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Abstract

This thesis uses a variety of statistical and machine learning techniques to provide

new insight into astrochemical processes. Astrochemistry is the study of chemistry in

the universe. Due to the highly non-linear nature of a variety of competing factors, it is

often di�cult to understand the impact of any individual parameter on the abundance of

molecules of interest. It is for this reason we present a number of techniques that provide

insight.

Chapter 2 is a chemical modelling study that considers the sensitivity of a glycine

chemical network to the addition of two H2 addition reactions across a number of physical

environments. This work considers the concept of a \hydrogen economy" within the

context of chemical reaction networks and demonstrates that H2 decreases the abundance

of glycine, one of the simplest amino acids, as well as its precursors.

Chapter 3 considers a methodology that involves utilising the topology of a chemical

network in order to accelerate the Bayesian inference problem by reducing the dimen-

sionality of the parameters to be inferred at once. We demonstrate that a network can

be simpli�ed as well as split into smaller pieces for the inference problem by using a toy

network.

Chapter 4 considers how the dimensionality can be simpli�ed by exploiting the physics

of the underlying chemical reaction mechanisms. We do this by realising that the most

pertinent reaction rate parameter is the binding energy of the more mobile species. This

signi�cantly reduces the dimensionality of the problem we have to solve.

Chapter 5 builds on the work done in Chapters 3 and 4. The MOPED algorithm is

utilised to identify which species should be prioritised for detection in order to reduce the

variance of our binding energy posterior distributions.
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Chapter 6 introduces the use of machine learning interpretability to provide better

insights into the relationships between the physical input parameters of a chemical code

and the �nal abundances of various species. By identifying the relative importance of

various parameters and quantifying this, we make qualitative comparisons to observations

and demonstrate good agreement.

Chapter 7 uses the same methods as in Chapters 4, 5 and 6 in light of new JWST

observations. The relationship between binding energies and the abundances of species is

also explored using machine learning interpretability techniques.



Impact statement

This thesis takes a multidisciplinary approach to the study of astrochemistry. Both

Bayesian statistics and machine learning are used to provide novel insights into astro-

chemistry. The astrochemical community is the target audience for this thesis, which

seeks to demonstrate how these powerful techniques can be used to generate a more sound

understanding of observations and modelling.

In Chapter 2 we perform a sensitivity analysis in which we investigate the e�ect of

adding the H2 addition reactions C + H2 ��! CH2 and CH + H2 ��! CH3 to a glycine

grain network. By demonstrating that we observe changes in the abundances of glycine,

one of the simplest amino acids, and its precursors, we help explain why glycine has not

been detected as well as how these addition reactions allow the network to tap into a

previously unused hydrogen reservoir on the grains. This work has been published in

Monthly Notices of the Royal Astronomical Society.

Chapter 3 focuses on exploiting the topology of a chemical network to reduce the

computational expense of performing Bayesian inference to estimate reaction rates. By

showing that one can reduce a toy network and split into smaller pieces on which the

inference can be run in parallel, we develop a methodology that could be applied to larger

grain-surface networks. This work has been published in The Astrophysical Journal.

Chapter 4 makes use of the physics of the grain-surface di�usion mechanism to demon-

strate that the important parameters to be estimated are the binding energies of the most

mobile species on the grains. Instead of estimating all the reaction rates, one can instead

consider the binding energies, which signi�cantly reduces the dimensionality of the reaction

rate parameter estimation problem. This work has been published in The Astrophysical

Journal.
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Chapter 5 follows on from Chapter 4 in attempting to address the data paucity prob-

lem. Here, the MOPED algorithm is leveraged to identify species that should be priority

targets for future ice observations. This work has been published in Monthly Notices of

the Royal Astronomical Society.

Chapter 6 presents the �rst use of machine learning interpretability to understanding

astrochemistry. By using SHapley Additive exPlanations (SHAP) values, a framework

is created by which one can better understand the relationship between physical param-

eters and the abundances of species. Furthermore, a quantitative way of determining

relative feature importance is presented. While this chapter presents a proof-of-concept,

this methodology is ideal for detailed deep-dives and sensitivity analyses into individual

astronomical objects that are typically the subject of modelling exercises. This work has

been published in Monthly Notices of the Royal Astronomical Society.

Chapter 7 uses the same methods as Chapters 4, 5 and 6 to consider new JWST

observations. The increased precision of these observations highlights the need for more

species to be detected. SHAP values are used to demonstrate the relationship between

binding energies and the abundances species, demonstrating its utility in another non-

linear application. This work has been published in Faraday Discussions.

This PhD was done as part of the Centre for Doctoral Training in Data-Intensive Sci-

ence. Alongside my astrochemistry research, I attended a number of machine learning

and data science lecture courses. I also participated in a group project with the O�ce

of National Statistics in order to apply my data science skills. The results of this project

resulted in the publication \Evaluation of Twitter data for an emerging crisis: an appli-

cation to the �rst wave of COVID-19 in the UK" (Cheng et al. 2021) on which I was

a joint-�rst author. I completed my mandatory data science placement at the Getting

It Right First Time (GIRFT) programme, a division of NHS England. There I worked

on applying the machine learning interpretability techniques that I use in this thesis to

various medical problems. This resulted in a number of publications listed below:

� \Frailty, Comorbidity, and Associations With In-Hospital Mortality in Older COVID-

19 Patients: Exploratory Study of Administrative Data" (Heyl et al. 2022)

� \Data quality and autism: Issues and potential impacts" (Heyl et al. 2023)

� \Data consistency in the English Hospital Episodes Statistics database" (Hardy et al.

2022), on which I was the second author
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� \Estimating nosocomial infection and its outcomes in hospital patients in England

with a diagnosis of COVID-19 using machine learning" (Hardy et al. 2023) on which

I was the second author

� \Role of hospital strain in determining outcomes for people hospitalised with COVID-

19 in England" (Gray et al. 2023).

One �nal �rst-author paper on spinal surgery has been submitted for publication.
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Hobbes: What a clear night! Look at all the stars. Millions of them!

Calvin: Yes, we're just tiny specks on a planet particle, hurling through the in�nite

blackness.

Calvin: Let's go in and turn on all the lights.

Calvin and Hobbes
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Chapter 1

Introduction

1.1 Overview

It is often assumed that space consists of a near-vacuum. From this, it is di�cult to imagine

how such conditions could eventually lead to the formation of life, let alone the formation

of galaxies, stars and planets. However, this assumption is false. The interstellar medium

(ISM) is a multi-faceted set of environments with a wide range of physical conditions. It

is this variety that leads to the many molecules that observations have detected. If we are

to understand how and why these molecules form, it is paramount that we have a good

understanding of the chemistry.

When we speak about the chemistry, what we really are interested in is:

� The chemical network, that is the set of all species and reactions between these

species

� The chemical mechanisms that allow these reactions to happen

The interstellar medium consists of a gas phase as well as solid phase of interstellar

dust. The dust particles are typically composed of silicates and range in size from 10-500

nm (Herbst and van Dishoeck 2009). These dust particles are crucial to the process of ISM

chemistry. At the low temperatures of pre-stellar cores, it is only dust-grain chemistry

49
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Region nH (cm� 3) T (K)
Coronal gas < 10� 2 5 � 105

HII regions > 100 1� 104

Di�use gas 100 - 300 70
Molecular clouds 104 10
Prestellar cores 105 � 106 10-30
Star-forming regions 107 � 108 100-300
Protoplanetary disks 104(outer)-1010(inner) 10(outer)-500(inner)
Envelopes of evolved stars 1010 2000-3500

Table 1.1: A summary of the various regions in the ISM along with their typical densities
and temperatures taken from Williams and Viti (2013).

that is e�cient as opposed to gas-phase chemistry, which is why this is the primary focus

of this thesis.

1.2 The Interstellar Medium

1.2.1 Introduction to the Interstellar Medium

The interstellar medium is the space between stars and is mostly gaseous. However, it is

not homogenous in nature, which is why it is the birthplace of stars. In fact, it is home

to many di�erent environments which correspond to the various stages of star formation.

We summarise these in Table 1.1. The interstellar medium in our galaxy is 99% gas

and 1% dust-grains. In terms of atomic composition, the ISM is 70% hydrogen, 28%

helium and 2% other, heavier elements by mass. Heavier elements are produced via stellar

nucleosynthesis within stars and supernovae.

Figure 1.1: Diagram of the star formation cycle in the ISM taken from Tielens (2013).
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1.2.2 The Star Formation Life Cycle

The star formation cycle is crucial to the chemistry of the ISM, as the heavier elements

produced in stars and supernovae are returned back to the ISM via stellar winds. We

brie
y describe the parts of the star formation life cycle that are pertinent to this thesis.

Pre-Stellar Cores

The star formation process begins with di�use gas clouds that undergo isothermal gravi-

tational collapse. This collapse is caused by the gravitational force exceeding the thermal

and magnetic pressure of the cloud. This is typically modelled by considering the critical

mass of a Bonnor-Ebert sphere (Bonnor 1956) and equating this with the critical mass of

a magnetically-supported core (McKee 1989) which is formulated as:

M � =
1:18c4

sp
G3P0

+ 2k� �; (1.1)

where cs is the speed of sound,P0 the surface pressure,� the magnetic 
ux, G Newton's

gravitational constant and k� a constant. If a core has a mass greater than the critical

mass, then it is able to overcome its own thermal and magnetic pressure in the absence of

turbulence.

At pre-stellar temperatures (typically around 10 K), there is signi�cant adsorption

of species and molecules to the dust surface. Due to the relatively large abundances of

H, C and O, the dust particles begin to form \ices" composed of combinations of these

species, such as H2O, CO, CO2, H2CO and CH3OH. This process is typically referred

to as \freeze-out". During this time, the chemistry will be dominated by grain-surface

chemistry and there are a number of processes that can occur on these grains. Figure 1.2

demonstrates the types of processes that can take place on the grains.

The Warm-Up Phase

The core initially begins to collapse isothermally. However, this does not occur inde�nitely,

as the gas begins to heat up and form a protostar. This increase in the temperature re-

sults in an increase of the internal pressure which balances out the gravitational pressure,

thereby halting the collapse phase. The increase in the temperature results in the des-

orption of many of the molecules that are on the grain-surface ices into the gas-phase



52 Chapter 1. Introduction

Figure 1.2: Illustration of the types of processes that can take place on an interstellar
dust grain. Figure taken from Burke and Brown (2010).

once the temperatures approach their respective evaporation temperatures (Awad et al.

2010). This forms a \stellar gas-phase" which is distinct from the general ISM gas-phase

due to these desorbed molecules being the result of grain-surface chemistry. Unlike the

previous collapse phase in which most of the chemistry takes place on the interstellar

dust grains, here we �nd that the higher temperatures allow for gas-phase chemistry to

dominate (Viti et al. 2004). This is not to say that there is no grain-surface chemistry.

Grain-surface reactions will increase in e�ciency as the temperature increases, but there

is added competition due to evaporation. This results in a very di�erent chemistry which

we now discuss.

1.3 Interstellar Chemistry

1.3.1 Dust-Grain Surface Chemistry

Interstellar dust is a crucial part of the interstellar medium. The dust grains are responsible

for much of the rich chemistry observed, as they act as an energy sink, allowing reactions

between adsorbed atoms and molecules (van Dishoeck 2014). There is strong evidence

to suggest that complex-organic molecules (COMs), which are de�ned as carbon-based

molecules with six or more atoms, form on these interstellar dust grains (Herbst and van
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Dishoeck 2009; Jin and Garrod 2020). In fact, this rich chemistry is thought to take place

long before stars have formed, during the dark cloud phase. In the last couple of decades

many experiments have been performed to determine the surface reactions occurring on the

icy mantles (e.g. see review by (Linnartz et al. 2015)). However, surface reactions in the

laboratory are typically only investigated within a narrow range of physical parameters

constrained by what is available with the experimental techniques employed and thus

often not fully representative of the ISM conditions. Hence the available experimental

data for interstellar ices are limited. This issue is further compounded by the lack of

available observation data. Boogert et al. (2015) provides a review of the observed ices,

but these abundance measurements had large relative uncertainties. However, towards the

end of this PhD the James Webb Space Telescope (JWST) provided the �rst set of ice

observations from a dedicated ice observation mission (McClure et al. 2017) which has now

provided a new set of abundance measurements (McClure et al. 2023). Prior to JWST,

there had been insu�cient resolution of the absorption band pro�les of molecules from

previous missions such as the Infrared Space Observatory (ISO) and Spitzer. JWST, which

observes in the infrared wavelength range of 0.6 - 28� m, has up two magnitudes greater

spectral resolution, especially in the 5-8� m range. This range is important because it is

likely to contain the vibrational modes of several molecules of interest (Boogert et al. 2015;

Boogert 2016). Greater resolution is important so as to ensure that various absorption

band pro�les can be better attributed to the relevant molecules, especially as various

functional groups may di�er by species but can have similar values (Boogert 2016).

In fact, it is widely believed that complex-organic molecules (COMs) form on inter-

stellar dust (Herbst and van Dishoeck 2009; Caselli and Ceccarelli 2012). In certain cases,

grain-surface reactions are more e�cient than gas-phase reactions. However, there exists

much debate about the stage of star formation during which these molecules are produced.

While modelling has shown that molecules such as glycine can be formed during the warm-

up phase of star formation (Garrod 2013), there is also evidence that suggests that dark

interstellar cloud conditions would su�ce (Ioppolo et al. 2020).

Grain Surface Di�usion

An understanding of the actual grain surface mechanisms will prove crucial in this work.

According to the Langmuir-Hinshelwood mechanism which was developed in Hasegawa

et al. (1992), the rate at which two species A and B react via di�usion is given by:
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kAB = � AB
(kA

hop + kB
hop)

Nsite ndust
; (1.2)

where Nsite is the number of sites on the grain surface andndust is the number density of

dust grains. kX
hop is the thermal hopping rate of speciesX on the grain surface de�ned as:

kX
hop = � 0 exp

�
�

Eb

Tgr

�
; (1.3)

where Eb is the di�usion energy of the species,Tgr is the grain temperature and � 0 is the

characteristic vibration frequency of speciesX . The di�usion energy is typically taken to

be a fraction of the species binding energy,ED . The characteristic vibration frequency,

� 0, is de�ned as:

� 0 =

r
2kbnsED

� 2m
; (1.4)

where kb is the Boltzmann constant, ns is the grain site density and m is the mass of

speciesX .

Finally, � AB , which provides the reaction probability is taken to be:

� AB = max
�

exp
�

�
2a
~

p
2�k bEA

�
; exp

�
�

EA

Tgr

��
; (1.5)

where~ is the reduced Planck constant,� is the reduced mass,EA is the reaction activation

energy,kb is Boltzmann's constant anda = 1 :4 �A is the thickness of a quantum mechanical

barrier. The reaction probability is e�ectively a competition between the �rst term, which

is the quantum mechanical probability of a tunnelling through a rectangular barrier of

thickness a and the thermal reaction probability, the second term.

A correction needs to be made to� AB to account for the fact that species might di�use

or evaporate instead of reacting with each other. This correction is the reaction-di�usion

competition (Chang et al. 2007; Garrod and Pauly 2011). The reaction probability is

de�ned to be:
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� f inal
AB =

preac

preac + pdif f + pevap
; (1.6)

wherepreac , pdif f and pevap represent the probabilities of species A and B reacting, di�using

and evaporating per unit time, respectively. These quantities are de�ned as:

preac = max( � A
0 ; � B

0 )� AB ; (1.7)

pdif f = kA
hop + kB

hop (1.8)

and

pevap = � A
0 exp

�
�

E A
D

Tgr

�
+ � B

0 exp
�

�
E B

D

Tgr

�
: (1.9)

In equation 1.2, � AB is replaced with � f inal
AB .

Another important grain-surface reaction mechanism is the Eley-Rideal mechanism.

In this scenario, the reaction rate that is modelled is the reaction between an incident

species from the gas-phase reacting with an adsorbed species on the grain-surface. The

consequence of this is that the product is either desorbed into the gas-phase or the grain-

surface is heated up, depending on the exothermicity of the reaction. The reaction rate,

Rij , between gas-phase speciesi and adsorbed speciesj via this mechanism is calculated

as:

Rij = � j � dhv(i )i n(i )nd; (1.10)

where � j is the adsorbed species's average density on the grain-surface,� d is the grain's

cross-section,hv(i )i is the thermal velocity of the incident species,n(i ) the abundance of

the incident species andnd is the grain number density (Ruaud et al. 2015).

For most reactions, this mechanism is typically negligible due to the dependence on
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the number density of the incident species.

1.3.2 Gas-Phase Chemistry

While gas-phase chemistry is not the focus of the work done in this thesis, we brie
y

describe it for the sake of completeness. The only reactions that are e�cient in the molec-

ular clouds, prestellar cores and star-forming regions we consider in this work are 2-body

reactions with 3-body reactions requiring densities of about 1013 cm� 3 (Puzzarini 2022).

The reaction rate between any two species is parameterised by an Arrhenius equation of

the form:

k = �
�

T
300K

� �

e� � 

T ; (1.11)

where T is the gas-phase temperature and� , � and 
 are reaction-dependent constants

that are determined experimentally. The constant � can be interpreted as a frequency

of collision between the two reacting species,� provides a temperature-dependent fudge-

factor to this collisional frequency and
 is the reaction activation energy. In fact, the �nal

exponential term, e�ectively represents the fraction of collisions that result in a reaction.

These constants are summarised in reaction databases such as UMIST (McElroy et al.

2013) and KIDA (Wakelam et al. 2015).

1.4 Astrochemical Modelling

In order to better understand the interstellar medium and make predictions, we must make

use of numerical codes. If our codes are to be able to produce reasonable approximations of

observations, then we can be assured that we have a decent understanding of the underlying

physics and chemistry. Many of these codes rely on the integration of systems of ordinary

di�erential equations (ODEs) to describe the time-evolution of molecular abundances. On

the most fundamental level, any time-dependent chemical model that aims to solve for the

abundance of speciesi , which we denote byni , must solve a system of equations of the

form:

dni

dt
=

X
production �

X
destruction; (1.12)
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where we encode all the production mechanisms for speciesi in the �rst term on the

right-hand side and all the destruction mechanisms in the second term on the right-hand

side (Wakelam et al. 2013). This is a general framework for astrochemical models with

the individual production and destruction mechanisms being dependent on whether the

species is in the gas phase or on the grains as well as the implemented chemical mechanisms

of the code in question. Note that in parallel to the chemical evolution of the system there

can also be a physical evolution such as an increase in density of the object, such as with

the pre-stellar phase collapse or a change in temperature, as is the case with the warm-up

phase. These have an in
uence on the densities of various molecules as well as on the

reaction rates of both grain-surface and gas-phase reactions.

1.4.1 UCLCHEM

In this thesis, we will be using the UCLCHEM code which is an open-source time-

dependent gas-grain astrochemical code1. UCLCHEM models two phases of star for-

mation. Phase 1 corresponds to the isothermal collapse of a di�use cloud of gas to a �xed

density. Phase 2 begins at this density and models the warm-up phase of star evolution.

Throughout both phases, the model calculates the abundances of all the species in the

chemical network via a system of ODEs. The ODE for each species can be written as:

dni

dt
=

X

l;m

k i
lm nl nm � ni

X

i 6= r

kr nr � kdes
i ni + kads

i ni;gas ; (1.13)

where k i
lm is the reaction rate of the reactions between speciesl and m to produce species

i, ni is the abundance of speciesi , kr represents the reaction rates of all reactions where

speciesi is consumed as a reactant andkdes
i and kads

i represent the desorption and adsorp-

tion rates of the species. The coupled di�erential equations represent the formation and

destruction mechanisms for all the relevant species. The di�usion mechanism described in

Hasegawa et al. (1992) was implemented in UCLCHEM in Qu�enard et al. (2018). More de-

tails about UCLCHEM's implementation can be found in Viti et al. (2004); Roberts et al.

(2007); Holdship et al. (2017) as well as on the GitHub. More details will be provided in

the individual Chapters as necessary.

1https://uclchem.github.io/
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1.4.2 Chemical Reaction Networks

Equation 1.13 represents the destruction and formation of every species in the network.

It couples every species to the reactions that produce and deplete its abundance. This is

e�ectively a means of representing the chemical reaction network. However, there is con-

siderable uncertainty when it comes to the choice of network that is used in astrochemical

modelling. While many chemical codes use one of the many available gas-phase networks,

such as UMIST or KIDA, for the gas-phase modelling, there does not exist a standard

grain-surface network. This is due to the fact that establishing the best networks for the

formation of most species is still an active area of research.

1.5 Bayesian Inference

An important part of the chemical modelling procedure is the choice of physical and

chemical parameters one includes. These range from the choice of �nal temperature or

density at the end of UCLCHEM's Phase 2 to the binding energies of various grain-surface

species in the network. In order to best model the �nal abundances of, say, a protostar,

one must correctly choose these parameters. This is, however, easier said than done, as the

observations that one wishes to calibrate against may have signi�cant relative uncertainties

associated with their values. This makes the choice of parameters di�cult.

In order to estimate the best choice of parameters,� , one can make use of the Bayesian

school of thought which is based on Bayes' theorem. Bayes' theorem provides a rigorous

means of updating the parameter probability distributions on the basis of new data,d.

Given the data, the probability distributions of the binding energies of interest are given

by:

P(� jd) =
P(dj� )P(� )

P(d)
; (1.14)

where P(� jd) is the posterior probability distribution, P(� ) is the prior, P(dj� ) is the

likelihood and P(d) is referred to as the evidence. The prior distribution encodes the

initial parameters' probability distribution functions. The likelihood tells us how likely the

data is as a function of the parameter values. It is within the likelihood function that the

generative physical model is encoded. The evidence is not just a normalising factor but also
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represents the marginalised likelihood. The posterior distribution represents the updated

probability distribution of reaction rates based on the data, the prior distribution, and

the physical model. It is often the case that determiningP(� jd) is unfeasible analytically,

which is why one must resort to computational sampling algorithms. In this work, we made

use of various implementations of sampling algorithms including Metropolis-Hastings, the

a�ne invariant Markov Chain Monte Carlo as well as nested sampling.

1.6 Machine Learning

1.6.1 Introduction to Machine Learning

Machine learning is a �eld of computer science that focuses on algorithms that learn from

data and that can then be used to make predictions. In this thesis, we only focus on the

realm of supervised learning in which we have a pre-de�ned outcome of interest. This is

in contrast to unsupervised learning in which there is no target variable to predict and

which is also more exploratory in nature. We also do not consider reinforcement learning

in which a computational agent learns to maximise a reward function by its actions in a

speci�c environment (Molnar 2022).

The idea of supervised learning is that by learning from past data the algorithm can de-

termine patterns to ensure it identi�es the relationship between the co-variates or features

of the data and the response variable of interest. A classic example of this is consider-

ing patient characteristics to predict the mortality risk associated with a speci�c disease.

There exist two broad categories of supervised learning: classi�cation and regression. The

former is applied when the target variable of interest is categorical whereas the latter is

used when it is continuous.

In a typical supervised machine learning task, we will split our data set into three

subsets. The �rst is typically the training set on which the algorithm is meant to learn

patterns from. This subset is typically the largest, comprising at least 70-80% of the

total original data set. We do not report the performance of our algorithm on training

data set, as we wish to ensure that it is generalisable to unseen data, that is data that

it was not trained on. The second subset of data is the validation dataset on which we

�ne-tune what are known as the hyperparameters of our dataset. Hyperparameters refer

to algorithm-speci�c quantities that control how the algorithm \learns" from the training

data. By performing model comparison between models with di�erent hyperparameters,
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we can further improve the model's predictive power. Finally, the test dataset is the

unseen dataset on which we evaluate the model.

1.6.2 Generating the data for machine learning algorithms

An important consideration when using machine learning algorithms is to ensure that we

utilise a dataset that is representative of the problem space we are considering. For any

problem with multiple dimensions in a continuous domain, it will not be possible to sample

all possible combinations of parameter values. As such, there are a number of methods

one could employ. The most obvious one is simply random sampling from the domain of

interest. While intuitive, this has the disadvantage of points being independently sampled

without any guarantee of good coverage of the domain. A superior method is the Latin

Hypercube sampling scheme (McKay et al. 1979) in which each dimension is cut into a

user-de�ned number of sub-sections and each sub-section is occupied by a single sample

from the data set. By making sure that there is only one point per hyperplane axis, one

ensures that the data sampled is near-random. We utilise the Latin Hypercube sampling

scheme in this work through the implementation provided in the Surrogate Modelling

Toolbox Python module (Bouhlel et al. 2019).

We now introduce two speci�c machine learning algorithms that we will use in this

work.

1.6.3 Feedforward Neural Networks

Figure 1.3: Illustration of a deep feedforward network taken from de Mijolla et al. (2019).

Neural networks are a class of machine learning algorithms that consist of multiple
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layers of interconnected nodes that are chained together in order to approximate a function

(Goodfellow et al. 2016). While the �eld of neural networks remains an active one, we

will limit ourselves to considering deep feedforward networks which are also known as

multilayer perceptrons. A depiction of a deep feedforward network is provided in Figure

1.3. The network is characterised by layers of nodes that are interconnected via edges.

Each edgei in layer j is associated with a learnable parameter,wij , which is often termed

the weight. The �rst layer takes a single value for each parameter in our input vector and

the �nal layer provides the output, though note that the output can have multiple nodes

if we choose to approximate a function with a multivariate range. The layers in between

are referred to as the hidden layers and the number of layers as well as nodes per layer

can be tuned to optimise performance. The value of every neuronaj is �rst calculated

by taking a weighted sum of the outputs of the previous layers, weighted by theirwij to

obtain:

zj =
X

i

(wij ai + bj ); (1.15)

where bj is a tunable parameter referred to as the bias.

Finally, to obtain the output of the neuron, we compute aj by feeding it into a non-

linear activation function: aj = g(zj ). The ability of the feedforward neural network to

approximate a non-linear function stems from the presence of these activation functions

(Goodfellow et al. 2016). The \feedforward" aspect of these neural networks stems from

the fact that each layer takes computed values from the previous layer of neurons. The

input layer is the �rst layer to provide outputs to the rest of the network.

We now brie
y discuss how the parameters of the neural network are \learned". This

typically takes the form of an unconstrained optimisation problem. The goal of \learning"

is to �nd the set of parameters, � , such that we minimise a cost functionJ (� ). In this case

� corresponds to the aforementioned weights of the neural network. This cost function

typically measures the average loss on the training set. That is, we consider the discrepancy

between the predicted value for a training example inputx i such that Ŷi = f (x i ; � ) and the

true value Yi , where f represents our parameterisation between the input and the output

that is dependent on the parameters� we are trying to optimise. Written more formally,

our cost function takes the form:
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J (� ) =
1
n

dX

i =1

L(f (x i ; � ); Yi ); (1.16)

whereL represents the per-example loss function (Goodfellow et al. 2016). There are many

choices of loss functions including the mean-squared error or the mean absolute error.

1.6.4 Decision Trees

Decision trees are a set of models that continuously divide the data based on cut-o� values

in the domain of each feature into subsets with each subset corresponding to a speci�c value

of the target variable (Molnar 2022). Decision trees are simple to visualise and the fact

that they rely on simple cuts makes them easy to interpret. However, they have a number

of limitations which make them unsuitable for more complex tasks. In particular, decision

trees are known to �t very complex trees to the training data that do not generalise well

to the test data (Plaia et al. 2022). This is what is known as over�tting and e�ectively

means that the algorithm is learning noise in the data that is simply not generalisable to

the wider dataset. Recall that the purpose of supervised learning is to learn patterns from

the training data in order to make good predictions on unseen data.

There are two main means of addressing this issue with decision trees: bagging and

boosting. Bagging (booststrap aggregation) involves training individual decision trees on

subsets of the data. This provides us with an ensemble of models over whose predictions we

can average to obtain a more robust and stable prediction. The random forest algorithm

(Breiman 2001) takes this one step further and only utilises a subset of the features for

each decision tree. Boosting is a di�erent approach. Instead of training decision trees

in parallel, as we do in bagging, they are instead trained sequentially. A series of \weak

learners", which are shallow decision trees, are consecutively trained on the data. At

each stage, the errors made by the previous decision tree are assigned a larger weight so

that the new decision tree is more likely to correctly predict (Freund and Schapire 1996).

The XGBoost algorithm is an example of a boosted decision tree that is optimised for

parallelisability and speed (Chen and Guestrin 2016). XGBoost computes the �rst and

second derivatives of the cost function with respect to the predictions made by the boosted

trees and then �ts a new tree in order to amend the errors made by the previous ones.
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1.6.5 Machine Learning Interpretability

While machine learning models have demonstrated considerable success in learning from

data and making accurate predictions, there remains concern that we do not properly un-

derstand the inner workings of the algorithm in terms of why it makes a certain prediction.

This has lead to these models being described as \black boxes". A lack of interpretability

as to why the algorithm outputs a certain value is becoming increasingly problematic with

machine learning applications in medicine and law (Rudin 2019).

While the stakes to human life are considerably lower in the case of astrochemistry, it

is still important to have a good understanding of why a certain output is produced. As

previously discussed, astrochemistry typically models molecular abundances by integrating

coupled systems of ordinary di�erential equations. As such, the relationship between our

chosen input parameters (which we will also call \features" throughout this thesis) and

our output abundances is often non-linear and unintuitive. We wish to obtain a sense of

three things from any machine learning interpretability analysis:

� which features are the most important in predicting our outputs

� a means of quantifying the relative feature importances and

� the exact nature of the relationship between the inputs and the outputs.

Within the �eld of machine learning interpretability, much research has been done

to devise methods to determine the impact of a parameter in a machine learning model

making a particular prediction, such as permutation feature importance or Local Surrogate

Models. Molnar (2022) provides an overview of the di�erent methods.

We elected to utilise Shapley values. These are taken from game theory and allow

us to quantify the importance of the features of interest. Shapley value explanations are

taken to be linear models (Molnar 2022). We are looking to explain the output of our

function f (x) which for the j th data point in our test set x j outputs f (x j ). We de�ne a

feature explanation model, ĝ in the following way:

f (x j ) = ĝ(x0) = � 0 +
nX

i =1

� i x
0j
i ; (1.17)

where � 0 = E[f (x)] is the value of the average prediction,� i is the explained feature e�ect
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of the i th feature, n is the number of features andx0j
i is an element of the \coalition

vector", x0, where x0 2 f 0; 1gn . The coalition vector states if a speci�c feature value is

present (1) or absent (0).

We de�ne the Shapley value of thei th feature, � i , as the marginal contribution of that

feature in producing the model output. This is averaged over all possible coalitions, i.e.

over all subsets of the set of features. This is calculated as follows for a data point:

� i =
X

S� N

jSj!(n � j Sj � 1)!
n!

(g(x' i ) � ĝ(x0
� i )) ; (1.18)

where N is the set of features,n = jN j, S is the subset,g(x0
i ) is the explanatory model

evaluated when the feature is included andg(x' � i ) the explanatory model evaluated when

the feature is not included. When we say that a feature is not included it means we

replace the value of the feature for that data point with a random number drawn from

the feature's distribution of values.

1.7 This Thesis

The work in this thesis is focussed on using statistical and machine learning techniques to

better understand astrochemistry. Chapter 2 is a chemical modelling exercise that con-

siders the impact of adding two H2-based addition reactions to a glycine network. This

Chapter takes a more traditional approach to analysing astrochemistry, which is why it

prefaces the rest of the thesis. Chapter 3 investigates how the network topology of a

chemical network can be used to accelerate the Bayesian inference of the reaction rates.

Chapter 4 considers a di�erent approach to accelerating the Bayesian inference by making

use of the grain-surface di�usion formalism to reduce the dimensionality of the inference

problem. Chapter 5 involves the utilisation of the MOPED algorithm to make recom-

mendations for which molecules should be prioritised for future observations to reduce

the variance of the binding energy distributions. Chapter 6 considers the e�ect of varying

physical parameters on the molecular abundances. This is connected to the use of astro-

chemical tracers using machine learning interpretability. Chapter 7 uses machine learning

interpretability to probe the impact of various binding energies on molecular abundances.

Finally, Chapter 8 summarises the results presented in this thesis and provides suggestions
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for further study.



66 Chapter 1. Introduction

This page was intentionally left blank



Chapter 2

Investigating the impact of C and

CH reacting with H 2

The work presented in this Chapter is based on the paper Heyl et al. (2023a), in collabo-

ration with Thanja Lamberts, Serena Viti and Jonathan Holdship.

2.1 Introduction

As detailed in Chapter 1, interstellar dust plays a signi�cant role in the rich chemistry that

takes place in the interstellar medium. It is widely believed that complex-organic molecules

(COMs) form on interstellar dust (Herbst and van Dishoeck 2009; Caselli and Ceccarelli

2012) since for certain molecules, grain-surface reactions are more e�cient than gas-phase

reactions. This is particularly important in cold astronomical environments where some

gas-phase reactions may be highly ine�cient, because a \third body" is needed to take

up the excess heat of an exothermic reaction. Dust grains thus act as an energy sink

allowing the chemistry to thrive and this can lead to the formation of more complex

organic molecules.

Both experimental work and modelling has shown that one such molecule, namely the

amino acid glycine can be formed through energetic processing of the ices during the warm-

up phase of star formation (Bernstein et al. 2002; Woon 2002; Lee et al. 2009; Bossa et al.

2009; Ciesla and Sandford 2012; Garrod 2013; Sato et al. 2018), although there is evidence

67
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to suggest that glycine would undergo destruction under increased irradiation (Pernet et al.

2013; Mat�e et al. 2015). In addition, in a joint experimental and modeling e�ort, Ioppolo

et al. (2020) suggested that non-energetic mechanisms such as atom-addition reactions

might be a promising route for glycine formation.

A new grain-surface reaction, inserting C atoms in H2 to form CH2 via C + H 2 ��!

CH2, was recently proposed to be barrierless by Simon�ci�c et al. (2020), based on earlier lab

work by Krasnokutski et al. (2016). They included this reaction in their network and found

a far more rapid conversion of C to CH4. Subsequently, Lamberts et al. (2022) performed a

combined experimental and computational work to investigate the importance of reactions

with molecular hydrogen for the formation of methane. It was found that while the former

reaction might not be fully barrierless, and the barrier likely depends on the binding site,

the reaction CH + H 2 ��! CH3 does in fact proceed without a barrier. The reason these

`dihydrogenation' reactions might be of interest is that they make H2 more chemically

active, the importance of which was recognized already by Hasegawa et al. (1992) and

by Meisner et al. (2017) in the context of water formation. Typically, H 2 has one of the

lowest binding energies of grain-surface species, lower than even atomic H (Al-Halabi and

van Dishoeck 2007; Wakelam et al. 2017; Molpeceres and K•astner 2020), which allows the

molecule to di�use readily on the surface. Moreover, the molecular hydrogen abundance

in molecular clouds and pre-stellar cores is much higher than that of atomic hydrogen (van

Dishoeck and Black 1988; Goldsmith and Li 2005).

By including these reactions in chemical models, one might �rst of all expect changes

in the CH4 abundance, but it is equally interesting to consider the e�ect on downstream

species such as complex organic molecules, whose typical abundances are far lower. At low

temperatures, one would not expect methane to desorb in large quantities. Instead, it is

likely to remain chemically active on the grains. Their sensitivity to new reactions should

be considered, as their more abundant precursors might see changes in their abundances.

In this Chapter, we look to build on the work by Simon�ci�c et al. (2020) and Lamberts

et al. (2022) to investigate the impact of the dihydrogenation reactions of C and CH on

our gas-grain chemical network. In particular, we are interested in observing the e�ect

these reactions have on the production of glycine and its precursors. Our glycine network

is based on the kinetic Monte Carlo network used in Ioppolo et al. (2020), using in part

updated rate constants from recent literature, as indicated in Table 2.1.

We start by describing the astrochemical model, our choice of parameters and how we
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Reaction No. Reaction Reference

1 CO + OH ��! HOCO Arasa et al. (2013)
2 HOCO + H ��! H2 + CO 2 Goumans et al. (2008)
3 HOCO + H ��! HCOOH Goumans et al. (2008); Ioppolo et al. (2011b)
4 CH4 + OH ��! CH3 + H 2O Lamberts et al. (2017)
5 NH2 + CH 3 ��! NH2CH3 Ioppolo et al. (2020)
6 NH3 + CH ��! NH2CH2 Balucani et al. (2009)
7 NH2CH2 + H ��! NH2CH3 Ioppolo et al. (2020)
8 NH2CH3 + H ��! NH2CH2 + H 2 Oba et al. (2014)
9 NH2CH3 + OH ��! NH2CH2 + H 2O Ioppolo et al. (2020)
10 NH2CH2 + HOCO ��! NH2CH2COOH Woon (2002)
11 H2 + OH ��! H2O + H Meisner et al. (2017)
12 O2 + H ��! HO2 Lamberts et al. (2013)
13 HO2 + H ��! OH + OH Lamberts et al. (2013)
14 HO2 + H ��! H2 + O 2 Lamberts et al. (2013)
15 HO2 + H ��! H2O + O Lamberts et al. (2013)
16 OH + OH ��! H2O2 Lamberts et al. (2013)
17 OH + OH ��! H2O + O Lamberts et al. (2013)
18 H2O2 + H ��! H2O + OH Lamberts and K•astner (2017)
19 N + O ��! NO Ioppolo et al. (2020)
20 NO + H ��! HNO Fedoseev et al. (2012)
21 HNO + H ��! H2NO Fedoseev et al. (2012)
22 HNO + H ��! NO + H 2 Fedoseev et al. (2012)
23 HNO + O ��! NO + OH Ioppolo et al. (2020)
24 HN + O ��! HNO Ioppolo et al. (2020)
25 N + NH ��! N2 Ioppolo et al. (2020)
26 NH + NH ��! N2 + H 2 Ioppolo et al. (2020)
27 C + O ��! CO Ioppolo et al. (2020)
28 CH3 + OH ��! CH3OH Qasim et al. (2018)

29 C + H2 ��! CH2 Simon�ci�c et al. (2020); Lamberts et al. (2022)
30 CH + H 2 ��! CH3 Lamberts et al. (2022)

Table 2.1: Table of the reactions added to the standard UCLCHEM network.

evaluate the network sensitivity in Section 2.2. We then discuss the results as well as the

astrochemical implications in Section 2.3 and summarize our conclusions in 2.4.

2.2 Methodology

2.2.1 The Astrochemical Model

In this Chapter, the gas-grain chemical code UCLCHEM was used (Holdship et al. 2017)1.

UCLCHEM makes use of a rate equation approach to modelling the gas and grain-surface

1https://uclchem.github.io/
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Parameter Values
Final Density of Phase 1/Initial Density of Phase 2 105 cm� 3, 106 cm� 3, 107 cm� 3

E�ciency for barrierless C + H 2 ��! CH2 0, 0.05, 1
Cosmic Ray Ionisation Rate �; 10�

Table 2.2: The parameters that were varied in this Chapter to assess the e�ect of the
two reactions. Note that the density of Phase 1 is the same as the initial density of Phase
2. An e�ciency of 0 is equivalent to reaction being excluded. � is the standard cosmic ray
ionisation rate of 1:3 � 10� 17 s� 1

and bulk abundances. The gas-phase reaction network is taken from the UMIST database

(McElroy et al. 2013). The grain-surface network used was the default one as available on

GitHub.

Various reaction mechanisms are implemented in UCLCHEM. The grain-surface re-

action mechanisms that exist in UCLCHEM include the Eley-Rideal mechanism as well

as the Langmuir-Hinshelwood di�usion mechanism, which were implemented in Qu�enard

et al. (2018), as was the competition formula from Chang et al. (2007) and Garrod and

Pauly (2011). The binding energies that are used to calculate the di�usion reaction rate

are taken from Wakelam et al. (2017). We also included an updated version of the glycine

grain-surface network from Ioppolo et al. (2020), also including both the reactions C +

H2 ��! CH2 and CH + H 2 ��! CH3 as summarized in Table 2.1. Note that the reac-

tion OH + H 2 ��! H2O + H had been already included, based on previous work by, e.g.,

Meisner et al. (2017). The code also includes thermal and non-thermal desorption, such

as due to H2 formation, cosmic ray ionisation as well as UV-induced desorption. Note

that the astrochemical model used in Ioppolo et al. (2020) makes use of the non-di�usive

grain-surface chemistry that is described in Garrod and Pauly (2011) and Jin and Garrod

(2020). This is not used in UCLCHEM. The implications of this will be discussed later in

this Chapter.

UCLCHEM is used to model two distinct phases of the star formation process. Phase 1

is the free-fall collapse phase of a dark cloud for a default value of 5 million years, whereas

Phase 2 models the warm-up phase immediately following Phase 1, with the initial density

of Phase 2 equal to the �nal density of Phase 1. Phase 2 runs for 1 million years. Further

details of the code can be found in Holdship et al. (2017).
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2.2.2 Parameter Selection

To assess the importance of the two proposed reactions to the network under various

interstellar conditions, three parameters were varied, as listed in Table 2.2. The standard

cosmic ray ionisation rate in UCLCHEM is � = 1 :3� 10� 17 s� 1. This is in line with typical

values that are of the order 10� 17 s� 1 in di�use ISM conditions (O'Donnell and Watson

1974; Black et al. 1978; Hartquist et al. 1978; Indriolo and McCall 2013). However, there

exist observations of higher cosmic ray ionisation rates (Indriolo et al. 2007; Indriolo and

McCall 2012), which is why we also include analysis of a region with cosmic ray ionisation

rate of 10� . Cosmic ray ionisation is typically expected to break larger molecules into

smaller radicals. We did not consider lower values of the cosmic ray ionisation rate,

as these are typically not observed. The cosmic ray dependency on column density in

O'Donoghue et al. (2022) covered a range of values that were, however, already covered by

the factor of 10 we consider here. While they found di�erences for lower densities during

the collapse phase, these were ironed out once the collapse reached larger �nal densities,

which is why here we do not include this dependency on column density.

Three di�erent astronomical regions were modelled:

1. a dark cloud with a �nal density of 105 cm� 3

2. a low-mass protostar with a �nal density of 106 cm� 3

3. a high-mass protostar, with a �nal density of 107 cm� 3

The heating pro�les during Phase 2 for the last two cases are based on Viti et al. (2004)

and di�er for each astronomical object. The dark cloud simulation was only run for Phase

1, but was allowed to run for a further million years to allow the chemistry to settle.

Another parameter that was varied was the e�ciency, � , of the extent to which the

reaction C + H 2 ��! CH2 is barrierless. While Simon�ci�c et al. (2020) considered the

reaction to be fully barrierless, Lamberts et al. (2022) found that the reaction barrier

likely depends on the binding site. As such, our grid of models considers e�ciencies for

the reaction of 0 (the reaction is not included), 0.05 (5% of binding sites lead to a barrierless

reaction and 95% of the binding sites have an in�nitely high barrier) and 1 (the reaction

is fully barrierless). What this means practically is that the reaction rate is multiplied by

the e�ciency. The reaction CH + H 2 ��! CH3 was included as only being barrierless,

based on Lamberts et al. (2022).
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2.2.3 Evaluating the network sensitivity

We quantify the e�ect of the new reactions on the model by considering the change in

abundances of the species that are the most a�ected when taking the ratio of the abun-

dances of the modi�ed and original models. The modi�ed model is the chemical network

which has � = 1, whereas the original model was taken to be the network which had nei-

ther of the dihydrogenation reactions. These two scenarios were taken to be the extremes

of the parameter range in terms of including these reactions. The ratio is most sensitive to

strong deviations in the molecular abundances as a result of the dihydrogenation reactions.

This ratio is de�ned for each speciesi as:

� i (t) =
xM

i (t)
xO

i (t)
; (2.1)

where xM
i (t) is the abundance of speciesi in the modi�ed model at time t and xO

i (t) is

the abundance of the same species in the original model at timet.

We only considered species which had a value above a \threshold of detectability".

This was to ensure that we did not look at species whose original and changed abundances

were below what can be observed from an astronomical point-of-view. For grain-surface

species this threshold was set to 10� 8 with respect to hydrogen whereas for gas-phase

species this threshold equalled 10� 12 with respect to hydrogen. We took 10� 8 as a lower-

limit threshold for grain-surface species, as this was the order of magnitude of the lowest

reported abundances in Boogert et al. (2015). Similarly, the gas-phase threshold was

taken based on the abundances of COMs typically observed in the gas-phase, such as in

Jim�enez-Serra et al. (2016, 2021).

We can also de�ne a quantity that tracks the absolute change in the abundance of

species:

� i (t) = xM
i (t) � xO

i (t) = xO
i (t)[� i (t) � 1]; (2.2)

This value indicates how species with relatively large abundances, such as elemental species

or their hydrogenation products, are re-distributed.
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Dark Cloud Low-Mass Star High-Mass Star
Species � xO

i (t f inal ) Species � xO
i (t f inal ) Species � xO

i (t f inal )
#CH 2 2.8 4.1 � 10� 7 #CH 2 2.8 4.1 � 10� 7 #CH 2 2.8 4.1 � 10� 7

#CH 3 2.3 2.6 � 10� 7 #CH 3 2.3 2.6� 10� 7 #CH 3 2.3 2.6 � 10� 7

#CH 4 1.3 4.0 � 10� 6 #CH 4 1.3 3.8 � 10� 6 #CH 4 1.3 3.8 � 10� 6

#NH 3 1.1 3.8 � 10� 6 #NH 3 1.1 3.7 � 10� 6 #NH 3 1.1 3.7 � 10� 6

#H 2CS 1.1 2.4 � 10� 8 #H 2CS 1.1 2.4 � 10� 8 #H 2CS 1.1 2.4 � 10� 8

#CH 3OH 1.04 1.5 � 10� 5 #CH 3OH 1.04 1.3 � 10� 5 #CH 3OH 1.04 1.3 � 10� 5

#HNC 1.03 2.3 � 10� 8 #HNC 1.04 2.3 � 10� 8 #HNC 1.04 2.3 � 10� 8

#H 2SiO 1.03 3.3 � 10� 7 #H 2SiO 1.03 1.1 � 10� 8 #H 2SiO 1.03 3.4 � 10� 7

#HCN 1.02 1.7 � 10� 7 #HO 2 1.03 2.3 � 10� 7 #HO2 1.03 2.3 � 10� 7

#O 2 1.02 1.8 � 10� 6 NO 1.03 1.0 � 10� 10 #HCN 1.02 1.6 � 10� 7

#CH 1.1 � 10� 15 7.2 � 10� 7 #CH 2.0 � 10� 15 7.2 � 10� 7 #CH 2.1 � 10� 15 7.2 � 10� 7

#C 2.4 � 10� 13 1.4 � 10� 6 #C 2.5 � 10� 13 1.4 � 10� 6 #C 2.5 � 10� 13 1.4 � 10� 6

#NCH 4 3.7 � 10� 13 1.5 � 10� 7 #NCH 4 3.4 � 10� 13 1.5 � 10� 7 #NCH 4 3.4 � 10� 13 1.5 � 10� 7

#NH 2CH3 8.0 � 10� 13 1.9 � 10� 7 #NH 2CH3 8.3 � 10� 13 2.0 � 10� 7 #NH 2CH3 8.3 � 10� 13 2.0 � 10� 7

NH2CH3 1.5 � 10� 12 8.7 � 10� 10 #Si 0.98 5.6 � 10� 8 #Si 0.98 5.6 � 10� 8

CH 0.96 9.3 � 10� 10 #SiH 0.99 2.5 � 10� 8 #SiH 0.99 2.5 � 10� 8

CH3 0.98 1.5 � 10� 9 #SiH 2 0.99 1.3 � 10� 8 #SiH 2 0.99 1.3 � 10� 8

#Si 0.98 5.7 � 10� 8 #O 0.99 7.8 � 10� 5 #Si 0.99 6.7 � 10� 5

#SiH 0.99 2.6 � 10� 8 #H 3CO 0.99 1.7 � 10� 6 #H 3CO 0.99 1.7 � 10� 6

#SiH 2 0.99 1.4 � 10� 8 #HNO 0.99 1.2 � 10� 5 #HNO 0.99 1.2 � 10� 5

Table 2.3: Summary of the species that experienced the greatest increases (top section)
and decreases (bottom section) for each of the three astronomical objects in Phase 1.
Species with a "#" are grain-surface species. All other species are gas-phase.

2.3 Results and Astrochemical Implications

We �nd that even though the amounts by which various species are a�ected di�ers for

each stage of star formation, the general trends are broadly similar. As such, we group our

analysis per phase. Tables 2.3 and 2.4 summarise the changes in terms of� . The e�ect of

the enhanced cosmic ray ionisation rate is discussed in Section 2.3.1.

Our results di�er from Ioppolo et al. (2020) in that, while glycine does form on the

grains, it does not do so in Phase 1, as UCLCHEM does not utilise non-di�usive grain-

surface mechanisms. Instead, glycine forms on the grains as the temperature increases in

Phase 2.

2.3.1 Impact of the Parameters

In this sub-section we consider the role that the physical and chemical parameters at play.

Tables 2.3 and 2.4 show the changes in abundance when we compare the original network

without the dihydrogenation reactions with the � = 1 case. Figures 2.1 and 2.2 show the
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Low-Mass Star High-Mass Star
Species � Original Abundances Species � Original Abundances
HOCO 3.7 9.3 � 10� 10 HOCO 2.1 4.3 � 10� 8

H2O2 2.6 4.3 � 10� 9 CH3OH 2.0 1.8 � 10� 9

CH3CHO 2.2 1.0� 10� 7 CH3CHO 2.0 1.5 � 10� 7

CH3OH 2.1 3.7 � 10� 9 C2H4 2.0 2.5 � 10� 9

CH3CN 1.7 1.0 � 10� 9 CH2CO 1.9 1.8 � 10� 10

C4H 1.6 3.2 � 10� 10 H2CO 1.7 9.3 � 10� 9

C3H2 1.5 5.6 � 10� 9 CH3 1.7 1.1� 10� 10

CH3CCH 1.5 2.4� 10� 8 NH3 1.6 1.3 � 10� 8

NH3 1.5 2.7 � 10� 7 CH3CN 1.5 7.1 � 10� 10

NH2CHO 1.4 2.7 � 10� 7 C2H2 1.5 1.1 � 10� 8

NH2CH2 3.8 � 10� 5 9.2 � 10� 7 NH2CH2 4.7 � 10� 5 8:3 � 10� 7

NH2CH3 2.4 � 10� 3 1.6 � 10� 7 NH2CH3 2.5 � 10� 3 1.7 � 10� 7

NH2CH2COOH 6.0 � 10� 2 6.3 � 10� 9 NH2CH2COOH 6.3 � 10� 3 7.2 � 10� 8

H2S 0.88 2.0 � 10� 9 NO 0.82 4.0 � 10� 6

SO2 0.92 4.4 � 10� 8 NCCN 0.96 3:9 � 10� 7

Mg+ 0.93 8.0 � 10� 8 O2 0.96 7.1 � 10� 6

O 0.95 1:3 � 10� 5 HCOO 0.96 1:9 � 10� 10

CH2OH 0.95 6.4 � 10� 8 C2N 0.97 3.5 � 10� 8

O2 0.96 4.2 � 10� 5 O 0.97 3:6 � 10� 8

SO 0.97 1.9 � 10� 6 CO2 0.97 7:6 � 10� 6

Table 2.4: Summary of the species that experienced the greatest increases (top section)
and decreases (bottom section) for each of the three astronomical objects in Phase 2. All
species listed are gas-phase.

time series of the abundances for glycine and its precursors.

Final Density

The �nal density of the collapsing cloud had a minor e�ect on the �nal abundances of the

species in Phase 1. For all three astronomical objects modelled in Phase 1, we observe a

signi�cant decrease of grain-surface CH and C when the reactions are included and see

an enhancement of grain-surface CH2, CH3 and CH4. However, the values of� as well as

their original abundances seem to be independent of the density, suggesting a saturation

e�ect.

In Phase 2, we observe that the �nal density of the collapsing cloud does a�ect the

extent to which the added reactions in
uence the �nal abundances. We notice that several

hydrogenation-based species have greater abundances at lower densities, including species

such as HOCO, H2O2, CH3CCH and H2CO.
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E�ciency

For more abundant species, such as H2O and CH3OH, we �nd that the results obtained

from using a branching fraction of 0.05 for the barrierless dihydrogenation of C are essen-

tially the same as using a e�ciency of 1 (the reaction is fully barrierless).

We do �nd that the e�ciency parameter plays a role in the �nal abundances of glycine

and its precursors during the warm-up phase of low and high-mass stars. This can be

seen in Figures 2.1 and 2.2. For Phase 1, the species are not detectable except for the

original con�guration. However, we still observe that for the other three con�gurations

an increasing value of� corresponds to an increased level of depletion. In Phase 2, the

con�gurations are all detectable and this same hierarchy remains in the gas-phase.

Cosmic Ray Ionisation Rate

The degree of cosmic ray ionisation is found to play an important role in enhancing or

counteracting the role of the dihydrogenation reactions. The cosmic ray destruction routes

we include in our standard network are from Garrod et al. (2008). These consist of hydro-

gen abstraction reactions and reactions that produce radical-radical pairs of products. An

enhanced cosmic ray ionisation rate leads to the destruction of many of the hydrogenated

species, such as CH4, NH3, H2O and CH3OH, as well as their precursors. This leads to

further hydrogen reservoirs being released and radicals being formed which can go on to

form glycine and its precursors. Because no cosmic ray destruction mechanisms for these

complex, larger, species are included, we �nd that these are more abundantly produced.

This is important to consider in the context of glycine. In Figures 2.1 and 2.2, we plot

the time dependence of the abundance of glycine precursors for eight di�erent parameter

sets, including the enhanced cosmic ray ionisation rate. In Phase 1, we �nd that on the

grains, the enhanced cosmic ray ionisation rate depletes the species. In Phase 2, the

e�ect varies by con�guration and species. The original con�guration consistently leads to

a decrease of all plotted species in the presence of enhanced cosmic ray ionisation. The

� = 0 con�guration is depleted for the methylamine radical and glycine, but enhanced for

methylamine. The � = 0 :05 and � = 1 con�gurations are depleted for methylamine and

glycine, but enhanced for the methylamine radical.
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2.3.2 General Implications

As can be seen in Tables 2.3 and 2.4, the inclusion of reactions with molecular hydrogen af-

fects the hydrogen economy of the reaction network. Previously, the reaction network had

a signi�cant amount of H 2 being adsorbed or produced on the surface with no chemical

destruction mechanisms. The H2 molecules are a previously untapped hydrogen reser-

voir that is now being utilised (Hasegawa et al. 1992). Because one H2 frees up two

H atoms on the surface, other atomic hydrogenation reactions can take place more eas-

ily. Therefore, we observe the increase in the abundances of species in Phases 1 and 2

that are the products of hydrogenation. While for many of the more common species,

the relative increase, i.e.,� is small, the abundance increases in absolute terms. There

are large relative and absolute changes in the network of less abundant species, such as

NH2CH2, NH2CH3 and NH2CH2COOH and there are fairly large absolute changes in the

network of highly abundant species, such as C and its hydrogenation products.

We can also comment on the carbon budget. The previously de�ned � parameter

allows us to consider how carbon is redistributed as a result of the new reactions being

included. For instance, for the dark cloud during Phase 1, the total � for the main

carbon-based grain-surface species that increase

� total (#CH 2 + #CH 3 + #CH 4 + #H 2CS + #CH 3OH) = 2 :9 � 10� 6 :

is nearly equal to that of the total decrease � of main grain-surface species:

� total (#C + #CH + #NCH 4 + #NH 2CH3) = 2 :5 � 10� 6 :

From this we can see that the dihydrogenation reactions redistribute the carbon between

the aforementioned species. The remaining carbon is redistributed to other species in

the network in smaller amounts. We also observe that besides the methyl radical, also

species that contain the CH3 group, such as CH3OH and CH3CN see increases in their

abundances, via the reactions CH3 + OH ��! CH3OH and CH3 + CN ��! CH3CN.

In a similar fashion, nitrogen is redistributed throughout the network. The grain-

surface ammonia abundance increases by 10%, i.e., 3.8� 10� 7. The decrease in #NCH4

and #NH 2CH3 accounts for 3.4� 10� 7 or � 90%.
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2.3.3 Implications for Simple Grain-Surface Species

In the light of the recent ice observations with the James Webb Space Telescope, both

published (Yang et al. 2022) and upcoming missions (such as the one detailed in (Mc-

Clure et al. 2017)), it is important to consider the e�ect on the main ice constituents.

Figure 2.3 shows the time-evolution of the abundances of grain-surface H2O, CO, CO2,

CH3OH, H2CO, NH3 and CH4 in Phase 1 of a dark cloud. These are species that have

been securely or likely identi�ed in the ices (Boogert et al. 2015). The shaded areas in

the plots indicate the 68% con�dence interval for the measured abundances, taken from

Boogert et al. (2015). In Boogert et al. (2015), the abundances were given in terms of the

median value as well as the upper and lower quartiles. It was assumed that the spread

in the measurements was Gaussian, which meant that the interquartile range represented

1.36� . This spread in measurements is due to both observational error and source-to-

source variation. We observe that we recover the measured abundances for most of the

species within the uncertainty, with the exception of grain-surface CO2. The inclusion

of the dihydrogenation reactions does not change how well the models agree with the

abundance measurements, however, for all hydrogenation products we observe that the

inclusion of reactions with molecular hydrogen increases their abundance, as a result of

the additional atomic hydrogen on the surface. In short, despite uncertainties surrounding

activation energies, networks and binding energies, we are able to recover observational

abundances reasonably well when we include the reactions with molecular hydrogen and

this gives us con�dence that the predictions we make for glycine and its precursors are

accurate.

2.3.4 Implications for Glycine and its Precursors

In Tables 2.3 and 2.4, we observe that the abundances of glycine and its precursors de-

creases if molecular hydrogen is part of the reaction network. We can also explain why the

abundance of precursors of glycine, gas and grain NH2CH3 and NH2CH2 decrease. The

former is formed through the reaction NH2 + CH 3, but since more atomic H is present on

the grains, both radical species are preferentially hydrogenated. The inclusion of H2 as a

reacting species, not just in the context of the two reactions we consider in this Chapter,

introduces greater competition for radicals that are needed for the formation of complex

organic molecules. This results in the lower abundances of NH2CH3 and NH2CH2.
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Figure 2.1: Time series of the abundances of grain-surface and gas-phase NH2CH2 and
NH2CH3 in Phase 1 of a dark cloud. Furthermore, we observe that the inclusion of the
dihydrogenation reactions, regardless of e�ciency � severely depletes the abundances of
the glycine precursors in both phases relative to the original model which did not include
either of the dihydrogenation reactions. Also plotted are the limits of detectability we have
used for gas and grain-surface species. We do not plot glycine, as it is not formed at all in
Phase 1. We observe that only the original model is capable of producing 'detectable' levels
of methylamine and the methylamine radical. For the other con�gurations, an increase in
� results in increased depletion of the species relative to the original model. We also
observe that enhanced cosmic ray ionisation depletes the abundances on the grains but not
in the gas.
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Figure 2.2: Time series of the abundances of gas-phase NH2CH2, NH2CH3 and
NH2CH2COOH in Phase 2 of a high-mass star. We observe that glycine is produced in the
warm-up phase. The enhanced cosmic ray ionisation rate is found to signi�cantly deplete
all three species in the gas-phase for the original model. For NH2CH2 and NH2CH3, when
� = 0 , � = 0 :05 or � = 1 , the enhanced cosmic ray ionisation rate results in an increase of
their abundances. For glycine, the enhanced cosmic ray ionisation rate seems to decrease
its gas-phase abundance.
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Figure 2.3: Time series of the abundances of grain-surface H2O, CO, CO2, CH3OH,
H2CO, NH3, CH4 and H2S in Phase 1 of a dark cloud. We include the species that have
securely identi�ed or likely identi�ed. The abundances were adapted from Boogert et al.
(2015). The shaded areas include the1� region of abundances. In the case of H2CO, no
uncertainty was provided in the original source, so there is no shaded area. Grain-surface
H2S only has an upper limit on its abundance. For both normal and enhanced cosmic ray
ionisation rates, the time-series di�er very little, which is why it is di�cult to distinguish
them visually.
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We can also use this to justify the impact of the e�ciency. Figures 2.1 and 2.2 plot

the time series for the various e�ciencies as well as with enhanced cosmic ray ionisation

in Phase 1 and 2, respectively. We previously remarked that the original con�guration

produced the most of glycine and its precursors. For the other con�gurations, the greater

the value of � , the greater the depletion of these species. This makes sense when one

considers that an increasing value of� results in more H2 being consumed and therefore

more atomic H becoming available to hydrogenate precursors.

We now look to compare our results with observations. We do this separately for

glycine and its precursors. We also discuss the implications of not using non-di�usive

grain-surface mechanisms in our code, such as the ones discussed in Garrod and Pauly

(2011) and Jin and Garrod (2020).

Methylamine and the methylamine radical

Methylamine (NH 2CH3) and the methylamine radical (NH2CH2) are important precur-

sors of glycine. The hydrogen abstraction of methylamine to form the methylamine

radical is crucial, as there is growing evidence to suggest that the reaction NH2CH2 +

HOCO ��! NH2CH2COOH is a feasible glycine formation route (Ramesh and Yuan-

Pern 2022). Con�rmed detections of methylamine in high-mass star forming regions are

summarised in Table 2.5. We observe improved level of agreement between our model

outputs and observations when the reactions are included with� = 1. We observed sig-

ni�cant enhancement when the cosmic ray ionisation rate was increased. This suggests

that if dihydrogen is chemically active on the grains, one would need to consider regions

of high cosmic ray ionisation rate to detect these precursors of glycine, as these reactions

reduce the abundance of methylamine. In the case of the B�gelund et al. (2019) observa-

tion, we have con�dence in the value of our ratio, as the chemical network for methanol

is well-established.

However, the entirety of the above discussion regarding the agreement of our results

with observations is incomplete without discussing the e�ect of the nondi�usive reac-

tion mechanisms being absent in our modelling. These mechanisms are of particular use

when considering reactions between reactants which are likely to react very slowly via the

Langmuir-Hinshelwood di�usion mechanism, such as the reaction between CO and OH

to form CO2. Methylamine and the methylamine radical are formed via reactions 6 and

7, which involve species with high binding energies, thereby making their formation at
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Reference Molecule Reference Abundance Measurements Original Ratio New Ratio

CH3OH B�gelund et al. (2019) 8 � 10� 3 � 0:1 37 0.02
H2 Ohishi et al. (2019) 1:5 � 1:1 � 10� 8 3:5 � 10� 7 3:9 � 10� 10

Table 2.5: Table of methylamine abundance measurements relative to reference molecules
for high-mass stars. Also included are the corresponding ratios obtained in this Chapter
for high-mass stars with the standard cosmic ray ionisation rate for both the original model
and the new model.

10K ine�cient via di�usion. As a result, the fact that we do not include the non-di�usive

mechanisms means that methylamine and its radical are under-produced.

Glycine

While there may be no con�rmed detection for glycine in the literature, various estimates

exist. In Gibb et al. (2004), an upper limit of 0.3% with respect to water was determined,

whereas in Jim�enez-Serra et al. (2014), this was estimated to be around 0.1%. In this

Chapter, we �nd that when the dihydrogenation reactions are not included this value

is 0.07% and when we include both reactions then it is 2� 10� 4%. We should note

that in the absence of experimentally-motivated gas-phase glycine destruction reactions

the values derived in this Chapter are only upper limits, if one neglects non-di�usive

mechanisms. In the previous sub-section, we discussed that methylamine and its radical

are underproduced. This will result in glycine being underproduced as well, not just due

to the underproduction of its precursors, but also because reaction 10 is less e�cient if

assumed to be di�usion-only.

2.4 Conclusion

In this Chapter, we considered the e�ect of including the reactions of H2 with C and CH

in our grain-surface network. We ran a grid of 12 models that vary the �nal density of the

collapsing cloud, the e�ciency for the `barrier' of C + H 2 ��! CH2 as well as the cosmic

ray ionisation rate.

Making molecular hydrogen chemically active unlocks a previously untapped reservoir

of hydrogen, and therefore freeing up the use of atomic hydrogen for hydrogenation reac-

tions. A particularly interesting consequence of this is that making H2 more chemically

active decreased the abundances of glycine and its precursors. This may aid in explaining

glycine has remained undetected so far.
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We note that we do not have a comprehensive gas-phase network for glycine and its

precursors. That is likely to be a limitation. While it is still likely that glycine and its

precursors form on the grains and then evaporate into the gas-phase, it is possible that

there would be gas-phase destruction routes as well. Additionally, cosmic-ray ionisation

destruction routes on the grains and in the gas-phase are likely also needed, as these typi-

cally break large molecules down into smaller radicals which are then recycled for further

gas-phase reactions. As such, the abundances we obtain for glycine and its precursors are

likely to only be upper limits.

An additional limitation is the absence of the non-di�usive reaction mechanisms dis-

cussed in Garrod and Pauly (2011) and Jin and Garrod (2020). The consequence is that

glycine and its precursors do not form e�ciently on the grains at 10 K, which is di�erent

to what was found in Ioppolo et al. (2020). As such, they are under-produced in our

models, whereas di�usion-e�cient reactions overproduce certain species. However, with-

out implementing this formalism in the code, it is di�cult to assess the relative impacts

of these mechanisms on the �nal abundances.
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Chapter 3

Exploiting Network Topology for

Inference of Surface Reaction

Networks

The work presented in this Chapter is based on the paper (Heyl et al. 2020), in collaboration

with Serena Viti, Jonathan Holdship and Stephen M. Feeney.

3.1 Introduction

Bayesian inference has become a standard tool in astrophysics for determining model pa-

rameters from observations. In recent years, it has also become a tool in astrochemistry

(Holdship et al. 2018; Makrymallis and Viti 2014; de Mijolla et al. 2019). However, by

considering increasingly rich chemistry one must ultimately consider more complicated

reaction networks. This results in an increased computational cost. There exists much in

the literature regarding chemical network reduction as a means of reducing the computa-

tional complexity of the problem being solved (Ayilaran et al. 2019). An understanding of

chemical reaction networks and how to simplify them has become increasingly crucial in

astrochemistry (Xu et al. 2019; Grassi et al. 2012). However, these methods have primarily

focused on simplifying the network for the forward problem. For example, Xu et al. (2019)

adopted an iterative approach, where they evaluated the importance of each species at each

85
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timestep. The advantage of Bayesian inference is that it provides probability distributions

for the parameters of interest conditioned on the available data, thereby allowing us to

quantify the uncertainties on these parameters. However, there is the issue that not all

the parameters of interest can be determined. The iterative approach mentioned above

only focuses on the reactions to which species are the most sensitive. This allows for the

reduction in computational expense, unlike for Bayesian inference. In this Chapter we

look to use various features of the network topology to reduce the computational expense

of the inference process.

In this Chapter, we build upon the work done by Holdship et al. (2018) (hereafter

H18) and use the same reaction network to highlight how aspects of the geometry of the

network can be exploited to determine the model parameters at reduced computational

expense. It should be noted that this reaction network only has 24 reactions with four

constraints, but this technique should generalise to larger networks. It is hoped this will

prove particularly useful when considering reaction networks of complex organic molecules

(COMs), where the number of reactions is large and the number of constraints small.

We begin by �rst presenting the chemical network used in Section 3.2. We introduce

the concept of Bayesian inference as applied in this Chapter in Section 3.3. Following

this, we argue why we can reduce the network with its constraints to a simpler one before

presenting explanations for how the positions of particular constraints in the networks are

crucial in Section 3.4. We then go on to discuss how speci�c aspects of the topology of

the reaction network are useful to consider and how these in
uence our choices when we

reduce the network in Section 3.5. Finally, we look at how we can separate a reaction

network into smaller sub-networks in Section 3.6.

3.2 The Chemical Network

We use the same chemical network as in H18, which we set out pictorially in Figure 3.1.

We list all reactions in Table 3.1, assigning them numbers which we use throughout the

paper for brevity. For the sake of simplicity, the hydrogen abundance is not a conserved

quantity, as it is typically � 104 times more abundant than any other molecule, so its loss

in this reaction network is negligible. We also emphasise that this network is a toy model

and is not meant to properly re
ect a complete grain surface network but simply serves

as a proof-of-concept.
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A modi�ed version of the open source gas-grain code UCLCHEM was used (Holdship

et al. 2017). This version only considered the surface chemistry of a collapsing dark cloud.

The cloud is modelled as collapsing from a density of 102 cm� 3 to 2 � 104 cm� 3 over 10

million years. The collapse takes place isothermally at 10 K. As chemistry only occurs on

the grain surface, freeze-out rates are required. Freeze-out rates are the rates at which

atomic and molecular species stick to the dust grains and build up ices (Hocuk et al. 2014;

Fraser et al. 2003). The freeze-out rates were found in H18 by running a single-point model

of the full UCLCHEM code. The species that were given freeze-out rates were: CO, CS,

O, H, OH and S. More details can be found in H18.

Figure 3.1: A diagram of the chemical reaction network considered. For the sake of
simplicity, any reactions with hydrogen and oxygen are represented with H and O next to
the arrow. For the case where a molecule can be formed in multiple reactions, such as
for OCS, the arrow colours pointing to that molecule indicate the reactants. For example,
the dash-dotted orange arrows that point from HS and CO to OCS indicate that these two
molecules form OCS. Molecules in blue boxes have constraints on their �nal abundances.
Molecules in white boxes have upper limits on their abundances.

As already mentioned above, the small chemical network we use for this Chapter is not

meant to represent a comprehensive surface network. Nevertheless, the choice of most of

the reactions was based on the results of experimental studies. For example, the successive

hydrogenation of CO to form CH3OH has been studied in detail and is considered to be

the dominant reaction pathway (Chuang et al. 2016). Similarly, CO2 has been found to be
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Reaction No. Reaction

1 O + H ��! OH
2 OH + H ��! H2O
3 CO + OH ��! CO2

4 S + H ��! HS
5 HS + H ��! H2S
6 H2S + S ��! H2S2

7 CS + H ��! HCS
8 HCS + H ��! H2CS
9 CO + S ��! OCS
10 OCS + H ��! HOCS
11 H2S + CO ��! OCS
12 H2S + H2S ��! H2S2

13 H2S2 + CO ��! CS2 + O
14 H2S + O ��! SO2

15 CS2 + O ��! OCS + S
16 CO + HS ��! OCS
17 S + O ��! SO
18 SO + O ��! SO2

19 SO + H ��! HSO
20 HSO + H ��! SO
21 CO + H ��! HCO
22 HCO + H ��! H2CO
23 H2CO + H ��! H3CO
24 H3CO + H ��! CH3OH

Table 3.1: Table of the reactions used in this Chapter taken from Holdship et al. (2018)

e�ciently formed when CO and OH react (Ioppolo et al. 2011a). Beside a small network

representing the main routes of carbon- and oxygen-bearing species on the ices, we chose

to include a small network producing sulphur-bearing species, since there is still much

unknown about the form that ultimately sulphur takes on the ices during the cold phase

of the star formation process (Woods et al. 2015; Laas and Caselli 2019).

In this Chapter we consider a number of variants of the chemical network shown in

Figure 3.1. These con�gurations, which di�er in terms of the reactions and/or constraints

used, are enumerated in Table 3.2: the con�guration numbers will be used throughout

the work. The combination of the full reaction network shown in Figure 3.1 with the

abundance measurements as listed in Table 3.3 is Con�guration 1.
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Con�guration No. Reactions Used Molecules with Constraints
1 1-24 CO, CH3OH, CO2, H2O
2 1-6, 9-24 CO, CH3OH, CO2, H2O
3 1-3, 21-24 CO, CH3OH, CO2, H2O
4 1-24 CH3OH, CO2, H2O
5 1-24 CO, CO2, H2O
6 1-24 CO, CH3OH, CO2, H2O, SO2, OCS, H2S
7 4-20 CO, SO2, OCS, H2S
8 4-20 SO2, OCS, H2S
9 1-3, 21-24 CH3OH, CO2, H2O

Table 3.2: A table listing all the various network con�gurations used and referred to
throughout this Chapter.

3.3 Bayesian Inference

3.3.1 Introduction to Bayesian Inference

As in H18, our aim is to determine the 24 reaction rates, which we represent as a parameter

vector, � = ( k1, k2 ..., k24). We are therefore faced with a 24-dimensional inference

problem. The grain code used took in these reaction rates and produced the corresponding

abundances, which are represented by a vectorY = ( Y1; Y2:::; Y23). Henceforth we refer

to the \forward model" when we input a particular value of � to obtain some Y .

We know the abundances of four of the molecules in the ices of the network shown

in Figure 3.1, which are in blue boxes. These are taken from Boogert et al. (2015) and

listed in Table 3.3. We are looking to solve the \inverse problem", i.e. what values of

� yield values of Y that match the observations best? Such a problem naturally lends

itself to a Bayesian approach. The inherent degeneracy of this problem should be noted.

Observations only exist for 4 of the 24 molecules. This suggests that the rates of the

reactions that do not in
uence the abundances of these four molecules will be poorly

constrained (if at all), and there will be many values of these rates that give the same

observations. For a discussion of the degeneracies, please refer to H18. Exploiting the low

number of constraints in order to speed up the inference process is a crucial point in this

Chapter.

We use Bayes' Law to determine the probability distribution of the values of the

reaction rates as described in Section 1.5. The evidence is a normalising factor and is

typically di�cult to evaluate. However, as it is independent of � , we can instead just

consider



90 Chapter 3. Exploiting Network Topology for Inference of Surface Reaction Networks

P(� jd) / P(dj� )P(� ); (3.1)

which is just the unnormalised posterior.

3.3.2 Implementation

Evaluating the reaction rate posterior requires speci�cation of a prior on the reaction

rates and a likelihood. We chose the same prior as in H18: a log-uniform distribution

between 10� 30 and 10� 5. From chemical considerations, we know that these reaction

rates are ultimately very fast. Typically, we might therefore select a prior that favours

higher reaction rates. We chose, however, to ignore this information, instead following

the traditional approach of using a log-uniform prior, which equally weights rates over a

range of orders of magnitude.1 It is important to note that, despite our motivation for

this prior, we realise that we are in a prior-dominated regime, which we demonstrate in

Appendix A with very di�erent prior assumptions. Unlike in the data-dominated regime,

these prior-dominated posteriors di�er signi�cantly among themselves. This, however,

does not detract from the analysis we conduct in this Chapter.

A Gaussian likelihood function was used, which takes the form

P(dj� ) =
ndY

i =1

1
p

2�� i
exp

�
�

(di � Yi )2

2� 2
i

�
; (3.2)

where nd is the number of observations and� i is the uncertainty of the i th observation.

We only multiply over the species which have observed abundances. We refer to these

observed abundances as constraints as they constrain the parameter space of our reaction

rate posteriors.

In order to determine the posterior, the PyMC3 Python package was utilised (Salvatier

et al. 2016). The PyMC3 package includes a range of samplers. Here, we used the

Metropolis-Hastings algorithm, a simple Markov Chain Monte Carlo (MCMC) method. A

Gaussian proposal distribution was used. Before each run, 500 tuning steps were initially

1 It is worth noting that the use of a single prior to represent complete ignorance (Walley 2000; Norton
2008) has received criticism. Complete ignorance can be represented by repeating the analysis using several
priors that signi�cantly di�er from one another (see Fischer (2019) for a straightforward application to a
simple problem of chemical kinetics).
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taken to determine the optimal covariance of the proposal distribution. These tuning steps

were not included in our analysis and were discarded. For the relatively low number of

dimensions (< 50), a point-based sampler such as this one is suitable. 50 chains of length

106 were used to sample the posterior probability space. We created a Python wrapper

of the grain code using F2Py that was then fed values of� during the sampling process

(Peterson 2009).

Though simple sampling methods su�ce for the dimensionality of the posteriors con-

sidered here, the same will not be true for more complex networks. A key point that needs

to be considered is the limitations of many MCMC methods as the number of dimensions

increases. Brewer and Foreman-Mackey (2016) discuss how some widely-used samplers

struggle to give sensible results in higher dimensions. The popular emcee Python pack-

age that was used in H18 is discussed to be useful for when the number of dimensions

is fewer than 50, with it struggling in higher dimensions (Huijser et al. 2015). Even for

the case where the sampler does not struggle as the number of dimensions increases, the

time taken to run the inference process will still increase. This increase in computation

time will eventually become prohibitive. In Section 3.6 we will argue that we can split

our reaction network up into sub-networks on which we can perform Bayesian inference.

By carefully placing the \cut" on the reaction network, we then show that we can re-

produce the results of the full reaction network inference with these sub-networks. Each

sub-network has lower dimensionality than the original network, meaning its rates can be

inferred more quickly and by simpler samplers. Additionally, the inference process on all

the sub-networks can be run in parallel.

3.3.3 Constraints

Species Abundances relative to H

H2O (4:0 � 1:3) � 10� 5

CO (1:2 � 0:8) � 10� 5

CO2 (1:3 � 0:7) � 10� 5

CH3OH (5:2 � 2:4) � 10� 6

Table 3.3: The abundances and uncertainties for the molecules with observed values taken
from Boogert et al. (2015).

It is essential to include constraints in order to formulate a likelihood function. In H18,

four constraints for molecules in the reaction network were taken. Table 3.3 shows the
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abundances of the molecules taken from Boogert et al. (2015). These ice abundances are

derived from ice band pro�les. The column densities can be calculated using the integrated

optical depth as well as the integrated band strength. The latter were determined from

laboratory experiments by Boogert et al. (2015). From the table, it is clear that the

strongest constraint is on H2O, which is known to exist at the 3 � level, whereas the other

molecules' abundances di�er from zero at only 1:5 � 2:2 � . H18 also reformulated the

likelihood function to include upper bounds on the abundances of OCS, H2S, SO2 and

H2CO. This was not found to have a signi�cant e�ect on the reaction rates determined

and so we do not include these upper bounds in the following work. For the rest of this

Chapter we use a likelihood function of the form in Equation 3.2.

3.4 Network Reduction Methods

3.4.1 Overview

Galagali and Marzouk (2019) considered a similar problem to the one discussed in this

Chapter in the context of systems biology. There, they considered the case of a reaction

network with a single observation. The main di�erences between the networks they con-

sidered and the one being considered here is the absence of enzymes as well as the absence

of reversible reactions.

They de�ned the \e�ective reaction network" as the subset of reactions that must

be kept in order to produce the same values of the observable. This is a useful concept

to consider, especially in the context of network connectivity. Some subsets of reactions

will evolve completely independently of one another, with there being no competition for

chemical species. While this may seem unlikely in the context considered here, it is true

when one assumes that hydrogen's abundance is signi�cantly higher than that of any other

species. This can be seen in �gure 3.1, where the successive hydrogenation of CS to form

H2CS is clearly independent of the rest of the reaction network. This reaction chain will

be referred to as the \H2CS chain" from now on.

3.4.2 Network Reduction of Non-Connected Networks

We consider the \H2CS chain" in greater depth. Under the assumption that there is no

competition for hydrogen, we should expect the \H2CS chain" and the other reaction

network with the remaining 22 reactions (Con�guration 2) to evolve completely indepen-
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Figure 3.2: Plots of the posterior probability distribution for the original reaction network
considered in Holdship et al. (2018) as well as the 22-dimensional e�ective network by
removing the \H2CS chain". We observe good agreement in the shapes of the posterior
distributions, with any di�erences due to speci�c samples drawn from the MCMC chains.
The con�guration 1 posteriors match those from H18.
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dently, as the species do not interact. We infer the reaction rate posteriors for Con�gura-

tions 1 and 2. Figure 3.2 shows the posteriors on the common reactions to be essentially

identical. Any di�erences are due to the speci�c samples drawn in the MCMC chains.

This intuitively makes sense as the ordinary di�erential equations that govern the two

sub-networks will evolve independently of one another. Since none of the reactions in the

\H 2CS chain" are constrained in Con�guration 1, it stands to reason that these reaction

rates are nuisance parameters. As such, removing these two reactions from the inference

should make no di�erence.

While the example given might seem trivial, one needs to consider under what cir-

cumstances one might have a reaction network with a disconnected segment. In surface

grain chemistry, the molecules must contend with both an activation energy barrier as

well as a di�usion energy barrier. Only if both of these can be overcome, is the reaction

likely to happen e�ciently. If either one of these barriers is too high, then one can in fact

approximate that reaction as not happening and \cut" o� that reaction. This might lead

one to separating a reaction chain from the rest of the network. In this example, one could

conceivably imagine a hypothetical reaction being possible between H2CS and any other

molecule in Con�guration 2, but the activation energy barrier is too high to overcome at

10 K. It is therefore simpler to exclude it.

3.5 Further Network Reduction

In the previous section, we observed that the network connectivity of a chemical reaction

network can allow us to discard reactions that do not in
uence the values of observed

abundances. In this section, we develop this idea further by arguing that the locations of

the constraints in the reaction network allow us to discard more reactions.

We wish to emphasise once again that we are not seeking to make quantitative pre-

dictions about the reaction rates. Instead, we are looking to develop a qualitative under-

standing of the kinetics as well as develop an intuition for how the methods that will be

discussed in this Chapter can be applied to other astrochemical modelling scenarios.

3.5.1 Reducing the Network

We begin by brie
y returning to the posteriors in Figure 3.2. The uncertainties on the

rates of reactions 1 and 2 are signi�cantly smaller than for reactions 3 and 21-24. This
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relates to the uncertainties on the abundances of the molecules, as discussed in Section

3.3.3. In the limit that the abundances of all molecules involved in a reaction are perfectly

known, one would expect the posterior distribution of the reaction rate to approach a Dirac

delta function. The greater con�dence level in water's presence is therefore responsible for

the tighter constraints on the rates of Reactions 1 and 2. Improving the precision of the

abundance measurements of CO, CO2 and CH3OH would in turn tighten the constraints

on their reaction rates. In Figure 3.1, we observe that all the reactions whose reaction

rates are constrained have a constraint at the end of their respective chain. Consider the

successive hydrogenation of carbon monoxide to form methanol, henceforth referred to as

the \methanol chain". The fact that there is a constraint present at the end is signi�cant.

By constraining the amount of methanol, one e�ectively constrains the reaction rates of

its precursors, CH3O and H2CO from below, as the existence of methanol requires its

precursors to have been produced. If the reaction rate of these reactions is too high, then

too much methanol will be produced. However, there is an inherent degeneracy in the

rates of the intermediate reactions, so it is unclear how the rates are partitioned between

the two reactions. What one �nds is that these intermediate reaction rates are coupled, by

observing their joint probability distributions. One reaction will serve as the rate-limiting

reaction, with the other compensating for this by being signi�cantly faster to produce a

su�cient amount of the �nal product, in this case methanol. This is discussed in more

depth for the speci�c reactions in H18.

Additionally, the constraint on carbon monoxide constrains the abundances of these

molecules from above. One can then qualitatively say that as there are now constraints on

their abundances, there are therefore constraints on their reaction rates, as the reaction

rates re
ect how much of these molecules forms over time.

In the network shown in Figure 3.1, none of the sulphur-bearing molecules have con-

straints on them. The reaction rates of these reactions can be treated as unconstrained

parameters, despite the fact that carbon monoxide, a central molecule in the sulphur-

centric network, is constrained. This suggests that the sub-network consisting of the 10

non-sulphur bearing species can be treated independently. We exclude these sulphur-

bearing reactions for now and only consider reactions 1-3 and 21-24. This is Con�guration

3, which is a \sub-network" of Con�guration 1 as it contains a subset of the reactions.

To investigate the impact of excluding the sulphur-bearing reactions, we re-run our

Bayesian inference on this con�guration, producing the posterior probability distribution
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Figure 3.3: Plots of the posteriors of Con�guration 1, Con�guration 3 and Con�guration
3 with the dummy reaction X + CO ! XCO . We observe that the inclusion of this
additional dummy reaction provides a better approximation to the Con�guration 1 posterior
than the Con�guration 3 posterior does.
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functions in Figure 3.3. With the exception of H + CO ! HCO, we recover the maximum-

posterior reaction rates obtained previously. However, we see that the variances have

decreased for reactions 3 and 21-24, resulting in more peaked distributions, and reactions

1 and 2 have posteriors that are less peaked than for Con�guration 1.

We would like to emphasise that this is a purely arti�cial e�ect. By eliminating the

sulphur-bearing reaction rates, which were essentially nuisance parameters, the variance

of reactions 3 and 21-24 have decreased. It should be noted that these reactions compete

for CO with the removed sulphur sub-network. Removing the sulphur-based reactions

means the non-sulphur reactions have to use up more CO. We observe that of all the

reactions, the reactionH + CO ! HCO sees the greatest change between Con�guration 1

and Con�guration 3. In fact, we observe that a signi�cant portion of the posterior mass is

shifted from the reaction rates below the peak to the reaction rates above the peak. This,

coupled with the increase in the maximum-posterior of the rate parameter, suggests that

the excess CO, that would normally be consumed by the sulphur reactions, is stored in

the methanol chain. In particular, the fact that only the hydrogenation of CO experiences

a signi�cant change in the posterior suggest that the excess CO is stored as HCO.

At this point, it is unclear why Reactions 1 and 2 see increases in the variance of

their posteriors. For these reactions, the decrease in the posterior mass under the peaks

is compensated for by an increase in the posterior masses for reaction rates slower than

the maximum posterior-rate. This suggests that the reactions can proceed at slower rates

and still produce su�cient OH that goes on to produce H 2O and CO2.

The MCMC runs for Con�guration 3 are 2.3 times shorter than for Con�guration

1, with the time taken for the runs decreasing from 30 to 13 hours. By excluding the

unconstrained reactions, we are able to reduce walltime drastically, at the cost of moderate

changes to the posterior. In the next sub-section, we discuss a method for recovering the

full posterior. Finally, it should be emphasised that this dimension reduction must only

be considered when solving the inverse problem. For a full picture of the chemistry one

must include all reactions in the forward-model.

3.5.2 Recovering the Full Variance

We noted previously that the decrease in the variance of the posteriors was an arti�cial

e�ect. Recovering as much of this original variance as possible is critical, as without it

the precision of the inferred rates will be overstated. A consideration of the reactions



98 Chapter 3. Exploiting Network Topology for Inference of Surface Reaction Networks

that were removed is a good starting point. Looking at Figure 3.1, one can see that from

the perspective of Con�guration 3, the removal of the reactions a�ected the CO deple-

tion. In other words, Con�guration 3 only sees that we removed CO-depleting reactions.

The products of these CO-depleting reactions are not constrained, and these reactions

are therefore responsible for the larger uncertainty in the posteriors of Con�guration 1

compared to Con�guration 3.

In order to recover this variance, one must account for the arti�cially altered CO

depletion. As a �rst, simple approximation we add a fake reactionX + CO ! XCO , where

X is meant to encompass all the removed reactions that consumed CO, and XCO is simply

the network of products. The abundances of both X and XCO remain unconstrained. Even

though X is not meant to represent a particular molecule, it still requires a freeze-out rate,

as this grain-code only considers reactions that take place on the grain surface. The

freeze-out rate for sulphur was used. The posteriors are shown in Figure 3.3. Adding a

single unconstrained reaction clearly yields a good (though still imperfect) approximation

to the full set of sulphur-consuming reactions in this setting, matching the variance of the

full network's rate constants more closely and removing the bias on the inferred rate of

H + CO ! HCO. Further work should be done to investigate whether increasing the

number (and architecture) of \dummy reactions" aids in recovering the full posterior.

3.5.3 Network Topology Considerations

We now discuss how the placement of the constraints in the network can be signi�cant.

From the above analysis, it is not entirely clear what constraints are the most \essential".

To shed light on this problem, we focus on the methanol chain, which has a constraint on

molecules at both ends.

We perform Bayesian inference on the full reaction network twice:

� once without the CO constraint (Con�guration 4)

� once without the CH3OH constraint (Con�guration 5)

The resulting posterior probability distribution functions for Reactions 21-24 are shown

in Figure 3.4 alongside the distributions for the original network. The posteriors for

Reactions 1-3 are not included, because these did not change signi�cantly.

We observe that removing the constraint on CO has no e�ect on the reaction rates.

The reaction rate posteriors for reactions 21-24 are broadly identical. This can be easily
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explained. In this case, one knows that a �xed amount of methanol is produced. As such,

over the period of 10 Myr, a certain amount of CO has to be consumed. This results in

the successive hydrogenations being constrained, which is why the reaction rate posteriors

do not change.

However, removing the constraint on methanol results in the loss of constraints on 3

of the 4 reaction rates of the methanol chain, with only the hydrogenation of CO being

recovered. This appears to suggest that there is a notion of \distance" between a constraint

and the reaction rate of interest. Information about the subsequent reaction rates in the

methanol chain is lost due to methanol's abundance being unconstrained. In this model,

we know that CO (as one of the adsorbed species) is present on the grains, but there is no

information about how much of it goes into making methanol. However, it is interesting

that reaction 21 remains constrained. One possible interpretation is that we know how

much CO is used in reaction 3 and this possibly helps constrain how much CO is used in

reaction 21. However, using this reasoning, one cannot explain why reactions 9 and 13 are

not constrained, as these are also CO depletion reactions.

This suggests that in any reaction chain, some knowledge of the abundance of the

end-products is required, which might be problematic when the species are undetected.

However, one can still provide theoretical predictions for these abundances that could be

used.

3.6 Application to the Network with Arti�cial Sulphur Con-

straints

As a proof of concept, we wish to apply the insight from the previous section to a new grain

surface network. However, this is di�cult due to the limited number of observations that

exist for grain-surface molecules. Boogert et al. (2015) provided upper limits for several

molecules in the ice. We chose to arti�cially transform the upper limits on OCS, H2S

and SO2, into weak measurements by taking their abundances to be half the respective

upper limit with an uncertainty of one-quarter of the upper limit. We would like to

emphasise again here that we are simply trying to demonstrate how the location of these

three additional constraints provides us with more knowledge ofk. We do not claim this

to be an accurate representation of sulphur chemistry on the ices in a dark cloud. Many

theoretical and modelling studies have been recently performed investigating the sulphur
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Figure 3.4: The posterior probability distributions for reactions 21-24 when CO and
methanol are separately removed. The original distributions are also included for com-
parison. We observe that for reactions 21-24, removing CO neither a�ects the position
of the peak of the distribution nor the shape of the distribution. Removing methanol does
not change reaction 21's maximum-posterior rate, but removes all information about the
reaction rates of reactions 22-24. We do not include reactions 1-3, as their posteriors are
unchanged when the constraints are removed.

depletion and the reactions on surfaces involving sulphur-bearing species and we refer the

reader to such studies for a comprehensive review on the subject (e.g. Jim�enez-Escobar

et al. (2014); Woods et al. (2015); Vidal and Wakelam (2018); Laas and Caselli (2019)).

3.6.1 The Full Network

Bayesian inference was performed for the full network with the new arti�cial constraints.

This is Con�guration 6. Despite adding these constraints elsewhere in the network, the

maximum-posterior reaction rates of reactions 1-3 and 21-24 (none of which involve sul-

phur compounds) were found to be unchanged and the posteriors were largely similar.

This fact strongly implies that the sulphur-based and non-sulphur-based reactions can

be separated into sub-networks, whose reaction rates can be inferred independently, even

when constraints on the sulphur-based products become available.

We also identify eight new reactions for which the marginalised posterior probabil-

ity distributions deviate from uniformity. These are all reactions that involve several of

the molecules whose abundances have now been constrained. The posterior probability
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Figure 3.5: Plots of the posterior probability distribution which deviate from uniformity
for the expanded reaction network. We compare the posterior distributions of Con�gura-
tion 6 with those of Con�gurations 7 and 8. We observe better agreement of the sulphur
sub-network when we leave CO's abundance as a free parameter, which corresponds to
Con�guration 8.
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Species Abundances

H2O (4:0 � 1:3) � 10� 5

CO (1:2 � 0:8) � 10� 5

CO2 (1:3 � 0:7) � 10� 5

CH3OH (5:2 � 2:4) � 10� 6

OCS (6:0 � 3:0) � 10� 8

SO2 (2:0 � 1:0) � 10� 6

H2S (8:0 � 4:0) � 10� 7

Table 3.4: The abundances and uncertainties taken for the network with arti�cial sulphur
constraints. For the �rst four species, the abundances were taken in their present form
from Boogert et al. (2015). Boogert et al. (2015) provided upper bounds for the listed
sulphur-based species. For the analysis in this section, the abundances of the sulphur-based
species were taken to be half the upper bound value. Their uncertainties were taken to be
50%.

distributions are shown in Figure 3.5.

3.6.2 Including the CO constraint 1

In the following, we investigate the optimal way of splitting the full network into sulphur-

and non-sulphur-based sub-networks. The two sub-networks compete over CO, one of

the molecules with a constraint. We know from Section 3.5 that we can include the full

CO constraint in the non-sulphur sub-network without signi�cantly biasing the inferred

reaction rates. To test if this is the case for the sulphur sub-network, we consider two cases,

performing Bayesian inference on the sulphur sub-network with the full CO constraint

(Con�guration 7) and leaving the CO abundance as a free parameter (Con�guration 8).

The time taken for Con�guration 6 is about 30 hours, whilst the runs for Con�gurations

7 and 8 took about 23 hours.

In Figure 3.5 we compare the rate posteriors for the arti�cially constrained sulphur-

based reactions obtained with Con�gurations 6-8. For the eight new rate posteriors ob-

tained in Figure 3.5, we observe better agreement when the CO constraint is not included.

The main explanation for this is that as several CO depletion reactions in Con�gurations

7 and 8 have been discarded, the other reactions in the network are required to produce

more molecules that will react to deplete the CO abundance. This can be seen by the

fact that the reaction rates for the successive hydrogenation of sulphur to produce H2S

are greater when the CO constraint is included. This is because H2S reacts with CO to

produce OCS. To deplete the excess CO, more H2S must be produced.

It is interesting to note that one can apply the full CO constraint in the non-sulphur



3.6. Application to the Network with Arti�cial Sulphur Constraints 103

sub-network, but not in the sulphur sub-network. This is due to the relative sizes of the

abundances of the constrained species. As shown in Table 3.4, the abundances of the

sulphur-based molecules that are added are between 2 and 3 orders of magnitude less

abundant than the constrained species in the other network. It should be noted that

it is assumed that CO is already present to begin with and can only be consumed. No

CO-formation reactions are present. As such, the contribution of the sulphur-network in

depleting the CO is small compared to the non-sulphur network.

To get a better idea of the amount of CO that is used up by the sub-networks, we

ran the forward models of the grain-code. By setting the reaction rates to zero, the

only rates left were the freeze-out rates. These gave an idea of the total amount of CO

available. This was found to be 4:0 � 10� 5. From Table 3.3, we know that the amount of

CO that should be left is (1:2 � 0:8) � 10� 5. Running the forward model of the sulphur-

only network with CO as a free parameter, shows that the �nal CO abundance is about

(3:3 � 1:1) � 10� 5. This suggests that the non-sulphur network consumes four times as

much CO as the sulphur-centric network does. By considering how the two sub-networks

rely on the common constrained molecule, CO, we �nd that we can easily separate them.

Leaving the CO abundance unconstrained reduces the bias in the the maximum-

posterior reaction rates, but this does not perfectly reproduce the full network's posterior.

This is an issue, because it means that the variance of the full network is not preserved.

An additional reaction of the form X + CO ! XCO could potentially be used, just as

was done in section 3.5.2. However, unlike before this reaction will be replacing a reaction

sub-network with constraints. This makes the problem more complicated than before, as

one might need to consider how to combine the constraints to create a \constraint" for

XCO. One could simply give XCO an abundance equal to the sum of all the constraints

that have been replaced. One might also need to provide several \dummy" reaction chains

of varying length to best recover the original posterior. Considerations of the architecture

will be discussed in future work.

3.6.3 Including the CO constraint 2

In the previous subsection, we argued that by virtue of the fact that the constraints in one

sub-network were orders of magnitude greater than in the other sub-network, we could

simply take the full CO constraint and use it in the former. Speci�cally, we want the

CO constraint to be comparable to that of OCS, a molecule which depletes CO. However,
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Figure 3.6: The posterior distributions for Reactions 1 and 2 when the initial CO abun-
dance is reduced by a factor of104. We compare the posterior distributions of Con�guration
6 with those of Con�gurations 3 and 9. We observe the best agreement between Con�g-
urations 6 and 9, suggesting that for this sub-network, it is better to exclude the reduced
CO constraint.

we now consider the case where the constraints in each sub-network are comparable in

nature. To do this, we arti�cially reduce the abundance of CO in the system. This is

done by reducing the freeze-out rate by a factor of 104. As only grain surface reactions

are considered, this reduces the amount of CO available for grain-reactions by the same

factor.

Obviously changing the amount of CO present in the model has an e�ect on reactions

obtained. With so little CO, it is impossible to match the abundances of methanol and

carbon dioxide. As a result of this, the posteriors of these reaction chains are close to

uniform. However, the point of these simulations is not to model the chemistry accurately.

We want to know what we should do with the CO constraint in each sub-network. To

aid understanding, we will consider the two sub-networks separately. We would like to

note that even though the CO constraint has been reduced, the con�guration for the

full-network still corresponds to Con�guration 6.

The non-sulphur sub-network

Recall that the non-sulphur sub-network consists of reactions 1-3 and 21-24. The question

is whether or not one wishes to include the reduced CO constraint to recover the posterior

of the full-network (Con�guration 6). Including the CO constraint gives Con�guration 3

and excluding it gives Con�guration 9. The posterior distributions are shown in Figure

3.6. We observe that the only posteriors that deviate from non-uniformity are those for the

reaction rates of Reactions 1 and 2. We observe that Con�guration 9, which corresponds to
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excluding the reduced CO constraint, matches the posterior distribution of Con�guration

6 the best for Reaction 1, not only in terms of the location of the maximum-posterior

but also in terms of the posterior shape. Con�guration 3 is found to recover the posterior

better for Reaction 2.

We also observe that the maximum posterior reaction-rates for Reactions 1 and 2

match those obtained previously in the work, even though the CO abundance was greatly

reduced. This adds support to the idea that Reactions 1 and 2 form their own sub-network

and are ultimately independent.

The sulphur sub-network

Figure 3.7 shows the non-uniform posteriors of the reaction rates for the sulphur sub-

network. We �nd that the maximum-posterior rates for these reactions do not change

when we discard Reactions 1-3 and 21-24, regardless of whether we include CO's new

abundance constraint. As before, however, the precise forms of some of the posteriors are

very di�erent. This did not appear to be as much of an issue in Figure 3.6, which might be

related to the relative levels of uncertainty on the relevant species, as discussed in section

3.4.

3.6.4 Comments on the Topology of the Sulphur Sub-Network

We notice that adding the arti�cial constraints on sulphur-based species results in the rate

of the reaction between H and OCS being constrained. This is interesting, as the abun-

dance of the product, HOCS, is not constrained. Instead it is the penultimate molecule

in the reaction chain, OCS, that is constrained. This suggests that it is not necessary

for the end of a reaction chain to be constrained to constrain the reaction rates, as was

observed with methanol in section 3.5.2. It seems that having a constraint on the penul-

timate molecule is su�cient. Constraining an earlier molecule would not do the trick, as

was demonstrated when methanol's constraint was removed but CO's was kept. There

is a notion of distance that needs to be considered. However, this would need to all be

reconsidered for the case where there is more than one depletion mechanism for OCS. It is

likely that having two depletion mechanisms, each of whose end product is unconstrained,

would have a di�erent e�ect, as there will be uncertainty about the branching ratio of

each depletion route.
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3.7 Conclusion

Figure 3.7: Plots of the obtained posteriors for Con�gurations 6,7 and 8 when the CO
abundance is reduced by a factor of104. We observe that for this case, where the CO
constraint is not several orders of magnitude greater than the abundances of the molecules
in the sulphur sub-network, that it does not matter whether we include the CO abundance
or not. Both cases allow us to recover the reaction rate with a very small bias.

In this Chapter, we have proposed new methods for performing Bayesian inference

on chemical reaction networks that have very few constraints. We �nd that reducing

the reaction network to just the reaction chains whose ends are constrained allows us

to greatly reduce the computational expense. Despite the simpli�cation, our most likely

reaction rate values are mostly unchanged. We also �nd that we can separate chemical

reaction networks into sub-networks, which can be analysed in parallel. We believe that

such network reduction techniques will be of great use when looking at grain surface

reaction networks, where there are few constraints on the molecules. However, it should

be noted that the results of such a simpli�ed chemical model can only provide a qualitative

understanding of the chemistry.

We brie
y summarise some general observations we have made that might prove useful

in reducing reaction networks for Bayesian inference:

� Reducing the network reduces the computational expense of the inference process.

The time taken for our inference runs scales roughly linearly with the number of
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reactions. However, the network connectivity is also likely to be a signi�cant factor.

This warrants further investigation.

� Reducing the network comes at the cost of arti�cially changing the variance of the

posteriors. However, this variance can be partially recovered by adding a dummy

reaction where the product is unconstrained, though there is the risk that the joint

posterior distribution becomes more unrealistic. This needs to be investigated in

further depth.

� When considering a reaction chain, it is important to include constraints for the �nal

or penultimate molecule produced, as this ensures (for the case of a linear reaction

chain) that the reaction rates of intermediate reactions are constrained. This might

provide a general idea for future observations in terms of which molecules in the

ices to look for. However, for more complex reaction networks, the intermediate

reactions may play a more signi�cant role.

� A network can be \separated" into sub-networks. This is a potentially very use-

ful tool, especially when looking at the grain surface chemistry of complex organic

molecules, where the networks themselves are very large. For example, Garrod (2013)

provides a potential surface reaction network with around 200 reactions. In princi-

ple, this network could be split up into smaller sub-networks and Bayesian inference

could then be performed on each sub-network in parallel. A potential general strat-

egy would be to perform the network splitting at the point in the network with the

highest network connectivity. For the network considered in this Chapter, this was

the CO molecule. By making appropriate arguments about the relative magnitudes

of the sub-networks and placing appropriate cuts in the networks, one could repeat

the procedure as above. In order to decide what to do with a constrained molecule

that is shared by the two sub-networks, one can make arguments about the relative

abundances of the molecules in each sub-network. There are two cases to consider:

{ For the case where the shared constrained molecule has a signi�cantly larger

abundance than the molecules in one of the sub-networks, one can include its

constraint in the higher-abundance sub-network.

{ For the case where the shared constrained molecule is roughly the same as the

abundances in either of the two sub-networks, one can choose to include it in
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either or both sub-networks.

For the case of a more interconnected networks with linear components (see Figure

11 in Linnartz et al. (2015) for an example of such a network), it makes sense to

separate out the linear reaction chains �rst, as we found in section 3.5.3 that their

topology is easy to understand intuitively. By removing these linear reaction chains,

one could treat the interconnected sub-networks separately. Depending on their

topology, one can employ the separation strategies discussed in this Chapter.

Further work will need to focus on recovering the posterior distributions better. A

quantitative approach is needed to better compare the posteriors inferred with full net-

works and sub-networks as well as explore how to use \dummy reactions" of the form

X + CO ! XCO to recover the variance for the case where the reaction replaces a

sub-network with constraints.

Future work will also need to to look reaction networks with more complex geometries.

The example considered here is fairly simple, with a relatively low degree of connectivity.

As the complexity of the reaction networks considered increases, there will need to be

more well-de�ned notions of how the position of a constraint in
uences the inference of

related reaction rates. The guidelines we have presented are applicable to simple networks.

Investigation of more interconnected networks is the focus of ongoing work. We aim to

come up with a set of criteria to determine how to best separate more complex networks.



Chapter 4

Bayesian Inference of Reaction

Rate Parameters of a Glycine

Network

The work presented in this Chapter is based on the paper Heyl et al. (2022b), in collabo-

ration with Jonathan Holdship and Serena Viti.

4.1 Introduction

In Chapter 3 we discussed how we could use the topology of the network to reduce the

computational time to estimate the reaction rates. However, this involved removing some

reactions and/or splitting the network, both of which are manual processes that are likely

to get more complicated as the network complexity increases. In this Chapter, we wish to

come up with another way of reducing the dimensionality of the problem without having

to make changes to the network.

As previously discussed, Bayesian inference can be used to estimate reaction rate pa-

rameters using observations. While this tool has become a staple in many areas of astro-

physics, it is only recently that it has found use cases in astrochemistry (Makrymallis and

Viti 2014; Holdship et al. 2018; de Mijolla et al. 2019). In Holdship et al. (2018), reaction

rates were inferred using a toy network. In Chapter 3, the topology of this network was

109
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also considered, speci�cally the placement of constraints within the network. Both of these

works considered the rates of the reactions, without considering the actual, underlying re-

action mechanisms. However, it was noted in both works that the paucity of grain-surface

species abundances means that many of the reaction rates will remain undetermined, due

to the high levels of degeneracy. This Chapter seeks to circumvent this issue by using the

physics of the grain-surface di�usion mechanism to reduce the number of free parameters

and therefore break this degeneracy.

To better understand the importance of various reactions, it is important to have

knowledge of the binding energies on dust grains of the species involved. Molecular binding

energies provide an upper temperature limit at which the species is still active on the grain

surface before it desorbs into the gas phase (Penteado et al. 2017). As such, having accurate

molecular binding energy values is crucial when modelling grain-surface chemistry, as

Penteado et al. (2017) showed that the grain-surface chemistry was very sensitive to the

values of the binding energy. A variety of approaches have been taken to determine

the binding energies, ranging from experimental approaches (He et al. 2016) to density

functional theory (Ferrero et al. 2020).

However, despite the various approaches used to estimate binding energies, there is

still signi�cant uncertainty when it comes to their values. In this Chapter, we use the

Bayesian framework to estimate the binding energies of species. This is an important

quantity, as it represents the mobility of the species on a dust grain. The values of

the binding energies of species di�er signi�cantly across the literature (Penteado et al.

2017; McElroy et al. 2013; Wakelam et al. 2017). This high level of disagreement may be

due to di�ering modelling and/or experimental approaches which cannot necessarily be

reconciled. By using measured abundances of some grain-surface species, we are looking

to provide estimates of binding energies with uncertainties.

However, Bayesian inference typically has a long run-time, that is dependent on both

the number of dimensions that are being explored as well as the time taken per forward

model evaluation. A higher dimensionality means that the Bayesian inference sampler

requires more samples to converge to a stationary posterior distribution. We reduce the

dimensionality of our problem by utilising physical considerations of the reaction mech-

anism. This also reduces the total time taken for the inference. We also use statistical

emulation to reduce the time further by decreasing the time taken per forward model

evaluation. This is particularly relevant when performing the inference multiple times,
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given that each inference run calls the forward model tens of thousands of times.

We begin by �rst explaining the chemical code and network that will be used in this

Chapter in Section 4.2. Additionally, we describe the grain-surface di�usion mechanism

that lies at the heart of our investigation. We will explain how we can make approximations

regarding a species' mobility to estimate the binding energy of said species. In Section

4.3, we will discuss how statistical emulation can be leveraged to accelerate the running of

the forward model, before describing how Bayesian inference will tie all of this together in

Section 4.4. Following this, we will present the resulting binding energies estimates using

this method Section 4.5. We then consider the binding energy of atomic hydrogen in more

depth in Section 4.6. In Section 4.7, we then look to see how well we are able to recover

abundances when we run a full gas-grain chemical code using the estimated values.

4.2 The Chemical Code and Network

4.2.1 The Chemical Model and Code

The code that was used was based on the gas-grain chemical code UCLCHEM (Holdship

et al. 2017). The surface chemistry is modeled through the rate equation approach. The

code has to solve a system of coupled ordinary di�erential equations of the form given in

Equation 1.13.

However, in order to reduce the runtime of the inference process, some changes had to

be made to reduce the time taken for UCLCHEM to run. These are described in detail in

Holdship et al. (2018), but are outlined brie
y here. The code that was used considered

only grain-surface chemistry to reduce the complexity of the system of coupled ordinary

di�erential equations. However, it was important to still include the key processes that

couple the gas and grain chemistry. It should be noted that the �nal two terms in Equation

1.13 represent the net 
ux of gas-phase molecules adsorbing to the grain surface. As such,

if one only wishes to consider grain-surface chemistry, then one just needs to parameterize

this net \freeze-out". The net freeze-out was found by running a single point-model of

the full gas-grain version UCLCHEM. The net movement of each species between the gas

and grain phases as a function of time was then extracted. Only the species which were

deposited in abundances relative tonH greater than 10� 7 on the grains were included.

These species were: H, O, OH, C, CO, N, CH and CH3. These were all species which would

form in the gas-phase and were involved in the reactions listed in Table 4.1. The freeze-out
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rates were inserted as source terms into the grain-surface models. The freeze-out of the

more complex species was not considered, as these species were unlikely to form in the

gas-phase at 10 K. The advantage of doing this is that one avoided needing to consider the

system of ODEs for gas-phase reactions, thereby signi�cantly reducing the computational

complexity.

The code models the surface chemistry of a collapsing dark cloud from a density of

102 cm� 3 to 106 cm� 3 over 10 million years at 10 K. As in Holdship et al. (2018), the

model reaches its �nal density at 6 Myr, but the chemistry continues to evolve at constant

velocity until the age of the cloud reaches 10 Myr. The grains start o� as bare grains,

with the freezeout of the gas-phase species acting as source terms for the grain-surface

chemistry.

4.2.2 The Chemical Network

Our network is composed of radicals that react to form glycine, the simplest amino acid.

The reactions that make up this chemical network are shown in Table 4.1. The grain-

surface network used in this Chapter is based on the one used in Ioppolo et al. (2020) with

the �nal two reactions being taken from Linnartz et al. (2015). In Ioppolo et al. (2020),

laboratory and chemical modelling found that the �rst 47 reactions were able to produce

glycine in dark interstellar conditions, long before the warm-up phase of star formation,

without requiring any energetic input (Ioppolo et al. 2020). This is in contrast to previous

work that assumed that the formation of glycine required an increased temperature as well

as energetic processing (Garrod 2013). Based on Ioppolo et al. (2020), it was expected

that this network would be su�cient to learn about COMs in the pre-stellar phase with

the help of observed abundances. Reactions 48 and 49 were included, as they involved

species already present in the network. Furthermore, one of the end-products, NH+4 , had

a constraint on its abundance that could be used for the Bayesian inference to further

constrain the parameters.

4.2.3 Grain Surface Chemistry

Grain Surface Di�usion

Recall the discussion of the grain-surface di�usion mechanism in Section 1.3.1. Within this

formalism, the di�usion energy is typically taken to be a fraction of the species binding
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Reaction No. Reaction Eb
ED

1 H + H ��! H2 0.6
2 O + H ��! OH 0.6
3 OH + H ��! H2O 0.6
4 CO + H ��! HCO 0.6
5 HCO + H ��! H2CO 0.6
6 HCO + H ��! H2 + CO 0.6
7 H2CO + H ��! H3CO 0.6
8 H2CO + H ��! HCO + H 2 0.6
9 H3CO + H ��! CH3OH 0.6
10 CO + OH ��! HOCO 0.5
11 CO + OH ��! CO2 0.5
12 HOCO + H ��! H2 + CO 2 0.6
13 HOCO + H ��! HCOOH 0.6
14 N + H ��! NH 0.6
15 NH + H ��! NH2 0.6
16 NH2 + H ��! NH3 0.6
17 C + H ��! CH 0.6
18 CH + H ��! CH2 0.6
19 CH2 + H ��! CH3 0.6
20 CH3 + H ��! CH4 0.6
21 CH4 + OH ��! CH3 + H 2O 0.6
22 NH2 + CH 3 ��! NH2CH3 0.5
23 NH3 + CH ��! NCH4 0.5
24 NCH4 + H ��! NH2CH3 0.6
25 NH2CH3 + H ��! NCH4 + H 2 0.6
26 NH2CH3 + OH ��! NCH4 + H 2O 0.5
27 NCH4 + HOCO ��! NH2CH2COOH 0.5
28 OH + H 2 ��! H2O 0.35
29 O + O ��! O2 0.6
30 O2 + H ��! HO2 0.6
31 HO2 + H ��! OH + OH 0.6
32 HO2 + H ��! H2 + O 2 0.6
33 HO2 + H ��! H2O + O 0.6
34 OH + OH ��! H2O2 N/A
35 OH + OH ��! H2O + O N/A
36 H2O2 + H ��! H2O + OH 0.6
37 N + N ��! N2 0.6
38 N + O ��! NO 0.6
39 NO + H ��! HNO 0.6
40 HNO + H ��! H2NO 0.6
41 HNO + H ��! NO + H 2 0.6
42 HNO + O ��! NO + OH 0.6
43 HN + O ��! HNO 0.6
44 N + NH ��! N2 0.6
45 NH + NH ��! N2 + H 2 0.5
46 C + O ��! CO 0.6
47 CH3 + OH ��! CH3OH 0.6
48 NH + CO ��! HNCO 0.5
49 NH3 + HNCO ��! NH4

+ + OCN { 0.35

Table 4.1: Reactions taken from Ioppolo et al. (2020) and Linnartz et al. (2015). The
values of Eb

ED
used for the more mobile species of each reaction are given.
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energy, ED . There is debate surrounding the value of the fraction Eb
ED

, though there is

agreement that it should be in the range 0.3 to 0.8, with lower values in this range being

more appropriate for stable molecules (Penteado et al. 2017). However, it has been found

that for O and N atoms, a ratio of 0.55 is more suitable (Minissale et al. 2016a). In this

Chapter, we follow the convention adopted by Jin and Garrod (2020) where the ratio was

set to equal 0.6 for atomic species and 0.35 for stable species. For all other species, a value

of 0.5 was used. For each reaction, the value ofEb
ED

for the more mobile species is given in

Table 4.1 with the exception of Reactions 34 and 35 as these reactions are not assumed to

take place via di�usion due to OH being widely reported as being an immobile molecule

with a large binding energy. The reason we only consider the value of this ratio for the

more mobile species is given in Section 4.4.5.

As most of the reactions in Table 4.1 are radical-radical, it was assumed that their

activation energies were 0K. Even for reactions involving a known reaction barrier, such

as reaction 5, it was found that preac � pdif f , which means the activation energy barrier

is lower than the di�usion barrier. As such, � f inal
AB ' 1. This \di�usion-limited regime"

corresponds to the situation where the di�usion process is the rate-limiting step and is

due to the fact that the temperature being considered is 10 K. At 10 K, we also observe

that the rate of evaporation is far lower than the rates of di�usion and reaction, so will

be neglected throughout this Chapter.

4.3 Statistical Emulation

Statistical emulation involves �tting a statistical function to match the inputs and outputs

of a forward model (Grow and Hilton 2018). The advantage in doing so is that one

replaces the slow-to-evaluate forward model with the �tted emulator in order to save time.

This becomes particularly signi�cant when multiple evaluations of the forward model are

required, such as in Bayesian inference which typically involves calling the forward model

hundreds of thousands of times. Statistical emulators have primarily been used in the past

in cosmology (Auld et al. 2007; Wang et al. 2020; Rogers et al. 2019; Schmit and Pritchard

2017), but have also recently found use in astrochemistry (de Mijolla et al. 2019; Holdship

et al. 2021). In our case, the forward model requires solving a coupled system of ODEs

of the form given in Equation 1.13. The evaluation of the forward model can be time-

consuming, especially if this has to be repeated multiple times as would be the case for
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Bayesian inference. This proves to be particularly important for the analysis we do in

Appendices B.1 and B.2. In this case, a statistical emulator would be particularly useful,

as it can interpolate within the range of input values considered. This is computationally

faster than making use of the original forward model for evaluation.

There are a number of algorithms that can be used for the purposes of emulation. One

particularly popular one is the Gaussian process emulator, which has found widespread

usage (Kennedy and O'Hagan 2001; Pellejero-Iba~nez et al. 2020; Rogers et al. 2019).

An inherent advantage is the ability of this sort of emulator to quantify the uncertainty

associated with the regression. This allows for the use of acquisition functions that itera-

tively improve the emulator approximation by sampling points in areas of high uncertainty

(Pellejero-Iba~nez et al. 2020; Rogers et al. 2019). However, a disadvantage is that the em-

ulation process scales badly as the cube of number of training points (Pellejero-Iba~nez

et al. 2020). This is in contrast to neural network emulators, which will be used in this

Chapter. Neural networks aim to �t the relationship between the inputs and outputs of

the model without considering the uncertainty of the approximation. Neural networks do

not struggle as drastically with an increase in training points. A higher number of training

points will ensure better model performance as the emulator, which is the reason that we

elected to use neural networks.

4.3.1 Training the Emulator

In order to be able to use the emulator, it must �rst be trained on some data. It is impor-

tant that the sampling is done in such a way that the entire parameter space is explored.

One cannot simply use random uniform sampling, as each point is drawn independently

of the others. This can result in the training points being clustered. This has the con-

sequence of the emulator attempting to match the training data more in these regions,

thereby introducing bias in other less well-covered regions of the parameter space. A Latin

Hypercube Sampling Scheme was used (McKay et al. 1979) and implemented using the

Python surrogate modelling toolbox (Bouhlel et al. 2019). As both the input and output

parameters span several orders of magnitude, the emulator was trained to learn the map-

ping between the logarithm of these two. The training dataset spanned the prior range

for each parameter. Given that a log-uniform prior between 10� 15 and 100 was used for

the Bayesian inference (see Section 4.4.2 for details), this ensured that any conceivable

input to the emulator from the inference was within the prior range, as outside that range
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Figure 4.1: A plot of the mean-squared error of the emulator as a function of the num-
ber of training points used to train the emulator. The shaded area represents the 95%
con�dence interval around the mean-squared error.

the posterior is zero due to the prior being zero. The parameter ranges de�ned the range

of values over which the emulator could interpolate. The emulator was not needed to

extrapolate, as the range of the prior was covered.

Choosing the number of training points is a crucial parameter. It is clear that increasing

the amount of training data will improve the emulator performance. However, this will

also result in the time taken for training increasing. As such, a balance needs to be struck.

Figure 4.1 shows the mean-squared error (MSE) on a test set as a function of the number

of training points. It was found that using 150,000 training points was su�cient. By

evaluating these points on a single Research Capital Infrastructure Funds (RCIF) node

with 40 cores, the training time was about 30 minutes.



4.4. Bayesian Inference 117

4.3.2 The Neural Network

In this Chapter, an arti�cial neural network was used as the emulator. To improve the

neural network's performance, the input log-rates were scaled to lie between zero and one.

A �ve-layer neural network was used with the three hidden layers containing 512, 256 and

128 neurons, respectively. The hyperbolic tangent was used as the activation function.

The scikit-learn package was used to train the emulator (Pedregosa et al. 2011). To avoid

over-�tting to the training data, the training process was terminated when the validation

error stopped decreasing by at least 0.01.

4.4 Bayesian Inference

4.4.1 Introduction to Bayesian Inference

The aim of this Chapter is to deduce the reaction rates of the reactions in this network,

which we represent as a vector,� = ( k1, k2 ... k49), and use these inferred reaction rates

to determine the binding energies of di�usive species. This is initially a 49-dimensional

inference problem. The code used takes this vector as an input and outputs the abundances

of all the species in this network, which is represented by the vectorY = ( Y1; Y2:::Y35).

There exist measurements for the abundances of a subset of the molecules in this network.

These form the data d, which are listed in Table 4.2. We once again use Bayes' Law to

determine the probability distribution of the reaction rates given the data.

4.4.2 Implementation

To obtain the posteriors of the reaction rates, a prior must be speci�ed. As has been done

previously, a log-uniform prior was chosen, so as to equally weight rates over di�erent

orders of magnitude. However, a di�erent range is chosen compared to Holdship et al.

(2018) and Chapter 3, to accommodate the fact that the reaction rates,� , are normalised

by the cloud density. Additionally, it was found in Holdship et al. (2018) and Chapter 3

that the probability density is very low in the range 10 � 30 � 10� 15. As such, a log-uniform

prior between 10� 15 and 100 was used.

We assume that the measurements are Gaussian based on the fact the distribution

of reported measurements such as in Whittet et al. (2011) are not strongly skewed but

instead are reasonably well �t by Gaussians with the parameters we include in our data
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table. A Gaussian likelihood function was used:

P(djk ) =
ndY

i =1

1
p

2�� i
exp

�
�

(di � Yi )2

2� 2
i

�
; (4.1)

where nd is the number of observations and� i is the uncertainty of the i th observation.

Only the species for which there are abundances are multiplied over. Table 4.2 contains

species for which we have abundances with Gaussian uncertainties. Observed abundances

will be referred to as constraints in this Chapter as they constrain the prior parameter

space of reaction rate posteriors.

Boogert et al. (2015) also contains upper limits for the abundances of some species of

interest. The upper limits for O 2, N2, H2O2 and glycine are also included in Table 4.2.

Equation 4.1 can be rewritten to account for these upper limits, as was done in Holdship

et al. (2018).

P(dj� ) =
ndY

i =1

1
p

2�� i
exp

�
� � i

(di � Yi )2

2� 2
i

�
(1 � S(Ci ))1� � i ; (4.2)

where � i is 1 for observed species and 0 for species with upper limits. Notice that in this

case that nd is the number of observations as well as upper limits.Ci is the upper limit

of that species andS(Ci ) is the survival function, which is de�ned as

S(Ci ) = 1 �
1
2

�
1 + erf

�
Ci � Yi

� UL
i

��
; (4.3)

where erf is the error function and � UL
i is taken to be one-third of the upper limit. The

value of � i is to account for the fact that there might be some level of uncertainty on the

value of the upper limit.

In order to sample the posterior, the PyMultiNest Python package was used (Buchner,

J. et al. 2014), which is a wrapper for the MultiNest package (Feroz and Hobson 2008;

Feroz et al. 2009; Feroz et al. 2019), which implements nested sampling (Skilling 2006).

A Python wrapper of the UCLCHEM code was created using F2Py. The input was the

vector of reaction rates � .
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4.4.3 Degeneracy Problem

Before performing the inference, it is important to consider the problem in more depth.

There are 49 parameters to estimate, but there are only 12 measurements. As was observed

in Holdship et al. (2018) and Chapter 3, having far more parameters than constraints

introduces a signi�cant amount of degeneracy into the problem. Some rates of reactions

do not in
uence the abundances of species with constraints. As was observed in Holdship

et al. (2018), this will result in the majority of reaction rate posteriors being uniform.

Additionally, many posteriors will only deviate weakly from uniformity. This was found to

be the case for linear reaction chains with successive hydrogenations, such as the successive

hydrogenation of CO to form methanol. The degeneracy stemmed from the fact that the

reactions were tightly coupled. Provided one rate took a minimum value and acted as the

rate-limiting step, the other reaction rate was free to vary above this minimum rate. The

high level of degeneracy inherent to this problem meant that despite running a sampler

for several weeks, it never converged.

4.4.4 Degeneracy Solution

To reduce the degeneracy of the problem, one can exploit information about the underlying

grain-surface di�usion mechanism. Ultimately, the reaction rate is strongly dependent

on the hopping rates of the reactant species, which, assuming the grain temperature is

constant, implies that the reaction rate is set by the binding energies. Given the strong

dependence of the hopping rate on the binding energy, it is clear that a small di�erence

in the binding energy between two species will mean that the hopping rate of the more

mobile species (the one with the lower binding energy) will dominate the reaction rate. In

equation 1.2, this corresponds tokA
hop � kB

hop and yields

kAB = � f inal
AB

kA
hop

Nsite ndust
; (4.4)

where we see that this equation only depends on the hopping rate of speciesA. Recall

that � f inal
AB ' 1 in the di�usion-limited regime.

Based on this, one can separate reactions into various classes, depending on which of

their reactants is more mobile. Even though the actual values of the binding energies will

di�er across the literature (see Penteado et al. (2017) for a discussion on this), most works
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agree on the \hierarchy" of mobility, that is which of the two species is more mobile. By

making an assumption or by considering literature values, one can make a decision on

which species should be treated as more mobile. In this Chapter, the more mobile species

was assumed to be the one with the lower binding energy in at least two of Penteado

et al. (2017), UMIST and Wakelam et al. (2017). The groupings used are shown in Table

4.3. For reactions 34 and 35, one does not expect di�usion to be the dominant reaction

mechanism. However, since this is the di�usion-limited regime, one can assume that these

two reactions will have the same reaction rate.

The major implication is that this now allows for the calculation of a species' binding

energy. In fact, provided that species is far more mobile, one can calculate that species'

binding energy. What one �nds is that the reaction rates of many reactions are e�ectively

only dependent on the binding energy of the same species. As such, the dimensionality of

the problem is signi�cantly reduced, as one simply needs to determine the binding energies

of the more mobile species.

4.4.5 Deriving the Binding Energies

Binding energy values vary greatly across the literature. Their values can determine

whether or not a reaction can occur e�ciently via di�usion. For example in Ioppolo et al.

(2020), it is stated that 10 K is too low a temperature for any species other than atomic

hydrogen to di�use. However, a statement such as this one assumes a value for the binding

energy of hydrogen and that it is far lower than the binding energies for other species.

While many works state the binding energy of H to be 650K, many others �nd that species

such as O and N have comparable binding energies (Penteado et al. 2017).

Our goal is to determine the binding energies of various species. In this Chapter, we

will be inferring reaction rates for the various reactions and use these to solve for the

binding energies. Each reaction rate varies as a function of time, as seen in equation 1.2

due to the dependence on the total hydrogen number density. However, by multiplying

by nH on both sides, one obtains

k0
AB = kAB nH = � AB

(kA
hop + kB

hop)

Nsite
ndust
nH

; (4.5)

where ndust
nH

is a constant. Note now that the expression on the right-hand side only consists
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of constants. This implies that k0
AB is constant with respect to the density of the cloud.

While k0
AB can still be interpreted as a reaction rate, it has units ofs� 1.

Due to the exponential dependence of the hopping rates on the binding energies, one

�nds that in most cases, one species dominates the reaction rate. If species A has a binding

energy of, say, 500K and species B has a 10% higher binding energy, then A's hopping rate

is almost 150 times greater, due to the low grain temperature of 10 K. This di�erence will

only get larger as the binding energies under consideration increase. Hence, we can state

that kA
hop � kB

hop and then determine the binding energy of the species by substituting

equation 1.3 into equation 4.4:

k0
AB

ndust Nsite

nH � AB

s
� 2m
2kbns

=

s
E A

b

f
exp

�
�

E A
b

Tgr

�
; (4.6)

where the corresponding value off = Eb
ED

is used, depending on the species under consid-

eration. This equation cannot be solved analytically, so has to be solved numerically.

4.4.6 Constraints

The �nal component required to perform Bayesian inference is the data, which in this case

would be measured abundances of species. A number of constraints for molecules in this

network can be found in Boogert et al. (2015), which provides the median abundance as

well as lower and upper quartile. As in Holdship et al. (2018), we assume the measurements

are Gaussian-distributed, which implies the median is the mean. Additionally, the upper

and lower quartiles are 0:68� from the mean. Using this information, the abundances used

in this Chapter are listed in Table 4.2. We combine measured molecular ice abundances

from dark, quiescent cloud as well as Large Young Stellar Objects (LYSOs). We observe

that the species CO, CO2, H2O, CH3OH and NH+
4 have similar abundances in quiescent

clouds and LYSOs. Using this, we assume that other species, which have only been

detected in LYSOs, will have broadly similar dark cloud abundances. We argue that

while chemistry is expected to happen during the warm-up phase for LYSOs, this will be

relatively short-lived and any abundances will likely have been built up during the cold

phase of star formation. However, even though the warm-up phase will be shorter, the

chemical time scales will decrease due to the reaction rate's dependence on temperature.

Overall, while there is justi�cation for using LYSO abundances for dark cloud conditions,
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Species Abundances relative to H Source

H2O (4:0 � 1:3) � 10� 5 Cloud
CO (1:2 � 0:8) � 10� 5 Cloud
CO2 (1:3 � 0:7) � 10� 5 Cloud

CH3OH (5:2 � 2:4) � 10� 6 Cloud
NH3 (3:6 � 2:6) � 10� 6 LYSOs
CH4 (2:3 � 2:1) � 10� 6 LYSOs

HCOOH (2:4 � 1:3) � 10� 6 LYSOs
NH+

4 (3:8 � 1:5) � 10� 6 Cloud
O2 < 60� 10� 6 Comet
N2 < 0:1 � 28� 10� 6 Comet

H2O2 < 0:6 � 8 � 10� 6 Comet
NH2CH2COOH < 0:1 � 10� 6 Comet

Table 4.2: The abundances and uncertainties taken for the network adapted from Boogert
et al. (2015). There were two distinct values for the upper limit on the abundance of O2,
so the higher one was selected.

Grouping Reactions in Group
Hydrogenations 1-9, 12-20, 24, 25, 30-33, 36, 39-41
Oxygenations 29, 42, 43
Nitrogenations 37, 38, 44
CO-based reactions 10, 11, 48
OH+OH 34, 35
CH3-based reactions 22, 47

Table 4.3: The main reaction groupings, separated by the molecule that the literature
suggested was more dominant. Any reaction not included in this table had its reaction rate
inferred separately.

it should be noted that we are adding additional uncertainty into our analysis.

4.5 Results

4.5.1 Highest Density Regions

Parameter estimates are typically quoted by considering the marginalised posterior dis-

tributions. The important quantities to estimate are typically the mean and variance.

However, one must be careful when estimating these quantities, as depending on how

broad and asymmetric the posterior space is around the maximum-posterior value, these

might not be meaningful quantities. To determine useful estimators, one can choose to

only consider the highest density region (HDR) of the posterior.
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Species BE 1 (K) BE 2 (K) Penteado (K) Wakelam (K) UMIST (K)
H 1099+33

� 57 1016+65
� 68 650� 100 650 600

O 824+180
� 109 805+88

� 97 1660� 60 1600 800
N 894+326

� 202 932+102
� 130 715� 358 720 800

C 1336+136
� 160 1361+124

� 256 715� 360 10000 800
CO 1009+158

� 123 1018+91
� 135 1100� 250 1300 1150

CH 1160+130
� 240 1107+228

� 162 590� 295 925 925
CH3 1088+375

� 242 1133+350
� 288 1040� 500 1600 1175

CH4 1343+765
� 200 1327+153

� 139 1250� 120 960 1090
H2 1719+377

� 356 1976+184
� 283 500� 100 440 430

NH 1172+307
� 325 1115+351

� 254 542� 270 2600 2378
NCH4 1265+206

� 354 1046+326
� 222 - - -

NH2CH3 1694+486
� 355 1581+544

� 427 - - -

Table 4.4: The binding energies obtained for various species obtained through the use of
Bayesian inference as well as values from Penteado et al. (2017), McElroy et al. (2013) and
Wakelam et al. (2017). The �rst set of predicted binding energies come from performing
Bayesian inference on the standard network, while the second set of predictions stem from
including the dummy reaction H + X ��! HX. With the exception of H, most of the other
binding values match at least one literature value. For most of the species, the uncertainty
on the binding energy values is lower compared to the spread of literature values. No values
for the binding energies of NCH4 and NH2CH3 were found in the literature.

For a probability density function f (x) for some random variableX , the 100(1� a)%

HDR is the subset R(f a) of values in X such that

R(f a) = x : f (x) � f a; (4.7)

where f a is the largest constant that ensures that the probability of being in R(f a) is

greater than 1-a (Hyndman 1996). In other words, the HDR allows one to only consider a

subset of the posterior density function that has a value greater than some thresholdf a.

4.5.2 Reaction Rate Marginalised Posteriors

We �nd that all 14 parameter distributions are non-uniform. As such, this means that we

have gained information about the entirety of our 49-D reaction network. By exploiting our

knowledge of the grain-surface di�usion mechanism and assuming that reaction rates are

dominated by the di�usion rates of a subset of molecules, we have been able to signi�cantly

reduce the dimensionality of our problem, therefore making it computationally tractable

for the sampler. Figures 4.2 and 4.3 show the marginalised posterior distributions for the
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reaction rates with the 65% HDR being the shaded regions when we use the likelihoods

expressed in Equations 4.1 and 4.2. For all of the posteriors, the 65% HDR lies away

from the boundaries of the uniform distribution, implying that our choice of prior was

appropriate. We choose not to consider 2-D marginalised posterior distributions, due to

the fact that the parameters correspond to groups of reactions as opposed to individual

reactions. We consider the frequentist properties of the estimators in Appendix B.1.

There are some noticeable di�erences in the marginalised posterior distributions when

the upper limits are included. The fact that the oxygenation and nitrogenation reaction

rate distributions do not signi�cantly change with the inclusion of the upper limits on

O2 and N2 is surprising. One would expect that the reactions O + O ��! O2 and N +

N ��! N2 would be the dominant formation mechanisms. As such, it is possible that the

upper limits on the abundances of these species may not be constraining enough to a�ect

the obtained posterior distributions. In Appendix B.2 we explore the distribution of the

maximum-posterior binding energy as we vary the weak constraints for the aforementioned

four species with upper limits. We also consider how the relative uncertainty on these four

abundance measurements a�ects the obtained values.

We observe that the posterior for the reaction rate of hydrogenation is the most con-

strained in that it rules out more of the prior parameter space than any of the other

posteriors do. In Chapter 3, the lower uncertainty on hydrogen's posterior was related

to the size of the constraints on the species formed by hydrogenation, in particular the

constraint on water, which is known to have an abundance greater than 0 at the 3:1 �

level. It would make sense that this low level of uncertainty on the constraint drives the

low uncertainty on the hydrogenation reaction rate posterior, as it penalises the likelihood

function more. In the limit of the uncertainties on the molecular abundances going to

zero, one would expect the the posterior distribution of the relevant reaction rate to look

like a Dirac delta function.

4.5.3 Binding Energy Posteriors

The advantage of inferring the reaction rates as opposed to directly inferring the species

binding energies is that the reaction rate posteriors make no assumption about the exact

nature of the reaction mechanism. One can then select speci�c reactions which one believes

occur via di�usion, thereby reducing the dimensionality of the problem. The list of species

that were thought to di�use are listed in Table 4.4. These are calculated from the reaction
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Figure 4.2: Marginalised posterior distributions for the �rst eight reaction rate parame-
ters.
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Figure 4.3: Marginalised posterior distributions for the remaining six reaction rate pa-
rameters.
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rate posteriors by solving equation 4.6, with the posteriors shown in Figure 4.4. In Table

4.4, these binding energies are compared to the values used in McElroy et al. (2013),

Penteado et al. (2017) and Wakelam et al. (2017). We make use of the posteriors obtained

using Equation 4.2. This �rst round of inference is referred to \Binding Energy 1". We

observe that there are no signi�cant di�erences in the binding energy distributions for

most species when we include the upper limits, with the except of CH3, for which we see

that the inclusion of the upper limits results in a signi�cantly decreased estimated binding

energy.

For most of the species for which there are literature binding energies, there is agree-

ment with at least one literature value and the uncertainty on the values is lower than the

spread of literature values. No values for the binding energies of NCH4 and NH2CH3 were

found in the literature. The binding energies for O and N were both found to be lower

than that of H. This is surprising as the reactions of the species with H were classi�ed as

hydrogenations in Table 4.3.

However, the binding energies ofH and H2 were found to di�er greatly from the

literature binding energies. For the latter, this is related to the fact that there is only a

single reaction that H2 is consumed in: OH + H2 ��! H2O. The production of water

is likely to be dominated by hydrogenation, due to the fact that H is so much more

abundant. Furthermore, for this reaction H2 must compete with many other molecules to

react with OH . As such, the amount of water produced through this pathway is less than

the amount produced through hydrogenation, which means its reaction rate will be lower

than it should be. This results in the high binding energy.

For some of the species, there is a large variance in the posteriors. This can be

attributed to the lack of enough constraints in the network. To demonstrate this, the

upper limits on the species N2, O2, H2O2 and glycine were replaced with weak constraints

that were derived by halving the upper limit with a 50% relative uncertainty. It was found

that the uncertainties for most species substantially decreased. This could be attributed

to the fact that most of the constrained species were formed through hydrogenation, hence

why hydrogen's binding energy is so much more well-constrained. This appeared to suggest

that the inclusion of these constraints of species not formed solely through hydrogenation

would help reduce the variance.

It should be noted that even amongst the literature values, there is not always agree-

ment on the values of the binding energies. The tension in the values can be attributed
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to varying assumptions made about the grains, such as the ice composition. Additionally,

recent work by Bovolenta et al. (2020) and Grassi et al. (2020) suggests that it might be

more appropriate to consider binding energy distributions that vary as functions of the

individual binding site. In our work, we have assumed that there is a single binding energy

value, which implies that the grains are uniform in nature. In reality, this is unlikely to

be true and will need to be accounted for in future work.

4.6 The Binding Energy of Hydrogen

We observe that, despite the high precision of the hydrogenation rate estimate, the binding

energy of hydrogen is inaccurate and does not match any of the literature values within

the error. We now look to address this.

The rate equation approach does not consider positional dependence of species, i.e. it

assumes everything can react with everything else on the grain. This might be problematic

for H, as there is so much of it, but only a small amount is on the grain mantle. This will

not be considered here, as it is outside the scope of the work.

A rigorous solution would be to account for the formation and subsequent chemical

desorption of H2. This would take H out of the system and might be more physically real-

istic. Most of the products of hydrogenation in this network are species for which we have

abundances. This means that in order to satisfy all these constraints, the hydrogenation

rate posterior will be unrealistically over-constrained given that the reaction network is

not complete. We can choose to add a \dummy reaction" of the form H + X ��! HX

to represent all the possible reactions involving hydrogen. Recall that we �rst did this in

Chapter 3. Notice that these will not necessarily all involve hydrogenation of grain species,

but will also include desorption of the produced species. This is why the dummy reaction

is not assumed to have the same reaction rate as all the hydrogenations. By leaving the

reaction rate of the dummy reaction as an additional free parameter, we can increase the

variance of the posterior distribution of hydrogenation and therefore its binding energy

posterior.

4.6.1 Including Chemical Desorption of H2

The energy released in the reaction of H + H��! H2 can cause the product to desorb into

the gas phase. An estimate for the fraction ofH2 released was determined in Minissale
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