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Abstract

We developed a machine learning model for fast estimating reaction energy barriers.
The model was trained on data for 11,730 elementary reactions and barriers computed with
an estimated accuracy of 2.3 kcal/mol by Grambow and coworkers. Although it was trained,
and then applied, only for reactions involving atoms of H, C, N and O, our model can readily
be generalized to molecules and reactions involving other elements. We designed and tested
many molecular representations. Our best model has 363 features calculated from the
chemical composition, structure, and energy of products and reactants that can all be

obtained at a small computational cost.

A Kernel Ridge Regression with Laplacian kernel was found to give the best fit to the
data. It makes predictions with a mean absolute error of 4.1 kcal/mol for barriers smaller
than 40 kcal/mol. We used this machine learning model to estimate the barriers of 136,081
hypothetical association reactions between molecules known to exist in the circumstellar
envelopes and interstellar medium, where temperatures range between 10 and 150 K. A
screening procedure identified reactions likely to occur (those with near zero barriers) that
could play a role in the formation of relatively complex organic molecules (those with at
least one double bond and containing at least one atom each of the elements H, C, N and
O). Reactions identified as the most promising were investigated with density functional
theory and coupled cluster quantum chemical methods to obtain reaction pathways and
energies of reactants, intermediates, transition states and products with an accuracy of

roughly 1 kcal/mol. We found no barrierless reaction but found two reactions with low
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barriers leading to the formation of N-methyleneformamide (CH.NCHO) and imine
acetaldehyde (NHCHCHO). These molecules have not yet been observed in space. The
low barriers that we calculated, and the possibility that these reactions would be facilitated
by adsorption on ice covered dust grains in the interstellar medium, suggest that these two
molecules may exist in space and could be detected by determinations of rotational

constants from spectroscopic lines in the microwave region.
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Chapter 1 Introduction

In quantum chemistry, predicting transition states (TS) and energy barriers of chemical
reactions is of great significance for determining the chemical reactivities of molecules [1],
analyzing rate constants of reactions, and depicting potential energy surfaces along reaction
coordinates. In this dissertation, TS stands for ‘transition states’, and the symbol E is used
to represent energy barriers in mathematical formulas. Reaction energy barriers are
essential for calculating a reaction rate constant. It implies whether a reaction easily occurs

or not.

The common methods for findings TS and energy barriers are quantum chemistry and
electronic structure theory methods, for instance, Hartree-Fock (HF), Density Functional
Theory (DFT), and Coupled Cluster (CC) theory [1-14]. Among these methods, several
correlated electronic structure methods (e.g., coupled cluster with single and double
excitations and with perturbative triple excitations, CCSD(T) [15-19]) can estimate
reaction barrier with an error of only ~1 kcal/mol [8,9], but they require large computational
costs for big molecule systems [20]. For example, a single-point energy calculation (based
on a fixed geometry) with CCSD(T) for one molecule with 12 atoms (five non-hydrogen
atoms and seven hydrogen atoms) needs 5 to 7 days to complete. Molecular geometry
optimization, frequency calculation, and TS-finding with CCSD(T) take much longer.

Usually, decreasing computational costs leads to a reduction in accuracy.



Hence, a more approximate method for small or middle-size systems is favoured, such
as DFT. For instance, the DFT method wB97XD [21-24], which gives a root-mean-square
error (RMSE) of 2.34 kcal/mol for estimating 206 reaction energy barriers [5], takes
roughly two to five days to generate the energy curve of a reaction pathway involving seven
atoms and passing through two transition states with a basis set def2-TZVP [25-27]. This

is much faster than applying CCSD(T) to the same problem.

However, these quantum chemical techniques are not suitable for very large and complex
systems such as oceans, atmospheres, cryosphere, or the interstellar medium (ISM) and
circumstellar envelopes (CSE), which may require thousands or even millions of TS,
molecular geometries, and energy barrier estimates [20]. This large order of magnitude of

reactions is practically impossible to handle with current quantum chemistry (QC).

The anticipated significance of the work is twofold. First, it shows a strategy for
estimating energy barriers by ML that could be applied, in the future, to the study of large
numbers of chemical reactions in complex systems. Second, it shows how one can identify
reactions and molecules of interest for chemical evolution in the ISM and CSE [20,28,39]
with estimates of energy barriers followed and applying additional criteria related to the

composition and structure of products.

The next sections in this chapter, and Chapter 2, give an introduction, background
knowledge, relevant concepts of our study, and describe the previous work conducted by

others.



These research articles and manuscripts form the basis for chapters 2 to 6:

Ji, H.; Ragyanszki, A.; Fournier, R. Machine Learning Estimation of Reaction Energy
Barriers. Comput. Theor. Chem. 2023, 1229, 114332.
https://doi.org/10.1016/j.comptc.2023.114332. (published) (chapters 2 and 3)

Ji, H.; Ragyanszki, A.; Fournier, R. Computational Study of the Reactions of Interstellar
Molecules: CH» Reacting with HCNO and HNCO. ChemRxiv  2023.
https://doi.org/10.26434/chemrxiv-2023-kpm5r. This content is a preprint and has not been
peer-reviewed. (submitted to a peer-reviewed journal) (chapters 4 and 5)

Ji, H.; Ragyanszki, A.; Fournier, R. Computational Structural and Spectroscopic Study
on Conformers of Potential Interstellar Molecules. (draft manuscript) (chapter 6)

Ji, H.; Ragyanszki, A.; Fournier, R. Computational Study of Potential Interstellar
Reactions: CH> Reacting with CH3C(=0O)NH; and H,O Reacting with NHCHCHO. (draft

manuscript) (chapters 4 and 5)

1.1 Contributions by Myself and Others to This Work

Chapters 3 to 6 describe original work by myself and co-workers Anita Ragyanszki and
René Fournier. I was the main contributor and the first author on research articles and
manuscripts based on the work described in those chapters. To be specific: (1) I collected
and pre-processed the data used in training and testing ML models; (2) I wrote or developed
Python and MATLAB codes to build different ML models, to optimize parameters and
hyperparameters of different ML models, and to perform model validation; (3) I ran a great
number of tests to choose and optimize the features; (4) I performed the work that takes a
list of molecules observed in the ISM and CSE as input and generates a list of association
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reactions (this created 136,081 reactions), and I performed features calculations for those
136,081 reactions; (5) I performed all the quantum chemistry calculations that locate
minima and transition states for characterizing reaction pathways shown in this dissertation;

(6) The figures, tables, reaction schemes, and first drafts of manuscripts were done by me.

The following parts of the work reported in this dissertation were done collaboratively
with significant and roughly equal contributions from myself, Anita Radgyanszki and René
Fournier: overall strategy adopted for this project; search of literature; design and choice of
features; choice of quantum chemistry and machine learning methods; methodology and

criteria to select reactions of astrochemical interest for study by quantum chemistry.

Anita Ragyanszki first brought our attention to astrochemistry, guided our initial efforts
in that direction, and performed the calculations for ground vibrational state rotational
constants. René Fournier designed and wrote the computer code for reactant-product
alignment and calculation of features designated as “Set 2” in section 3.3.4. Discussions
with Dylan James and Jennifer van Wijngaarden clarified to us the relation between
optimized molecular structures and rotational spectroscopic constants often used for

identification of molecules in the ISM.

1.2 Background

The processes of chemical and biospheric evolution existing in space are of significant
interest to scientists due to the linkage between the discovery of molecules in the universe
and the origin of life [29—31]. Detection and study of possible molecules, gases, and solid

matter in space contribute to exploring suitable and favourable circumstances for the
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emergence of life. The list of molecules that have been identified in the ISM has roughly
250 entries and is growing [32]. More than one thousand organic molecular species were
found in the Murchison meteorite [33]. As more extraterrestrial molecules are discovered,
the likelihood for the presence in space of relatively big biologically important molecules
increases and this matters for theories about the interaction of prebiotic molecules and early

Earth [33-35].

The prerequisite for investigating the formation of life-relevant substances in a specific
cosmic area is that some known small molecules must be detected. In the ISM and CSE,
more than 250 molecular species have been detected through astronomical observations or
are suspected to be present [32,36-39]. The increasing number of small organic molecules
discovered in the ISM or CSE [32,36] implies that prebiotic molecules could be formed
somewhere in space and then reach our early Earth [33—35]. This could be significant for
the emergence of early-stage life [33—35,39]. Based on these known molecules, exploring

more detailed ISM and CSE constituents is encouraging.

These ISM and CSE molecules could react with each other in a myriad of ways. The
detailed interaction of these molecules and the mechanism of producing prebiotic organic
molecules in the ISM and CSE are currently unclear due to remote distance and limited
instruments. Roughly 60% of the molecules in the ISM and CSE [36] are composed of C,
H, O and N atoms, which are the four most abundant elements in the universe [29-31] and
are obviously important in studies of the origins of life. The chemical evolution involving

the molecules composed of these elements spans a broad range of possibilities. If one has



M different molecular species and tries to generate association reactions with two reactants
from those M molecules, [(M x (M + 1)) /2] x 10 = N association reactions can be generated
if one composition of one reactant side corresponds to 10 possible products [20]. If M equals
100, this makes 50,500 possible reactions. However, the conditions in the ISM [40] and

CSE [41] are such that only barrierless reactions are likely [20,39].

It is currently not possible to do accurate quantum chemistry calculations for all
hypothetical reactions in the ISM and CSE that are relevant to prebiotic chemistry [20].
Therefore, estimating reaction energy barriers among ISM and CSE molecules with a
feasible approach is critical for figuring out potential chemical evolution routes in the ISM

and CSE.

1.3 Quantum Chemical Methods for Estimating Reaction Energy Barrier

There are various quantum chemistry methods available for optimizing molecular
geometries, locating TS, calculating molecular energies, and calculating reaction energy
barriers. These methods are based on quantum mechanics [42]. Common classes of methods

are ab initio methods, density functional theory (DFT) methods, and semi-empirical

methods (SEMs) [42-44].

The Hamiltonian operator () of the Time-Independent Schrodinger equation

Hy=Ey (1)



for N electrons moving in the potential created by M nuclei corresponds to the sum of
kinetic energies and potential energies of all the particles in the system and is described as

[44a-44e]
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where the first term is the operator corresponding to kinetic energy of N electrons (notated
as T, in Equation (3) with “T” representing “kinetic energy” and subscript “e” representing
“electrons”), the second term is the operator corresponding to kinetic energy of M nuclei
(notated as T,, in Equation (3) with “T” representing “kinetic energy” and the subscript “n”
representing “nuclei”), the third term is the operator corresponding to Coulomb attraction
of electrons-nuclei (notated as ¥,,, in Equation (3) with “J’ representing “potential energy”,
and the subscript “en” representing attraction between electrons and nuclei), the fourth term
is the operator corresponding to repulsion between electrons (notated as ¥, in Equation (3)
with “J” representing “potential energy”, and the subscript “ee” representing repulsion
between electrons), and the last term is the operator corresponding to repulsion between
nuclei (notated as ¥,,, in Equation (3) with “J” representing “potential energy”, and the
subscript “nn” representing repulsion between nuclei). Hence, Equation (2) can be written

as

~

H=T, + Ty + Vo + Voo + Uy 3)

Nowadays, there are many methods and computation programs available to obtain

approximate solutions to the Schrédinger equation (see Equations (1) to (3)) for the ground



state. Solving Schrodinger equation and obtaining the ground electronic state energy for
many different sets of nuclear positions (Xi, X2, ..., Xm) generates points of the potential
energy surface (PES), U(Xi, Xz, ..., Xm) (X is the shorthand for the three cartesian
coordinates of nucleus j). This procedure is justified by the Born-Oppenheimer
approximation which says, essentially, that the motion of electrons and nuclei occur on very
different time scales. Chemical reactions are commonly studied by finding and calculating
the energies at a few critical points of the PES associated with the nuclei in that reaction.
The minima of the PES correspond to stable species during the process of that reaction, i.e.,
various conformers of the reactants, products, and intermediates of reaction. The saddle
points of the PES correspond to TS. Every pair of minima of the PES can be connected by
an intrinsic reaction coordinate (IRC) that goes through one TS (and every TS leads to two
minima of the PES). Once the critical points of a PES and their energies are known, one

can calculate the energy of reaction: AU, =U(Xpmducts) - U(X cactants) and the energy

barriers separating pairs of connected minima ‘a’ and ‘b’: E;, = U(X,,) - U(X,), where
Kproducts, Xreactants, Xab, and Xa represent the set of nuclear positions for the products, the

reactants, the transition state ‘ab’, and the minimum (or the molecular species) ‘a’.

Ab initio methods find approximate solutions to the many-electron Schrédinger equation
[42,43,45]. This is usually done by applying the variational theorem to optimize a trial
wavefunction and calculating the energy from the known Hamiltonian and the approximate
wavefunction [42,43,45]. Common ab initio methods for estimating reaction energy
barriers include Hartree-Fock (HF), Moller—Plesset Perturbation theory (MP,), Coupled

Cluster theory (CC), and Quadratic Configuration Interaction (QCI).
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The main differences between Kohn-Sham Density Functional Theory (KS-DFT) and ab
initio methods are that: (1) in KS-DFT, a model Hamiltonian is used to set up a Schrédinger
equation instead of using the true Hamiltonian; (2) electron correlation is treated
approximately with a careful choice of a fictitious exchange-correlation potential vxc(),
where r denotes a position in 3D space. The great computational advantage of KS-DFT
comes from the choice of vxer which makes it unnecessary to calculate a wavefunction
[46—48]. Instead, KS-DFT only requires finding N/2 occupied orbitals by finding N/2
solutions to a single one-electron Schrodinger equation which is far easier than solving the
N-electron Schrodinger equation. Remarkably, it has been shown that there exists a vxeq)
that produces orbitals which, when squared and summed over, produce exact
(nonrelativistic) electron densities [47]. And also, that there exists a functional Exc of the
electron density that produces exact energies. Unfortunately, vxc and Exc are not known
exactly and there are many (roughly 200) approximate versions of KS-DFT, some of them

free of any empirical parameter, some of them heavily parametrized.

Semi-empirical methods, such as PM7, proceed like ab initio methods with three
important approximations. First, these methods neglect electronic correlation, except
indirectly by fine-tuning some empirical parameters. Second, many molecular integrals that
naturally arise in ab initio methods are neglected, they are simply set to zero [43,49,50].
Third, the elements of the Hamiltonian matrix, which are loosely related to atomic orbital
energies and energy couplings, are calculated using a mix of empirical data and ‘hard

calculations’ (the empirical data are mostly spectroscopic data).



In this research project, a semi-empirical method, PM7 [51-53], is utilized for
optimizing molecular geometry and calculating its energy based on that geometry. We used
PM7 to save a lot of computational cost when a costlier way, DFT, is no longer feasible for
thousands of, or even millions of molecules. Even though SEMs are faster than standard
HF or DFT approaches [50], they are less reliable. For approximating reaction energy
barriers, PM7-TS [54] outputs a MAE of 22.5 kcal/mol [20,55]. For a data set of 206
reactions, 178 DFT methods can estimate reaction energy barriers with accuracies of less
than 10 kcal/mol [5]. One of the best of these 178 DFT methods, @B97XD, reproduced
known energy barriers with a mean absolute error of 2.3 kcal/mol [5]. This is the method

we used.

Of the three categories of methods, SEM is the fastest and least accurate, with errors of
25 kcal/mol or more [42,43,56]. Some ab initio methods give much better accuracy (e.g., 1
kcal/mol for estimating reaction energy barriers) [8,9] but are computationally very
demanding [57]. Some DFT methods can give barriers with mean absolute errors of 2 to 5
kcal/mol, but require computing time on the order of hours per reaction which would make
the study of reactions in the ISM very challenging. Furthermore, the calculation of TS and
barriers by DFT, or by any other quantum chemical method, is prone to failure and requires
frequent human intervention. This would be problematic whenever the number of reactions

exceeds a few hundred.

Theoretically, ISM and CSE molecules could combine with each other to produce

thousands of possible products due to a variety of compositions of elements, leading to
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thousands of, even millions of, possible reactions. The computational cost of studying that
order of magnitude of reactions with sophisticated quantum chemistry methods is
tremendous. The reaction energy barrier will be acquired only after the TS is found, which
is always a tough task and may require different algorithms for different kinds of reactions.
Software like Gaussian allows one to search for TS. However, these searches often fail. In
order to show that a critical point of the PES is a TS, normal modes are calculated: if one,
and only one, of them is associated to an imaginary frequency, the point is a TS. There is
another difficulty with finding TS. If one searches for the TS that connects minima A and
B, and finds a TS, that TS may not actually connect A and B. To solve that problem, a
calculation of the intrinsic reaction coordinate (IRC) [58,59] starting from the TS is done.
An IRC always leads to two minima. If the minima are A and B, we have the correct TS for
the process A—B. Otherwise, the search for TS may have to be repeated with a different
algorithm or different geometry guess. The bonds formation and breaking near transition
states of a reaction need to be well known for approximating energies very well, which is a

hard problem for molecular electronic structure calculations [20].

To solve the above issues, the goal of the first part of this research project is to establish
a machine learning model for fast (less than one second) and moderately accurate (10

kcal/mol or better) estimates of energy barriers [20].
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1.4 Introduction to Machine Learning

Machine learning (ML), a subfield of artificial intelligence (AI), has been successfully
applied in different fields of research including chemistry, energy economics, neuroscience,

and health care [60—66].

ML has shown its potential for handling large-scale chemical problems [67,68]. The two
most common categories of problems that ML algorithms can tackle are regression and
classification. The most natural formulation of energy barrier prediction is a regression.
Suppose that we know, for many cases j = 1 to NV, a set of input variables (x;;, x;2, ..., Xjp)
and one output energy barrier E;. The integer D is the dimensionality of the representation.
The D input variables for the /™ data are conveniently denoted by a vector x;. A ML model
can be trained to learn the relation between inputs x; and outputs E;. After training, the ML
model is a fit function f{x) that can act on any input x such that f{x;) = E; + d;, where the d;’s
are small errors (small in a root-mean square sense). Different forms of the function give
rise to different ML models, and different techniques may be used to train ML models.

These are explained in section 2.2.

1.4.1 Elements of a Machine Learning Model
The first key to building a ML model is to have a large database of reactions with
accurately known reaction energy barriers. Since it learns from data [72], the number and

the quality of data is essential for creating a good ML model.

The second key is to develop appropriate features of reactions. Ideally, features should

encode chemical reactions in a way that is computationally efficient and captures all
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important aspects for barrier prediction. In our problem, it is essential that the computation
of features of a reaction be many orders of magnitude faster than a DFT determination of
TS and barrier. It is also good to have relatively few features, and features that are not too
strongly correlated to one another. The ideal number of features is highly problem
dependent. It can be less than 10 for some very simple problems, or millions in very
complex problems. The design and selection of features often requires (as it did in our

study) many tests and some form of optimization.

In addition to the above keys, ML requires computationally efficient ways to process
data. A common difficulty in ML, which did arise in our work, is to recognize and deal with
corrupt data. In our study, a few unphysical geometries were generated by the computer
code that translates Simplified Molecular Input Line Entry System (SMILES)
representations of molecules to 3D molecular structures. The solution we applied involved
standardization: for every feature ‘y’, the mean ‘m’ and standard deviation ‘s’ of y; values
are calculated, and the feature is redefined as yws = (y-m)/s. After standardization, any
instance where the absolute value of one of the features is larger than a tolerance T is
rejected. For our data, a very conservative tolerance, T = 18, was adequate to reject corrupt

data [20].

The last key to a successful ML is to seek the most accurate ML model for solving a
specific problem. We used these statistics to assess the quality of different ML models: the
root-mean-square error (RMSE), the mean absolute error (MAE), the mean signed error

(MSE), the fraction of variance unexplained (FVU) by the model, the coefficient of
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determination R*, and the adjusted coefficient of determination Rﬁdj . We give special
importance to Rﬁdj in comparing models and the MAE to express typical expected errors in

future use of a model. We point out that a proper assessment of a model must be based on
two sets of data, a training set used for optimizing the parameters of the model (e.g., the
coefficients in a linear regression), and an independent validation set that has no data in
common with the training set, for assessing the predictive performance with RMSE, MAE,
etc. Moreover, a model validation procedure is of great significance for avoiding overfitting

or underfitting issues of the chosen model.

1.5 Interstellar Medium (ISM) and Circumstellar Envelopes (CSE)

The major application of our study is the chemical reactivity and the exploration of
potential chemical evolution in the ISM and CSE [20,39]. The interstellar medium only
surrounds a small portion of the Galaxy's total mass, however, the chemical, biochemical,
and biophysical evolution occurring in those regions is essential to our understanding of

space, the possible origins of life, and the galactic ecosystem [40].

Some molecules and dust in the ISM (roughly 80% of the total mass) were initially
generated in the CSE and blown from the CSE into the ISM [41]. The rapid and advanced
growth of telescope and satellite technology in the past 60-70 years has enabled more and
more interstellar molecules to be identified, which furthers our understanding of space and

brings renewed interest by the research community [73a].

In 1994, there were 107 gas-phase interstellar molecules reported to be present, five of

which were uncertain [73b]. In 2004, there were 127 interstellar molecular species reported
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to exist in space [73a]. As of 2023, more than 250 molecular species have been detected or
are suspected to be present in the ISM and CSE [32,36-39]. The chemistry of the ISM or
CSE must be governed to a large extent by barrierless reactions because temperatures are
very low, roughly between 15 and 100 K [40,41]. However, observations and investigations
of molecular clouds of ISM achieved by scientists imply that interstellar shocks may exist
and lead to the generation of radiation [73a,74], which could increase the maximum
temperature to 150 K for a specific area. Even with temperatures of 15 ~ 150 K, the gas-
phase chemical reactions between two interstellar molecules can hardly proceed except
those with zero barriers and no endothermicity [20,39,73a]. The reaction mechanisms in
the ISM and CSE are not well-known. Gas phase collisions, reactions at the surface of
carbonaceous or icy grains, and reactions initiated by absorption of cosmic rays are all
possible [39,73a,73¢,74]. It seems plausible, however, that barrierless reactions play a big
role. The reactions can hardly occur if reactants need extra energy (especially a large
energy) to produce a new compound [20]. We focus on association reactions among two
reactants since the collision situation is rare in the ISM and CSE and it is unlikely to have
one collision caused by more than two molecular species at once [73a,73b]. In the ISM,
stabilization of the products of association reactions is an essential step. We did not attempt
to model this. It has been suggested that newly formed products in the ISM could be
stabilized by emitting a photon for a reaction in the gas phase, or by giving off energy to a

dust grain where the reaction occurs.

15



1.6 Outline of the Dissertation

The work described in this dissertation is divided into three parts: development of a ML
model for predicting energy barriers; quantum chemical study of possible reactions in the
ISM or CSE, CH; + HCNO/HNCO/CH3C(=0)NHz; calculation of equilibrium geometries
and rotational constants of conformers of molecules suspected to be present in the ISM.
The overall process can be depicted in Figure 1-1, which has been published as a graphical

abstract in the paper:

e Ji, H.; Ragyanszki, A.; Fournier, R. A. Machine Learning Estimation of Reaction
Energy Barriers. Comput. Theor. Chem. 2023, 1229, 114332.

https://doi.org/10.1016/j.comptc.2023.114332.
1.6.1 Development of a Machine Learning Model

The first major part of our research project is to propose a fast way of estimating reaction
energy barriers. Such a fast way can be achieved by establishing ML approaches. Features
can represent the information relevant for estimating energy barriers. In order to achieve
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Figure 1-1. Workflow of overall process presented in this dissertation with pointing out
applications to astrochemistry, especially to ISM and CSE.
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good accuracy, we tested many different kinds of features combined in many different

ways.

We tested five regression methods for energy barrier estimation [20]: Ordinary Least
Squares (OLS) [75,76], Ridge Regression (RR) [77,78], Weighted Least Squares (WLS)
[79,80], Kernel Ridge Regression (KRR) [81-84], and Feed Forward Neural Network
(FFNN) [85-88]. After the ML method with the best performance is found, different

features sets and many types of approaches to calculating features are applied [20].

1.6.2 Computational Search for Prebiotic Chemistry in the ISM and CSE

After the best ML model is developed, the next major part is to create feasible, efficient,
and biochemistry-important screening procedures. The screening procedures presented in
Chapter 5 have been completed [39] and can be depicted in Figure 1-2. The new screening
proposal and corresponding plans related to the energies of conformers of critical molecules

will be discussed in Chapter 7.

As shown in Figure 1-2, a dataset of 136,081 reactions was created by making
combinations of reactants A and B, where A and B are chosen among the molecules known
to exist in the ISM or CSE [39]. The barriers to reactions were predicted using our best ML
method [20] for those 136,081 reactions and every reaction with an energy barrier larger
than 6 kcal/mol was rejected [39]. After this step, approximately 2% of the reactions
remained. Next, we applied a set of rules to select reactions that appear most relevant for

prebiotic chemistry.
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The few remaining reactions were then examined one by one, and we made educated

guesses as to which are most important. Those were then studied with accurate quantum

chemistry (QC) techniques to establish reaction pathways, including transition states and

energy barriers, and to compute

equilibrium geometries and rotational constants of

conformers of the products of reactions. The details of those calculations are discussed in

chapters 2, 5, and 6.
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Figure 1-2. Workflow for acquiring the most possible and biologically meaningful

reactions in the ISM and CSE.
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Chapter 2 Computational Techniques

Here we describe the quantum chemistry and machine learning methods and software
that we used. The content of this chapter closely follows our article on energy barrier

estimation (Hongchen Ji et al. [20]).

2.1 Quantum Chemistry and the Gaussian Software

We used Gaussianl6 software [89] to perform all quantum chemistry techniques in our
research project, as well as GaussView [90] and Avogadro [91,92] as interfaces. All

Gaussian calculations were carried out on Digital Research Alliance of Canada computers.

2.1.1 Molecular Geometry Optimization

For every reactant, reactant complex (RC), intermediate (IM), transition state (TS), and
product (P) on the PES of one reaction, optimization of geometry is required. Different
optimization algorithms can be utilized by specifying a keyword in the Gaussian input file
[89,93a,94]. Other information that is supposed to be contained in the Gaussian input file
includes an assigned name for a molecule, electric charge and the spin multiplicity of that
molecule, and element symbol and cartesian coordinates of an initial approximate geometry
for each atom in that molecule [95]. One simple optimization example (geometry
optimization of ethanol at @wB97XD/def2-TZVP level of theory [21-27]) of the Gaussian
input file is shown in Figure 2-1. The input geometry of ethanol used here and used in the

next sections was obtained from the PubChem Compound Summary [93b].
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# wB97XD/Def2TZVP Opt

Ethanol

01

0 -1.17120000 0.29970000 0.00000000
C -0.04630000 -0.56650000 0.00000000
C 1.21750000 0.26680000 0.00000000
H -0.09580000 -1.21200000 0.88190000
H -0.09520000 -1.19380000 -0.89460000
H 2.10500000 -0.37200000 -0.01770000
H 1.24260000 0.93070000 -0.87040000
H 1.26160000 0.90520000 0.88860000
H -1.12910000 0.83640000 0.80990000

Figure 2-1. Gaussian input file of one simple optimization example (geometry optimization
of ethanol at ¥B97XD/def2-TZVP level of theory).

2.1.2 Molecular Frequency and Energy Calculation

In our work, molecular geometry optimization was always followed by a calculation of
normal mode frequencies achieved with the keyword Freq in the Gaussian input [96,97].
The Freq keyword also triggers the calculation of the zero-point energy (ZPE) and ZPE
corrected energy [96,97]. Imaginary frequencies show up as negative numbers in the
Gaussian output. The number ‘n’ of imaginary frequencies is used to characterize stationary
points of the PES: n = 0 indicates a minimum, n = 1 a transition state, and n > 1 a higher-

order critical point of no interest to us.

One simple example of the Gaussian input file of frequency and energy calculation (of

ethanol at ¥B97XD/def2-TZVP [21-27] level of theory) is shown in Figure 2-2.
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# wB97XD/Def2TZVP Freq

Ethanol

01

0 -1.17120000 0.29970000 0.00000000
C -0.04630000 -0.56650000 0.00000000
C 1.21750000 0.26680000 0.00000000
H -0.09580000 -1.21200000 0.88190000
H -0.09520000 -1.19380000 -0.89460000
H 2.10500000 -0.37200000 -0.01770000
H 1.24260000 0.93070000 -0.87040000
H 1.26160000 0.90520000 0.88860000
H -1.12910000 0.83640000 0.80990000

Figure 2-2. Gaussian input file of one simple example of frequency and energy calculation
(of ethanol at @wB97XD/def2-TZVP level of theory).
2.1.3 Transition States

The equilibrium geometries of molecules are minima of the PES. Finding the minima of
the PES, a function of many variables, is an easy mathematical problem and the numerical
methods to do it are fast and robust. In contrast, a TS is a saddle point, i.e., a minimum
along all coordinates except one (call it ‘g’) and a maximum along ¢. TS are difficult to
locate because ¢ is not known a priori. Numerical methods that search for TS go through
many steps and often fail. Some TS searches end up at a minimum, others at a higher-order
critical point, and others find a TS that is different from the one connecting the reactants

and products.

There are three common keywords used for locating TS with Gaussian16: QST2, QST3,
and TS [932,94,96,98,99]. The former two approaches are both based on the Synchronous
Transit-Guided Quasi-Newton (STQN) method [99,100]. Preparing input files for QST2
and QST3 is not simple since the atom order in the product(s) should be the same as in

reactant(s) (for QST2), and the atom order in an initial guessing TS should be also the same
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as in reactant(s) (for QST3) [93a]. Moreover, they fail often for complex TS. However, one
can give the testing priority to QST2 or QST3 if there is only one small change between
two conformers of a molecule, e.g., only one angle between two conformers is different.
The difference between QST2 and QST3 is the input information needed: QST2 requires
molecular information of reactant(s) and product(s) while QST3 requires molecular
information of reactant(s), product(s), and an initial TS guess [99]. For most cases in our
work, the keyword TS using the Berny algorithm [93a, 100—106] works well. Along with
this approach, the computation of force constants is sometimes needed for better TS
optimization, which can be achieved with the keyword calcall, specifying that, at every
point, the force constants will be calculated [93a,107]. One simple example of a Gaussian
input file for TS optimization with the Berny algorithm and force constants computation
for a TS between anti and gauche conformers of ethanol [108] at ®B97XD/def2-TZVP
[21-27] level of theory is shown in Figure 2-3.

# wB97XD/Def2TZVP Opt=(ts,calcall) geom=connectivity

TS between Ethanol conformers

01

0 -1.17120000 0.29970000 0.00000000
C -0.04630000 -0.56650000 0.00000000
C 1.21750000 0.26680000 0.00000000
H -0.09580000 -1.21200000 0.88190000
H -0.09520000 -1.19380000 -0.89460000
H 2.10500000 -0.37200000 -0.01770000
H 1.24260000 0.93070000 -0.87040000
H 1.26160000 0.90520000 0.88860000
H -1.95939917 0.31793564 0.56935651
12 1.9 1.9

23 1.0°41.905 1.9

36 1.0 7T 108 1.9

4

5

6

7

8

9

Figure 2-3. Gaussian input file of one simple example of TS optimization (for a TS between
anti and gauche conformers of ethanol at ®¥B97XD/def2-TZVP level of theory).
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2.1.4 Intrinsic Reaction Coordinate (IRC) Calculation

TS located with the above procedure should be characterized by normal mode analysis.
A TS must have only one imaginary frequency. The next step is to find which two minima
are connected by the transition states. This is done by doing a small displacement of the
nuclei along the imaginary frequency mode, in the positive and negative directions, and
following the intrinsic reaction coordinate (IRC) [58,59] to the two minima connected by
the TS [109]. This is done with the IRC keyword in Gaussian. Generating the IRC is much
more costly in computing time than a molecular geometry optimization and is typically two
to eight times more costly than a TS optimization. The IRC does not always end at the
expected, or desired, reactants and products. When it does not, additional TS, and maybe
intermediates of reactions, must be discovered to map out the reaction path. The entire

process for finding the relevant transition state(s) of a reaction can take several days.

# IRC=(calcall) wB97XD/Def2TZVP geom=connectivity

IRC from a TS between Ethanol conformers

01

0 -1.17120000 0.29970000 0.00000000
C -0.04630000 -0.56650000 0.00000000
(o 1.21750000 0.26680000 0.00000000
H -0.09580000 -1.21200000 0.88190000
H -0.09520000 -1.19380000 -0.89460000
H 2.10500000 -0.37200000 -0.01770000
H 1.24260000 0.93070000 -0.87040000
H 1.26160000 0.90520000 0.88860000
H -1.95939917 0.31793564 0.56935651
1210 9 1.0

2:31:04 1.0:5:1.0

36 1.0.7 1.0:8 1.0

4

5

6

7

8

9

Figure 2-4. Gaussian input file of one simple example of IRC calculation (starting from an
assumed TS between anti and gauche conformers of ethanol at wB97XD/def2-TZVP level
of theory).
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One simple example of the Gaussian input file of IRC calculation starting from an
assumed TS between anti and gauche conformers of ethanol at ¥B97XD/def2-TZVP [21-

27] level of theory is shown in Figure 2-4.

2.1.5 Molecular Single-Point Energy Calculation

Single-point energy (SPE) calculations are normally done when a more accurate and
more expensive method is used, such as CCSD(T). When studying potential energy surface
or one reaction with quantum chemistry, it is common to choose a DFT method for
molecular geometry optimization, TS locating, and reaction pathway following with IRC,
and then employ a sophisticated Coupled Cluster (CC) method for SPE calculation, such as
CCSD or CCSD(T). As mentioned earlier, the computational cost is enormous if the whole
process (molecular geometry optimization, TS locating, and IRC calculation) is done with
CCSD(T), it could take many months with 16 processors even for a simple reaction.
Applying a combination of DFT methods with CC methods to investigate the reaction
mechanism is much cheaper and gives nearly the same accuracy as doing everything by
CCSD(T). SPE calculations can be easily achieved with the keyword SP in the Gaussian

input file [110]. One simple example of a Gaussian input file of SPE calculation based on
# CCSD-T/Aug-cc-pVQZ SP

Ethanol

01

0 -1.17120000 0.29970000 0.00000000
C -0.04630000 -0.56650000 0.00000000
C 1.21750000 0.26680000 0.00000000
H -0.09580000 -1.21200000 0.88190000
H -0.09520000 -1.19380000 -0.89460000
H 2.10500000 -0.37200000 -0.01770000
H 1.24260000 0.93070000 -0.87040000
H 1.26160000 0.90520000 0.88860000
H -1.12910000 0.83640000 0.80990000

Figure 2-5. Gaussian input file of a calculation based on the geometry of ethanol at
CCSD(T)/Aug-cc-pVQZ level of theory.
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the geometry of ethanol at CCSD(T)/Aug-cc-pVQZ [15-19,111-113] level of theory is

shown in Figure 2-5.

2.1.6 Potential Energy Surface Scan

In this research project, several reactions mechanisms are studied on both singlet and
triplet potential energy surfaces. A related work of finding the triplet-to-singlet surface
crossing is proposed [39] because it can discover additional reaction pathways leading to

ground state products.

To figure out this crossing, one feasible way is to make use of a potential energy surface
(PES) scan of singlet and triplet reactant complexes based on continuously changing
geometries [39]. The keyword “scan” used in the Gaussian input file can allow us to
perform a lot of SPE calculations based on different combinations of bond lengths and
angles with only input once [114]. The bond lengths or angle change for each step and the

total number of changing steps can be easily pointed out in that Gaussian input file. One

# wB97XD/Def2TZVP scan geom=connectivity

CH2 CH2

01

C

H 1 Bl

H 1 B2 2 Al
Bl 1.08024155 10 0.00295399999999999
B2 1.08024155 10 0.00295399999999999
Al 134.29612176 10 -3.219419

12 1.0 3 1.0

2

3

Figure 2-6. Gaussian input file of one simple example of PES scan of CH: at
wB97XD/def2-TZVP level of theory.

25



simple example of the Gaussian input file of the PES scan of CH; at wB97XD/def2-TZVP

[21-27] level of theory is shown in Figure 2-6.

2.2 Machine Learning (ML) Techniques

2.2.1 Methodology of Machine Learning

Estimation of reaction energy barriers (£) with machine learning can be cast in the form
of a regression problem. Assume we have a set of M chemical reactions labelled with ‘m’,
N features (or variables) x;, x2, ..., X», ..., Xy that vary from one reaction to the next reaction,
and M known energy barriers E;, E>, ..., Ey. We are seeking a function f{x;, x>, ..., xn) that

approximates reaction energy barriers.

In the Ordinary Least Squares (OLS) linear regression method, the function f'is a linear

combination of the features: /= cix; + cox2 + ... + caxxn. If the features for reaction m are

denoted X1, X2, ..., Ximn, we seek a function that minimizes a loss function such as
Li = Y o [ Xty Xn2y oy X)) = Enl (4)
or
Ly =Y o (i, X2, «y Xoh)) - Em)? (5)

In the OLS method, L> is minimized by varying the coefficients c,. Other ML methods use
more complicated forms for £, and sometimes use different loss functions. In principle, the
prediction of reaction energy barrier simply amounts to a regression (fit). In practice,

however, it is a tough and complex problem with four or five key requirements.
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As mentioned in section 1.4.1, a large dataset of accurately known reaction energy
barriers is needed first. Second, we need to create or develop useful features, preferably
chemically meaningful ones, that must be simple to calculate and interpret and should
correlate with reaction energy barriers or describe significant changes between reactants
and products, such as significant bond changes. Third, we need to figure out
computationally efficient ways for handling all input data, including outliers and corrupt
data. Fourth, we need to develop robust numerical techniques for optimizing functions f
that are flexible enough to fit data accurately. As for additional problems that arise when

fine tuning ML models, they will be discussed in section 3.4.

2.2.2 Data Processing of Machine Learning

When pre-processing data for ML, we handle outliers as follows. We standardize every
feature by subtracting the mean and then dividing by the standard deviation of that feature.
The i data will be considered as an outlier and will be rejected if any of the standardized
features )_(,, is outside of the range [—C, +C]. After eliminating outliers, we will recompute
the mean and standard deviation of each feature, standardize current features again, and
apply the outlier criterion once more. This will result in the removal of some more data. We
applied this procedure with C = 18, which led to the removal of only one to three percent

of data.

2.2.3 Ordinary Least Squares (OLS)
The OLS model is the simplest among ML techniques [75,76] and is widely used. If we

have a training set with M reaction energy barriers £; and M features vectors x;, each of
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length NV, a M-by-N design matrix X is established: Xj; is the j feature of the i instance of

the data (i=1, ..., M,j=1, ..., N). As usual for the OLS technique, we add to the set of
features a constant feature (which is always one), which allows fits with nonzero intercepts

in OLS. The predicted reaction energy barriers are
Ji = 2%, (6)

and the parameters of the model, i.e., the regression coefficients ﬂi’ are obtained as

described
£=X"X)"'X"E (7)

In equation (7) and the rest of this dissertation, bold lowercase or Greek letters represent
vectors and bold upper letters represent matrices. A superscript T denotes the transpose of

a matrix, and a superscript -1 denotes the inverse of a matrix. This gives ,b’js that minimize

L>. Our OLS model, and RR, WLS and KRR models, were implemented using Python with

PyCharm [115].

2.2.4 Ridge Regression (RR)
The Ridge Regression [77,78] model is similar to OLS but with a non-zero regularization

parameter, A.
B=X"X+1) XTE 8)

With ﬂjs obtained from Equation (8), f minimizes a modified form of the loss L>
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min ¥, (- E)° + 22X, B ©)
which helps prevent the overfitting problem.

2.2.5 Weighted Least Squares (WLS)
The WLS model [79,80] is another variant of OLS but with weights assigned to data.

The working equation for the coefficients is described as

B=X"WX) X"WE (10)

The matrix W in Equation (10) is diagonal and contains weights W;; that are chosen and
assigned to emphasize some data, with greater W;; for data deemed more accurate or more
critical. As mentioned earlier, only those reactions with zero or small energy barriers matter
for chemistry in the ISM and CSE. Thus, we chose to emphasize the data (reactions) with

small barriers. After testing different forms of weight matrices, eventually we set

Wi= (1)

due to its good performance. In Equation (11), E; is in kcal/mol. The WLS technique solves

the following minimization problem [79,80]

2
min ¥, W |E; - % Xb, (12)
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2.2.6 Feed-Forward Neural Network (FFNN)

FFNN accomplishes a nonlinear regression. We tested FFNN with different numbers of
hidden layers (e.g., 2, 3, 4, etc.) with different numbers of neurons for each hidden layer
(e.g., 20,30, 40, etc.) and with Bayesian Regularization backpropagation algorithm [85—-88]
by MATLAB Online [116]. The best FFNN with our features set 1 is the one with three
hidden layers (FFNN-3HL) with 20, 10, 5 neurons respectively. One flowchart example of

this FFNN-3HL is shown in Figure 2-7, which is produced by MATLAB Online [116].

Input
363

( Y Hidden 1°)

E
®

( Y Hidden 3\

( i Output

Figure 2-7. Flowchart of our best FFNN-3HL (produced by MATLAB Online).
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2.2.7 Kernel Ridge Regression (KRR)

Unlike OLS, RR, and WLS, but like FFNN, Kernel Ridge Regression [8§1-84] does a
nonlinear regression. It has been successfully used for predicting atomization energies [83]
and orbital energies [84]. A predicted barrier “f” in OLS, RR and WLS can be written as a
scalar product of two vectors, /= x’, where x'is a features vector not in the training set.
In the RR method, f#=(X"X + A0 XTE and £=x"T(X"X + 1) X"E) where E is the M-
long vector of energy barriers from the training set, and X is the matrix of features in the

training set. It can be shown [81-84] that f' can be
=% = ETXXT + 1) X' (13)

After defining K;; =x,-ij and k; =x/x'(i = 1, ..., M) and changing the symbol 4 to a,

Equation (13) becomes
f=ETK+a)'k=8"k (14)

The Kj;s and ;s are dot products between pairs of features vectors. These dot products

are large when two sets of features are similar, and are small when they are dissimilar. In
KRR, the dot products are replaced by adjustable “similarity functions”, or “kernels”. This
amounts to an implicit nonlinear transformation of the features, which changes RR into
KRR, a nonlinear regression to the data. The different choices of the kernel may allow more
accurate fits. Two choices of the kernel that are commonly used are the Laplacian kernel

and the Gaussian kernel [81-84]
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ki (x, x") = exp(-y B¥ |x; - X)) (15)

ka(x, x) = exp(p Ty - 1) (16)

where y has different expressions of kernel width for Laplacian kernel and Gaussian kernel
(it is a hyperparameter in KRR, and it is the reciprocal of kernel width o for Laplacian

kernel (i.e. 1/0), while it is in the form of 1/(20%) for Gaussian kernel [84]), x; is the /™

feature of the features vector x, and x] is the j™ feature of the features vector x'.

The hyperparameter y can be varied to achieve the best fit. This will be discussed in

section 3.4. KRR achieves this minimization [84]
min X, () - £, + o KB (17)

where a is the regularization hyperparameter which, like 4 in RR, helps prevent the

overfitting problem. The kernel K in Equation (17) has matrix elements given by
K= ki (x;, xj) or kg(x;, xj) (18)

where x; and x; are two features vectors from the training set. The coefficients ﬂi are given

by
p=(K+al)'E (19)
For a given new vector x, a prediction is made with

Sx) = glﬂjkL(xaxi) or Z?ﬁlﬂjkG(xaxi) (20)
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In the KRR model, there are M parameters [)’j, one for each data (each reaction). These
[)’js are interpreted as weights that are assigned automatically to data in the fitting process.

The performance of Laplacian kernel and Gaussian kernel for our research project and the

optimization of the hyperparameters a and y will be discussed in Chapter 3.

2.3 Applications of ML to Chemistry

ML has shown great performance in predicting some molecular properties [20,60—
63,83], such as atomization energies [60,83] and intrinsic bond energies [61], in chemical
synthesis [69], in drug discovery [70,71], and in investigating chemical compound and

reaction space [304-306].

Predictions of chemical properties can be obtained much faster with ML than with
quantum chemical calculations. Meyer ef al. [307] reported an application of ML combined
with the utilization of volcano plots for fast screening of the most potential and attractive
catalyst species for C-C cross-coupling reactions. This work used geometry estimates of
catalysts that were quickly obtained for their ML model and predicted the energy of
oxidative addition reactions with MAE of 2.6~3.1 kcal/mol using different features [307].
It avoided time-consuming optimization of molecular geometry and calculation of
molecular energy with quantum chemistry methods. The ML-predicted reaction energy
then was correlated with the catalysts’ thermodynamic performance for optimal selection

of desired catalysts [307].
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The choice of molecular representation and features is essential for ML applications in
chemistry [308]. Huang and von Lilienfeld [308] showed the importance of target similarity
and features uniqueness in achieving fast, accurate, and transferable ML models. For
example, their BAML model, whose features are based on the universal force-field [309]
and can be regarded as a way to describe the molecular approximate energy, offers an

amazing accuracy (a MAE of roughly 1 kcal/mol) for predicting atomization energy [308].

Many artificial neural network (ANN) models were devised to predict the outcome of
chemical reactions [310-315]. The R2B model of Heinen et al. [310] was trained on the
data of von Rudorff et al. [316]. It combines predictions of reaction outcomes with a
modeling of kinetics and thermodynamics and could predict energy barriers with MAE as
low as 2.5 kcal/mol. The R2B model can also predict the most likely mechanism among

competing reaction paths and can help plan synthesis.

To accelerate the process of exploring chemical compound space, which is similar to our
goal (i.e., exploring potential interstellar molecules among millions of reactions for
complex ISM reaction space), a fast estimation of molecular properties and molecular
energetics is needed [39,83,306]. Various ML methods, such as linear regression, k-nearest
neighbours, KRR, and FFNN, have been applied to the prediction of molecular atomization
energy [83]. In reference [83] it is shown that ML can be used successfully even when
features are not directly based on physical laws. Interestingly, the KRR can be described in
a way that takes the similarity between different molecules or reactions into consideration.

Moreover, reference [83] emphasized the importance of a large number of training data,
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appropriate model selection, hyperparameter selection, feature optimization, model
validation, as well as the benefits of avoiding the sparsity of observations in some splits
[83]. In this dissertation, we tested distinct ML techniques starting from simple baseline
OLS, RR and successively changing to more complex WLS, FFNN and KRR, which is

critical and desirable as suggested in the literature [83].

To avoid the high cost of molecular geometry optimization with common quantum
chemistry methods or the difficult cases with empirical approaches, a ML model, G2S, has
been constructed for generating reasonable 3D structures of molecules [317]. This ML
offers a good accuracy, MAE < 0.2 A for interatomic distances [317]. The G2S molecular
structures can serve as inputs to ab initio geometry optimization methods and to ML models

used for property prediction [60,83,317].

A ML model, OQML [318], was developed to predict the structure of transition states. It
combines ML with the L-BFGS optimization algorithm [319] and achieves a RMSE of 0.14

A for regenerating the geometry of minimum [318a].

The success of the R2B and OQML models [310,318a] is due in part to the efficient
representation with FCHL19 features [320]. These features produce efficient estimation of
binding energies of water clusters [320]: this could be very helpful for simulating reactions
that may take place on ice covered dust grains in the ISM [39]. Better molecular
representations and features for ML are still being developed. Khan et al. [321] recently
reported a fairly small and efficient set of features based on many-body distribution

functionals.
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In this work, ML can predict the reaction energy barrier directly without finding a TS
structure avoiding the computational cost and problems associated with the calculation of
normal mode frequencies and IRC [20]. The ML model that we established in this project
can predict reaction energy barriers with a speed of more than 100 reactions per second,
which is roughly ten million times faster than sophisticated DFT methods. In addition, the
features that we developed for our ML satisfy two important criteria: uniqueness and target
similarity [308]. Other features or ML methodologies that we can try for barrier prediction
in the future can be inspired and derived from the literature [322,323]. Hence, the use of

ML is imperative for the energy barrier prediction of thousands of reactions.
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Chapter 3 Kernel Ridge Regression Model for Predicting

Reaction Energy Barrier

3.1 Introduction

In this chapter, ML estimation of reaction energy barrier is described in detail. The ML
models that we developed are fitted to a dataset of 11,730 reaction energy barriers, which
were computed by Grambow, Pattanaik, and Green [117a,117b] at @B97X-D3/def2-TZVP
[21-27] level of theory. This level of theory is expected to offer a RMSE of 2.3 kcal mol!
[5]. We use a common and accurate method, KRR (presented in Chapter 2), along with
features that describe geometric changes between products and reactants, and a few features
derived from molecular energies that can be obtained from DFT calculations, or PM7 [51-
53] semiempirical calculations, or experimental data if available. This computational
approach can allow us to predict reaction E in less than a second and could be applied to
quickly screen chemical reactions from all possible combinations of molecular species
observed or suspected to be present in the ISM and CSE. After that quick screening process,
the remaining reactions (those with zero or very low barriers) can be sorted according to
their predicted energy barriers and according to the criteria that could assess the relevance
of the products of reaction for the origins of life. Such criteria are developed in Chapter 4.
This methodology would help prioritize quantum chemistry calculations of transition states,
energy barriers, energies of potential ISM/CSE molecules, structural parameters of those

molecules, reaction pathways, etc.

37



3.2 Dataset of Chemical Reactions

3.2.1 Initial Reaction Dataset

From September 2018 to May 2020, we initially created a small-size reaction dataset of
63 reactions and tested some features with OLS and RR models. It was gradually expanded
to include 208 reactions. This was assembled painstakingly, one reaction at a time, from
the literature [118—161] reporting accurate experimental results or correlated electronic
structure calculations. The energy barriers in the dataset of 208 reactions change from 0.0
kcal/mol to 50.0 kcal/mol. For this dataset, we trained a RR model with four different
combinations of subsets, such as the hydrogen-transfer reaction subset and its
complementary subset, and with roughly 100 combinations of features derived from atomic
electronegativity, hardness, and interatomic distances (see section 3.3). Among these many

trials, the KRR model stood out as the one giving the lowest MAE, RMSE, and highest

adjusted R-squared coefficient of determination (i.e., Rﬁdj).

As we experimented with models, it became clear that a dataset of 208 reactions is much
too small for developing a ML model of sufficient accuracy. Fortunately, Grambow et al.
[117a,117b] published in 2020 transition states and energy barriers calculated at a good
level of theory (estimated RMSE of 2.28 kcal/mol) for 12,000 elementary chemical
reactions. From this point onward, we used their dataset for developing and testing ML

models.
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3.2.2 Dataset of Grambow, Pattanaik and Green

Grambow, Pattanaik, and Green [117a,117b] (GPG) published a very large dataset of
reactions (12,000 reactions) with their energy barriers calculated at the wB97X-D3/def2-
TZVP [21-27] level of theory. The DFT method, ®B97X-D3, is a hybrid generalized
gradient approximation method (GGA) [21,22-24]. The D3 descriptor indicates that
empirical dispersion corrections designed by Grimme [162] are added to the energy
functional [21]. Using such a DFT method to estimate 12,000 reaction E is excellent but
quite costly both in human and computer time. The molecules in the GPG reaction dataset
were taken from the GDB-7 dataset of molecules [117a,117c]. This dataset is our primary
source of data for training our ML models. The molecules in the reaction dataset contain
only four types of atoms: H, C, N, and O. The molecules have at most 23 atoms and at most

seven non-hydrogen atoms.

Due to the limitations of the number of experimental data and the need for detailed atomic
properties or electronic structural properties in order to build a feasible ML model, datasets
containing a large number of molecules and data obtained from accurate quantum chemistry
methods are extremely valuable. The dataset in the literature [316], for instance, was created
at a cost of approximately 2.8 million computer core hours. The large-size reaction dataset
with known energy barriers calculated at the same level of theory is significant for training

a good ML model as the consistency is emphasized in the literature [316].

We re-arranged all reactions and wrote them in the exoergic direction in order to make
the data more uniform and facilitate learning by the ML model. We are primarily interested

in reactions where two molecules, A and B, combine to form a third one, P, i.e., association
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reactions. They are reactions through which chemical evolution could happen in space.
Hence, reactions with more than two reactant molecules or two product molecules are
excluded. The literature presents reactants and products in ways of Simplified Molecular
Input Line Entry System (SMILES) [163] representations. In the case of a few reactions,
we were unable to convert molecules to 3D structures by Open Babel [164,165], Avogadro
[91,92], and the online tool of NovoPro [166]. We excluded those cases. After
implementing the above procedures, our dataset is a subset consisting of 11,730 reactions
from reference [117a,117b]. This is the dataset we used in all of our ML work. We will

refer to it as the “GPG dataset”.

The GPG dataset has energy barriers that range from 0 to 138.85 kcal/mol. It contains
10,306 molecules, many of which appear in more than one reaction. A Python program was
written to calculate and compare the sorted eigenvalues of the Coulomb matrix [60,83] of
molecules so that we could create the set of 10,306 distinct molecules. With the aid of Open
Babel, it is simple and quick to generate a great number of molecular geometry information

based on their known SMILESs.

Note that, even though KRR worked best in tests using the small initial dataset, we

redeveloped and tested all ML models using the much larger GPG dataset.

3.3 Features of Chemical Reactions

3.3.1 Tests and Features Selection
In the past five years we tested hundreds of features, and combinations of features. Some

of the features we tested failed because they did not improve the accuracy of the model,
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others because they could not be calculated in a fast and reliable way. Among the features
that we tested and rejected are those based on electrophilicity, HOMO-LUMO gap, bond
orders, atomic charges, and mechanical softness (they require costly electronic structure
calculations and do not help much), and the number of degrees of freedom in molecules (it
does not improve the accuracy). The features that can be calculated reliably and do bring
accuracy are presented in sections 3.3.3 and 3.3.4. They fall into two groups, “Set 1” and
“Set 2”. The main difference between these two is that features of Set 2 require alignment
of the reactant(s) supermolecule and the product(s) supermolecule, including reordering of

atoms of the product(s) in a way consistent with that of the reactant(s).

3.3.2 Features Used in the ML Models

Many types of molecular features have been devised for ML estimation of PES [167],
atomization energies [60,83,168], bond energies [61], and other properties [62,63]. Among
those features are Coulomb matrices (CMs) [60,83], descriptors of atom-centered
neighborhood [168], bags of bonds [169], and sum over bonds [63]. In addition to those,
more complex features have been utilized for ML prediction of energy barriers [55,170—
176], such as topological indices [55,170-172], molecular Morgan fingerprints [172,174],
and molecular features from RDKit [55,175,176]. These complex features are difficult to
interpret and involve many parameters. Complex features can provide better accuracy. But
they have two drawbacks. First, if the number of features is very large, for instance as large
as the number of data, the meaning of statistical tests of overfitting becomes unclear and
making predictions on data that are not very similar to those in the training and validating

sets becomes hazardous. Second, as more features get added, assessing their importance for
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energy barrier prediction, and interpreting the meaning of predictions, becomes harder.
These problems are generally worse with the most flexible, most accurate, ML methods,

such as artificial neural networks (ANN).

In this research project, we choose to use relatively few features with simple
interpretability, that can be generalized to bigger molecules and to molecules containing

more elements than the four (H, C, N, O) of the GPG dataset.

An important distinction can be made between three ways for creating a features vector
x(reaction) of length D for a chemical reaction A + B— P + Q. The first way, (i), is to
calculate D-long features vectors for the infinitely separated molecules and define
x(reaction) = x(P) + x(Q) - x(4) - x(B), denoted as the “separated” case. The second way,
(i1), is to first arrange A, B, P, and Q in space in a way that resembles both reactants and
products, that is, aligning reactant(s) and product(s). This can be done by putting one
molecule at the origin in an arbitrary orientation, and then placing the other molecules’
center of mass at optimum positions, and orienting those molecules in an optimum way.
Qualitatively speaking, the optimum alignment can be defined as having every atom of the
supermolecule AB near an atom of the same element of supermolecule PQ; and having no
atom of A too close to an atom of B, and no atom of P too close to an atom of Q. This way
is called rigid alignment. The detailed algorithm we used is described below. Once that is
done, one can calculate the features of the reaction like this: x(reaction) = x(PQ) - x(4B).
A third way, (iii), for calculating features is to perform a flexible alignment of AB and PQ:

this is an alignment where the degrees of freedom that get optimized are the center of mass
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of the molecules, their orientation, and torsion angles around every single bond. In order to
do rigid alignment, we wrote a Python program. The algorithm (pseudo steps) in this

program is shown in Scheme 3-1.

Input: Geometry information of single reactant or product
Output: Geometry information of oriented supermolecule
Step 1. For a reaction A + B — P, put the center of molecule P at the origin (0, 0, 0)
and update its xyz coordinates;
Step 2. Put the center of molecule A at the origin as well and update its xyz coordinates;
Step 3. Generate three random Euler Angles for A: a,, fa, Va;
Step 4. Use the above three Euler Angles to create a rotation matrix, Ra;
Step 5. Generate a random position Pa = (Xa, Ya, Za) for the center of A;
Step 6. For every atom j in A with position vector p; = (x;, yj, zj), create the new position
p'i = (x}, ¥'j, Z'j) by rotation followed by translation, i.e., p' = Ra p + Pa;
Steps 7—12. Repeat steps 2 to 7 for the molecule B instead of A, then obtain ag, S5,
¥B, RB, X8, YB, ZB, and latest xyz coordinates of B;
Step 13. Randomly orientate A and B to minimize this objective function:
F(y) = Zi dim(i) + Fpenalty
where dip ;) is the distance between atoms i and m(i), i is an atom in
supermolecule "AB" and m(i) is the atom of the same element in P molecule
that is nearest to i, and the penalty function we set up here is to prevent two
atoms (one from A and the other from B) from being too close. The penalty is
implemented as follows:

(H)Ifd;; = %(Ri + R}), Fpenalty,ij = 0;

(2) If not, Fpenaiy,ij = (1.5(R; + R;) — dip)%

(3) Fpenaity = 2iij Fpenalty,ij-

where i, j label atoms of supermolecule "AB", and d;; is the distance between
atoms i and j, and R;, R; are respectively the atomic radius of atom i and atom

j. Since every distance depends on the above 12 variables (ap, Ba, Ya, Xa, Ya,
Za, ag, Pe, VB, X8, Y8, ZB), Fyp) is a function of those same 12 variables.

Step 14. Minimize F,j,; with respect to the 12 variables, and save the nuclear

coordinates of the supermolecule AB.

Scheme 3-1. Pseudo steps for acquiring the geometry of a reasonably oriented
supermolecule.
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For a more general reaction A + B — P + Q, we can perform the same idea by placing A

in an arbitrary orientation with geometric center at the origin, and by varying 18 parameters
that specify the position and orientation of B, P, and Q. These parameters are the geometric
center (Xm, Y™, Zm) and three Euler angles (ay, fum, ¥m) With M = B, P, Q. Denoting a set

of 18 parameters by 'y', we minimize the loss function F with respect to y:
FO)=Yidincy + SigMax(0, LS (RAR)dy)[ + By [Max(0, 1.5Ry+R,)-dp)] (21)

where atoms 7 and j are from supermolecule AB; atoms m and n are from supermolecule
PQ; d represents interatomic distances; m(i) is the atom of the same element in PQ that is
nearest to 7; the first sum is over all atoms in AB; the second sum is over all atom pairs in
AB; the third sum is over all atom pairs in PQ; and R;, R;, R,,, R, are covalent atomic radii
for the corresponding element. The second and third terms (representing the penalty term)
simulate steric repulsion to prevent A and B, and P and Q, from getting too close. The first
term is a measure of how dissimilar supermolecules AB and PQ are. The Python program
that we developed here was to minimize this dissimilarity with steric repulsion constraints.
This process could serve as a reasonable orientation model for how AB and PQ would

approach the transition state.

Later, a second program was written by R. Fournier for doing flexible alignment of

molecules and calculating features of ‘Set 2°. This has been described in reference [20].

We now briefly describe the flexible alignment algorithm. The cartesian coordinates of

A and B are merged into a supermolecule AB. In the flexible alignment, individual
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molecules A and B are “remembered” by use of an indicator variable: m; = 1 for atom i that
came from molecule A, or m; =2 for atom i that came from molecule B. Atoms are put in

decreasing order of atomic number in AB and in P. Now, a loss function F' is minimized:

) 2
F=Ydupip+ 102, e4p(1 - 5m[,mj)[Mln(Oa T - 12)] (22)

where d, 5 ;p 1s the atomic distance between the i’th atom of supermolecule AB and i’th

atom of molecule P, 5m,-,mj is the Kronecker delta, equal to 1 if m; = m;, equal to 0 otherwise,

rij = di/(R; + R;), dj; is the distance between atoms i and j, and R;, R; are covalent atomic
radii of atoms 7 and j. The first sum is over all atoms. The second term represents a sum of

penalties that are zero except when m; # m; and the distance d;; between the two atoms is
smaller than 1.2(R; + R;). This penalty term prevents reactants A and B from overlapping

(being too close). The minimization of F'is achieved by simulated annealing with four types
of moves: (1) rigid displacement of all atoms of A, or all atoms of B, along x, y or z axis;
(2) rotation of all atoms of A, or all atoms of B, around the x, y or z axis, without changing
their center; (3) rotation around a single bond of A or B, if that bond is not part of a ring;
and (4) interchange of labels i and j for two atoms (with same atomic number) in P. The
last type of move is essential for finding the permutation of atoms of same element that
leads to the best match between supermolecule AB (reactant side) and molecule P (product
side). A small F in Equation (22) (a good alignment) gives unambiguous 1-to-1 mapping
of atoms between the reactant side and product side. This level of alignment will allow us
to obtain helpful features for reflecting intermolecular interactions (useful for Features Set

1), and for specific bonds and atom pairs (required for Set 2 features).
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Now we have 3 ways of generating a geometry for a reaction: (i) separated; (ii) rigid
alignment; and (iii) flexible alignment. That gives 3 categories of features (i), (ii) and (iii).
Some features can only be calculated with flexible alignment, so they are necessarily type-
3 features (those are Set 2 features). Some features can be calculated with (i), (ii), or (iii):

in such case, we had to make a choice for obtaining better accuracy.

3.3.3 Features Set 1

We tried many different features similar to those in previous work [83,84,169], and a few
more we developed. First, by trial and error, we found a set of 117 features by minimizing
the MAE, RMSE, and maximizing the adjusted R-squared coefficient of determination
between fit and data. The 117 features in Set 1 fall into three categories: 69 features based
on Coulomb matrices [60,83,177]; 32 features that depend on the atomic hardness,
electronegativity, and interatomic distances of atom pairs; and 16 features that depend on
global variables of molecules or reactions. All three types of features encode, in different
ways, information about the chemical composition and geometry information of molecules

(or supermolecules).

3.3.3.1 Features Related to Coulomb Matrix

The Coulomb Matrix CM [60,83], has elements CM;; introduced by reference 60:

SZXifis
cm,=1{ >, 23
T2 ity @)
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where CMj; is the element located in the i row and /* column of CM, Z; is the atomic

number of the i atom, Z; is the atomic number of the j™ atom, and d;; is the interatomic

. . 1 . . ZZ; . .
distance between atoms 7 and j, EZ,-“ is the diagonal element, and d—" is the off-diagonal
i

element. Inspired by the reference [83], one example of CM representation (corresponding

CM for ethanol) has been shown in Figure 3-1.

o, ¢ C H, Hy H¢ H, Hg H

0, [73.5 338 206 82 39 39 31 24 3.1
C; 338 369 236 3.0 54 54 28 28 28

C; [206 236 369 19 27 27 55 55 55
H, 82 3.0 19 05 04 04 03 02 03

Hs 39 54 27 04 05 06 04 04 03
He 39 54 27 04 06 05 03 04 04
H, 3.1 28 55 03 04 03 05 06 0.6
Hg 24 28 55 0.2 04 04 06 05 0.6
Hy L 31 28 55 03 03 04 06 0.6 0.5

Figure 3-1. Coulomb matrix for ethanol at its equilibrium geometry.

The maximum number of atoms in any reaction of our dataset (including 11,730
reactions) is 23. All CMs are uniformized to 23 X 23 matrices by padding with zeros. When
the number of atoms N < 23, we set CM;; = 0 whenever i > N or j > N. This is justified by
the fact that adding (23 - N) atoms at infinite separation leaves the energy of the system
unchanged and adds these zero matrix elements. CMs, in themselves, are not suitable
representations of molecules because they depend on how atoms are numbered. There are
two solutions to this problem mentioned in the literature [83]: take features that are invariant
properties of the CM, or follow a procedure to generate a unique ordering of atoms that is,
in some sense, optimal (which is a tough procedure for the reaction that has complicated
changes of bonds). We choose the first way. We calculate the 23 eigenvalues of CM

arranged in increasing order (sorted eigenvalues) as features.
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We generalize the CM by replacing the distance d;; in off-diagonal elements (in Equation
(23)) by d‘Z With p =1, 2, 3, we first calculate three kinds of CMs (one original and two

modified) for separated molecules (A, B, P, and Q) or for supermolecules (AB or PQ). After
that, we compute the sorted eigenvalues (SE) of each CM with p = 1 (the original CM),
and the SE of each modified CM with p = 2, and p = 3. Based on different p values, we
tested two approaches (discussed in section 3.3.2) for computing CM-related features of
reactions: x(reaction) = x(P) + x(Q) - x(4) - x(B), or x(reaction) = x(PQ) - x(4B), where x

refers to SE.

The above process gives 69 invariant features associated with generalized CMs. This is
a simple way of getting a finer description of molecular structure. The regression models

we obtained by using all three kinds of CMs and 69 invariant features offer a slightly better

Rﬁdj than models using only the 23 sorted eigenvalues from the original CM (with p = 1).

3.3.3.2 Features of distances and atoms' hardness and electronegativity

The chemical composition and its relation to geometry information are encoded in CMs
with atomic numbers Z;. The relation between atomic numbers and chemical bonds is,
however, far from trivial. Building features that can reveal information about chemical
bonding is of great importance for estimating reaction energy barriers. Electronic properties
of atoms, in particular ionization energy (I) and electron affinity (A), have a much more
direct relation to chemical bonding. The sum and difference of I and A are, respectively,

the Mulliken's electronegativity:
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I+A
1= 24)

and the Pearson-Parr hardness:
=" (25)

We use these two properties to characterize atoms. Accordingly, we define features that

are sums over pairs of atoms i of simple functions of interatomic distance d;,

electronegativity difference between two atoms [y, - Xj|, and mean hardness of two atoms

%(;11_ + ;7j), These features are defined by the formulas:

R, +R; P
5(p.0.) = Zef(— ) 3,
; .

yij,l = I){i -X]|

-1
yij,Z - 2 (771 + 77/) (26)

where p=1,3,5,7andg=1,2,3,4andr=1 or 2 is a label for two categories of features;
R; is the covalent radius of atom i. The formulas with the above combination of exponentials

define (4 x 4 x 2) = 32 features.

The numerical values we chose for the exponents (p =1, 3,5, 7andg =1, 2, 3, 4) are

somewhat arbitrary. We tested other combinations, such as 1, 2,3;1,2,3,4; 1, 3, 5, 7; etc.
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We finally chose p=1, 3,5, 7 and q = 1, 2, 3, 4 because it gave the highest adjusted R-

square coefficient.

Like CM-related features, we also tested two approaches (see 3.3.2) for computing the
above y and z-related features of reactions: x(reaction) = x(P) + x(Q) - x(4) - x(B), or
x(reaction) = x(PQ) - x(AB), where x refers to the above x(p,q,r) in Equation (26) for each

molecule (A, B, P, Q) or supermolecule (AB, PQ).

3.3.3.3 Global features

The energy of a reaction, E(reaction) = E(P) + E(Q) — E(A) — E(B), is a desirable feature
when trying to model the reaction energy barrier. To calculate the energy of a reaction, first
we need to use QC methods to calculate the energy of each molecule (A, B, P, Q). In this
research project, we use the enthalpy change of reaction (A,.H), energy change of reaction
(AE), and Gibbs free energy change of reaction (A, G) as some of our features. Note that,
the enthalpy of formation, A/, has been determined experimentally for many small
molecules, but it is not known for a/l the molecular species we may need for modelling a

complex system like the ISM and CSE.

In order to calculate molecular energies, and then calculate A,.H, A, E, and A,G, we prefer
the PM7 semiempirical method [51-53] because of its low computational cost. PM7
calculations can be easily completed for the kind of molecular species we are considering,
typically those with 50 atoms or fewer atoms with Z < 19. Generally, in a complex system,

a set of "K" molecules will give rise to a far bigger number "J" of possible chemical
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reactions (see section 4.1). The cost of "K" PM7 molecular energy calculations, or even
"K" DFT calculations, will be a negligible fraction of the hypothetical cost of finding, by
first-principles methods, the transition states and energy barriers of "J" chemical reactions.
In other words, finding TS and calculating reaction energy barriers from the potential
energy surfaces with DFT is much more costly than ML estimation of barrier with features
from molecular energy calculations (even with DFT molecular energy calculations). For
this reason, we also consider models that use DFT molecular energies as inputs. The cost
of PM7 calculations is moderate even for large-size reaction datasets. For instance, PM7
calculations of optimized geometries and energies for the 26,790 molecules in our dataset

from reference [117] took only 12 days using 32 cores.

We obtained A.H, A,E, and A,.G for the 11,730 reactions from reference [117a,117b].
Those were calculated by DFT with the wB97X-D3 [21-24] dispersion corrected exchange-
correlation functional and the triple-zeta basis set denoted def2-TZVP [25-27]. In the
remainder of this chapter, the wB97X-D3/def2-TZVP method will be referred to simply as
“DFT”. In addition to making use of A,.H, A.E, and A,.G from DFT, we also generated
molecular geometries with Open Babel [164,165], and by energy minimization with the

PM7 semiempirical method, and calculated A,H, A,.E, and A,.G from PM7 energies (see
section 3.3.5). We use A.H, A,E, and A,G as three of the features, as well as +/|A,.H| and

A

-

In addition to the above energy-related features, we use eleven more global features.

They are: the number of atoms of each element (H, C, N, O); the difference between
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products and reactants, in the number of molecules; and the number of single or aromatic
bonds, number of double bonds, and number of triple bonds, in reactants and in products.
There were many global features that we tested in the past five years: the 16 described

above help improve accuracy and were used.

All the above procedures make a total of 117 features for our current features in set 1.

3.3.4 Features Set 2

In addition to the features of set 1, we considered a different kind of features that depend
on a representation of bonds being broken and formed during a reaction. They complement
features of section 3.3.3 and can improve the accuracy of the ML model. They are also
closer to a chemist’s intuition. In addition to equilibrium nuclear positions, the inputs are
standard values of average bond lengths [178] and average bond energies [179] for single,

double, and triple bonds.

For acquiring Features Set 2, the first step in the calculation is a flexible alignment of the
molecular geometries of reactants and products (described in section 3.3.2). This gives a 1-
to-1 mapping of atoms between the supermolecule AB and the molecule P, for a reaction A

+B — P.

Formal bond energies Bj; are assigned to every atom pair ij by linear interpolation of bond

energies, with interatomic distances dj; as the interpolation variables, and with bond lengths

and bond energies of single, double, and triple bonds as parameters. A triple bond energy
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is assigned to the atom pair i when d;; is smaller than a triple bond length. When dj; is larger

than the bond length of a single bond, we set bond energies as:
B;; =B~ (27)

where r;; = d;j/(R; + R;) (r; ~ 1 for single bonds), B, is the bond energy of a single bond for
this pair of elements, and the parameter a = 8 is arbitrary. Here we still consider a reaction

A+B—P.

A fictitious mass m;; = |B;; 45 - By p| is assigned to every pair ij of atoms: m;; is big when
there is a big change in bond energy (the big change can be positive or negative) from
reactant to product; m;; is small when there is a slight change in bond energy from reactant
to product. Note that atoms pairs ij with m; <0.1 kJ mol™! are ignored from the rest of the

calculation, i.e., only the features related to significant changes are added to our current

features dataset.

'

We indicate a property of the product with a prime, e.g., B;;, and a property of the reactant
with an unprimed variable, e.g., B;;. Atom pairs are described with a small set of variables:
an indicator of chemical composition n; (HH:1, HC:2, HN:3, HO:4, CC:5, CN:6, CO:7,
NN:8, NO:9, 00:10); the bond energy change between products and reactants, Ej; = B,j -
B;; the fictitious mass m;; = |E,-j|; the position (cartesian coordinates) of the bond in space

(details shown below), ¢;;; and the orientation of the bond (a unit length vector, details

ij»

shown below), u;;. The position of pair ij is computed as ¢; = (x; +x; + x; + x]f)/4, where x;
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and x; denote atom i’s position in the reactant and product, and x; and x]f denote atom ;’s
position in the reactant and product. The unit length vector u; points in the direction from
(x; +x,)/2 to (x; + xjf)/2. The set of points with position c;; and fictitious mass m;; is moved,

so that its center of mass is at the origin and the moments of inertia are calculated. The set
of points is then rotated to a standard orientation with the principal axes along the x, y, z

axes and moments of inertia /,, < [,,, < I... The distance of atom pair ij to the center is ||c,]||

With the above variables (or properties), a first set of 200 features that depend on bond

energy changes and distance to the center is calculated with the formulas:
q e . —_—
Aupq= Sy B sl p=1.2.3.4,¢=0,1,2,3 (28)
Bn,p,O = Z(n,-j:n)mlgj p=12,3,4 (29)

In Equations (28) and (29), each sum is over the atom pairs of a given composition n

(HH, or HC, or HN, or HO, or CC, or CN, or CO, or NN, or NO, or OO).

A second set of 36 features that depend on the relative positions of pairs of bonds are

calculated with:

Pyyrs = Sy ZuEREy leg - cull Gy - )’

p=1,23;g=1top;r=1,2,3;5s=0, 1 (30)
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where the double sum is over all pairs of atom pairs (7, k/), | Cj - ck,” is the distance between
the centers of the atom pairs (i, /), and (u;; - uy) is the cosine of the angle between the

orientations of the two pairs (ij, /).

The next four features describe the chemical composition of atom pairs with the biggest

energy changes.
kaNlemllalj’k k= 1,2, 3,4 (31)

where the value (1, 2, 3, 4) of k indicates an element (H, C, N or O), and a;; ; is the number

of atoms of element £ in pair #j (0 for that element not appearing in the pair ij, 1 for appearing

once, or 2 for appearing twice), and N is a normalization factor that makes the sum of O, s

equal to 1. Three more features are obtained by taking the weighted average of bond

orientations with weights equal to m;;, and the last three are the moments of inertia.

i>
All the above procedures make a total of 246 features for our current Features Set 2.

Sets 1 and 2 combined have 363 features. To avoid redundancy from possible similar
features, we perform the feature selection [180] procedure with the minimum redundancy
maximum relevance (MRMR) algorithm [181,182] using MATLAB Online [116]. The 363
features are ranked by importance, according to the MRMR algorithm, and only the 300
most important are kept. These 300 features are our latest and most helpful features. For
the 63 features that are rejected by MRMR, there are 25 features from Set 1 and 38 from

Set 2.
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3.3.5 Different Approaches for Calculating Features

The literature [117a,117b] provided SMILES strings for reactants and products in the
reaction dataset. We generated the nuclear coordinates for the molecules in our 11,730
reactions (derived from the literature [117a,117b]) by converting their SMILES strings to
3D structures using the “bunch converting” function of Open Babel [164,165]. In a few
cases, this failed. In such cases, we would use the converting function of Avogadro [91,92]
and the online tool of NovoPro [166]. The molecular geometries generated by the above

procedure are simply denoted “Babel” in the following contents.

We tested many combinations of features and many ways (DFT, PM7, Babel) to calculate
the equilibrium geometries from which they are obtained. We abandoned the use of many

of these combinations and describe them briefly here only for completeness.

Strategies for calculating features are characterized by three empirical or quantum

chemical methods for computing:

a) equilibrium geometries and A,H, A,E, and A, G;
b) equilibrium geometries used as input in the calculation of features of Set 1;

c) equilibrium geometries used as input in the calculation of features of Set 2.

Using DFT for step a), and Babel for steps b) and c) is denoted Babel,Babel//DFT; using
DFT for step a), PM7 for step b), and no features of Set 2 is denoted X,PM7//DFT; an
approach where A,.H, A,E, and A,G are not used, and PM7 is used for b) and c) is denoted

PM7,PM7//X; and so on. The seven approaches that we investigated are: X,Babel//X;
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X,PM7//PM7; X,DFT//DFT; Babel,PM7//PM7; Babel,LDFT/DFT; PM7,PM7//PMT7;

DFT,DFT//DFT. This will be discussed in sections 3.5 and 3.6.

3.4 KRR Model for Energy Barriers

The short-range features derived from the electronegativity and hardness of atoms (N =
32) are useful in describing chemical bonds but not helpful in describing intermolecular
interactions. For this reason, features of chemical reactions (A + B — P + Q) defined by
Equation (26) are evaluated as x(reaction) = x(P) + x(Q) — x(4) — x(B). Unlike the above
case, coulomb matrices-related features (N = 69) are equally relevant for describing
chemical bonds and nonbonding interactions. Since the supermolecules AB and PQ carry
information about the general shape of transition state, it is preferable to calculate features
derived from Coulomb matrices for supermolecules, i.e., x(reaction) = x(PQ) — x(4B).
Global features, such as A.H, A,E, and A,.G, do not depend on the relative positions and

orientations of A and B, or P and Q.

Using supermolecular geometries for all features except global ones increases the RMSE
by ~1 kcal mol™!, and using separated molecular geometries for everything increases the
RMSE by ~2 kcal mol™!. Numerical tests show that using the geometries of separated
molecules for the features of equation (26) and aligned reactant and product (see 3.3.2) for

all other features gives slightly more accurate fitting results.

We trained and tested all ML models described in section 2.2.3 — 2.2.7 with 10-time
Monte Carlo cross-validation. Each time the entire set (minus the outliers) is divided at

random into two sets: 10% of the data as the testing set, remaining as the training set. A
g g g
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completely random partition of the data could sometimes lack balance, especially for a
reaction dataset with energy barriers spanning a broad range. What could happen is that, for
instance, a higher proportion of very large energy barriers is in one of the groups. Lacking
balance might weaken ML’s prediction ability. However, this problem can be eliminated,
and accuracy is improved, by performing a procedure described in the reference [83] that
is partly random but ensures similar distributions of reaction energy barriers in every group.
The data is arranged in order of increasing energy barrier and is divided into bins of size
~10. One data from each bin is then assigned to the testing set to be used in cross-validation.

The procedure is shown in Figure 3-2.

ML models often give highly accurate results if they are assessed on the training sets.
However, the predictive value of a ML model, and its accuracy, must be assessed on the
testing set. Unless stated otherwise, the performance results reported in sections 3.5 and 3.6

are all obtained against testing sets.
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Randomly pick one
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Figure 3-2. Procedure of how to rearrange data by energy barrier and how to build the
testing set where the number of total bins is Mj.
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The performances of KRR models depend on the hyperparameters o and y (introduced in

section 2.2.7). We used the GridSearchCV function in the Python module Scikit-learn [68]

to optimize a and y with different choices of sets of features. The GridSearchCV

optimization of hyperparameters was done by 5-fold cross-validation as illustrated in Figure

3-3.

Our Reaction Dataset
e

fﬁﬂ

] Testing Set

lteration 1 [ T

Iteration 2 [ T

lteration 3 [ T

lteration 4 [ T

Training Set
s - A
] ) ) 0] s
] L) ) s (7]
) ) s o)
] s ) 0] 0] 0]
] ) ) ) (0]

lteration 5 | S

Figure 3-3. The 5-fold cross-validation process achieved in GridSearchCV. The blue "S"
is a testing set in 5-fold cross-validation occupying 1/5 of the original Training Set, and
pink "T" is a training set in 5-fold cross-validation occupying 4/5 of the original Training

Set.

The input values, and optimum value, of hyperparameters optimized with GridSearchCV

are shown in Table 3-1. The dependence of the MAE and RMSE of KRR models with

different y are shown in Figure 3-4. The optimal y is where a minimum is found in the MAE

and RMSE curves for the testing set. It is also where there is a sudden decrease in the

magnitude of the slope of the MAE and RMSE for the training set. The base of the grey

rectangle in Figure 3-4 indicates the range of acceptable y values (0.005~0.02). Increasing
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y nearly always decreases the MAE and RMSE measured against the training set but can
lead to higher MAE and RMSE against the testing set: this is a clear sign of overfitting. As

shown in Figure 3-4, overfitting occurs at y £ 0.02.

Table 3-1. Selection procedure of best hyperparameters by GridSearchCV for KRR

Hyperpa- Input Values Selected Value
rameter (work best)
a First Step: 10°, 10, 10°, 107,107, 1, 10 5%10”

Second Step: 5><10_3, 10-2, 5><10-2, 10_1, 5%10"

y First Step: 10,107,107, 107,107, 1, 10 10

Second Step: 5><10'3, 10-2, 5><10'2, 10-1, 5%10"

25 : ’ - . . 25
»RMSE of Training Set
RMSE of Testing Set
e M|AE of Training Set
FI/-\ 20 - MAE of Testing Set 20 U
o =
c 'Egderfitting @))
= 157 15 [T1
~~
(@) | A
é Overfitting 8
< 3
E =
5 - -5 -
S
0 — 10
0.00 0.02 0.04 0.06 0.08

/4

Figure 3-4. Trend in MAE and RMSE for the training and testing sets as a function of y
with a fixed o = 0.05. The grey rectangle indicates the range of acceptable y values.
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We tested a very large number of different features, and different subsets (combinations)

of features, trying to achieve the smallest MAE, RMSE, and the biggest Rﬁdj to arrive at the

features in sections 3.3.3 and 3.3.4. The adjusted coefficient of determination Rﬁdj is given

by

(1-RH)M - 1)

2 _
Ragi=1-1— 1|

(32)

where M is the number of reactions in our database, and NN is the number of features. We
found that the 300 features described in previous sections show the best performance (i.e.,

N =300).

3.5 Performance of Various Machine Learning Models

We first assess the performance of five regression methods (six ML models), OLS, RR,
WLS, KRR with Gaussian kernel, KRR with Laplacian kernel, and FFNN-3HL using
features set 1 (section 3.3.3). In each case, we use the features of set 1 derived in the
X,.DFT//DFT approach and a dataset of 11,624 reactions, the entire dataset of 11,730

reactions minus 106 outliers as explained in section 2.2.2.

We perform 10-time Monte Carlo cross-validation using bins of energy barriers in the
procedure for splitting the entire set into training and testing sets. The optimal values of the
hyperparameters are o = 0.05 and y = 0.01. The KRR results do not change appreciably

when these hyperparameters are multiplied or divided by 2.

The statistics of the ten regressions (10-time Monte Carlo cross-validation), assessed

against their respective testing sets, are listed in Table 3-2. As shown, there is no significant
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difference in the performances of OLS, RR, and WLS models. In all three cases, the MAE
is 13.8 or 13.9 kcal mol! and the coefficient of determination, Rz, is between 0.56 and 0.58.
The KRR method with Gaussian kernel and FFNN-3HL are better, with a MAE of 10.8 to
10.9 kcal mol'! and R? is between 0.67 to 0.70. As another nonlinear method, FFNN-3HL
is not the best one based on our features set 1. The KRR method with Laplacian kernel is
better still, with a MAE of 9.2 kcal mol"! and R? = 0.77. The difference between the two
KRR methods is significant, and this phenomenon suggests that other kernels, or other

nonlinear regression methods, might improve results further.

Table 3-2. Performance statistics (MAE, RMSE, R?, Rﬁdj) of six ML models using the same
117 features calculated in the X,DFT//DFT approach. The mean and standard deviation over
ten testing sets generated by 10-time Monte Carlo cross-validation are shown for each
statistic

ML model MAE (kcal RMSE (keal R? R? ai
mol?) mol)
OLS 13.90 17.55 0.5697 0.5215
+0.27 +0.31 +0.0147 +0.0163
RR 13.78 17.33 0.5804 0.5334
+0.32 +0.39 +0.0181 +0.0202
WLS 13.81 17.79 0.5582 0.5088
+0.18 +0.27 +0.0138 +0.0153
KRR (Gaussian 10.86 15.32 0.6717 0.6349
kernel) +0.23 +0.46 +0.0193 +0.0214
KRR (Laplacian 9.17 12.79 0.7710 0.7454
kernel) +0.20 +0.23 +0.0081 +0.0090
FFNN-3HL 10.81 14.66 0.6998 0.6662
+0.25 +0.31 +0.0156 +0.0174
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We will not show the detailed results of numerous tests we did with different
combinations of features. Instead, we will simply summarize the main conclusions of those
tests. Most of the time, adding features brings only small improvements in RMSE, MAE,

and Ridj. However, removing any feature from the set of 117 decreases Rﬁdj a little. The

increase of RMSE and MAE, and decrease of R? associated with the removal of features
and method KRR (with Laplacian Kernel) is informative. Removing the features that relate
to AH, AE, and A,G increases the RMSE of the best method by 5.0 kcal mol! and
decreases R* by 0.21. This is big effect. Removing the 46 features from sorted eigenvalues
of the modified Coulomb matrices (with p = 2, 3 in CM’s off-diagonal elements), while
keeping those of the original Coulomb matrix (with p = 1 in CM’s off-diagonal elements),
increases the RMSE by 0.2 kcal mol! and decreases R® by 0.01. Removing all features
based on electronegativity and hardness of atoms (from Equation (26)) increases the RMSE
by 1.2 kcal mol! and decreases R* by 0.05. Different choices for the set of exponents p and
¢ in Equation (26) typically increase the RMSE by 0.01 to 1 kcal mol! and decrease R? by
0.001 to 0.01. Excluding the global features other than those based on A,H, A, E, and A,G,

increases the RMSE by 1.1 kcal mol™! and decreases R* by 0.04.

Tests with different hyperparameters showed that results are insensitive to a over a wide
range of a. Unlike a, hyperparameter y has a bigger effect on the performance of KRR.
When y < 0.002, KRR predictions are akin to taking averages over very many barriers of
the training set: predictions are non-specific, and we have the underfitting issue. When y is

too big, say y > 0.04, the KRR predictions are a bit like taking averages over very few
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barriers of the training set, only those of reactions that are highly similar, in the sense of
features, to the reaction of interest. This kind of fit is short-sighted and also not good. When
the reaction for which we seek a prediction is in the training set the “prediction” appears
extremely good (in the limit y — oo it is perfect), but when it is not, the prediction is very
poor. That is the overfitting issue.

Table 3-3. Performance statistics (MAE, RMSE, R, Rﬁdj) of KRR models using features

calculated in seven approaches. The mean and standard deviation over ten testing sets
generated by 10-time Monte Carlo cross-validation are shown for each statistic

Approach of acquiring  NAE (kecal ~ RMSE (keal R Rig;
features mol!) mol)
X,Babel//X 13.44 17.76 0.5581 0.5093
(KRR: ¢=0.05,y=0.01)  +0.22 +0.30 +0.0151  +0.0168
X,PM7//PM7 11.16 15.33 0.6705 0.6335
(KRR: ¢=0.05,y=0.01)  +0.17 +0.38 +0.0160  +£0.0177
X,DFT//DFT 9.17 12.79 0.7710  0.7454
(KRR: 0=0.05, )=0.01)  +0.20 +0.23 +0.0081  +0.0090
Babel,PM7//PM7 9.79 14.06 0.7238  0.6246
(KRR: ¢=0.05, y=0.01)  +0.22 +0.39 +0.0150  +0.0204
Babel, DFT//DFT 8.49 12.49 0.7821 0.7043
(KRR: 0=0.05, )=0.01)  +0.26 +0.39 +0.0135  +0.0183
PM7,PM7//PM7 9.90 14.33 0.7129  0.6099
(KRR: 0=0.05, )=0.01)  +0.38 +0.55 +0.0216  +0.0294
DFT,DFT//DFT 7.71 11.76 0.8062  0.7369
(KRR: ¢=0.05,y=0.01) £ 0.20 +0.31 +£0.0101  +0.0137
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According to Table 3-3, the quality of the prediction power of a ML model depends on
the quality of optimized molecular geometries used to calculate features and also depends
on the quality of molecular energies (A,H, A, E, and A,G, and different QC methods for
molecular energy calculation lead to different accuracy). Table 3-3 displays how
different molecular geometries and energies (seven approaches to calculating features)
affect the performance of KRR. As shown in Table 3-3, using KRR with Laplacian kernel
in each case, the MAE goes from 13.4 kcal mol! to 7.7 kcal mol!, and the RMSE goes
from 17.8 kcal mol! to 11.8 kcal mol!, between the simplest (X,Babel//X) and best
(DFT,DET//DFT) calculations, while R* goes from 0.56 to 0.81. It is very important to keep
in mind that the cost of calculations varies by roughly 7 orders of magnitude as we go from
a force field (X,Babel//X) to a semi-empirical quantum method like PM7, and a
sophisticated but accurate DFT method like ®wB97X-D3. In large-scale applications of ML
estimates of reaction energy barriers involving, e.g., millions of reactions, it is possible and
feasible to acquire PM7 geometries and energies for every reactant and product molecule,
and the models we denote X,PM7//PM7, or Babel,PM7//PM7, or PM7,PM7//PM7 can be
used. But it is harder to use an approach for generating features like DFT,DFT//DFT. On
the other hand, DFT equilibrium molecular geometries (not transition states) and their
energies are already available for thousands of molecules and can realistically be calculated
for thousands more (it is still much cheaper than finding thousands or even millions of TS
with DFT). When available, such DFT equilibrium molecular geometries and their energies
should be used, and energy barrier predictions should be made with model X,DFT//DFT,

Babel,DFT//DFT, or DFT,DFT//DFT. When very many energy barriers (e.g., 100,000
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energy barriers) must be estimated by ML, it would be preferable to construct several
regression models and predict every barrier in one or more ways. In a mixed approach like

this, different energy barrier predictions will come with different uncertainty estimates.

One can use such a procedure in a future study of chemical reactions in complex systems,
such as oceans, ISM, and CSE. For our application to astrochemistry, since the reactions of
main interest for ISM and CSE are those with very low barriers, a hierarchy of models can
be used to discard reactions above a certain threshold. One could discard, for instance,
reactions with barriers bigger than 30 kcal/mol in a regression model based entirely on PM7
data; then discard from the remaining ones those with barriers bigger than 20 kcal/mol in a
regression model based on DFT data; and then discard reactions with barriers bigger than
10 kcal/mol in a regression model based on CCSD(T) single-point energies and DFT

optimized geometries.

Figure 3-5 shows scatter plots of energy barriers, predicted by the KRR models with 363
features from Babel,PM7//PM7 or Babel, DFT//DFT approaches vs. those of reference
[117a,117b]. Figure 3-6 shows scatter plots of energy barriers, predicted by the KRR
models (with 300 most important features from PM7,PM7//PM7 or DFT,DFT//DFT
approaches) vs. those of reference [117a,117b]. The in-sample (training set) correlations
are good (panels A, C, E, and G), but they are of little use. The out-of-sample (testing set)
predictions (panels B, D, F, and H) are, unsurprisingly, less accurate. As shown in panels
B, D of Figure 3-5 and F, H of Figure 3-6, a small number of points are very far from the

fit line and contribute a lot to the RMSE. A comparison of RMSE to the MAE (Table 3-2)
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Figure 3-5. A: In-sample correlation of predicted and reference barriers for the KRR model
Babel,PM7//PM7. B: Out-of-sample correlation (same method as A).
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Figure 3-5. C: In-sample correlation of predicted and reference barriers for the KRR model
Babel, DFT//DFT. D: Out-of-sample correlation (same method as C).
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Figure 3-6. G: In-sample correlation of predicted and reference barriers for the KRR model
DFT,DFT//DFT. H: Out-of-sample correlation (same method as G).
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quantifies this observation: the MAE-to-RMSE ratio is 10.86/15.32 = 0.71 with the

Gaussian kernel and 9.17/12.79 = 0.72 with the Laplacian kernel.

After applying an OLS model to fit the absolute error (v) between reaction energy barriers
estimated by the best KRR and energy barriers from DFT of reference [117a,117b] versus
the energy barriers from DFT (x), a linear function y = 0.008x + 0.742 was obtained. The
coefficient 0.008 shows the positive correlation between the absolute error and reference

reaction barriers.

As mentioned before, the most important reactions in the ISM and CSE are those with
extremely low or zero barriers. Therefore, it is useful to assess the accuracy of ML models
when the barrier is small. The full dataset has barriers ranging from 0 to 139 kcal mol!. We
generated the subset of 5,276 reactions with barriers smaller than 40 kcal mol! (derived
from the full dataset). Some statistics about this subset (denoted D») and the full set (denoted

D) are shown in Table 3-4.

Table 3-4. Statistical description of two datasets

Dataset D, D,
# of reactions 11,730 5,276
Smallest E (kcal mol ') 0.00 0.00
Largest E (kcal mol!) 138.85 40.00
Mean of E (kcal mol!) 45.94 21.27
Standard Deviation (kcal mol™!) 26.85 11.32
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Table 3-5. Performance statistics (RMSE, R*, MAE) of KRR models for sets D; and D
(the entire set minus the outliers) using the features calculated in six approaches. The mean
and standard deviation over ten testing sets generated by 10-time Monte Carlo cross-
validation are shown for each statistic

Approach of Di:RMSE pD;:R? D:RMSE Dy MAE D, R?
acquiring features  (kcal mol ) (kcal mol')  (kcal mol™)
(Hyperparameters)
X,PM7//PM7 15.33 0.6705 7.95 6.06 0.5052
(@=0.05.p=0.01) 038  £0.02  +021 £022  +0.03
X,DFT//DFT 12.79 0.7710 6.59 4.88 0.6604
(@=0.05.y=0.01) 023  *00l  £008 £0.10  +0.01
Babel,PM7//PM7 14.06 0.7238 7.26 5.28 0.5872
(6=0.05, y=0.01) +0.39 +0.02 +0.25 +0.16 +0.03
Babel, DFT//DFT 12.49 0.7821 6.58 4.68 0.6604
(6=0.05, y=0.01) +0.39 +0.01 +0.25 +0.18 +0.03
PM7,PM7//PM7 14.33 0.7129 7.30 5.28 0.5821
(6=0.05, =0.01) +0.55 +0.02 +0.25 +0.19 +0.03
DFT,DFT//DFT 11.76 0.8062 6.02 4.13 0.7154
(6=0.05, y=0.01) +0.31 +0.01 + 0.34 +0.19 +0.03

The predictions of KRR models for the £ < 40 kcal mol™! subset are shown beside those
for the full dataset in Table 3-5. The RMSE on the subset is 7.3 kcal mol! with
Babel,PM7//PM7 inputs to the ML model and 6.6 kcal mol! with Babel, DFT//DFT inputs.
The corresponding MAESs are 5.3 kcal mol™! and 4.7 kcal mol™!. The RMSE on the subset is
7.3 kcal mol! with PM7,PM7//PM7 inputs to the ML model and 6.0 kcal mol! with
DFT,DFT//DFT inputs. The corresponding MAEs are 5.3 kcal mol! and 4.1 kcal mol!.
This level of accuracy will allow us to filter out the majority of hypothetical reactions that
may take place in the ISM or CSE based on predicted energy barriers and a cut-off of

roughly 5 kcal/mol or 10 kcal/mol.
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3.6 Discussion and Conclusions

In this study, we presented ML regression models for the prediction of reaction energy
barriers fitted to the DFT transition states data of Grambow et al. [117a,117b] for reactions
involving up to 23 atoms of the elements H, C, N, O. Our best ML model, KRR, uses 300
features that fall into four categories: sorted eigenvalues of modified Coulomb matrices;
features that depend on the electronegativity, hardness and interatomic distance of pairs of
atoms; features that do not depend explicitly on nuclear positions, such as A, H, A,.E, and
A,.G; and features that depend on bond positions and formal bond energies of relatively few
atom pairs (primarily identifying broken or formed bonds during a reaction). Features of
chemical reactions are expressed as differences between features of products P and Q and
reactants A and B, (i.e., x(reaction) = x(P) + x(Q) - x(4) - x(B)), or features of
supermolecules PQ and AB (molecules positioned and aligned in a way that prepares for
the reaction, i.e., x(reaction) = x(PQ) - x(4B)). In the present work, features of the
electronic structure (e.g., the HOMO-LUMO gap) of reactant and product molecules were
not included because of their high computational cost (they are not available in the dataset
of reference [117a,117b]). However, some electronic properties are readily available for
2,186 atoms and molecules [183] and databases of computed molecular properties will
continue to grow. It would be interesting in the future to add features related to the HOMO-
LUMO gap of molecules [184—196], atomic charges fitted to molecular electrostatic
potentials [195,196], and atom-condensed Fukui functions [197]. These features might be
able to improve the accuracy. The performance, on certain classes of reactions, of ML

models with or without these features could bring new insight into reactivity principles like
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the Hard and Soft Acids and Bases principle (HSAB) [185-189] and the Maximum

Hardness Principle (MHP) [190—-194].

We tried six ML methods: three variants of linear regression, two variants of KRR (with
two different kernels), and FFNN (with three hidden layers). The KRR with the Laplacian
kernel method worked best (please see Table 3-2 for details). It predicts out-of-sample
energy barriers (testing set) with a MAE of 7.7 kcal mol™!, RMSE of 11.8 kcal mol'!, and a
coefficient of determination R = 0.81, for 11,409 reactions with barriers ranging from 0 to
139 kcal mol! (even though it predicts in-sample barriers, i.e. training set, with very good
accuracy, it is useless as mentioned before). The cost for training this KRR is modest (hours
of computing for a data set of 11,409 reactions). The cost of using it to make one barrier
prediction is less than a second (with only a two-core processor). This will allow the
screening of very large sets of hypothetical chemical reactions for ISM and CSE-related

applications.

The accuracy of the best method reported here is better than using only PM7-TS [198]
for estimating energy barriers [55], which gave a MAE of 22.5 kcal mol™!. It is comparable
to that obtained by Rupp et al. with a similar KRR methodology for atomization energies
[60]. Atomization energies cover a much bigger range than reaction barriers, which could
make the former more difficult to fit. However, transition states show more structural
diversity than molecules and are much harder to model. For reasons of computational cost

and interpretability, we chose to not use any kind of transition state geometry estimate,
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complex features or parametrization for its input. Instead, we chose to develop the features

with simple interpretability and involving only several parameters.

Grambow, Pattanaik and Green [175] achieved excellent accuracy (MAE of 1.7 kcal/mol
and RMSE of 3.4 kcal/mol when training a ML on a dataset of more than 20,000 training
points; MAE of ~3.4 kcal/mol when training a ML on a dataset of roughly 10,300 training
points, which is roughly equal to the number of our training points) on predicted energy
barriers for a dataset similar to, and larger than, the one used here. The target barriers used
for training ML were calculated with @B97X-D3. This DFT method gives a RMSE of 2.3
kcal/mol. There are two ways to estimate the total error (RMSE) relative to the experiment:
(1) the total error is equal to the sum of DFT error (2.3 kcal/mol) and ML error (3.4 kcal/mol
from Grambow et al. [175]; 6.0 kcal/mol from us), e« = eprr + emr, for strongly correlated

errors (i.e., DFT error is strongly correlated to ML error); (2) the total error is equal to the

square root of sum of squares of each error, emFW , for uncorrelated errors (i.e.,
DFT error is not correlated to ML error). Hence, their actual error is between 4.1 and 5.7
kcal/mol, and ours is between 6.4 and 8.3 kcal/mol. Their Deep Learning model is based
on a directed graph representation of molecules and is built on a molecular property
prediction method (chemprop) [199]. It uses features of RDKit [176] including some that
encode the atoms’ hybridization and formal charge, and the presence of conjugated bonds,
rings, aromaticity, and some fairly complicated features. By comparison, the model
presented here is less accurate but simpler. We only use a three-dimensional representation
of molecular geometries and relatively few parameters: atomic radii, electronegativities and

hardness, and bond lengths and energies. Moreover, our model can be generalized to
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molecules, clusters and solids with atoms outside the main group elements provided that a
bond length-bond strength relation can be given for every pair of elements. It remains to be
seen if adding more helpful features, such as HOMO or LUMO-related features, could

improve the ML’s accuracy without too much added complexity.

The best KRR model presented here gives energy barriers with a MAE of 9.9 kcal mol!
when using PM7 input geometries for calculating all features, 7.7 kcal mol! when using
DFT input geometries for calculating all features (see Table 3-3 for details). While
encouraging, it is 13 times k37 at room temperature and too big for applications that require
high accuracy. It may be adequate for exploratory or semi-quantitative work but not as a
standalone predictor of chemical reactivity. The MAE of the models decreases to 5.3 kcal
mol! (PM7 inputs) and 4.1 kcal mol™! (DFT inputs) when they are fitted to reaction energy
barriers smaller than 40 kcal mol!. With this level of accuracy, one can exclude many
reactions unlikely to occur at low temperatures (15 to 25 kelvin, kgT ~ 0.04 kcal mol!) in
the ISM or CSE. Ultimately, theoretical predictions of reactivity in space will rely on highly

accurate and costly quantum chemical methods, such as CCSD(T).
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Chapter 4 Screening Reactions for Relevance to Prebiotic

Chemistry in the ISM and CSE

4.1 ISM and CSE Reaction Dataset

As described earlier, most molecules that have been observed in space have ten or fewer
atoms, but the mechanism for the formation of bigger molecules is not well known.
Chemical and biospheric evolution with a high reaction energy barrier is not likely to
happen in the ISM and CSE areas given the low temperatures. Forecasting the most likely
reactions in these places can be achieved by considering many combinations of ISM and
CSE molecules as possible reactants and ruling out reactions with a high barrier.
Bimolecular reactions between the molecular species identified in the ISM are natural
targets for this kind of study. But there are thousands of possibilities and accurate

calculations for all of them is currently impossible.

The strategy adopted in the present work starts by considering all reactions with reactant
molecules A and B chosen among those of Table 4-1 [200—-260] (see the literature [39] for
the corresponding reference(s) for each molecule). This makes 2,628 combinations. The
molecules in Table 4-1 [200-260] have all been observed in the ISM or CSE and contain

no atom other than H, C, N and O.
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Table 4-1. List of 72 molecules known, or believed, to be present in the ISM and CSE

[200—-260] that are in our molecule database [20,39] and their SMILES representation [163]

Molecule Formula SMILES Molecule Formula SMILES
CcO [C-]#[O+] CH3NCO O=C=NC
H»> [HH] HOCH,CN OCC#N
N> N#N H3;CNH» CN

H.C [CH2] CH>,CHCN N#CC=C
HCN C#N HCCCHNH C#CC=N
CO2 C(=0)=0 CH3:CHO O=CC
H-O O H>,CHCOH oC=C
N-2O N#[N+][O-] c-C2H40 01CCl1
H.CO C=0 CH:CH CC#C
CoHo» C#C NH>CH,CN NCC#N
HNCO N=C=0 (NH»).CO C(=0O)(N)N
HCNO [O-][N+]#C CH;CHCHO 0O=CC=C
HCCN N#C[CH+] HCOOCH:3 0O=COC
CNCN [C-]#[N+]C#N CH3;COOH CC(O)=0
HOCN OC#N CH:;CHNH CC=N
NH;3 N HCs;H>CN C#CCC#N
CHz4 C H;CC2CN CCH#CCH#HN
H>CNH C=N CH,CCHCN C=C=CC#N
H,>C,O C=C=0 C>HsNH> C=CN
HNCNH C(=N)=N CH:3:NHCHO CNC=0
NH>CN N#CN CH3;CONH3 O=C(N)C
HCC-NC CHCIN+]#[C-] CH3;0OCH; CcOocC
HC(O)CN C(=0O)C#N CH3;CH,OH ocCcC
HCOOH C(=0)0 CH3CH.CN CCCH#HN
HCsN C#CC#N CH3;CHCH: C=CC
CH3;0OH CcO CH:;CsH CCHCCHC
CH;CN CC#N CH3;CHCHO CC1CO1
CoHay Cc=C CH3;CH,CHO CCC=0
HC,CHO C#CC=0 (CH3)2CO CC(=O)C
CH;3NC [C-]#[N+]C NH>CH>,CH>OH NCCO
HC4N [H]C#C[C]C#N CH3;COOCH; O=C(00O)C
HCONH, O=CN CsHe clcccecl
[-H>Cy4 CH#HCCHC (CH3).CHCN CC(C)C#N
E-HNCHCN [H]/N=C(C#N)\[H] C3:H7CN CCCC#N
CH,CNH C=C=N C>HsNH> CCN
c-H>C30 C1=C(=0)=Cl1 C2HsOCH3 CcOoCC
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4.1.1 Reactant Side

When two ISM or CSE molecules collide, a transient intermediate may be formed first
if the association process is barrierless. This intermediate may get stabilized by the emission
of radiation and then may exist for a longer time [261]. In this work, our primary focus is
on association reactions (A + B — P) involving any two molecules among the above 72
molecules as reactants A and B. This brings us 72 X 73 <+ 2 =2,628 possible combinations,
i.e., 2,628 possible reactant sides. In this way, we could have 26,280 conceivable reactions
even if one possible reactant side matches only ten kinds of products. As described in
previous chapters, with that many reactions, energy barriers cannot be obtained by quantum

chemistry, they must be estimated by ML.

4.1.2 Product Side

Each possible reactant side specifies a clear composition of different atoms (C, H, O, and
N). According to each composition of possible reactant side, our possible product side can
be generated by matching the composition of atoms. Our matching procedure is to search
for the molecules possessing the same composition as possible reactant side in our molecule
database (10,306 organic small molecules in it) [20,117]. Eventually, 136,081 combinations

of reactants and products were generated.

4.1.3 Enriched ISM and CSE Reaction Dataset
So far, a huge dataset of first-step possible reactions between ISM and CSE molecules,

136,081 reactions, has been created. Since our ML model was developed with the reaction
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energy barrier as a function of features of reactants and products, the next step is to enrich

our dataset with molecular geometry information for the following feature calculations.

In previous chapters, the geometries of all possible products have been generated by
converting its SMILES representation to the 3D structure by Open Babel, Avogadro
software, and the online tool of NovoPro. To ensure consistency, we first collect SMILES
strings of all molecules in our possible reactant sides, i.e., 72 molecules in Table 4-1, and
then transfer their SMILES strings to 3D structures with the same procedure. After
molecular geometry information of the whole reaction dataset is collected, features then

can be calculated, and all input data can be prepared for ML [20].

4.2 Procedure of Screening

For this project, we do two screenings: first we eliminate reactions with estimated energy
barrier larger than a threshold Eo, and then we eliminate reactions in which the product’s
chemical composition or functional groups are very different from those of typical small
biomolecules, such as amino acids. With this procedure, we hope to discover reactions

taking place in the ISM and CSE that are relevant to theories about the origins of life.

One of the possible mechanisms for reactions in the ISM is gas-phase radiative
association [261]: A + B = AB* — AB + hv. The temperature in the ISM varies roughly
between 10 and 100 K. But it can exceed 100 K in “protostellar cores”. The existence of
interstellar shocks may lead to the temporary existence of radiation in the ISM and CSE
[73a,74]. It then could increase the temperature to 100~150 K for areas with such shocks.

Therefore, reactions with low or zero energy barriers are much more likely to occur than
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those with high barriers. The formation of a relatively stable and long-lived reaction

complex AB *is also favourable [261].

Another mechanism believed to be important for ISM chemistry is the reaction of A and
B at the surface of dust grains. The nature of these grains, and the mechanisms of reactions
on them, are not well known and are difficult to model or simulate theoretically. For
simplicity, we assume that reactions with the smallest gas-phase energy barriers are also

among those most likely to occur at the surface of grains.

4.2.1 Screening based on Energy Barrier

Reaction energy barriers were estimated for 136,081 hypothetical reactions between ISM
or CSE molecules. This took only twenty minutes of computing time. Although the KRR
model was trained on elementary reactions, it is used here to predict the barrier of the rate
limiting step of those reactions that may be elementary or complex. Despite this limitation,
the KRR estimates provide a useful ranking of reactions in increasing order of estimated

barriers. 98% of the reactions were ruled out on the basis of their estimated barriers.

4.2.2 Screening by Biological Relevance

Not all barrierless reactions are relevant to the biochemical or biogenic evolution even
though they may play a significant role in other aspects. The primary task of this work is to
discover more likely ISM and CSE molecules, especially biologically important molecules.
To do so, we define the criteria for evaluating the relevance of the possible products for the

emergence of life [20].
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This second screening will be applied to the reactions that passed the energy barrier
criterion screening. The absence of unsaturation implies an inert molecule which can hardly
be a building block for larger prebiotic molecules. On the other hand, molecules with a large
degree of unsaturation are often very unstable and may not exist long enough to contribute
to chemical evolution in space. Moreover, the number of non-Hydrogen atoms in a
molecule also matters in comparisons to the organic molecules that form the basis of life.
The elements: C, H, O, and N, are four of the most abundant and commonest elements in

the universe [29-31] and are fundamental in investigating life-related biomolecules.

We use two criteria: (i) there should be at least one atom of each element (H, C, N, O);
(i1) the degree of unsaturation (n,) of the product divided by the number of non-H atoms
(ny), nu/ny, should fall within a range of [0.05, 0.50] so that it is similar to what is found in
amino acids [262—-265] (see Table 4-2), mono and disaccharides [266] (see Table 4-3),
alpha-hydroxy acids [267], and many drug-like molecules [268]. Only a few reactions

passed both rounds of screening.

83



Table 4-2. Standard amino acids, their degree of unsaturation #,, number of non-hydrogen
atoms ny, and ratio n,/ny

Name of Abbreviation # of Double # of Aromatic n. n. nJ/ny
Amino Acid Symbol Bond Ring

Alanine Ala 1 0 1 6 0.17
Arginine Arg 2 0 1.5 12 0.13
Asparagine Asn 2 0 2 9 0.22
Aspartate Asp 2 0 25 9 0.28
Cysteine Cys 1 0 1 7 0.14
Glutamate Glu 2 0 25 10 0.25
Glutamine Gln 2 0 2 10 0.20
Glycine Gly 1 0 1 5 0.20
Histidine His 3 1 4 11 0.37
Isoleucine Ile 1 0 1 0.11
Leucine Leu 1 0 1 0.11
Lysine Lys 1 0 0.5 10 0.05
Methionine Met 1 0 1 9 0.11
Phenylalanine Phe 4 1 5 12 0.42
Proline Pro 1 0 2 8 0.25
Serine Ser 1 0 1 7 0.14
Threonine Thr 1 0 1 8 0.13
Tryptophan Trp 5 1 7.5 15  0.50
Tyrosine Tyr 4 1 5 13 0.38
Valine Val 1 0 1 8 0.13

Range 0.05~
0.50
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Table 4-3. Representative mono and disaccharides, their degree of unsaturation #n,, number
of non-hydrogen atoms 7y, and ratio n./nx

Class Name of # of Double # of Aromatic n., nx nu/nx
Sugar Bond Ring
Monosaccharide  Glucose 0 0 1 12 0.08
Galactose 0 0 1 12 0.08
Fructose 0 0 1 12 0.08
Disaccharide Maltose 0 0 2 23 0.09
wo molecules
« of glucose)
Lactose 0 0 2 23 0.09
(glucose +
galactose)
Sucrose 0 0 2 23 0.09
(glucose +
fructose)
Range 0.08~0.09

4.3 Discussion and Conclusions

After our two screening procedures, five reactions stand out because they all involve the
reaction of methylene (CHz) with fulminic acid (HCNO) or its isomer isocyanic acid
(HNCO). These five reactions and their computational studies with quantum chemistry
calculations will be shown and discussed in the next chapter. Two more reactions are
selected for quantum chemistry calculations because they have small ML-predicted barriers
and are correlated with biologically important glycine and alanine somehow. One is CHz +
CH;C(=0O)NH: producing alaninal. The other one is H2O + NHCHCHO producing glycine.
The seven products of reactions exhibit an interesting variety of functional groups for such
a small set. Computational studies based on these seven reactions with a sophisticated level

of theory are presented in Chapter 5.
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Chapter S The Reactions of Methylene with HCNO and HNCO

5.1 Introduction

The discovery of molecules in space and the study of their chemical reactivity is of
interest for their implications on the possible origins of life. The increasing number of
organic molecules discovered through astronomical observations [32] suggests that
prebiotic molecules may have formed in space and reached early Earth and other planets
[33-35]. Until now, the spectroscopic signatures of more than 250 molecular species have
been detected in the ISM and CSE [32,36-38]. It is not a simple thing to establish the
evidence for a molecular species in the ISM. It is therefore plausible that many more
molecules present in the ISM and CSE are yet to be discovered. Recent observation of
spectral lines assigned to the amino acid tryptophan in the interstellar gas of star-forming
regions [269] points to the possibilities of relatively complex and biologically important
molecules. Hence, computational and theoretical studies are needed to figure out such

possibility for providing directions to specify some detections.

Association reactions among known ISM and CSE molecules may take place in the gas
phase or at the surface of carbonaceous grains [261]. These grains could be covered with
ice and may catalyze some reactions. Considering the low temperatures in the ISM
(typically between 10 and 150 K) [40,41], it is likely that only reactions with a very low (or
zero) energy barrier occur with a significant rate. Computational investigations can guide
the discovery of molecules and reactions in space. With quantum chemical techniques, one

can locate transition states and compute energy barriers with an accuracy on the order of 1

86



kcal/mol [8,9]. Chemical reactions between those identified interstellar species (see Chapter

4) are targets for this part of our study.

In 2023, Panda, Chiranjibi, Awasthi, Ghosal, and Anoop [270] studied the reaction
mechanisms of HCN + H>CO and HNC + H,CO by DFT and CC methods and found
barriers of reactions of 15 to 41 kcal/mol giving oxiran-2-ylazanide and isocyanomethanol
as the main products. Several prior experimental and theoretical studies of reactions of
radicals with HCNO have been conducted [271-279]. Theoretical studies of the reaction
between NH and HCNO have been performed by a combination of DFT and quadratic
configuration interaction (QCI) methods giving a reaction barrier of 2.9 kcal/mol for the
kinetically favoured products, HCN and HON [271]. Another study reported DFT, CC and
QCI calculations predicting a zero barrier to the most feasible products, HCN and HNO
[272]. An experimental kinetics study of OH + HCNO reaction was conducted by Feng,
Meyer, and Hershberger [275], and this reaction produces two major kinds of products CO
+ H2NO and HNO + HCO. A computational study of the same reaction by DFT and CC
methods gave CO + NHOH as the main products with a zero barrier [274]. The product
channels of CH3z + HCNO have been theoretically studied by DFT and CC methods: the
favoured route produced Z and E-HC(CH3)NO with a reaction barrier of only 4 kcal/mol
[276]. There have been several experimental and theoretical studies of reactions of radicals
and HNCO [280-284] as well, including reactions of C3Hs + HNCO [280], OH + HNCO
[281], and CH2CH + HNCO [283]. Moreover, a theoretical study on the hydrogen transfer

path of CH> + HNCO reaction has also been reported in the literature [284].
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Redondo et al. recently published high-level theoretical spectroscopic constants for
hydroxy-azirine [285] and imine acetaldehyde [286]. These molecules were proposed as
potential interstellar prebiotic molecules, but searches for their spectroscopic signature in
the ISM have failed so far. Fourré et al. [287] suggested using the minimum energy
principle (MEP) for screening potential ISM molecules. We have the same goal.
Interestingly, the screening of reactions with estimated energy barriers (present work)
produced some of the same molecules proposed in the reference [287], which is

encouraging.

5.2 Computational Details

As mentioned in Chapter 2, all quantum chemistry calculations in our research project
were completed with the Gaussian 16 software [89] using GaussView [90] and Avogadro
[91,92] as interfaces. The geometries of reactants, products, and intermediates of reactions
were optimized by DFT with the wB97XD method for exchange-correlation and dispersion
corrections [21-24] (this DFT gives a RMSE of 2.34 kcal/mol for estimating reaction
energy barriers [5]) and a def2-TZVP basis set [25-27]. The search for transition states was
also done at the ®wB97XD/def2-TZVP level of theory [21-27]. All stationary points of the
potential energy surface were characterized by normal mode analysis, those with one
imaginary frequency being TS. The intrinsic reaction coordinate, IRC [58,59], originating
from every TS was followed to find the corresponding reactant and product (confirming
that the TS is the real one, i.e., the desired one for a specific reaction), and all IRC

calculations are done at the same level of theory, wB97XD/def2-TZVP. The energy profiles
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in Figures 5-1, 5-3, 5-5, 5-7, 5-9, 5-11 show sequences of minima (reactant, intermediate,
or product) and the TS connecting each pair of minima. Single point (fixed geometry)
calculations were performed with CCSD(T) (coupled cluster theory with single and double
excitations and perturbative treatment of triple excitations) with a big basis set, Aug-cc-
pVQZ [15-19,111-113] at the optimized minima and TS structures to get more accurate
molecular energies and then get more accurate energy barriers and energies of reactions.
Unless stated otherwise, the energies reported in this chapter are differences between zero
kelvin energies at the CCSD(T)/Aug-cc-pVQZ [15-19,111-113] level with zero-point
energy corrections and optimized geometries by wB97XD/def2-TZVP, a method denoted

CCSD(T)/Aug-cc-pVQZ//wB97XD/def2-TZVP.

The five reactions of Scheme 5-1 and Scheme 5-2 were examined on the triplet and
singlet potential energy surfaces. The two reactions of Scheme 5-3 and Scheme 5-4 were

examined only on the singlet potential energy surface.

The ground states of HCNO, HNCO, CH3C(=0O)NH;, H>O, and NHCHCHO are all
singlet. The ground state of CH: is triplet, with the lowest excited singlet state being 9.00
kcal/mol higher [288]. The CH; singlet excited state energy is calculated as +9.1 kcal/mol,

very close to the experimental value.

For the molecular species symbols in the following contents, RC stands for reactant
complex, IM for reaction intermediate, TS for transition state, P for product, the superscripts
1 and 3 represent singlet and triplet species, and subscripts are arbitrarily assigned to the

structures (depicted in Figures 5-2, 5-4, 5-6, 5-8, 5-10, 5-12) in the order in which they
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appear in Figures 5-1, 5-3, 5-5, 5-7, 5-9, 5-11. In a few cases, following the IRC from
different transition states produced slightly different reaction complex geometries with
nearly identical energies. For such cases, only one version of each reaction complex is

shown (in Figures 5-2, 5-4, 5-6, 5-8, 5-10, 5-12).

5.3 'CH/*CH; + HCNO

Three reactions of methylene (CH») with fulminic acid (HCNO) are shown in Scheme 5-
1, leading to three products (P1, P2, and P3). The computational study on reactions of singlet
CH; and HCNO is reported first (Figures 5-1, and 5-2), which is followed by the study on

reactions of triplet CH, and HCNO (Figures 5-3, and 5-4).

The products of reactions in Scheme 5-1 are N-methyleneformamide, imine
acetaldehyde, and ((\*-methylene)-A*-oxidaneyl)methanimine, respectively. None of them

has been observed in the ISM or CSE [36,287].

In the next chapter, the structural and spectroscopic computational studies of conformers
of N-methyleneformamide and imine acetaldehyde molecules will be presented and
discussed. This kind of procedure of study allows us to investigate potential interstellar

molecules or their most possible conformers more deeply.
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Scheme 5-1. The three reactions of CHz with HCNO and their products.

5.3.1 Singlet State Energy Profile for CH, + HCNO
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Figure 5-1. Singlet potential energy diagrams showing the energies of reactant complexes
(RCs), intermediates of reaction (IMs), transition states (TSs) and products (Ps) of reactions

between 'CH> and HCNO. The relative energies calculated by CCSD(T) and DFT are
shown, with DFT in parentheses.
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Figure 5-2. Optimized geometries of singlet reactants, RCs, TSs, IMs, and products of
reactions (1), (2), and (3) at ¥B97XD/def2-TZVP level of theory. Cartesian coordinates of
all studied species shown here are listed in Appendix A.
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5.3.2 Triplet State Energy Profile for CH, + HCNO

SRXN
1

= 40 | RE out of Parentheses: CCSD(T)/Aug-cc-pVQZ
o 20 a 3TS1 RE in Parentheses: «B97XD/def2-TZVP

£ {°CH, +

= 2 160

M 0

O [HENO RC (10.3)

=< 20491 Ho02 VI

L 1(-12.0) (-12.7) L2

o -40- 279 295 °TS,

p _ _ —

= -60—- (-32.1%-32.8) m, =7 s,

o —2(-49.0) 3 —

= i IM, 7 3
o -80 - -68.0 V3 629 P,
LICJ (-70.0) 780671 —

-100— (-80.6) (_g;g

> i
= -120—_

[0) A
% -140 _

-160

Reaction Coordinate

Figure 5-3. Triplet potential energy diagrams showing the energies of reactant complexes
(RCs), intermediates of reaction (IMs), transition states (TSs) and products (Ps) of
reactions between *CH, and HCNO. The relative energies calculated by CCSD(T) and
DFT are shown, with DFT in parentheses.

94



’RXN,

= 40 ] RE out of Parentheses: CCSD(T)/Aug-cc-pVQZ
o 20 _ 3TS1 RE in Parentheses: «B97XD/def2-TZVP
e —_
= °CH, + 16.0
B Oneno *reyt03)
~ r—— e
- 1-9.1 -10.2 3
wi 20 l12.0) (127 MTS,
e _40 | 279 29 5 3T85
~ ] (-32.1)-32.8) TS
6
> -60- My 51 Oyt 546 I TSz 37s,
= T N -576)= f3|M ! 3P
()] 80 i -68.0 65. 69 -65.1 6 694 2
c - -70.0) (-67.8) (69.2] 75
] (-70.0) (-71.8 -75.4
L 100 ' 800 795
g - ] (-88.2) (-87.7
T -120 ]
©-140
-160
Reaction Coordinate
3RXN,
= 40 J RE out of Parentheses: CCSD(T)/Aug-cc-pVQZ
g 20 ] 3Ts1 RE in Parentheses: «B97XD/def2-TZVP
= TCH+ 755
8 O ‘HCNOaRCpo 3)
v —
o0 J9o1 [0z
wi 20 [-12.0)¢-12.7) ﬂaT_Sz
40 4 2797295  s1g
X -40+ (2038 =2 oTs,
464 =, 10371 3
& 60 5oL M S 3 M=, T Py
— 1 _ -
Q _gp- @o 650 50,6 -64; 64Jgg 7642
[ (-70.0) (678) (.71.8) ) 67 ?679
L
-1 00-
>
E -1 20 .
(O] 4
r 140 _
-160

Figure 5-3. (Continued).

Reaction Coordinate

95



Figure 5-4. Optimized geometries of triplet state molecular species of reactions (1), (2),
and (3) at @¥B97XD/def2-TZVP level of theory. Cartesian coordinates of all studied species
shown here are listed in Appendix A.
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Figure 5-4. (Continued).
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5.3.3 Reaction Paths for CH, + HCNO

Total energies including zero-point corrections (Es) for all studied molecular species are
listed in Appendix B along with their relative energies where the zero of energy is assigned

to singlet CHz plus singlet HCNO.

The singlet and triplet optimized geometries of reactants, reactant complexes (RCs),
intermediates (IMs), transition states (TSs), and products (Ps) in reactions (1), (2), and (3)
are shown in Figures 5-2 (in singlet) and 5-4 (in triplet) and the cartesian coordinates can
be found in Appendix A. Some relative energies have numerical errors of approximately 2
kcal/mol. The energy of 3IM; is found 1.6 kcal/mol higher than 3TS, even though IRC
following connects them while the energy of IM;, without zero-point energy, is 0.22
kcal/mol lower than the *TS,. However, the zero-point correction pushes *IM; 1.6 kcal/mol

higher than 3TS.

Reactions & (k = 1, 2, 3) on the singlet and triplet energy surfaces are represented by
'RXNy and *RXNjy. Their energy profiles are shown in Figures 5-1 (singlet) and 5-3 (triplet).
In reaction 'RXN, singlet CH, and HCNO form a stable reactant complex, then CH: picks
up the oxygen atom of HCNO in a barrierless process (see 'TS; in Figure 5-2 and 'RXN;
in Figure 5-1). This leads to formation of 'IM, a complex of hydrogen cyanide (HCN) and
formaldehyde (H2CO) both of which were identified in the ISM or CSE [200,205,206,210].
The complex of HCN and H>CO can go on to react in many ways, see 'IM; and the
transitions states 'TS, !TSs, and 'TSe in 'RXN;, 'RXN», and 'RXNj3, respectively. These

transition states are well below the '(CH> + HCNO) separation limit but well above HCN
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+ H,CO (by 65 kcal/mol, 91 kcal/mol and 95 kcal/mol). The transition state 'TS; is above

triplet CHz plus HCNO by only 7.6 kcal/mol (9.0 — 1.4 = 7.6).

One conclusion that we draw from energy profiles 'RXNj, 'RXN,, and 'RXNj3 is that
singlet CH>, if it is present in the ISM, can react with HCNO without barrier. For reaction
(1), the thermodynamically favoured product of this reaction would be CH.NCHO (V-
methyleneformamide, 'P1), at —147.3 kcal/mol relative to reactants. Relevant computational
studies of N-methyleneformamide have reported vibrational spectra [289] and relative
energies of conformers [290]. In the literature [290], it has been suggested that the gauche-
conformation of N-methyleneformamide is the most stable one. The conformer of N-
methyleneformamide that we obtained here is the gauche-conformation, which has the
lowest energy among all conformers [290]. The product of reaction (2), the conformer of
imine acetaldehyde NHCHCHO, 'P; has a slightly higher energy, —145.9 kcal/mol. Some
of the intermediates of reactions are also very close in energy: the HCN-H>CO complex
"M, (—141.3 kcal/mol), and two other conformers of imine acetaldehyde, 'IM, (—141.5

kcal/mol) and 'IM3 (—145.1 kcal/mol).

Nevertheless, it is much more likely that, in the ISM and CSE, CHz is in its triplet ground
state. Then, the formation of CH,NCHO (N-methyleneformamide, 'P1) would require
approximately 6 to 9 kcal/mol excess energy and triplet-to-singlet surface crossing.
Crossing might occur at some configurations of the CH> + HCNO reactant complex at an
energetic cost of 9 kcal/mol (at large CH>,-HCNO separation) or maybe less, at some

hypothetical favourable configuration, but we were unable to locate such a configuration.
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The thermodynamically favoured triplet state product is *P; (see *RXN; in Figure 5-3)
with an energy of -82 kcal/mol (-73 kcal/mol relative to the ground state when considering
that singlet CHz is 9 kcal/mol higher than triplet CHo, i.e., -82 + 9 = -73). It is 65 kcal/mol

higher than singlet N-methyleneformamide.

5.4 Reactions of CH; with HNCO

Two reactions of methylene (CH2) with isocyanic acid (HNCO) are shown in Scheme 5-
2, leading to two products (P4 and Ps). The computational study on reactions of singlet CH»
and HNCO is reported first (Figures 5-5, and 5-6), which is followed by the study on

reactions of triplet CH, and HNCO (Figures 5-7, and 5-8).

The products of reactions in Scheme 5-2 are two conformers of oxiran-2-ylazanide. None

of them has been observed in the ISM or CSE [36,287].

H H
/ o _/
.C\ + HN=C=0 —> OI>—N 4)
H
Py
/H
: + HN=C=0 —N
] — (|)>— ; 5)
H H
P

5

Scheme 5-2. The two reactions of CH, with HNCO and their products.

5.4.1 Energy Profile of Singlet CH, + HNCO
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Figure 5-5. Singlet potential energy diagrams of reactions between 'CH, and HNCO.
The relative energies calculated by CCSD(T) and DFT are shown, with DFT in
parentheses.
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Figure 5-6. Optimized geometries of singlet reactants, RCs ('RC; and 'RC3 could not be
fully optimized), TSs, IMs, and products of reactions (4) and (5) at ¥B97XD/def2-TZVP
level of theory. Cartesian coordinates of all studied species shown here are listed in
Appendix A.

5.4.2 Energy Profile of Triplet CH, + HNCO
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Figure 5-7. Triplet potential energy diagrams of reactions between *CH, and HNCO.

The relative energies calculated by CCSD(T) and DFT are shown, with DFT in
parentheses.
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Figure 5-8. Optimized geometries of triplet reactants, RCs (*RCs could not be fully
optimized), TSs, IMs, and products of reactions (4) and (5) at ®¥B97XD/def2-TZVP level
of theory. Cartesian coordinates of all studied species shown here are listed in Appendix

A.
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Figure 5-8. (Continued).

5.4.3 Reaction Paths for CH; + HNCO

Total energies including zero-point corrections for all studied molecular species are listed
in Appendix B along with their relative energies where the zero of energy is assigned to
singlet CH: plus singlet HNCO. The singlet and triplet optimized geometries of reactants,
RCs, IMs, TSs, and Ps of reactions (4) and (5) are shown in Figures 5-6 and 5-8 and the
cartesian coordinates can be found in Appendix A. The basis set used here is not expected

to give accurate results in weakly bound complexes. In particular, the geometries of 'RC,
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'RC3, and *RC3 could not be fully optimized. Results on reactant complexes RCs should be
considered only in a qualitative sense. Reactions 4 and 5 on the singlet and triplet energy
surfaces are represented by 'RXNs, 'RXNs, SRXN4, and *RXNs, respectively. Their singlet

and triplet energy profiles are shown in Figures 5-5 (singlet) and 5-7 (triplet).

Recently, Panda, Chiranjibi, Awasthi, Ghosal, and Anoop [270] investigated in detail
many reactions on the singlet energy surface of CoHsNO by DFT and coupled cluster
methods. They found many reaction pathways of HCN + H>CO, but none of them with a
barrier smaller than 42 kcal/mol [270]. For their studied reaction pathways of H>CO with
HNC (another molecule observed in the ISM [36,291,292]), the lowest reaction energy
barrier found was 15 kcal/mol [270], leading to the formation of a conformer of oxiran-2-

ylazanide, 'Ps (shown in Figure 5-6).

On the singlet surface, reactions (4) and (5) are barrierless and lead to the formation of
two conformers of oxiran-2-ylazanide (!P4 and 'Ps). On the triplet surface, reactions 4 and

5 have rate limiting barriers of 11.1 and 17.6 kcal/mol, respectively.

The kinetically favoured triplet product among all triplet potential surfaces is *IMy (see
Figure 5-7, panel RXNy). The barrier to forming Mo, is 11.1 kcal/mol, making this
reaction practically impossible in the gas phase in the ISM (especially the areas with no
radiation and with a very low temperature), but maybe possible in hot corinos regions or at
the surface of dust grains. Molecules 3P4 and Ps are 27 and 23 kcal/mol higher than the
reactants and are not likely products of these two triplet reactions (even though molecules

P4 and 'Ps are products of singlet reactions (4) and (5)).
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5.5 The Reaction of 'CH; with CH3C(=0)NH:

5.5.1 A Precursor of Alanine May Exist in the ISM or CSE: Alaninal
The reaction (6) of methylene (CH2) with acetamide (CH3C(=0O)NH>) is shown in
Scheme 5-3, leading to one product (Ps). Only the computational study on the reaction of

singlet CH> and CH3C(=O)NHj is reported now (Figures 5-9 and 5-10).

The product of this reaction is alaninal, which is a precursor of alanine that has not been
observed in the ISM or CSE [36,287]. The IMs in this reaction are also interesting. The
difference between alaninal and alanine is only one oxygen atom. The reaction (6) shown
here is a zero-barrier reaction, which might lead to the existence of alaninal in the ISM or

CSE, or even alanine when an O atom is available.

O

H
v HN H,N
¢’ o+ . ©)
N H
H 0

Pg
Scheme 5-3. The reaction of CH, with CH3C(=O)NH: and their product.

5.5.2 Energy Profile of \CH; + CH3C(=0O)NH>

Single point (fixed geometry) calculations with CCSD(T)/Aug-cc-pVQZ are not fully
conducted for this reaction for this moment because some calculations based on IMs or TSs
need to take more than 7 days even with 32 cores (the maximum time for running a single
calculation with Graham is 7 days [293]). Now we are planning to run our SP energy

calculations with other ways. Thus, the energies reported here are differences between 0 K
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energies at the wB97XD/def2-TZVP level with zero-point energy corrections and

optimized geometries also by @B97XD/def2-TZVP.

Total energies including zero-point corrections, E, for all studied molecular species
reported here are shown in Appendix B along with their relative energies where the zero of
energy is assigned to singlet CH> plus singlet CH;C(=O)NH,. The singlet optimized
geometries of reactants, RCs, IMs, TSs, and Ps are shown in Figure 5-10 and the cartesian
coordinates can be found in Appendix A. As stated before, the basis set used here is not
expected to give accurate results in weakly bound complexes. The geometry of 'RC4 could

not be fully optimized. Reaction (6) on the singlet energy profile is represented by 'RXNs.

The energy profile is shown in Figure 5-9.

1
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40
P .
re) RE in Parentheses: «B97XD/def2-TZVP
£ 201
) {'CH,+
O CH,C(=O)NH
X [SEomR
- (0.0)

LL RC s,
% _20 i ('125)1% (m)
> (-23.8)
% 40 1E;1|M10 1TS¢4

U (-39.0)(39.7) 20 2
LICJ ( X-40.2)
G>J '60 T 1|M7 1TS11 1|M8 1212 "
'..c_.—u (‘671 (:66.7) (—66.6)(-56-1)(672) .
o’ | (-83.0)-81-4) g3 7)-83.4) 32 3)

-100

Reaction Coordinate

Figure 5-9. Singlet potential energy diagram of the reaction between 'CH, and
CH3C(=O)NHo,. The relative energies calculated by DFT (in parentheses) are shown.
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As shown in Figure 5-9, the singlet reaction of methylene and acetamide (producing
alaninal) is barrierless. Two TSs ('TS11, !TS14) show a slightly smaller energy than one of
their neighbouring IMs, which implies an error of 0.1~0.7 kcal/mol with the current
quantum chemistry method. 'TS;; is 0.18 kcal/mol higher than 'IMg before adding zero-
point corrections to their energies. The product, alaninal, has an energy of -84.3 kcal/mol,

which is the lowest energy along this potential energy surface.

As described before, triplet CHz needs 9 kcal/mol to reach the singlet excited state. If the
triplet-to-singlet crossing occurs, then the triplet reaction with reactants (P*CH, +
CH3C(=0O)NH>) might only need to overcome a barrier of less than 9 kcal/mol to “skip” to
the singlet energy surface. However, the triplet study of this reaction will be performed in
the near future to investigate the detailed mechanisms, which may help us learn more about

the potential interstellar molecules.

Alaninal has a very similar structure to alanine except lacking an oxygen atom. It has
been reported that O atoms are present and common in the ISM [294,295]. The studies of
interstellar O atoms have listed potential reactions with H atoms [296] and alkenes [297].
Pearce et al. [298] reported a potential chemical mechanism in the ISM: the O atom could
be inserted into the C-H bond of methane, leading to the formation of methanol. Hence, the
potential of the interstellar reaction between alaninal and O atoms is worth studying. It
brings an interesting possibility, if alanine can be formed by the insertion of the interstellar

O atom into the C-H bond of the functional group —CHO of potential interstellar alaninal.
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Figure 5-10. Optimized geometries of singlet reactants, RC ('RCs could not be fully
optimized), TSs, IMs, and products of reaction (6) at ¥B97XD/def2-TZVP level of theory.
Cartesian coordinates of all studied species shown here are listed in Appendix A.
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Figure 5-10. (Continued).

5.6 The HO + NHCHCHO Reaction

5.6.1 A Reaction Route Producing Glycine

The reaction (7) of water (H,O) with one conformer of imine acetaldehyde (NHCHCHO)
[286] (which is an IM in our reaction (2)) is shown in Scheme 5-4, leading to one product
(P7). Since their ground states are both singlet, the computational study on the reaction of
H>O + NHCHCHO is only reported in singlet (Figures 5-11, and 5-12). The product of this
reaction is glycine, which is tagged as an “unconfirmed” molecule in the ISM or CSE [36]

and remains the subject of study.

/H H H 0
N >———<\ —> 2 OH ( )
H O N—H
P7

Scheme 5-4. The reaction of HO with NHCHCHO and their product.
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5.6.2 Energy Profile for the Formation of Glycine

Total energies including zero-point corrections (E) are shown in Appendix B for all
minima and transition states along with relative energies where the zero of energy is
assigned to singlet H>O plus singlet NHCHCHO. The optimized geometries of reactants,
RCs, IMs, TSs, and Ps are shown in Figure 5-12 and the cartesian coordinates can be found
in Appendix A. Reaction (7) on the singlet potential energy surface is represented by

'RXN7. The energy profile is shown in Figure 5-11.

'RXN
7
~ 60
—_— RE out of Parentheses: CCSD(T)/Aug-cc-pVQZ
g RE in Parentheses: ¥B97XD/def2-TZVP
= 404 'S,
o /367"
W 20 ;387 TS
SR i /208",
> NHCHCHO : 7 (52)5,
% 05— _RCs/ Vo "
cC (0.0) -5.0 2IM, 3
L (-5.4) =
o -20 - -13.0
o (-14.3)
= |:>7
I —
élé -40 4 -33.8
(-38.7)
-60

Reaction Coordinate

Figure 5-11. Singlet potential energy diagram of the reaction between H>O and
NHCHCHO. The relative energies calculated by CCSD(T) and DFT are shown, with DFT
in parentheses.
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NHCHCHO
H:0

9

Figure 5-12. Optimized geometries of singlet reactants, RC, TSs, IM, and product of
reaction (7) at @B97XD/def2-TZVP level of theory. Cartesian coordinates of all studied
species shown here are listed in Appendix A.

ITSus

This reaction starts from a possible interstellar molecule, imine acetaldehyde, and a well-
known interstellar molecule, water. Even though it shows a barrier of 36.7 kcal/mol, the
reaction between those two molecules is interesting, especially since it leads to glycine as

the final product. There are some theoretical studies [299-301] that have been trying to
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search for interstellar glycine in different ways, which could help us understand better the

possible emergence of amino acids in the ISM and CSE [299].

However, the barrier of reaction (7) reported here is approximately 37 kcal/mol, which

makes the reaction impossible in the ISM or CSE areas with very low temperatures.

5.7 Discussion and Conclusions

The CH2 + HCNO, CH; + HNCO, and CH; + CH3C(=0)NH: reactions were identified
as possible sources of as yet undetected interstellar prebiotic molecules by means of a
screening procedure that combines energy barriers estimated by machine learning
(described in Chapter 3) and empirical rules about chemical composition or some others
(described in Chapter 4). The reactions of CH, with HCNO/HNCO were studied on the
singlet and triplet energy surfaces by DFT at the wB97XD/def2-TZVP level for geometry
optimization, TS finding, IRC, and normal mode frequencies and at the CCSD(T)/Aug-cc-
pVQZ//wB97XD/def2-TZVP level for computing energy differences such as barriers to
reaction (CH> + CH3C(=0O)NH; reaction was reported only on the singlet energy surface
and only at the ®wB97XD/def2-TZVP level so far). Singlet CH» reacts with HCNO without
a barrier to produce N-methyleneformamide ('P;) and Imine Acetaldehyde ('P,), with the
former one being thermodynamically favoured by only ~1 kcal/mol (or we can say, these
two products are both thermodynamically favoured). However, singlet CH> is 9.00 kcal/mol
higher than ground state triplet CH> [288]. Therefore, reactions on the singlet energy surface
would require triplet-to-singlet crossing and collision energies of ~9 kcal/mol, or less than

9 kcal/mol if triplet-to-singlet surface crossing occurs at a favorable reactant complex
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geometry. As shown in *RXNa, triplet CHz can react with HNCO with a barrier of 11.1
kcal/mol to produce *IMy, CH,C(=O)NH. These results do not give very strong evidence
for the formation of prebiotic molecules from reactions of triplet CH> with HCNO or HNCO
in the ISM or CSE. However, the barriers to reaction relative to ground state reactants are
found to be small for several reactions: ~9 kcal/mol for reactions 1 to 6 if triplet-to-singlet
surface crossing occurs at large intermolecular distances, possibly less than 9 kcal/mol if
crossing occurs at shorter intermolecular distances; and on the triplet surface,

approximately 11 kcal/mol for reaction (4), and approximately 18 kcal/mol for reaction (5).

The above results suggest three areas for future research: (1) a more precise
characterization of the triplet and singlet energy surfaces of weakly bound CH>-HCNO or
CH2-HNCO or CH>-CH3C(=O)NH> complexes, with a search for possible triplet-singlet
crossing (especially those leading to a reaction £ < 9 kcal/mol); (2) the modelling of
possible reactions of CH» with ice-covered dust grains without and with coadsorbed HCNO
or HNCO or CH3C(=O)NH»; and (3) a search for the spectroscopic signature of N-
methyleneformamide, imine acetaldehyde, and other potential biomolecules in the ISM and

CSE.
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Chapter 6 Energy, Structure, and Spectroscopic Study of
Conformers of N-methyleneformamide and Imine

Acetaldehyde

6.1 N-methyleneformamide

The main source of information about ISM molecules are spectral lines in the microwave
region in light collected by telescopes. These lines correspond to transitions between
rotational states and give precise information about the moments of inertia of a molecule.
Quantum chemical calculations of equilibrium geometries provide moments of inertia and
spectroscopic constants A, B and C that can be compared to lines in the microwave region
for molecule identification. When several conformers are possible, relative energies can be
calculated and the spectroscopic constants of the most stable conformer are used for
identifying molecules. This kind of computational study has been done for imine
acetaldehyde [286]. Here we describe a similar study we did for N-methyleneformamide.
Theoretical studies available on N-methyleneformamide are few. There have been reports
of vibrational spectra [289] and of relative energies of conformers [39,290]. The conformer
we found in reaction (1) is the gauche conformer which was found to be the most stable
one in earlier work [39,290]. N-methyleneformamide is our thermodynamically favoured
product of reaction (1) shown in section 5.3, with a relative energy of —147.3 kcal/mol

relative to reactants. It is reported as a potential ISM or CSE molecule in Chapter 5.
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Therefore, a computational study on its conformers’ structural constants and spectroscopic

parameters will give useful information for possible identification by astronomers.

6.2 Imine Acetaldehyde

In 2018, Redondo et al. [286] reported four conformers of imine acetaldehyde and the
relative energies calculated at different levels of theory, and the equilibrium geometries of
the conformers. They proposed imine acetaldehyde as a likely interstellar molecule [286].
Interestingly, we also came to the conclusion that imine acetaldehyde is an interesting
possible ISM molecule [39] but for different reasons from those of reference [286]. Our
study of reaction (2) in Chapter 5 leads to finding the different conformations of imine
acetaldehyde with the antiperiplanar conformer as the most stable. The names of four
conformations (out-ap, in-ap, out-sp, and in-sp) are defined in the reference [286]: “ap”
and “sp” represent antiperiplanar and synperiplanar, respectively, “out” or “in”” mean the H

atom of NH group is toward outside (ou?) of the skeleton of imine acetaldehyde, or toward

inside (in).

6.3 Computational Details

The same computational method we described in section 5.2 was used to study the
conformers of N-methyleneformamide and imine acetaldehyde. All conformers were
characterized by normal mode analysis, those with zero imaginary frequency being minima.
Conformers (two of N-methyleneformamide: gauche and trans; four of imine acetaldehyde:

out-ap, in-ap, out-sp, and in-sp) presented in this chapter are identified as minima. Note
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that the cis conformation is not a minimum according to our DFT calculation, it has one
imaginary frequency. This is consistent with the study in literature [289]. The seven

conformers we found are shown in Figures 6-1 and 6-2.

Spectroscopic equilibrium rotational constants (Ae, Be, Ce, in GHz) and dipole moment
(u, in Debye) were calculated at ¥B97XD/def2-TZVP level of theory based on wB97XD-
optimized geometries. The moments of inertia (Ia, Is, Ic, in amu A?) were computed using
Ae, Be, and C. as inputs through the converting platform of NIST [302]. Spectroscopic
ground vibrational state rotational constants (Ao, Bo, Co, in GHz) without and with
centrifugal distortion were both calculated at wB97XD/def2-TZVP level of theory. These

spectroscopic parameters of all studied conformers are listed in Table 6-3.
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6.4 Results

6.4.1 Geometries and Relative Energies of Conformers

The optimized geometries of conformers of N-methyleneformamide are shown in Figure

6-1, and those of imine acetaldehyde are shown in Figure 6-2.

Q @
‘)&‘4@
P

Figure 6-1. 3D structures of conformers (from left to right: gauche, cis, and trans) of N-
methyleneformamide at ©¥B97XD/def2-TZVP level of theory. Cartesian coordinates of all
studied species shown here are listed in Appendix C.

Figure 6-2. 3D structures of conformers (the first row from left to right: out-ap, in-ap; the
second row from left to right: out-sp, in-sp) of imine acetaldehyde at wB97XD/def2-TZVP
level of theory. Cartesian coordinates of all studied species shown here are listed in
Appendix C.
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The total energy with zero-point correction and relative energy (RE) of each conformer
of two molecules have been listed in Table 6-1. The bond lengths (in angstrom) and angles

(in degree) of each conformer of two molecules are listed in Table 6-2.

Table 6-1. Total energies including zero-point corrections (E, in a.u.) and relative energies
(RE, in kcal/mol) calculated with DFT (in parentheses) and CCSD(T) for the conformers
of N-methyleneformamide and imine acetaldehyde

N-methyleneformamide E (a.u.) RE (kcal/mol)
Gauche -207.647474 (-207.915835) 0.00 (0.00)
Cis -207.6448483 (-207.911813) 1.65 (2.52)
Trans -207.6453077 (-207.912370) 1.36 (2.17)
Imine Acetaldehyde E (a.u.) RE (kcal/mol)
Out-ap -207.6471170 (-207.912993) 0.00 (0.00)
In-ap -207.6451982 (-207.910901) 1.20 (1.31)
Out-sp -207.6383110 (-207.904179) 5.53 (5.53)
In-sp -207.6440502 (-207.909825) 1.92 (1.99)

Table 6-2. Structural constants including bond lengths (in angstroms) and angles (in
degrees) optimized with ®B97XD/def2-TZVP of the conformers of N-
methyleneformamide and imine acetaldehyde

Bonds of V- Bond Length Angles of N- Angle
methylenefo methylenefo
rmamide rmamide
Gauche Cis Trans Gauche Cis Trans

C1-Heo 1.093 1.093 1.098 He6-C1-H7 117.84 118.56 117.37

C1-H7 1.088 1.087 1.087 H6-C1-N2 122.92 122.78 123.14

C1-N2 1.259 1.266 1.264 H7-C1-N2 119.23 118.66 119.49

C3-N2 1.396 1.435 1.423 C1-N2-C3 120.79 115.32 114.26

C3-H5 1.103 1.099 1.113 N2-C3-04 124.65 126.20 123.01

C3-04 1.198 1.196 1.189 N2-C3-HS 112.24 111.55 114.79

04-C3-H5 12296 122.25 122.20
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Bonds of
Imine
Acetaldehyde

Bond Length

Angles of
Imine
Acetaldehyde

Angle

Out-ap

In-ap

Out-sp

In-sp

Out-ap

In-ap

Out-sp

In-sp

01-C5

CS-H6

C3-C5

C3-H4

C3-N2

N2-H7

1.199

1.106

1.496

1.094

1.262

1.018

1.197

1.112

1.499

1.090

1.262

1.024

1.195

1.110

1.511

1.096

1.260

1.019

1.199

1.106

1.511

1.091

1.260

1.025

01-C5-H6

01-C5-C3

C3-CS-H6

C5-C3-H4

H4-C3-N2

C5-C3-N2

C3-N2-H7

123.03

122.62

114.35

115.88

125.97

118.14

111.79

122.01

123.49

114.49

116.22

120.15

123.63

111.03

121.38

124.33

114.30

114.99

124.45

120.56

111.20

121.45

122.13

116.43

117.79

119.79

123.02

109.30

6.4.2 Spectroscopic Constants of Conformers

The spectroscopic rotational constants, moments of inertia, dipole moment of each

conformer of N-methyleneformamide (denoted 1) and imine acetaldehyde (denoted 2) are

listed in Table 6-3. The spectroscopic constants (in GHz) derived from our calculations

have no more than 3 or 4 significant figures.

Table 6-3. Spectroscopic equilibrium rotational constants (Ae, Be, Ce, in GHz) with
moments of inertia in parentheses (Ia, Is, Ic, in amu A?), ground vibrational state rotational

constants (Ao, Bo, Co, in GHz) with and without centrifugal distortion (in parentheses), and
dipole moment (u, in Debye) of conformers of N-methyleneformamide and imine
acetaldehyde

Molecule with
Conformation

A.
(a)

B.
(Is)

Ce AO
(c)

By

Co

Hu

1 (Gauche)

1 (Cis)

1 (Trans)

30.3769
(16.6369)
25.3471
(19.9383)
56.6808
(8.9162)

6.0906
(82.9773)
7.0244
(71.9458)
5.1748

(97.6625)

5.3850 31.0745

(93.8503)

5.5002 25.2167

(91.8841)

4.7418 55.7268

5.9712

6.9785

5.1437

53212
(31.0745) (5.9711) (5.3214)
5.4470
(25.2167) (6.9785) (5.4470)
47242
(106.5787) (55.7268) (5.1437) (4.7242)

2.90

1.58

4.27
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2 (Out-ap) 54.0216 47831 4.3941 534062 47597 43710
(9.3551)  (105.6593) (115.0144) (53.4062) (4.7598) (4.3710)

2 (In-ap) 50.9031 4.7957 43828 503256 4.7698  4.3581
(9.9283)  (105.3828) (115.3109) (50.3256) (4.7698) (4.3581)

2 (Out-sp) 26.2563 6.1269 49677 264571  6.0223  4.9387
(19.2480)  (82.4858) (101.7338) (26.4571) (6.0223) (4.9387)

2 (In-sp) 24.3416 6.5056 51336 242953 6.4403  5.0892

(20.7619)  (77.6843)  (98.4463) (24.2953) (6.4403) (5.0892)

2.35

1.54

4.10

2.23
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Chapter 7 Conclusion

A fast computational method for estimating reaction energy barriers was developed. It is
a machine learning model trained on 11,730 reactions with accurately known barriers to
reactions [117], with features obtained after many trials to minimize the MAE and RMSE.
It uses Kernel Ridge Regression with a Laplacian kernel and 300 features that we designed
to describe chemical reactions [20]. These features are relatively easy to interpret. They are
based on combinations of: atomic number, electronegativity and hardness of atoms;
interatomic distances; and empirical bond lengths and bond energies. Such features could
easily be generalized to elements other than H, C, N and O. The computational cost for
estimating an energy barrier is low, one-hundredth of a second. This makes it possible to

estimate barriers for millions of chemical reactions.

The computational efficiency of the KRR ML model enabled the second part of our work
on hypothetical reactions in interstellar space. A set of 136,081 chemical reactions were
generated by combining two reactants chosen among 72 molecules known to exist in the
ISM or CSE, with the constraint that the product is a single molecule that is in the dataset
we used for training the ML model [20,39]. These reactions were screened to eliminate
those with a non-zero ML energy barrier estimate. A second round of screening eliminated
reactions with products that lack similarity to known, biologically relevant, organic
molecules. Among the top ranked reactions after these two rounds of screening were the
reactions of CHz with HCNO and HNCO. We studied these reactions with accurate

quantum chemistry methods to obtain possible reaction paths, including intermediates,
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transition states, products, and intrinsic reaction coordinates, calculated with a good DFT
method. More accurate energy calculations, with the CCSD(T) method, were done at the
stationary points of the potential energy surfaces. We found two reactions with barriers of
approximately 10 kcal/mol, maybe less if triplet-singlet crossing occurs at a favourable
geometry [39]. These reactions lead to formation of N-methyleneformamide and imine
acetaldehyde and might play a role in chemical evolution in the ISM and CSE. We

identified two more possible interstellar molecules, oxiran-2-ylazanide and alaninal.

In the third part of this work, we calculated accurate energies, equilibrium geometries,
and rotational constants for the possible conformers of N-methyleneformamide and imine
acetaldehyde. We hope these results will stimulate the search for evidence of these

molecules in the ISM and CSE by analysis of microwave spectral lines.

Our future work will be concerned, firstly, with a computational characterization of
reaction paths on the ground state triplet energy surface of CH: reacting with
CH;C(=0O)NHa,. Second, we plan to create a list of all products of reaction that rank high
after the two rounds of screening (those with low barrier and bio-organic characteristics),
find their most stable conformers, and compute equilibrium geometries and rotational
constants, as we did for N-methyleneformamide and imine acetaldehyde. In this study, we
will also use a minimum energy principle [287,303] as another criterion for screening to
find interesting candidates (possible ISM molecules). This will help the search and
astronomical detection of interstellar molecules [286]. A third topic for future work is to

design a procedure to search for singlet-triplet energy surface crossings for CH; interacting
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with small closed-shell molecules. These crossings could be important for finding possible
low-energy pathways of reactions of CH» with other ISM molecules. A fourth plan for
future work is to describe the advantages of KRR related to its good interpretability, i.e.,
how to explain the results predicted by KRR from a point of view of chemistry. Compared
to the complicated neural networks with difficult interpretability [324,325], KRR is an
interpretable ML method, and its predictions can be described on the basis of similarities
between chemical reactions. Every prediction by KRR is a linear combination of known
energy barriers in our training dataset. If a specific reaction of the training set is quite similar
to the predicted reaction, then its known energy barrier will be assigned a large weight.
Based on the similarities between chemical reactions provided by KRR, another future trial
could be clustering categories of reactions. In this way, more information about the
mechanism of different types of reactions, such as Sx2 and E2 [310,326], might be
conveyed. Another future work could be the addition of the potential interstellar molecules
we reported to the previous ISM and CSE molecule database for extending our possible

reaction dataset size and then for the next reaction generation loop.
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Appendix A: Molecular Structure Information of All Studied Species in

Chapter 5
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-0.30983504

-1.79419904

-0.80428004
1.57190596
2.10181596

-1.70558104

Y

1.20918628

0.11770228
-0.51197272
-1.52780272
0.13618328

-1.11094424
-0.00430224

0.09671776
-0.87659624

Z

-0.25065145
-0.11113945
0.40816755
-0.25827645
0.24232355
1.48894555
-0.07319445
0.12750455
-1.33738245
-0.57202245
0.62453655
0.59381055

Z

-0.06026899

-0.31983399
0.28385801
0.68249801
0.54881001
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0.68256078
1.42943578
1.40573778
2.18221778
-2.74326522

X

0.41007760
-1.84154740
-0.77564340
-0.82921840

0.46553360

0.26251660
-1.62505740

1.60383360

2.29001860
-2.78096240

X

-0.36656400
0.77716300
1.72866400
2.00983000

-1.77085600

-1.54204800

-0.04124472
0.29768528
-0.85330172
-1.09185672
-0.44586372

Y

-1.29566585
0.01067115
0.73676215
1.80820715

-0.04711285
0.26725515

-0.98126885
0.67787115
0.00742915
0.34342315

Y

-0.75659900
-0.30499200
0.38963500
1.43077600
0.49163300
1.48039000

1.58539301
-0.64678199
-0.37080399

0.14825601
-0.39847399

Z

-0.00919418
0.11594582
-0.03132718
-0.17470418
-0.21925918
-1.37389618
0.24810882
0.16410182
0.22081582
-0.00612418

Z

0.03031200
0.00780800
-0.02255200
-0.05351800
-0.05018900
0.32157800
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TS,

Element
Symbol

™ O T O Z O

H
3TS3

Element
Symbol

™ O T O Z O

H
3TS,

Element
Symbol

O
N
C

-2.72225400

X

-0.64869700
0.87056000
1.44258100
1.40402700

-1.28319400

-0.92407000

-2.34062400

X

-1.80627542
1.90415058
1.44964158
1.62984658

-1.29156842

-1.30199042

-0.00003942

X

-1.31681200
0.75652500
1.51378200

-0.01103900

Y

-0.65793500
-0.56454100
0.47459700
1.51586700
0.52511200
1.28081000
0.42033100

Y

-0.50663427
-0.58372727
0.48480173
1.53741073
0.60158273
1.22330473
0.45505573

Y

-0.65058300
0.63786500
-0.35234900

-0.12875600

Z

-0.06486200

0.11051500
-0.05638700
-0.32913400
-0.00957100

0.68258200
-0.21240900

Z

0.03428047
-0.10026953
0.07018547
0.24228047
0.04218447
-0.88493253
0.15380647

Z

0.02571000
0.02039900
0.00874900
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H 2.58289700
C -1.04189000
H -1.32509200
H 1.14966100
3TSs

Element X
Symbol

O 1.38057261
N -1.28940239
C -1.64025839
H -1.74055839
C 1.32892161
H -0.04430139
H 1.49661261
3TSs

Element X
Symbol

O 1.77121355
N -1.48327445
C -1.83681245
H -2.12566745
C 1.47579655
H -2.13161445
H 1.05452655
3TS,

Element X
Symbol

-0.18398100
0.50914300
1.35505900

-1.37223700

Y

-0.66801013
0.64634287
-0.45613913
-1.51369413
0.54629587
0.87905087
1.18245387

Y

0.54243744
-0.57074556
0.58950244
1.60799344
-0.58725756
-1.24309856
-1.07036156

-0.13290600
-0.14947100
0.49726700
0.13149100

Z

0.02006859
0.05736359
-0.07591341
-0.20717241
0.05802859
0.15022059
-0.84562941

Z

-0.07902937
-0.03780837
0.08573663
0.19722563
0.00938563
-0.47615437
0.92590063
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O 1.49270026
N -1.64343774
C -1.08408774
H -1.50143174
C 1.13737426
H 1.10430026
H -1.09307874
3TSs

Element X
Symbol

O -1.52329831
N 1.66483169
C 0.68078169
H 0.76645669
C -0.68920031
H -1.07268131
H 1.45055869
3TSo

Element X
Symbol

N 1.46226600
C 0.97203300
O -0.94915700
C -1.46861400
H -1.79628600
H 1.35870300
H 0.77446400

-0.54238305
-0.49617605
0.58521995
1.57441895
0.58533795
1.32657495
-1.33657005

Y

-0.39077673
-0.29095873
0.43083227
1.20746127
0.30490127
1.26174927
0.98487073

Y

0.57989400

0.52634800
0.60342800
-0.49908900
-1.11888600
1.53244900
-1.34527900

-0.00371119
-0.02109719
-0.00492419
0.18791181
0.09711681
-0.73837719
-0.19522519

Z

-0.23867802
0.03946898

-0.22942002

-0.99303002

0.45140498
0.83378598
0.75570498

Z

-0.02394800
0.05008700
-0.02944300
-0.11015700
0.74566900
0.14432300
-0.12638700
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Element
Symbol

N

T - O O O

H
3TS11

Element
Symbol

N

T - O O O

H
3TS12

Element
Symbol

C

H
H
C

X

-1.51669400
-0.64356100
0.64598800
1.57907500
1.83627500
-0.82361500
-1.17679200

X

1.73139000
0.56973200
-0.55285200
-1.75524900
-2.68189100
0.35980300
1.73827600

X

-1.64652309
-1.98941209
-1.98952709
0.37496191

Y

0.42473200
-0.45341200
-0.38425500
0.27671700

1.32187800
-1.39865400

1.23785800

Y

-0.06040100
0.39757100
-0.38927700
0.18918400
-0.36977200

1.46499600
-1.07872600

Y

0.01980852
-0.27372948
-0.27317948
-0.00781848

Z

-0.03204600
-0.15019100
0.39103100
-0.28656700
-0.10898900
-0.65406600
0.47967900

Z

0.00000100
0.00000600

-0.00000300
-0.00001800

0.00008600
0.00001300
-0.00001000

Z

0.00001846
0.98109446
-0.98118354

-0.00000254
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N

3TS13

Element
Symbol

©C z O T T O

H
3TS14

Element
Symbol

T z O T = O

0)
3TS1s

Element
Symbol

C

0.63110491
-0.10006709
0.65847491

X

-0.59857551
-1.04826151
-1.04830451
0.37474949
1.42889049
-1.09297851
2.25448149

X

0.41171519
0.78168719
0.78271919
-0.75973981
-1.70936381
-2.65046181
1.82603019

X

-0.91885108

1.20606552
1.89756252
-1.14997348

Y

1.22143754
1.52427554
1.52421354
0.29264054
-0.31021546
-1.07425446
0.28308254

Y

0.89537271
1.30819771
1.30752771
0.26864471
-0.47524329
-0.09662729
-0.61595529

Y

-0.61131405

0.00000146
0.00017346
-0.00001854

Z

0.00000116

-0.93391984
0.93392216
0.00000516
-0.00000184
-0.00000384
0.00000916

Z

0.00006262
0.92737162
-0.92715838
-0.00030938
0.00017562
-0.00029638
0.00003662

Z

0.07143272
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™ Z O I =

0)
3TS16

Element
Symbol

C

™ Z O I =

O
3TS17

Element
Symbol

-0.94047908
-1.54057008
0.41482092
1.48102292
2.31556792
-0.90802208

X

1.06819900
1.56653400
1.50767900
-0.28290300
-1.63216900
-2.08137400
0.71507100

X

-1.56849618
-1.81232418
-1.81072918
0.35835182
0.85032882
1.86310582
0.27435182

-1.08671905
-1.09422905
-0.16882805
-0.06031405
0.21770495
0.76179795

Y

-0.56853700
-0.90941200
-0.91733400
-0.11283000
-0.10756200
-0.09408400
0.84524500

Y

-0.31240557
-0.69070157
-0.69741957
0.07390643
-1.05885157
-1.09834557
1.26259443

1.05493572
-0.68510428
-0.44192928

0.24097972
-0.27066428
0.06074172

Z

0.01588500
-0.89065000
0.95011000
-0.03027000
-0.12429500
0.80526300
0.01145700

Z

0.00021190
-0.98115810

0.97936190
0.00000490
-0.00029410
-0.00087110
0.00026290
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Element
Symbol

C

™ Z O = =

0)
3TS10

Element
Symbol

C

™ Z O I =

0)
3TS20

Element
Symbol

C

H
H
C
N

X

0.82870091
1.32396491
1.32396891
-0.30260209
-1.48318609
-1.69799109
0.84393091

X

0.94626500

1.45809200

1.45809200
0.00000000
-0.85712200
-1.83429800
-0.09495300

X

-0.88965900
-1.52142200
-0.87124800
0.41836600

1.56239300

Y

-1.10040814
-1.31858014
-1.31857614
-0.37318114
-0.09735614

0.89494586

1.30055086

Y

-0.18060900
-0.40131900
-0.40131900
0.75656900
1.60366300
1.32245800
-1.90015200

Y

0.59432300
1.09480800
1.08087800
0.10968900
-0.03996000

Z

0.00000007
-0.93438593
0.93438507
0.00000007
0.00000007
-0.00000293
0.00000007

Z

0.00000000
0.92594800
-0.92594800
0.00000000
0.00000000
0.00000000
0.00000000

Z

0.07895400
-0.65767100
1.05946500
-0.46750300
0.03443300
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M,

Element
Symbol

T O - O zZ O

H
M,

Element
Symbol

T O - O zZ O

H
M3

Element
Symbol

O
N

1.67278000
-0.92363800

X

1.45471800
-2.74477600
-1.64482500
-0.60499600

2.16941100

1.76441500

3.26875300

X

1.43541900
-1.39187200
-0.71330300
-1.14110400
0.79702400
-2.39056500

1.28909700

X

1.36603800
-1.46881800

0.11124600
-0.77891000

Y

0.55573500
-0.19684000
0.11899000
0.40133600
-0.40677800
-1.43491500
-0.30769000

Y

-0.55758000
-0.55618300
0.50562500
1.51520600
0.45222700
-0.35522800
1.44683700

Y

-0.55204700
-0.48817900

1.04003900
0.08105300

Z

-0.00026700
-0.00048100
0.00066600
0.00103600
0.00003000

0.00018100

0.00011100

Z

0.00007500
-0.00008900
0.00008600
0.00032600
-0.00008400
0.00004800
-0.00036100

Z

0.00004200
-0.00019200
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Z QO I O

H
M,

Element
Symbol

N

T - O O O

H
M5

Element
Symbol

N
C
O
C
H
H
H

M,

Element

-0.74372700
-1.20600400
0.76655200
1.29521300
-0.87273800

X

1.42764400
0.67517700
-0.74378700
-1.52681700
-0.89091100
1.01262300
0.94491900

X

1.70643200
0.53862300
-0.58304600
-1.79911500
-1.72401200
0.24767200
1.75863800

0.54192700
1.53015200
0.48602200
1.45778300
-1.32199600

Y

0.47101800
-0.50661900
-0.53925200

0.48044000

1.34497100
-1.51237700
1.34136700

Y

-0.01601100
0.39647500
-0.46665800
-0.01013700

1.11228600

1.44835700
-1.03333200

0.00023300
0.00010700
-0.00007300
-0.00045100
0.00039200

Z

-0.03178000
0.07689700
-0.11529200
0.04355700
0.38127800
0.29853400

-0.25773300

Z

0.00002800
-0.00005000
-0.00006200
0.00008500
0.00013400
-0.00013400
0.00008700
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H
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Symbol

o0 o@&-D =D 0O O @m o@m o zZ O O

0.37469500
0.43755300
1.61428300
1.60240400
2.46407900
-0.61285600
-1.93806100
-2.04363900
-2.60150300
-0.38848800
1.33886400
-0.01397600

X

1.20275900
0.12730400
0.64968500
-0.08461000
1.32234300
-0.96730200
-1.20162700
-1.79844700
-1.44326800
0.76096900

1.42900900
-0.03969000
-0.70368400
-1.69952400
-0.20991200
-0.72399300
-0.11979200

0.59832300
-0.96656000

1.66327700

1.88303100

1.83193400

Y

-1.00791700
0.04382000
1.37054900
2.06324300
1.55046100

-0.18372900

-0.24668700
0.56786100

-1.23393800

-2.00290600

-0.02750800
0.02143800
0.05364400

-0.08233900

-0.14135700
0.00362800

-0.12644200
0.69440800
0.04392600

-0.78690500

-0.24832500
0.91113600

Z

-0.03671800
-0.04070400
0.04084300
-0.00263400
-0.69115900

0.81440100
-0.59403700
-0.99678500
-0.97963300
-0.04426700
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M35
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- T & T O O m T zZ O O 2
S
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»n

=
S
=
S
—

O O T m Z2 O O

1.81824700
1.84478100

X

1.08867900
0.12664100
0.68283600
0.89387300
1.52297000
-0.98018400
-1.22861400
-1.74920000
-1.53887300
0.55611900
1.73222800
1.72426400

X

1.21673100
0.13082300
0.62124900
1.28721500
-0.12441500
-0.95023500
-1.20359500

-0.89749700
-0.90653900

Y

-1.11433100
0.04492900
1.35783700
1.71671300
1.38456100

-0.17142800

-0.07356000
0.82730500

-0.99375000

-2.06438500

-1.10782700

-1.03827600

Y

-0.98802500
0.05142300
1.37842700
1.56820200
2.05760900

-0.21304200

-0.25413300

0.85656600
-0.91444000

Z

-0.09830700
-0.03677100
0.02449500
-0.89512400
0.58548300
0.82520900
-0.56643800
-0.87837200
-1.05479800
-0.12387300
0.78510300
-0.98246700

Z

-0.06714400
-0.06383500
-0.14771200

0.58948500
-0.09091300

0.84460100
-0.55702600
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H
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Element
Symbol

C

C
N
H

-1.82813200
-1.42303900
0.78807900
1.88828100
1.80138500

X

0.52643700
0.46827700
1.55220000
2.47535800
1.47255600
-1.91051800
-0.89536400
-0.81171500
-0.74678300
-0.10531700
0.00479800
1.53374200

X

-0.95271800
-0.36152200
-1.22565400
-2.19459400

0.54934800
-1.23702400
-1.98492600
-0.83237600
-0.92108100

Y

1.42230200
-0.04386000
-0.76440500
-0.36732800
-1.76744400

0.05237100
-0.66681300
-1.71468400
-0.85725700

1.78234600

1.75192400

1.83452800

Y

1.29856000
-0.04597500
-1.12444600
-0.92729600

-0.94112900
-0.96638400
0.01803700
0.78074200
-0.98462800

Z

0.03780700
0.01860400
-0.09676300
-0.03627000
-0.17841700
-0.17910200
0.14863700
-0.26123400
1.28421700
0.85115000
-0.86698000
0.08741000

Z

0.07797900
-0.33697900
0.11516600
-0.09193400
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H
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Element
Symbol

O

-0.98712700
2.04094300
0.98420100
0.91158300

-0.17827900

-0.30485600

-1.08545800

-1.92900400

X

1.89280300
-0.36083200
-0.42990800
-1.59173800

0.87486800
-0.53956200
-2.53620400
-1.63054400
-1.49518300

0.59010400
-0.96508300

0.84054400

X

0.54388500

-2.00292500
0.00536000
-0.18919200
-0.48007700
-0.03888900
2.11791400
1.34056700
1.43858000

Y

-0.13105100
1.39997100
0.05600900

-0.72993500

-0.66529200
0.01956600

-0.24042200

-1.74800400

-0.76731200
1.74400700
2.03355100

-1.75746700

Y

1.32290900

-0.32357800
-0.18269300
0.34799500
1.41763200
-1.41801200
-0.23296700
1.16105500
-0.39078000

Z

-0.20115400
-0.14811300
0.37627600
-0.22722900
0.13987900
1.47629500
0.01111200
0.16684800
-1.31286900
-0.11354100
0.35257200
0.33205400

Z

0.00139400
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T O m T O - O Z

H
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Element
Symbol

T O = O Z O

H
3IM,

Element
Symbol

O

N
C
H
C

-1.78299400
-0.85653300
-0.95053700
0.51819600
0.81660700
-0.26213200
1.37061300
2.24706500
-2.65601000

X

-0.60557700
0.83058200
1.43541500
1.31407100

-1.27562000

-0.91016300

-2.33213300

X

1.52926200
-2.84654900
-1.72816500
-0.67951800

2.20135300

0.09719500
-0.61055600
-1.66128100
0.00137300
-0.03469700

1.48011900
-0.81880400
-0.42967600
-0.41257100

Y

-0.65401000
-0.56396100
0.47818900
1.52807400
0.51592600
1.31314600
0.37389600

Y

-0.61610800

0.17941300
-0.06118900
-0.28538300
0.49598200

-0.23931700
0.23399000
0.51713800

0.39769700
1.45483300

-0.51145100

-0.36404000

-0.33788500

-0.33637500

Z

-0.04103800

0.08432600
-0.04600300
-0.27345900
-0.02212100

0.61686800
-0.19664400

Z

-0.00020700
-0.00007700
0.00015900
0.00035600
0.00016300
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H
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Element
Symbol

O
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H
3SIM,

Element
Symbol

™ O T O Z O

H
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Element
Symbol

O
N

2.76551500
2.76661700

X

-1.64226200
1.38107800
1.80173400
2.87568600

-1.66952300

-1.31007500
1.11166800

X

2.08714100
-1.25538700
-2.41187600
-3.36878400

1.63117200
-0.99684200

1.14043400

X

1.70410900
-1.48228200

0.67544200
0.67416100

Y

-0.61982700
0.72158400
-0.44029000
-0.65820000
0.52822500
1.32874100
-1.29062200

Y

0.45726600
0.15376900
-0.21909500
0.29865700
-0.60137500
1.14009300
-1.25044000

Y

0.53305400
-0.52502000

-0.92462200
0.92452200

Z

0.06651000
0.00581700
-0.01312800
0.03638600
-0.16361200
0.53090300
-0.07964600

Z

0.03923600
0.05236000
-0.01509700
-0.15460600
-0.16801600
-0.02654800
0.59942300

Z

0.01538900
-0.01345200
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Z QO I O

H
3IM

Element
Symbol

O

T QO - O Z

H
3IM;

Element
Symbol

N

T - O O O

H
SIM;

Element

-1.70168000
-0.94131700
1.49915400
-2.26912500
1.16870100

X

1.46432600
-1.54991700
-0.70986100
-1.09250700

0.72225800

1.26466300
-1.11171900

X

1.39466500
0.70413700
-0.67560000
-1.42318800
-1.99687600
1.12937100
0.82395400

0.68103700
1.46501100
-0.61100200
-1.16519100
-1.30932600

Y

-0.55121200
-0.45519300
0.51993000
1.53794000
0.47993100
1.43034400
-1.37140600

Y

-0.55315400
0.48469400
0.59517600

-0.49578900

-0.90826100
1.47855300

-1.39305300

0.01195200
0.09352600
-0.12906400
-0.09992800
0.68012600

Z

-0.00001700
0.00000200
0.00000200

-0.00011800
0.00000100
0.00014100
0.00007200

Z

0.00079100
0.03701300
-0.02957600
-0.12060300

0.70731200
0.12367700
-0.09837700
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Symbol

T - O O O Z

H
3IM,

Element
Symbol

©C z O T =T O

My

Element
Symbol

©C z O T =T O

-1.72470700
-0.55330800
0.55181100
1.76697900
2.43938100
-0.30188000
-1.76106600

X

-1.30139400
-1.56155500
-2.08994300
0.05566400
1.12562100
0.30808200
0.78187300

X

-0.29287300
-0.67892800
-0.67869600
0.75080100
1.62309600
-1.91765600

-0.02303000
0.39874500
-0.43118200
0.09963100
0.20485800
1.45629600
-1.04073800

Y

-0.38136000
-1.43148600

0.35726800
0.06268700
-0.79896600

1.29270600
-1.76262700

Y

1.01543000
1.39802600
1.39849900
0.21537800
-0.62132200
-0.68984800

0.03600600
-0.01478000
-0.02838200
-0.11320000

0.73753700
-0.05389900

0.05925200

Z

0.00001200
-0.00067700
0.00042700
-0.00001100
-0.00010600
0.00000200
0.00096800

Z

-0.00002400
-0.93282700
0.93268300
0.00004100
0.00005000

0.00000900
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SIMi1y

Element
Symbol

T z O T = O

0)
IM 12

Element
Symbol

C
H
H
C
N
H

O
IM3

Element
Symbol

C
H
H

2.58963300

X

0.75207100
1.10942000
1.10949000
-0.75301100
-1.53573700
-2.53380500
1.38383800

X

1.36410200
2.08473300
1.69197600
-0.02434400
-0.93469300
-1.83853800
-0.42923400

X

0.28717200
0.66244000
0.66183400

-0.31334400

Y

0.52447500
1.11001300
1.11009700
0.52766100
-0.41536500
-0.22299500
-0.67529700

Y

-0.27902000
0.52485900
-1.30612500
0.03734400
-0.99076600
-0.60816400
1.22185700

Y

1.14892500
1.54011000
1.53963700

-0.00037400

Z

0.00000600
0.86429400
-0.86419500
-0.00002300
0.00000800
0.00000400
-0.00000800

Z

-0.00497900
0.02897500
-0.07512700
-0.01200400
0.04770200
-0.23985800
0.00675000

Z

0.00005200
0.93343700
-0.93416800
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= Zz O

0]
M4

Element
Symbol

Element
Symbol

-0.67326600
-1.60953100
-1.39734000

1.70704300

X

-0.74846200
-1.13145300
-1.13173700
0.75820000
1.62614300
1.36864100
-1.31836000

X

1.47808900
0.61166300
-0.71268900
-1.44825600
-1.04043000
1.26064900
2.49178300

0.25022400
-0.51273100
-1.50628500
-0.79740500

Y

-0.53739000
-1.10270200
-1.10364300
-0.56818800
0.28612100
1.27706900
0.69498700

Y

-0.32557500
0.51973000
0.39983000
-0.49502600

1.26873600
-1.15781400
-0.23435600

0.00010500
-0.00001900
-0.00005300
-0.00000300

Z

0.00000400

0.86606800
-0.86518000
-0.00016700
0.00011000
-0.00023200
-0.00005700

Z

0.09280700
-0.25230800
0.17274200
-0.13401800
0.76832500
0.76778300
-0.29110300
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o T O T O ZzZ O

Element
Symbol

™ T T O O O =z

Element
Symbol

O T zZz O T = O

-1.74066100
1.77017000
0.61717300
0.49986300

-0.64848900

-0.49546600
1.71759200

X

1.71474100
0.56976300
-0.58414000
-1.71911100
-2.45980500
0.31911800
1.70670500

X

1.02633000
1.47542500
1.47543400
-0.30349900
-1.54661700
-1.94241100
0.68511000

-0.12821400
0.07005700
-0.44268900
-1.52626200
0.36051900
1.46235400
1.09223600

Y

-0.06990600
0.40876600
-0.39954900
0.24033000
-0.58678900
1.46654800
-1.08859900

Y

-0.60026800
-0.95017100
-0.95022000
-0.04674900

0.00002400
-0.93393200

0.83953200

-0.00089300
-0.00087300
0.00061300
0.00246100
0.00085300
0.00236100
-0.00036600

Z

0.00004700
-0.00004500
-0.00006900
0.00008600
-0.00001800
-0.00008900
0.00008400

Z

0.00002600
0.92290400
-0.92282900
0.00000300
-0.00002100
0.00000200
-0.00001300
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11:)5

Element
Symbol

Element
Symbol

O

T T - T &m ZT T O O O Z

11)7

Element

X

-1.05608700
-1.52562500
-1.52562200
0.29494600
1.52554700
2.02991900
-0.63633200

X

1.86231400
-0.48809700
-0.43433200
-1.52828300

0.90741600
-0.61243900
-2.50323200
-1.51148700
-1.39769700
-0.37107800

0.28659900

0.95869500

Y

-0.55888900
-0.87976100
-0.87975500
-0.09231700
-0.27040900

0.61347400

0.86826800

Y

-0.10787300
1.43444000
0.05290200

-0.76707200

-0.62760200
0.01287500

-0.34186100

-1.80678000

-0.75375600
1.48974400
1.95118600

-1.67888000

Z

0.00000400
-0.92288800
0.92289900
0.00000000
-0.00000200
-0.00000500
-0.00000200

Z

-0.29522300
-0.00223000
0.41962000
-0.26012500
0.21030700
1.50293300
-0.02719400
0.07048500
-1.34505200
-1.00710000
0.39493400
0.56957800
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Symbol

- O O O @m @m Z @m O m

31)1

Element
Symbol

Element
Symbol

O
N
C

-0.71582200
-0.72570800
-0.64409200
-1.88084800
-2.71493000
-1.73198900
0.53625900
0.58556000
1.62890300
2.39376100

X

1.37365100
-0.54710200
-1.53730900
-2.45469600

0.79828500

1.30306200
-1.57371700

X

-1.78489100
1.80092600
0.59218800

-1.15673400
-0.71695400
-1.55012400

0.10047400
-0.27189600

1.04287700
0.10109700

1.29928300
-0.67277000
-0.08441000

Y

-0.60920600
0.54771700
-0.32639400
0.08415200
0.45485200
1.42532900
-1.24059600

Y

-0.12628900
0.04111000
-0.41442700

1.11113800
0.10222700
-0.59946400
-0.19212300
0.23537800
0.14413400
0.01338600
0.04560800
-0.06615200
-0.07564900

Z

0.02248600
-0.18241200
0.10032600
0.50448400

0.05428800

0.14967100

-0.48484200

Z

0.00005200
0.00003500
-0.00003500

206



T T O =

31)3

Element
Symbol

Element
Symbol

0.44690000
-0.60116700
-0.55919100

1.83881500

X

1.72492800
0.55341500
-0.55202000
-1.76718400
-2.43933800
0.30174900
1.76187300

X

-0.98255600
-1.02857000
-1.69536400
0.28802800
1.47912800
2.26186500
-0.71558200

-1.49201900
0.36433900
1.45656900
1.05851800

Y

-0.02302000
0.39876700
-0.43117600
0.09932500

0.20626900
1.45634000
-1.04061200

Y

-0.58924800
-1.10236200
-0.88672500
0.01490700
-0.13831900
-0.04113500

0.80556300

-0.00038500
0.00006500
-0.00070000
0.00024300

Z

0.03554600
-0.01473400
-0.02755000
-0.11381100
0.73656400
-0.05271100
0.05899500

Z

0.02852800
0.98415000
-0.73340800
-0.41899500
0.22278100
-0.42465500
0.11965700
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O T zZz O T = O

0.97277000
1.72110300
1.00196800
-0.27850100
-1.55321300
-1.57823200
0.69525500

-0.59074100
-0.86458600
-1.12285900
0.01587300
-0.10238900
-0.30621700
0.80744900

0.03424000
-0.70197700

0.98194800
-0.44311000
-0.00349200

1.00370700
0.14924800
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Appendix B: Total Energies Including Zero-Point Corrections (E, in a.u.),

and Relative Energies (RE, in kcal/mol) for Reactants, Reactant

Complexes, Transition States, Reaction Intermediates, and Products for

Reactions in Chapter 5

Table B-1. Total energies including zero-point corrections (E, in a.u.), and relative energies
(RE, in kcal/mol) for the reactants, reactant complexes (RCs), transition states (TSs),
intermediates (IMs), and products (Ps) for the reactions in Chapter 5*

Singlet E (a.u.) RE (kcal/mol) Singlet E (a.u.) RE (kcal/mol)
'CH; + HCNO -207.4127626 (-207.677513) 0.00 (0.00) TSs6 (-248.410565) (-83.35)
ICH; + HNCO -207.5233873 (-207.789059) 0.00 (0.00) TSy -283.9217749 (-284.263399) 36.69 (35.67)

ICH; + CH;CONH; (-248.277738) (0.00) TS -283.9470902 (-284.296029) 20.80 (15.20)

H:O + NHCHCHO  -283.9802451 (-284.320248) 0.00 (0.00) M, -207.6378576 (-207.898754)  -141.25 (-138.83)
'RC; -207.4255828 (-207.691713) -8.04 (-8.91) M, -207.6383110 (-207.904179)  -141.53 (-142.24)
RC; -207.5276957 (-207.794436) -2.70 (-3.37) 'IM; -207.6440502 (-207.909825)  -145.14 (-145.78)
'RC3 -207.5251279 (-207.794367) -1.09 (-3.33) My -207.5445046 (-207.808732) -82.67 (-82.34)
IRCy (-248.297685) (-12.52) M -207.5479113 (-207.812760) -84.81 (-84.87)
'RCs -283.9881557 (-284.328769) -4.96 (-5.35) "M (-248.315679) (-23.81)
TS, -207.4149357 (-207.681737) -1.36 (-2.65) M (-248.384722) (-67.13)
TS, -207.5347565 (-207.801660)  -76.55 (-77.90) 'IMs (-248.383871) (-66.60)
ITS3 -207.4930707 (-207.762031)  -50.39 (-53.04) "M, (-248.388438) (-69.47)
TS, -207.5981231 (-207.866564)  -116.32 (-118.63) M1 (-248.341009) (-39.70)
ITSs -207.6361853 (-207.902231)  -140.20 (-141.01) My (-248.410085) (-83.05)
TS -207.4871563 (-207.746413)  -46.68 (-43.24) M1 (-248.411044) (-83.65)
'TS; -207.5414508 (-207.806329)  -80.75 (-80.83) M3 -284.0009127 (-284.342970) -12.97 (-14.26)
TSy -207.4570025 (-207.727097)  -27.76 (-31.11) Py -207.6474740 (-207.915835)  -147.28 (-149.55)
TSy -207.5805994 (-207.852908)  -35.90 (-40.07) P, -207.6451982 (-207.910901)  -145.86 (-146.45)
"TS1 (-248.302645) (-15.63) 'P; -207.5538158 (-207.818978) -88.51 (-88.77)
TSy (-248.384075) (-66.73) Py -207.6127669 (-207.882985) -56.09 (-58.94)
TS (-248.383107) (-66.12) 'ps -207.6136523 (-207.883834) -56.64 (-59.47)
TS1 (-248.339856) (-38.98) 1Ps (-248.412015) (-84.26)
TS 14 (-248.341743) (-40.16) 'p; -284.0341295 (-284.381897) -33.81 (-38.69)
TS5 (-248.407456) (-81.40)

Triplet E (a.u.) RE (kcal/mol) Triplet E (a.u.) RE (kcal/mol)
3CH; + HCNO -207.4272761 (-207.696637) 9.11 (-12.00) TS1s -207.4728192 (-207.745356) 31.73 (27.42)

209



*CH2 + HNCO
3RC,
RC:
RC;
TS,
TS,
’TS;
TS,
’TSs
’TSe
TS,
’TSs
TS,
*TS1o
3TSu
TSz
TS
TS
TS5
3TS16
3TS17

-207.5379008 (-207.808183)
-207.4290474 (-207.697743)
-207.5392324 (-207.809856)
-207.5384130 (-207.808547)
-207.3873336 (-207.661128)
-207.4597489 (-207.729711)
-207.4824223 (-207.755575)
-207.5129872 (-207.785379)
-207.4866958 (-207.758795)
-207.4997159 (-207.769253)
-207.5164750 (-207.787758)
-207.5233604 (-207.797667)
-207.4905591 (-207.760856)
-207.5073032 (-207.777536)
-207.5126371 (-207.783471)
-207.5202805 (-207.793478)
-207.4661591 (-207.738704)
-207.4730302 (-207.746845)
-207.4924691 (-207.764729)
-207.4701042 (-207.746624)
-207.5098942 (-207.784682)

-9.11 (-12.00)
-10.22 (-12.69)
-9.94 (-13.05)
-9.43 (-12.23)
15.96 (10.28)
-29.48 (-32.75)
-43.71 (-48.98)
-62.89 (-67.69)
-46.39 (-51.01)
-54.56 (-57.57)
-65.08 (-69.18)
-69.40 (-75.40)
-48.82 (-52.30)
-59.33 (-62.77)
-62.67 (-66.49)
1.95 (-2.77)
35.91 (31.60)
31.60 (26.49)
19.40 (15.27)
33.44 (26.63)
8.47 (2.75)

3TS1o
3TS20
M,
3IM;
3IM;
SIM,
3IMs
3IM,
M-
SIM;s
My
Mo
My
M1z
M3
SIMis
Py
P,
Ps
Py
Ps

-207.4735590 (-207.747913)
-207.4862105 (-207.758658)
-207.4572629 (-207.728688)
-207.5210788 (-207.789096)
-207.5366754 (-207.805904)
-207.5162937 (-207.785628)
-207.5236526 (-207.791974)
-207.5402356 (-207.818013)
-207.5158644 (-207.786206)
-207.5149810 (-207.785729)
-207.5575397 (-207.831826)
-207.4748374 (-207.747182)
-207.5191279 (-207.792362)
-207.5623994 (-207.837195)
-207.4762519 (-207.748969)
-207.5147488 (-207.788697)
-207.5433281 (-207.820537)
-207.5395170 (-207.817229)
-207.5149922 (-207.785738)
-207.5004641 (-207.774811)
-207.4948651 (-207.768897)

31.27 (25.82)
23.33 (19.08)
-27.92 (-32.11)
-67.97 (-70.02)
-77.76 (-80.57)
-64.97 (-67.84)
-69.58 (-71.83)
-79.99 (-88.17)
-64.70 (-68.21)
-64.14 (-67.91)
-21.43 (-26.84)
30.47 (26.28)
2.67 (-2.07)
-24.48 (-30.21)
29.58 (25.16)
5.42 (0.23)
-81.93 (-89.75)
-79.54 (-87.67)
-64.15 (-67.91)
14.38 (8.94)
17.90 (12.65)

ATotal energies including zero-point corrections (E, in a.u.) and relative energies (RE, in

kcal/mol) were calculated at the CCSD(T) (out of parentheses), and wB97XD (in

parentheses), levels of theory.
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Appendix C: Structure Information of All Conformers of N-

methyleneformamide and Imine Acetaldehyde in Chapter 6

Gauche Conformation of N-methyleneformamide

Element X Y Z
Symbol

C 1.47808900 -0.32557500 0.09280700
N 0.61166300 0.51973000 -0.25230800
C -0.71268900 0.39983000 0.17274200
O -1.44825600 -0.49502600 -0.13401800
H -1.04043000 1.26873600 0.76832500
H 1.26064900 -1.15781400 0.76778300
H 249178300 -0.23435600 -0.29110300

Cis Conformation of N-methyleneformamide

Element
Symbol

o0 - =m O O zZ O

X

1.36592400
0.67527700
-0.74618900
-1.31626900
-1.28385800
0.91851900
2.45014100

Y

-0.40284800
0.65835700
0.46530900

-0.58596400
1.42423000

-1.40028800

-0.31949100

Z

0.00000000
-0.00000100
0.00000000
0.00000000
0.00000200
0.00000200
-0.00000100

Trans Conformation of N-methyleneformamide

Element
Symbol

C

X

Y

Z

-1.63552200 0.10871500 0.00008300
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o - = O O Z

-0.54131000
0.61448500
1.72243900
0.40345500

-1.69523500

-2.57234200

-0.52366700
0.30726500
-0.12415200
1.40035900
1.20542800
-0.44277600

-0.00011000
-0.00012300
0.00011900
-0.00028800
0.00027000
0.00008200

Out-ap Conformation of Imine Acetaldehyde

Element
Symbol

O

T - O T O Z

X

-1.74516200
1.69293200
0.61272500
0.52057600

-0.67347200

-0.55088300
2.50556400

Y

-0.16664600
0.26036900
-0.39237700
-1.48262900
0.37166200
1.47095500
-0.35345600

Z

0.00013700
0.00001900
-0.00051100
0.00082100
-0.00012500
0.00058400
0.00118200

In-ap Conformation of Imine Acetaldehyde

Element
Symbol

O

T - O T O Z

X

-1.74066100
1.77017000
0.61717300
0.49986300

-0.64848900

-0.49546600
1.71759200

Y

-0.12821400
0.07005700
-0.44268900
-1.52626200
0.36051900
1.46235400
1.09223600

Z

-0.00089300
-0.00087300
0.00061300
0.00246100
0.00085300
0.00236100
-0.00036600

Out-sp Conformation of Imine Acetaldehyde
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Element X Y V4
Symbol

O 1.43541900 -0.55758000 0.00007500
-1.39187200 -0.55618300 -0.00008900
-0.71330300 0.50562500 0.00008600

0.79702400 0.45222700 -0.00008400

N
C
H -1.14110400 1.51520600 0.00032600
C
H -2.39056500 -0.35522800 0.00004800
H

1.28909700 1.44683700 -0.00036100

In-sp Conformation of Imine Acetaldehyde

Element X Y Z
Symbol

O 1.36603800 -0.55204700 0.00004200
N -1.46881800 -0.48817900 -0.00019200
C -0.74372700 0.54192700 0.00023300
H -1.20600400 1.53015200 0.00010700
C 0.76655200 0.48602200 -0.00007300
H 1.29521300 1.45778300 -0.00045100
H -0.87273800 -1.32199600 0.00039200
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