data,

while theoretical data can be considered biased and noisy but cost-effective data, in

terms of experimental cost. In Bayesian optimization, the approach of using cheap

but cost-effective data as the second source of information to suppress the use of

accurate but expensive data and consequently reduce the optimization cost is called

multi-information source Bayesian optimization [64, 65]. In the field of chemistry,

multi-information source Bayesian optimization was employed to reduce the required

cost of solving optimization problems such as geometry optimization, binding en-
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ergy maximization, and substrate optimization [66, 67]. Hence, multi-information

source Bayesian optimization using the theoretical selectivity data as cheap but

cost-effective data is expected to suppress the use of the experimental data and thus

reduce the number of experiments required for substrate optimization.

3. Greedy Algorithm Based on Theoretical Selectivity: In this algorithm, Bayesian

optimization is not used. Instead, the theoretical selectivity of all of the combina-

tions of substrates is determined by quantum chemical calculations in advance of

experiments. Combinations of substrates are ranked according to their theoreti-

cal selectivity, and experiments are carried out greedily, starting with the substrate

combination with the highest theoretical selectivity (Figure 5.3b). This algorithm

is a computation-driven reaction screening method in which experiments are con-

ducted based on the theoretical results. Since the search space contains only 256

combinations in my case, it is not difficult to calculate the regioselectivity in all of

the combinations of substrates. It is expected that this algorithm can discover the

optimal substrate combination with a small number of experiments if the deviation

between computational and experimental selectivity is small.

5.2.3 Implementation of Bayesian Optimization

In Bayesian optimization, a GP was used as a surrogate model. The Python package

GPyTorch was used to implement the GP regression [68]. As an acquisition function, the

upper confident bound (UCB) function was employed [69].

Electronic, steric, and structural features extracted from azide, alkyne, and triazole

were used as candidate descriptor variables for the GP regression. Since the selection of

descriptor variables is essential in machine learning, I briefly evaluated the importance of

each candidate descriptor variable for each iteration of Bayesian optimization. Specifically,
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Figure 5.3. Flow of three substrate optimization algorithms. (a) Scheme 1 is a Bayesian

substrate optimization using the experimental regioselectivity data, and Scheme 2 is a

Bayesian substrate optimization that utilizes both the experimental and theoretical re-

gioselectivity data. (b) Scheme 3 is a greedy algorithm based solely on the theoretical

regioselectivity. The batch size of experiments and computations was always set to four.

the correlation coefficient and the maximum information coefficient [70] between each

candidate descriptor and the objective variable (i.e., the selectivity of the reaction) were

evaluated for each iteration, and only variables with either value greater than 0.5 were

regarded as important and used as descriptor variables in the GP regression. Note that all

selected descriptor variables are standardized to have a mean of 0 and a standard deviation

of 1.

The kernel function and the gamma prior to its hyperparameters were grid searched

and the combination with the highest cross validation score was selected as the best. The

kernel function is a function that represents the covariance between input points xi and
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xj . The candidate kernel functions were chosen from the following functions:

klinear (xi,xj) = vx⊤x (5.1)

kmatérn1 (xi,xj) = θ1 exp(−r) (5.2)

kmatérn1+linear (xi,xj) = θ1 exp(−r) + vx⊤x (5.3)

kmatérn3 (xi,xj) = θ1(1 +
√

3r) exp(−
√

3r) (5.4)

kmatérn3+linear (xi,xj) = θ1(1 +
√

3r) exp(−
√

3r) + vx⊤x (5.5)

kmatérn5 (xi,xj) = θ1

(
1 +
√

5r +
5

3
r2
)

exp(−
√

5r) (5.6)

kmatérn5+linear (xi,xj) = θ1

(
1 +
√

5r +
5

3
r2
)

exp(−
√

5r) + vx⊤x (5.7)

kRBF (xi,xj) = θ1 exp

(
−1

2
r2
)

(5.8)

kRBF+linear (xi,xj) = θ1 exp

(
−1

2
r2
)

+ vx⊤x (5.9)

where v is the variance parameter, θ1 is the output scale parameter, and r2 is the square

of Euclidean distance between xi and xj scaled by the length scale parameter Θ. If Θ is a

constant diagonal matrix, one length scale parameter is applied to all dimensions of input.

If Θ is a non-constant diagonal matrix, each dimension of input has its own length scale

parameter. This type of kernel function is called an automatic relevance determination

(ARD) kernel. In this study, I tried both kernels with and without ARD for all kernels

except the linear kernel. Thus, the total number of kernel functions considered was 17.

In cross validation, available data were split into training data and test data, and GP

regression model was trained via the type-II maximum a posteriori estimation using the

training data. Adam was used as the optimizer. Finally, the combination of the kernel

function and the gamma prior that maximized the coefficient of determination was used

for optimization.

The batch size of the experiments and computations was set to four, and Bayesian
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Figure 5.4. Synthesis of the 1,2,3-triazoles using the automated synthesis robot. Azide

and terminal alkyne substrates were dissolved in N,N -dimethylformamide and transferred

to a vial. The reaction mixtures were stirred at 100 ◦C for 18 h.

optimization was parallelized using the Kriging believer algorithm so that four combina-

tions of substrates could be proposed simultaneously [31].

5.2.4 Experimental Details

An automated synthesis robot (Chemspeed ISYNTH robotic synthesis platform) was

employed to carry out the thermal azide-alkyne cycloaddition reaction. Most operations

such as mixing substrates, adding solvents, and heating, stirring, and cooling reaction

mixtures were automated and parallelized using the robot (Figure 5.4). This is suitable

for batch experiments in which multiple experiments are conducted simultaneously.

The thermal azide-alkyne cycloaddition reaction generally produces a mixture of 1,4-

and 1,5-disubstituted isomers. To determine the signals of 1,4-substituted isomers on a

gas chromatography (GC) and NMR, the copper(I)-catalyzed azide-alkyne cycloaddition

reactions were carried out in parallel with the thermal azide-alkyne cycloaddition for the
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combinations of substrates proposed by each algorithm.

In most cases, the selectivity of the reaction was evaluated from the area ratio of GC

signals of the two isomers since the S/N ratio of GC spectrum is smaller than that of NMR

spectrum. In some cases, however, GC signals of two isomers were too close to each other,

making it difficult to evaluate the selectivity. In such cases, selectivity was evaluated from

NMR spectra instead of GC spectra. Fortunately, there were no cases where the signals

of the two isomers were inseparable, either by GC or NMR.

5.2.5 Computational Details

In the thermal azide-alkyne cycloaddition, the energy difference between the 1,4-

and 1,5-TSs in the two reaction pathways producing the 1,4- and 1,5-disubstituted iso-

mers determines the theoretical regioselectivity. To evaluate the theoretical selectivity for

each substrate combination, the non-substituted TS structure of the thermal azide-alkyne

cycloaddition of hydrogen azide with acetylene was determined in advance. Previous theo-

retical studies have shown that the reaction proceeds through a concerted process [71,72].

Therefore, I focused on the pathway where an azide and an alkyne directly form a triazole

in a single step. In other words, I searched for TSs where two covalent bonds are generated

simultaneously.

The substituents of azide and alkyne substrates proposed by Bayesian optimization

were introduced into the azide and alkyne moieties of the unsubstituted TS to gener-

ate model structures for 1,4- and 1,5-disubstituted TSs. Each substituent moiety was

rotated around the newly generated covalent bonds to reduce steric hindrances and was

subsequently optimized at the semiempirical GFN2-xTB [73] level interfaced with Orca

4.2 [74]. The conformation of the substituents in each model TS was systematically ex-

plored using the single-component (-SC) AFIR method implemented in an in-house version
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Figure 5.5. Concise scheme to obtain the most stable 1,5-disubstituted TS structure.

The same procedure, with different substituent addition positions, also provides the most

stable 1,4-disubstituted TS structure.

of the GRRM program [75, 76]. The model collision parameter GAMMA was set to 100.

SC-AFIR calculations were also done at the GFN2-xTB level.

Among the obtained 1,5-disubstituted approximate TS structures, structures with

electron energy ranging from the most stable to +30 kJ/mol were roughly clustered

based on the distance matrix. The most stable structure in each cluster was then ex-

tracted and optimized to the exact TSs using a quasi-Newton method. The intrin-

sic reaction coordinate (IRC) calculations [77, 78] were performed from all of the ob-

tained TSs to check whether they connected the appropriate reactants and products.

These calculations were conducted using the Gaussian 16 software package [79] with the

B3LYP-D3/def2TZVPP//B3LYP-D3/def2SVP [80] level of theory. The solute electron

density model (SMD) method [81] was employed to incorporate the solvent effect of N,N -

dimethylformamide. The same procedure was applied to the 1,4-disubstituted approxi-

mate TS structures. The flow of searching for the most stable TS structure is summarized

in Figure 5.5. Finally, the Boltzmann distribution was calculated using the difference

in Gibbs free energies of the most stable 1,4- and 1,5-disubstituted TSs to evaluate the

theoretical selectivity for the thermal azide-alkyne cycloaddition.
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Figure 5.6. The search space clustered by k -means. 43-Dimensional descriptor variables

were compressed into a 2-dimensional space with t-distributed stochastic neighbor embed-

ding (t-SNE). The data with the smallest Euclidean distance from the centroid of each

cluster is marked with a black star.

5.3 Results and Discussion

5.3.1 Optimization Results

The search space was partitioned into four clusters using k -means clustering (Figure

5.6). The initial batch for Schemes 1 and 2 was determined by selecting the substrate com-

bination with the smallest Euclidean distance from the centroid of each cluster. The initial

batch for Scheme 3 was the four combinations of substrates with the highest theoretical

1,5-regioselectivity out of 256 combinations of substrates. The combinations of substrates

that contained 2k and 2o formed small clusters, each containing 16 data points (pink and

dark blue clusters), while the remaining combinations were roughly partitioned into two
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Figure 5.7. History of substrate combination optimization in (a) Scheme 1, (b) Scheme 2,

and (c) Scheme 3. The horizontal axis represents the number of experimental batches

executed, while the vertical axis denotes the experimental regioselectivity of the 1,5-

disubstituted isomer. Gray circles depict the four experimental results obtained in each

batch, and red circles represent the maximum regioselectivity of the 1,5-disubstituted iso-

mer achieved up to the previous iteration.

large clusters (red and light blue clusters). The formation of distinct small clusters by 2k

and 2o may be attributed to their notably large structural specificity.

Eight batches of experiments were conducted in each optimization scheme. Since the

experimental batch size was set to four, the total number of experiments performed was

calculated as 3 (optimization schemes) × 4 (batch size) × 8 (executed batches) = 96. Some

combinations of substrates were overlapped among the optimization schemes. The number

of combinations for which the regioselectivity was investigated was 71. Experimental

regioselectivity observed in each optimization scheme was shown in Figure 5.7 as a function

of the executed experimental batch. The maximum experimental regioselectivity of 1,5-

disubstituted isomer observed was 74.7%. All of the three optimization schemes succeed

in finding the corresponding combination of substrates.

The distribution of experimental 1,5-regioselectivity is shown in Figure 5.8. Only 10
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Figure 5.8. Distribution of experimental 1,5-disubstituted isomer selectivity. The mean

and the standard deviation of the selectivity were 39.9% and 10.7%, respectively.

combinations of substrates showed more than 50.0% 1,5-regioselectivity, indicating that

the thermal azide-alkyne cycloaddition predominantly favors 1,4-regioselectivity.

5.3.2 Substituent Effects Analysis

The top five combinations of substrates with the highest 1,5-regioselectivity are

shown in Table 5.1. The electron-rich, slightly bulky 2i specifically enhanced 1,5-regioselectivity.

A theoretical study by Houk and co-workers revealed that 1,3-cycloaddition of an azide

with an electron-rich alkyne proceeds via the interaction of the LUMO of the azide with

the HOMO of the alkyne [82]. The LUMO of the azide has a slightly larger coefficient on

the unsubstituted nitrogen atom, while the HOMO of the electron-rich alkyne has a larger

coefficient on the unsubstituted carbon atom. Consequently, the interaction between the

LUMO of the azide and the HOMO of the electron-rich alkyne favors the preferential

production of the 1,5-disubstituted isomer. To validate this preference, I calculated the
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Table 5.1. Top five combinations of substrates with the highest regioselectivity

for 1,5-disubstituted isomers. ∆E1 = (Eazide-LUMO − Ealkyne-HOMO) and ∆E2 =

(Ealkyne-LUMO − Eazide-HOMO). The unit is eV.

Rank Azide Alkyne ∆E1 ∆E2 ∆E2 - ∆E1 1,5-regioselectivity (%)

1 1f 2i 5.09 6.15 1.06 74.7

2 1c 2i 5.38 5.90 0.52 61.2

3 1p 2i 5.34 6.13 0.79 60.0

4 1k 2i 5.35 6.14 0.78 56.9

5 1f 2c 5.78 5.70 -0.08 52.5

energy difference between the azide LUMO and alkyne HOMO, as well as between the

alkyne LUMO and azide HOMO, for the top five combinations of substrates. The results

confirmed my expectations, as the energy difference between the azide LUMO and alkyne

HOMO was consistently smaller than the energy difference between the alkyne LUMO

and azide HOMO in the ranking 1-4 combinations. It’s worth noting that the energy dif-

ference between the alkyne LUMO and azide HOMO was smaller than that between the

azide LUMO and alkyne HOMO for the rank five combination. However, this result is not

surprising, considering that the regioselectivity is influenced by not only frontier orbital

interactions but also various factors, including charge and steric hindrance, and that the

1,5-regioselectivity of the rank five combination is low at 52.5%.

The top five combinations of substrates with the lowest 1,5-regioselectivity (i.e., the

highest 1,4-regioselectivity) are summarized in Table 5.2. Although Bayesian optimization

is configured to search for combinations of substrates that maximize 1,5-regioselectivity,

it is not surprising that, in the process of balancing exploration and exploitation, combi-

nations with opposite selectivities are proposed and discovered. As shown in Table 5.2,

2k with an acetyl group notably enhances the 1,4-regioselectivity. This substituent effect

is likely due to the distribution of partial charges between the azide and the alkyne. The
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Table 5.2. Top five combinations of substrates with the highest regioselectivity

for 1,4-disubstituted isomers. ∆E1 = (Eazide-LUMO − Ealkyne-HOMO) and ∆E2 =

(Ealkyne-LUMO − Eazide-HOMO). The unit is eV.

Rank Azide Alkyne ∆E1 ∆E2 ∆E2 - ∆E1 1,4-regioselectivity (%)

1 1p 2k 6.97 5.77 -1.20 86.4

2 1k 2k 6.98 5.77 -1.21 86.3

3 1f 2k 6.72 5.79 -0.93 84.4

4 1c 2d 5.48 5.58 0.10 79.7

5 1b 2d 5.51 5.80 0.28 79.1

nitrogen atoms at both ends of the azide group are negatively charged, but the nitro-

gen adjacent to the substituent exhibits a larger negative partial charge. On the other

hand, 2k has a relatively positive charge on the unsubstituted carbon due to the reso-

nance. Consequently, strong electrostatic interactions between the substituted nitrogen

and the unsubstituted carbon are believed to preferentially lead to the formation of the

1,4-disubstituted isomer (Figure 5.9).

Frontier molecular orbital energy analysis also explains why 2k improves the se-

lectivity of the 1,4-substituted isomers. According to the theoretical work of Houk and

co-workers, the reaction between an azide and an electron-deficient alkyne proceeds via

an interaction between the HOMO of the azide and the LUMO of the alkyne [82]. The

HOMO of the azide has a large coefficient on the substituted nitrogen atom, while the

LUMO of the electron-deficient alkyne has a large coefficient on the unsubstituted carbon

atom. Thus, the interaction of these two orbitals preferentially produces 1,4-disubstituted

isomers. Indeed, as shown in Table 5.2, the energy difference between the alkyne-LUMO

and azide-HOMO is smaller than that between the azide-LUMO and alkyne-HOMO for

the ranking 1-3 combinations using 2k.

I then compared the theoretical and experimental selectivities for 71 experimentally
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Figure 5.9. (a) Resonance structures and partial charge distribution of the alkyne with the

acetyl group. (b) Partial charge distribution of the 1,4-TS and 1,5-TS with the alkyne with

the acetyl group. The 1,4-TS is stabilized by strong electrostatic interactions, resulting in

preferential production of the 1,4-isomer.

validated combinations of substrates. Despite a systematic search for the most stable TS

structures, a substantial deviation between theoretical and experimental selectivity is ob-

served (Figure 5.10). While the trend of qualitative experimental selectivity is predicted,

quantitative experimental selectivity prediction is not successful. I also computed selec-

tivity with other functions (ωB97X-D [83] and M06L [84], M06 [85], M062X [85]) and

basis sets (6-31G++(2df,2pd) [86] and aug-cc-pVTZ [87]), however, the deviation did not

improve essentially. This significant deviation may adversely affect the prediction accu-

racy of GP regression and the optimization efficiency of Bayesian optimization based on

experimental and theoretical selectivity.
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Figure 5.10. Comparison of experimental and theoretical 1,5-regioselectivity of the thermal

azide-alkyne cycloaddition.

5.3.3 Performance Comparison

In this study, one batch of experiments or selectivity calculations took approximately

1-2 days. Hence, the time cost required for the experiments and the calculations was al-

most the same. Although it is difficult to directly compare the human and financial costs

required for experiments and computations, considering the risks and hazards associated

with the synthesis of explosive azides, and the human costs involved in performing exper-

iments that are difficult to automate, reducing the number of experiments by investing a

certain amount of computational cost is meaningful. Despite the significant computational

error (Figure 5.10), the greedy method (Scheme 3) efficiently found the optimal combi-

nation with the fewest experiments (Table 5.3). This result suggests that, in the case

where a score of an objective variable for all possible combinations can be calculated at a
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Table 5.3. Lists of the required number of experiments and selectivity calculations in each

substrate optimization scheme.

Scheme The number of experiments The number of calculations

1 28 0

2 24 20

3 12 256

low cost, computation-driven reaction screening can significantly reduce the experimental

costs required for substrate optimization. Table 5.3 also shows that Bayesian optimization

using both experimental and theoretical selectivity data (Scheme 2) optimized combina-

tion of substrates at relatively low computational cost and with fewer experiments than

conventional Bayesian optimization using only experimental selectivity data (Scheme 1).

This result shows that even the computational selectivity, which is affected by computa-

tional error, helps to reduce the required number of experiments for Bayesian substrate

optimization.

Finally, I discuss the scope of application of the obtained results. First, it should

be noted that the use of computational results does not always make reaction screening

more efficient when the computational cost is very large. For example, to predict the

theoretical reactivity or selectivity of a multi-step reaction, it is necessary to evaluate the

Gibbs free energies of all of the TSs which may be a rate-determining step. In addition,

chemical reactions involving additives such as catalysts and bases increase the number of

possible conformations and require a more systematic search to determine the most stable

conformation. In such cases, the cost of a single calculation can significantly exceed the

cost of a single experiment, reducing screening efficiency. It has also been reported that if

the computational error is too large, the utilization of computational results as a second

source of information decreases the performance of Bayesian optimization [67]. There-

118



fore, it is necessary to correctly estimate the computational cost and the computational

error when performing reaction screening using theoretical data. In addition, Bayesian

optimization results exhibit randomness based on the initial sample. Therefore, starting

Bayesian optimization from different initial samples can lead to different outcomes.

5.4 Conclusion

In this study, I have optimized the combinations of azide and terminal alkyne sub-

strates to maximize the regioselectivity of the thermal azide-alkyne cycloaddition. From a

search space of 256 combinations of substrates (16 azides and 16 alkynes), three optimiza-

tion algorithms (Bayesian optimization using experimental selectivity, Bayesian optimiza-

tion utilizing experimental and theoretical selectivity, and a greedy method relying solely

on theoretical selectivity) using different data were utilized to search for the optimal sub-

strate combination. The regioselectivities of the combinations of substrates proposed by

the optimization algorithms were evaluated experimentally using an automated synthesis

robot with quantum chemical calculations. The maximum 1,5-regioselectivity achieved was

74.7%, while the maximum 1,4-regioselectivity was 86.4%. The chemical interpretation for

these substrates enhancing the regioselectivity of the thermal azide-alkyne cycloaddition

could be explained by frontier orbitals and partial charges.

Among the three algorithms, the greedy algorithm has succeeded in finding the best

substrate combination with the fewest number of experiments. This result supports the

superiority of computation-driven reaction screening in substrate optimization. Further-

more, Bayesian optimization utilizing both experimental and theoretical selectivity data

was able to find optimal combinations of substrates with fewer experiments compared

to conventional Bayesian optimization using only experimental selectivity data, despite a

significant computational error. This result suggests that the theoretical selectivity data
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can be useful in reducing the experimental cost of Bayesian substrate optimization. Fur-

ther studies on the application of the method developed in this study to maximize the

regioselectivity in various chemical transformation reactions are under investigation in my

laboratory, together with studies on the enhancement of the optimization algorithms.
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Chapter 6

General Conclusion

In this study, I developed a method to reduce the number of experiments required

for reaction screening in organic synthesis.

In Chapter 2, an overview of the methods used in this study was provided. Initially,

the artificial force induced reaction (AFIR) method was introduced. The details of the

geometry generation algorithm, the genetic algorithm, and Bayesian optimization were

also presented. Additionally, the Chemspeed ISYNTH robotic platform, designed for

automated execution of general experimental manipulations, was introduced.

In Chapter 3, the reaction barrier datasets that can be used to benchmark the

performance of optimization algorithms were created. The reaction barrier of the Claisen

rearrangement for 100,000 allyl vinyl ether molecules with different substitutions was eval-

uated at a semiempirical PM7 level using the AFIR method. After evaluating its chemical

and numerical features, it was found that the dataset well reflects the chemical trends of

various substitutions. Using the created datasets, the performance of the genetic algorithm

and the random search were compared. The obtained results suggested that the reaction

barrier datasets of the Claisen rearrangement can be used to evaluate the performance of

optimization algorithms.

In Chapter 4, a method to reduce the number of synthetic experiments required for
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reaction screening by combining Bayesian optimization and reaction barrier calculations

was developed. In this method, the reactivity or selectivity of chemical reactions is eval-

uated not only through experiments but also via Gibbs energy barrier calculations. To

validate the impact of using computational Gibbs energy barrier data in Bayesian opti-

mization for reaction screening, an extensive numerical investigation using the reaction

barrier dataset of the Claisen rearrangement was conducted. The results showed that

even the computational reactivity affected by noises as much as 20 kJ/mol helps reduce

the number of required experiments.

In Chapter 5, the developed method was applied to the thermal azide-alkyne cycload-

dition. To maximize the regioselectivity of the 1,5-disubstituted isomer, various combi-

nations of azides and alkynes were explored with three optimization schemes that utilize

Bayesian optimization and selectivity calculations. The results indicated that Bayesian

optimization, utilizing both experimental and theoretical selectivity data, can effectively

reduce the experimental cost required for substrate optimization and accelerate reaction

screening. It was also found that certain combinations of azides and alkynes showed high

1,5-regioselectivity (74.7%) or 1,4-regioselectivity (86.4%).

The method developed in this study simultaneously handles two types of data with

different levels of observation accuracy and costs. Generally, obtaining accurate data re-

quires a lot of cost, whereas acquiring cost-effective data yields low-accurate, biased, and

noised data. In reaction screening, accurate and expensive data correspond to experi-

mental reactivity data, while the cost-effective, biased, and noised data correspond to

computational reactivity data. The objective of the developed method is to minimize ac-

cess to expensive experimental data by utilizing cost-effective computational data, despite

its lower accuracy. This study demonstrates that utilizing computational data affected

by computational errors can reduce the number of experiments and accelerate reaction
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screening. The developed method is versatile and applicable to various reaction screen-

ing problems, thus contributing to the acceleration of reaction screening using quantum

chemical calculations.

Future prospects include applications to more complex organic reactions and closed-

loop reaction optimization by combining barrier calculations with Bayesian optimization

and robotic synthesizers.
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