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Abstract

Lignin is an abundant bio-polymer found in all plant matter in significant quantities
(8~33% by weight), and its chemical structure is comprised interlinked aromatic units via
ether and carbon-carbon chemical bonds. Because of its renewable nature it has been
suggested as a possible source of renewable aromatic chemicals that could significantly
contribute to the decarbonization of liquid fuel and aromatic chemical production. Among
the existing depolymerization methods, solvolysis is seen as one of the most viable
candidates due to its ease of application and easy scalability. However, in spite of the large
amount of works found in the literature, how these solvolysis processes work remains unclear,
with multiple authors claiming that the method they present is the “best” choice and put
forward suggestions on what future research should be focused on. This dissertation presents
amachine learning-based approach to study and try to understand how different experimental
factors influence the outcome of lignin solvolysis experiments, by using data captured from
literature and training models that predict experimental performance metrics such as the yield
of liquid products and solid residues obtained from solvolysis experiments, focusing first in
heterogeneously catalyzed, then homogeneously catalyzed solvolysis and finally studying
the possibility of using the measured higher-heating-value (HHV) from bio-oil as an
alternative experimental performance metric. The results indicate that catalysts properties
(both for heterogeneous and homogeneous) play a comparatively small role in predicting the
outcome of solvolysis experiments, and that temperature and reaction time is
overwhelmingly more important. The yield of liquid products (bio-oil) was deemed to be an
unreliable experiment performance metric at times due to it being influenced by the choice
of chemical work-up steps used in a given study, further complicating comparison across
studies.
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Chapter 1:

Introduction to lignin solvolysis

1.1 Introduction

During the course of the last couple of centuries, our easy access to fossil fuels has allowed
the development of industry and led to the advanced society we know today. However, in
light of our current understanding of the atmospheric greenhouse gas effect and climate
change, in addition to the threat of eventual exhaustion of fossil fuel resources, we now
desperately need both carbon-free and carbon neutral alternatives that can supplant their role.

While the development of wind power and solar photovoltaic technologies have allowed
us to partly fulfill our energy needs, the question remains as to how to replace the role of
fossil fuels as raw materials, fuels and chemicals [1]. To overcome this, studies regarding the
possibility of converting different kinds of biomass into chemicals and raw materials have
gained popularity in recent decades, most prominently the use of lignocellulosic matter as
feedstock for processes. Lignocellulosic matter is composed of cellulose, hemicellulose and
lignin in different proportions, depending on the plant. This type of biomass has garnered
great interest due to its abundance, ease of renewability and potential to be transformed into
different kinds of chemicals [2].

Early biomass conversion technologies relied heavily on simple sugars, starches and
vegetable oils as raw materials to produce biofuel and led to a debate about the use of food
as a source of biofuel synthesis, and its impact on food prices; these were called “first-
generation biofuels”. Understanding this problem, attention was paid to non-edible plant
matter that could be collected postharvest at relatively low cost; this led to the development
of whatis called “second-generation biofuels”, which rely entirely on non-edible plant matter,
particularly in the production of cellulosic ethanol. Third-generation biofuels rely on algae
or bacteria to decompose organic non-edible matter and implement chemical process
techniques to turn it into fuels or chemicals [3].

Out of the components of lignocellulosic biomass, lignin accounts for 15 to 40% of its
weight on a dry basis [4] and is known to be the most recalcitrant and hard to transform into
products of interest, partly due to its chemical resistance [5]. Asof 2019 production of lignin
from the pulp and paper industry hovers around 50-70 million tons per year, and it is
estimated that by 2030 this number will reach 225 million tons due to the implementation of
biofuel production mandates [6]. The overall growth in production of chemical wood pulp
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over time can be seen in Figure 1-1, which is positively correlated with growth of lignin
production.

160

._.
N
=)

120

100

80

Production in millions of metric tons
N o
o S

o
=

]

1961
1964
1967
1970
1973
1976
1979
1982
1985
1988
1991
1994
1997
2000
2003
2006
2009
2012
2015
2018
2021

Year

Figure 1-1. Production of chemical wood pulp worldwide from 1961 to 2021.

Lignin’s polymeric structure is comprised of monolignols, which are found in variable

proportions, depending on the plant source [7] (Figure 1-2).
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Figure 1-2. Structures of the three occurring monolignols in lignin (from [8]).

Together, these monolignols form the characteristic bonds that make the structure oflignin
as shown in Figure 1-3. Depending on the plant from which the lignin originates, and the
isolation method used to obtain the lignin, the resulting structure contains different
proportions of the chemical bonds, highlighted in red. This can lead to notable differences
between lignins in terms of molecular weight, reactivity and solubility.
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Figure 1-3. Chemical bonds found in lignin, comprised of both ether and carbon—carbon
bonds (highlighted in red). (A) B-O-4, (B) a-O-4, (C) 4-0-5, (D) 5-5, (E) B-5, (F) B-B, (G)
B-1 (from [8]).

Lignin’s structure makes it a potential renewable source of aromatic chemicals that are
currently only available from fossil fuel sources. These aromatic chemicals have high
economic value as raw materials for diverse industries, as well as being a key component of
jet fuel [9].

Diverse thermochemical lignin depolymerization methods exist, such as pyrolysis,
solvolysis and gasification [10]. Among these, pyrolysis tends to result in higher rates of solid
residue formation and higher oxygen content in the resulting bio-oil, whereas gasification
allows high and fast conversion at the expense of solid residue formation and products of
lower economic value such as syngas. Solvolysis, by using either a pure solvent or with a
solvent mixture, can result in minimal solid residue formation and tends to favor the
formation of low-oxygen-containing aromatic monomers [11]. These depolymerization
methods, along with their reaction temperature and products, are briefly summarized in Table
1-1. Early studies employing solvolysis to depolymerize lignin suffered from high reaction
temperature, long reaction time or high hydrogen pressure [12]; however, catalyst
development and better understanding of the reactions involved have led to the development
of less severe processes.



Table 1-1.Temperatures and primary products from different depolymerization methods
used in lignin depolymerization (from [8].)

Method Temperature Primary Products References
Gasification [ 700-1000 °C Syngas [13]

Pyrolysis 300-600 °C Gaseous hydrocarbons, bio-oil and solid residue [10]
Solvolysis 200-350 °C Bio-oil and solid residue [10]

1.2. Lignin Solvolysis

Among the various lignin depolymerization methods, studies employing solvolysis make
up a very significant portion of the total published studies. The advantages of solvolysis over
other lignin depolymerization methods is that by choosing an effective solvent and reaction
temperature, mass transfer limitations can be greatly reduced by allowing lignin to properly
dissolve, while the temperature distribution inside the reactor (batch or continuous flow) is
easier to control.

Water, alcohols, hydrocarbons and other solvents have been used as reaction media with
varying degrees of success, usually in conjunction with some sort of homogeneous or
heterogeneous catalyst and occasionally molecular hydrogen. This can be seen in the many
trends seen in lignin depolymerization studies. While the results reported in these studies are
usually centered on the yield and the product distribution in the bio-oil obtained, it is hard to
say with certainty which combination of factors is the best performing, with multiple,
sometimes very distinct studies reporting bio-oil yields of above 80%. The bio-oil obtained
is analyzed through various techniques, most prominently by gas chromatography—mass
spectroscopy (GC-MS) and nuclear magnetic resonance (NMR) [14]. GC-MS allows for
identification of aromatic monomers contained in bio-oil, but cannot identify larger
oligomeric structures, whereas NMR provides insight about the nature of the chemical bonds
found in the bio-oil, providing general understanding of the results of the reaction, for
example the absence of f-O-4 ether bonds could correlate with good depolymerization results.

As illustrated in Figure 1-4 the performance of a lignin depolymerization reaction through
solvolysis for a given type of lignin depends on the interaction between three controlling
factors. Concretely, the three pairs of interactions are described as follows: Firstly, the lignin—
catalyst interaction is relatively well understood, as catalysts used in studies are designed
using analogies on the basis of the functional groups present in lignin, for example promoting
hydrogenation, hydrogenolysis or dehydration of hydroxyl or ether functional groups found
in lignin moieties. Secondly, this same catalyst can simultaneously react with the reaction
media itself, as is the case with alcohols, phenol, water and other solvents, donating hydrogen
[15], preventing the formation of solid residue [16], or as alkylating agents [17]; and thirdly,
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this same reaction media might display different levels of affinity for lignin, dissolving it to
varying degrees at different temperatures, either by itself or in combination with other
solvents [18], and may react with the catalyst to decompose and form hydrogen through
steam reforming and water gas shift reactions that occur simultaneously for alcohols [19, 20].
The overall depolymerization process and some of the monomers found in bio-oil are shown

in Figure 1-5.
Catalyst ~ Lignin

properties properties

Temperature,
pressure and
concentraticon

Reaction
media

Figure 1-4. Controlling factors of the solvolysis reaction and their interactions, mediated
by temperature, pressure and concentration (from [8]).

OH  CH,
I C“a

Solvent l
Catalyst ©/

( Hay

cn,

Figure 1-5. Depolymerization of lignin by solvolysis (from [8]).

Together, these interactions, mediated by the temperature, pressure and concentration of
the reactants, present determine the yield and the quality of the obtained bio-oil. Most studies
published to date have focused exclusively on one of these interactions, while neglecting the
others, trying to find the “best” catalyst or the “optimal” reaction conditions for a given
reaction media or lignin type. While satisfactory results may be possible by following this
approach, it is reasonable to believe that by achieving deeper understanding of all the



interactions that take place simultaneously during the process, we can aim to achieve not only
high yields and good quality of bio-oil, but also to do so economically and at industrial scale.

1.3. Purpose of the research

Various statements about which of the experimental factors is more important can be seen
in the literature, including but not limited to:

e “The catalyst is the most important aspect”
e “We must minimize H2 gas consumption”

e “High temperature processes are unfeasible”
e “Water is the only realistic solvent choice”

It is needless to say these statements are only partially true at best, and misleading at worst.
In face of the overwhelming number of studies found in the last decade, it would appear that
recently researchers are executing studies that can be largely described as “combinatorial”,
where the purpose or reasoning behind the experiments they propose is limited to using
combinations of variables or experimental parameters that had not been tested yet, regardless
of the quality of the result.

This, along with the fact that there are already many studies that claim to have “the best”
lignin depolymerization method leads to a conundrum: What is the “best” method of
solvothermal lignin (or lignocellulose) depolymerization? Is it possible to clarify to what
extent and when certain experimental parameters play a major or minor role in the overall
process? What are the metrics we should be using to evaluate such processes?

While systematic comparison can shed light on these questions, doing it for all kinds of
existing lignins and covering all possible experimental parameters amounts to a difficult task,
and ultimately this systematic comparison is also influenced by human bias, that is, the belief
that certain kinds of studies are better or more valid.

To overcome this problem, using a well-trained machine learning (ML) model could allow
us to obtain objective insight as to what experimental parameters are more important,
assuming that we can indeed predict the experimental outcomes we are interested in, such as
bio-oil yield, solid residue yield or even properties of the bio-oil obtained such as its higher
heating value (HHV). Of course, this relies in the assumption that we can indeed predict
experimental outcomes using machine learning, and, where this not to be possible, it would
bring into question whether we understand solvothermal lignin depolymerization in the first
place.

Using the commonly held assumption seen in all fields of science, but especially in data
science. If we have data that we know correlates or is causative of a certain phenomenon or
process or its output, then, it should be possible to train a ML model that predicts
experimental results to a certain extent and possibly provide insight on how different
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experimental parameters impact the predicted outcome, in a way that humans might not be
able to when dealing with complex data.

1.4. Structure of dissertation

Following this introduction chapter (Chapter 1), this thesis includes two separate studies
that focus on predicting the experimental results (bio-oil and solid residue yield) of in
heterogeneously catalyzed solvothermal lignin depolymerization (Chapter 2) and
hydrothermal, base-catalyzed lignin depolymerization (Chapter 3). Chapter 4 is focused on
the prediction of HHV values in bio-oil obtained from solvothermal lignocellulosic
conversion processes, as well as understanding the contribution of the different experimental
factors involved boOth in the initial production of the bio-oil and its upgrading to higher
quality fuel. Finally, Chapter 5 summarizes the key findings and puts forward possible future
lines of work that build on the results presented in this thesis. This is illustrated in Figure 1-
6 below.

Chapter 1: Introduction to lignin solvolysis

L

Chapter 2: Machine learning based analysis of reaction Heterogeneous catalysis
phenomena in catalytic lignin depolymerization
Chapter 4: Prediction of of higher heating values in bio-oil :
from solvothermal biomass conversion and bio-oil
upgrading given discontinous experimental conditions @

Chapter 3: Machine learning model insights of base

catalyzed hydrothermal lignin depolymerization e

Bio-oil property
evaluation

Chapter 5: Dissertation summary and future research work

Figure 1-6. General structure of the dissertation.
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Chapter 2:

Machine learning based analysis
of reaction phenomena in catalytic
lignin depolymerization

2.1 Introduction

In recent decades, the concern for climate change has intensified as the potentially
catastrophic consequences it could lead to have become clear. The cause most often blamed
is excessive exploitation and usage of fossil fuels that now are vital part of society, as they
provide energy in the form of electricity and hydrocarbons that power industry and
transportation sectors. Because of this, there has been a strong push towards “decarbonizing”
society by relying on non-carbon emitting sources of energy, particularly wind power and
solar photovoltaic [1]. However, in spite of the efforts to expand the usage of these
technologies, it remains clear that the role currently fulfilled by fossil fuels cannot be so
easily replaced, particularly as a source of hydrocarbons that fuels heavy trucks, maritime
vessels and airplanes [2]. An alternative often suggested is the conversion of abundant non-
edible lignocellulosic biomass into chemicals and biofuels that would replace the role
currently served by fossil fuels [3].

Lignocellulosic biomass consists of cellulose, hemicellulose and lignin, out of which
cellulose and hemicellulose are used to make paper, with lignin being seen as a waste stream
in the papermaking industry, where it usually burned to power the heat-intensive pulping
process [4]. Because of lignin’s complex three-dimensional aromatic polymer structure,
comprised of monolignols [5] it has attracted attention as a potential source of aromatic
chemicals, which are exclusively obtained in industrial scale from the processing of
hydrocarbons into gasoline. This is further incentivized due to the increase of availability of
lignin as a cheap feedstock from the growing cellulosic ethanol industry [6]. However,
achieving economical and efficient depolymerization of lignin into valuable aromatic
chemicals has seen slow progress in spite of decades of research, with methods such as
pyrolysis, solvolysis and catalytic hydrotreatment [7], each of them with their own
advantages and challenges. By using these methods, bio-oil, solid residue and gas are
obtained. Of these methods, catalytic solvolysis has become the most prominent with a large
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number of studies analyzing the impact of different solvent combinations, homogeneous or
heterogeneous catalysts made from transition or noble metals, zeolites, activated carbons or
alkali salts, possibly aided by the use of hydrogen gas, all of which in conjunction show great
activity in the cleavage of the ether bonds found in lignin and guaiacol as model compounds

8].

These studies tend to focus on a single aspect of the depolymerization process, for example,
the development of a more active catalyst, or the performance of a specific combination of
solvents, ignoring other process parameters that are well known to affect the outcome of the
reaction (yield of bio-oil, char and gas). Prior research often fails to address concretely how
these experiments advance the understanding of the lignin depolymerization field and
contribute to eventually being able to have an economically feasible process. Previous work
[8], postulated that in the context of catalytic solvolysis of lignin the outcome of the
experiment was largely decided by the interaction between the properties of the catalyst,
lignin and reaction media used, mediate by temperature, pressure and concentration of
reactants.

These interactions are not meant to be innovative, but rather to highlight that based on
existing literature it is clear that these interactions take place and impact the outcome of the
experiments. Yet, many published studies are written in a way that would indicate that the
one aspect of the experiments they focus on (catalyst or reaction media, usually) is the most
important or the only relevant one, neglecting to explain how the other variables impact the
result. Some of the most relevant examples are the weight averaged molecular weight (Mw)
of lignin which can vary from 1000 g mol-1 to 78400 g mol-1 [9], obtained by using gel-
permeation-chromatography (GPC), resulting in lignin, being a large molecule, possibly
facing important diffusion limitations if the pores of the given catalyst are small enough, this
has been analyzed in previous studies by using ultrafiltration membrane technology [10],
obtaining different Mw fractions of lignin containing different chemical bond distribution. In
the same vein, surface area, the diameter, volume and geometry of the pores in the catalyst,
which is analyzed by the Brunauer—Emmett-Teller (BET) technique is not consistently
reported.

This inconsistent reporting of lignin and catalyst properties, in addition to the complex
interaction between the experimental variables make it difficult to develop a comprehensive
kinetic analysis of lignin depolymerization reactions. One way to tackle this complexity is
by using machine learning (ML), a branch of artificial intelligence used to develop models
capable of describing complicated data that has had success in studying other biomass related
processes, such as solid residue and bio-oil production from pyrolysis of lignocellulosic
biomass [11], heavy metal adsorption by using biomass-derived biochars [12] and prediction
of lignocellulosic biomass composition [13]. This approach has not yet been attempted to
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understand how the lignin depolymerization process parameters impact the bio-oil yield,
solid residue formation and reaction time.

Based on prior work, in this study an ML-based approach is put forward to develop a
model using the XGBoost regression method that makes use of existing lignin
depolymerization data available in the literature to explain the contributions and impact of
reaction variables involved in the experiments. Predictive models were created for bio-oil
yield, solid residue yield and reaction time for a given yield of bio-oil, with the intent to
understand which reaction variables contribute to maximizing bio-oil yield, minimizing solid
residue yield and reaction time. XGBoost, being a decision tree-based method was chosen
over other methods due to its resistance to overfitting [14] and interpretable variable
importance [15]. There is a growing demand for interpretability from ML-developed models
[16] to be able to explain how each variable numerically impact the outcome, which is an
advantage of using XGBoost in this purpose.

2.2 Materials and methods

2.2.1 Data collection methodology and pre-processing

There are many variables that are known to impact the performance of lignin
depolymerization reactions, in the case of this study data that would explain the impact of
catalyst textural properties, lignin molecular weight in the yield of bio-oil, solid residues and
reaction time for a given bio-oil yield was gathered and analyzed. To gather data from
previous work found in the literature a data gathering methodology based on the usage of
keywords was designed. In Google scholar the search string lignin depolymerization "BET"
"GPC" was used to find relevant studies, finding a total of 488 results consisting of journal
publications and theses.

The reasoning behind this search string is as follows: The term “lignin depolymerization™
is seen almost without exception in all works related to conversion of lignin, regardless of
the method (e.g. pyrolysis, solvolysis, hydrotreatment, etc.), then, the term “BET” stands for
Brunauer—Emmett—Teller, an acronym used for the N2 adsorption analysis technique used to
obtain textural properties of catalysts, in the case of this study the focus was in obtaining
surface area, pore volume and pore diameter. “GPC” stands for gel permeation
chromatography and was included in the search string because it is the most used technique
for analyzing the molecular weight of the original lignin used in the experiment, in the case
of this study, it was decided to look for the weight averaged molecular weight (Mw). The
usage of this search string meant that the studies found invariably involved a catalyst and
measurement of molecular weight (either of the lignin, or the products obtained).
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The reason for including acronyms in quotations in the Google scholar search string is
because acronyms are rarely found in publication titles, thus, largely guaranteeing that the
acronyms are found in the body of the text, indicating that the technique was used in the study
or is referenced. From the 488 results found using the search string in Google scholar, 95
documents were downloaded, mostly journal publications and 3 doctoral theses.

The number of studies that reported all the key involved variables (surface area, pore
volume, pore diameter and number average molecular weight) amounted to 9 [17~25], with
the majority of studies reporting only some of the surface properties from BET or in the case
of GPC, reporting the molecular weights of the bio-oils obtained, but not the original lignin.
Nevertheless, these initial 9 studies provided 102 datasets that would be used in the analysis.
The features and labels collected from these studies are shown and described in Table 2-1.
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Table 2-1. Names and descriptions of features and labels used.

Feature and label names

Description

Active metal/lignin ratio

Ratio of active metal to lignin in the experiment

Active metal/solvent

Ratio of active metal to solvent in the experiment (mg/mL)

Surface area

Surface area measured for the catalyst (m2/g)

Pore diameter

Average pore diameter measured for the catalyst (nm)

Pore volume

Average pore volume measured for the catalyst (cm3/g)

Mw

Weight averaged molecular weight of the original lignin used

Catalyst/solvent ratio

Ratio of catalyst to solvent in the experiment (mg/mL)

Catalyst/lignin ratio

Ratio of catalyst to lignin in the experiment

Lignin/solvent ratio

Ratio of lignin to solvent in the experiment (mg/mL)

H2 pressure factor

H2 pressure in MPa divided by (reactor volume-solvent volume)

1Reaction time

Reaction time in minutes

Reactor/solvent volume ratio

Ratio of reactor volume to solvent volume used in the experiment

Temperature Temperature in K

'Bio-oil yield Bio-oil yield from lignin (wt%)

'Solid yield Solid residue yield from lignin (wt%)

*Catalyst zeolite Catalyst used was a zeolite with no active metals
*Catalyst FePd Active phase in catalyst was Fe and Pd

*Catalyst Fe Active phase in catalyst was Fe

*Catalyst Mo Active phase in catalyst was Mo

*Catalyst MoRu Active phase in catalyst was Mo and Ru
*Catalyst Ni Active phase in catalyst was Ni

*Catalyst NiRu Active phase in catalyst was Ni and Ru
*Catalyst Pd Active phase in catalyst was Pd

*Catalyst Pt Active phase in catalyst was Pt

*Catalyst Ru Active phase in catalyst was Ru

*Solvent E-W Solvent used was a mixture of ethanol—water (0.5:0.5, volume%)
*Solvent AC Solvent used was acetone

*Solvent E Solvent used was ethanol

*Hydrolysis lignin Hydrolysis lignin was used in the experiment

*Kraft lignin

Kraft lignin was used in the experiments

*QOrganosolv lignin

Organosolv lignin was used in the experiments

*Sugarcane lignin

Sugarcane lignin was used in the experiments

*Stalk lignin

Stalk lignin was used in the experiments

*2Q0rganosolv lignin

Organosolv lignin was used in the experiments

*These features were one-hot encoded due to their categorical nature.

'Bio-oil yield and solid yield are labels, reaction time was used as a label in one model.

2 All lignins used in the studies were one-hot encoded to capture their individual properties,

with different two instances of organosolv lignin.
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2.2.2 Alternative and null hypotheses

In this study, it was assessed whether average lignin molecular weight (and by extension,
kinetic diameter) and surface properties of the catalyst (surface area, average pore diameter
and average pore volume) used in the reaction affect the prediction of bio-oil yield, solid
residue, and reaction time in heterogeneously catalyzed lignin depolymerization reactions.

In this context, the alternative hypothesis is that differences in lignin Mw and surface
properties of the catalyst may significantly impact the prediction accuracy of the developed
XGBoost regression model for bio-oil yield, solid residue yield and reaction time for a given
bio-oil yield, thus proving that there may be an optimal relation between these properties.
The null hypothesis is that these properties do not impact the prediction capability of the
developed XGBoost regression models. In Figure 2-1 a Pearson correlation matrix for the
features and labels is shown. From this correlation matrix it can be observed that bio-oil yield
and solid yield share a negative correlation due to the outcome of the experiments being
either bio-oil or solid residue for the most part, with gas comprising a very small part of the
results most of the time. Beyond this, the correlation between the features and the yield of
bio-oil and solid residue do not seem to be immediately conclusive, with the features that are
positively correlated with bio-oil yield being negatively correlated with solid residue yield,
which falls in line with their relationship, the exception being the active metal/solvent ratio
and catalyst/lignin ratio, which are roughly equal.
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Figure 2-1. Pearson correlation matrix for the features and labels in the dataset.

2.2.3 Machine learning method and evaluation indicators

Scikit-learn free machine learning libraries for python were used to implement Extreme
gradient boost regression (XGBoost) [26]. Feature importance was calculated by Scikit-
learn’s permutation importance (PI) library. Model’s hyperparameters were tuned by using
gridsearch until optimal performance was found.

The performance of the XGBoost models developed was measured by using Coefficient
of determination (R?) and Root-mean-squared error (RMSE), whose equations are shown
below, (1-1) and (1-2).
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Where n represents the number of test samples, Yiexp denotes the experimental value, and

Yi represents the predicted value. Y,,7 represents the mean value of Y? and Yi

respectively.
2.3 Results and discussion

2.3.1 Evaluation of XGBOOST model performance for bio-oil yield

In order to evaluate the impact of catalyst surface properties and lignin Mw in the bio-oil
yield prediction by using the trained XGBoost model, yield was removed from the dataset
and was subsequently tested with all available features, resulting in the predictive
performance seen in Figure 2-3, with a training R? and RMSE of 0.99 and 0.365, and testing
R? 0.81 and 8.723. The gap between training and testing scores could not be reduced
significantly without reducing the test scores, indicating the possibility of limitations in
relation to the data used.
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Figure 2-2. Training and test RMSE and R? scores for bio-oil yield prediction with XGBoost
regression model.

In Table 2-2, permutation importance of the model’s features are shown choice of solvent,
temperature and reaction time account for roughly 69% of the total feature importance
calculated through permutation importance and falls in line with the results reported in [27],
where solvolysis of lignin in ethanol was carried out at sub- and super critical temperatures,
in this study they found that higher bio-oil yields could be obtained at 200 °C for ethanol,
but that higher degree of depolymerization in the resulting bio-oil could be achieved at higher
temperatures, at the expense of decreased bio-oil yield. Similarly, usage of ethanol may be
correlated to improved bio-oil yield, possibly due to ethanol’s tendency to suppress solid
residue formation [28]. Other solvolysis-related works have also found indeed that different
solvents display different solvolysis performance in lignin depolymerization experiments
[29], with ethanol and ethanol-water mixtures being seen in a large number of studies [30].
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Table 2-2. Top 5 important features for the XGBoost model for bio-oil yield prediction.

Feature Importance
Temperature (K) 0.33
Reaction time (min) 0.27
Lignin Mw 0.10
Solvent — Ethanol/Water 0.09
Lignin/Solvent ratio (mg/mL) 0.05

Regarding the catalyst-related features, active metal/solvent and active metal/lignin ratios,
along with catalyst/lignin ratio together comprised 10% of the feature importance. Surface
and pore properties of the catalyst (surface area, pore diameter and pore volume) contributed
about 6.5% of importance and lignin Mw contributed 10%. It is possible that the reason why
active metal/solvent ratio displays importance may be because of simultaneous occurrence
of ethanol reforming reactions that happen even at low temperatures [31, 32], while these
reactions are ideally carried at higher temperatures with catalysts specially tailored towards
increasing selectivity towards hydrogen, they are known to happen at lower temperatures and
the catalysts used in such experiments show many similarities with the ones found in the
dataset, as well as other lignin depolymerization experiments, particularly in the case of
works by [33], where porous copper oxides were successfully used in lignin
depolymerization precisely because of their activity in reforming methanol. Regarding the
feature importance of active metal/lignin and catalyst/lignin ratio it is possible that if indeed
lignin fragments face overwhelming mass transfer limitations for a given catalyst, the outer
active sites available for reaction become more important, resulting in experiments using
catalysts that have higher metal loading and experiments that use more catalyst for a given
amount of lignin showing better performance.

2.3.2 Evaluation of XGboost model performance for solid residue yield

Focusing on the features found in the dataset, the XGBoost regression method was used
to develop a predictive model the formation of solid residue, again, first using all features
available obtaining the results seen Figure 2-4 with training R? and RMSE of 0.98 and 1.946,
and training scores of R?0.77 and 7.933. The gap between training and testing scores could
not be reduced significantly without reducing the test scores, indicating the possibility of
limitations in relation to the data we are using.
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Figure 2-3. RMSE and R?score for solid residue yield prediction using XGBoost regression
model.

The variable importance from the model in Figure 2-4 is shown in Table 2-3, like in the
case of bio-oil yield, features associated with solvolysis of lignin show some importance:
Temperature, choice of solvent, reaction time, lignin/solvent ratio and reactor volume/solvent
volume ratio comprise together 92% of the feature importance, and because the yields of bio-
oil, solid residue and gas share a zero-sum relationship, it is likely that these features share
an inverse relationship with the yield of solid residue , this is shown to be true at least from
the solvolysis point of view, according to [27] where higher temperatures, lower or no Hz
pressure result in elevated yields of solid residue. Although surface and pore properties
showed low importance, surface area may play a role in in-situ generation of H2 via low-
temperature reforming of solvents used in the reaction. This ties into the various transition
metals seen in the dataset used , and in fact many of the metals seen in the data set are known
to display activity for the reforming reaction, particularly Ni and Pt [32], and would result in
the formation of more hydrogen and less solid residues. Catalyst to lignin and solvent ratios
partly overlap with the active metal related ratios, but they allow one to account for the
properties of the catalyst support used.
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Table 2-3. Top 5 important features for the XGBoost model for solid residue yield
prediction.

Feature Importance
Temperature (K) 0.56
Reaction time (mins) 0.18
Solvent — Ethanol/Water 0.09

Lignin/Solvent ratio (mg/mL) | 0.05
Catalyst surface area (m?/gr) | 0.04

2.3.4 Underlying chemistry behind models performance and limitations

As indicated in the previous section, the large majority of the feature importance could be
explained by reaction conditions and variables commonly associated with lignin solvolysis,
with choice of solvent, temperature and reaction time accounting for 62% of the total feature
importance for bio-oil yield prediction and in the case of solid residue yield, temperature, H>
pressure factor, choice of solvent, reaction time, lignin/solvent ratio and reactor
volume/solvent volume ratio comprise together 77% of the feature importance,

The alternative hypothesis turned out to be partially true for both solid residue yield and
reaction time, but not bio-oil yield. Notably, the surface properties of the catalyst and lignin
Mw did not contribute to improving the predictive capability for bio-oil yield. The meaning
behind the seeming lack of statistical importance from these features may indicate that for
studies similar to the ones used to obtain the data, lignin fragments may face overwhelming
mass transfer limitations for most micro and lower mesoporous catalysts, thus not taking
advantage of the large surface area available and active metals found within them. In the
same vein, this could raise concerns about pore shape in the catalysts used, an aspect that has
not been studied for lignin depolymerization reactions yet.
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Additionally, this would also explain the large gap in reaction rates for a given bio-oil
yield seen in homogeneously catalyzed lignin depolymerization reactions, where alkali salts
are used to great effect to quickly depolymerize lignin. Homogeneous catalysts may not be
necessarily more active than some of the heterogeneous ones, but do not face any mass
transfer limitations. Considering the results found from the creation of these models, the
relationship between reaction factors postulated in [8] can be re-interpreted as shown below
in Figure 2-6 and indeed the interactions between each factor can be individually tested, such
as in the usage of model compounds to test ease of bond cleavage for a given catalyst [34],
the usage of different alcohols to prevent lignin condensation (shown in Figure 2-7, with
ethanol as the alcohol) [35] and in-situ conversion reforming of the solvent to produce Hz
[36], which can be represented by (1-3), all of them contributing towards the outcome of the
lignin depolymerization reaction, taking into account these interactions could lead to the
development of more meaningful studies could lead to an efficient and economical lignin
depolymerization process.

Active phase promotes the
severing of C-O-C and C-C bonds

Catalyst Lignin
properties properties

Temperature,
pressure and
concentration

Reaction Alcohol f Idehyd
In-situ generation of H, through media T o o d'e y, e
alcohol reforming reduces the SENPET. P A

condensation

formation of char

Figure 2-4. Re-interpretation of reaction factor interaction based on results of the ML
models.
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*, Alcohol stabilized

i

Figure 2-5. Stabilization of p—O—4 Linkages by 0-OH etherification (adapted from [35]).
C2HsOH — CH4 + CO + H» (1-3)

The limitations associated with the data used come from the lack of studies that do
comprehensive analysis of both the catalyst and lignin used in their experiments, thus, the
results for this dataset may not extrapolate well for studies that involve other variables, such
as the usage of formic acid as Hz donor [37], simultaneous usage of various catalysts [38]
and oxidative gas media [39]. However, the resulting variable importance from the models
obtained can be tied to studies that analyze specific behaviors found in lignin
depolymerization reactions, allowing to go beyond using machine learning just as a “black
box” that can accurately predict, but ultimately not explain why the model works the way it
does. The possibility of following and studying a particular reaction mechanism in relation
to lignin depolymerization is an attractive idea. Doing this would probably be easier by
focusing on studies with model compounds such as guaiacol or biphenyl (for C-O-C and C-
C bonds, respectively), then, focusing on a single aspect of the experiment, such as the
composition or synthesis of the catalyst.

The possibility of using ML to detect patterns and principles that would escape human
perception is a topic of interest in recent publications that touch on the concept of Fermi
energy and chemical potential [40 and 41].

2.4. Conclusions

In this study, the XGBoost regression method was used to develop models that predict
bio-oil yield and solid residue yield in heterogeneously catalyzed lignin depolymerization
reactions using data available in the literature. The predictive capability of the resulting
models varied, with the prediction bio-oil yield and solid residue yield achieving test R?
scores of 0.81 and 0.77. The variable importance found in these models indicates that the
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ultimate outcome of lignin depolymerization reactions are mostly dependent on variables
associated with solvolysis and not necessarily surface properties of the catalyst.

It must be emphasized that the data used for training this model represents a small fraction
of the possible experimental space, thus, it may not be representative of the whole. However,
considering the distribution of the data that used, it would be reasonable to claim that
differences in catalyst performance may only be appreciable at when comparing experiments
that share the same temperature, reaction time and solvent, only then the impact of the
catalyst properties would be easy to assess.

Because this study focused only on the modeling of experimental data involving
heterogeneous catalysts, the next chapter was dedicated to predicting the yields of bio-oil and
solid residue for homogeneously catalyzed-hydrothermal lignin depolymerization studies,
where, due to the comparably low variety of experimental parameters the interpretation of
the model should reveal useful insight regarding lignin solvolysis in general.
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Chapter 3:

Machine learning model insights
of base catalyzed hydrothermal
lignin depolymerization

Reprinted with permission from [Castro Garcia, A., Cheng, S., McGlynn, S. E., & Cross, J. S.
(2023). Machine Learning Model Insights into Base-Catalyzed Hydrothermal Lignin
Depolymerization. ACS omega, 8(35), 32078-32089. https.//doi.org/10.102 1/acsomega.3c04168].
Copyright 2023. American Chemical Society."

3.1 Introduction

Biomass conversion has been suggested as an alternative, COz-neutral source of
hydrocarbons and has seen large success over the past decades in the conversion of edible
biomass such as sugars to produce ethanol [1] and oils to produce biodiesel [2]. However,
the conversion of edible biomass has been judged as unsustainable due to its impact on food
prices, and in turn, the usage of non-edible biomass as a feedstock has been suggested instead
[3]. Among these, the conversion of lignocellulose and in particular cellulose has seen the
most progress with the emergence of the cellulosic ethanol industry [4]. Lignin usage, on the
other hand, has lagged despite its abundance, accounting for roughly 15 to 25 % of the total
lignocellulosic biomass available worldwide [5] and possessing a polymeric aromatic
structure that could provide aromatic chemicals currently only available from fossil fuels in
any meaningful quantities [6]. These aromatic chemicals are foreseen to remain a staple of
the chemical industry due to their large number of applications in the making of plastics and
as precursors for the chemical synthesis of drugs and materials [7].

Depolymerizing lignin is not an easy task however, as seen from the large body of research
in the literature, with numerous studies employing different methods, thermochemical,
catalytic, or biological [8]. Among these, thermochemical and catalytic methods have
obtained the largest success, usually obtaining a mixture of gas, solid residue, and bio-oil as
products from the reaction, in different proportions depending on the severity of the process,
reaction media, and presence or absence of a catalyst [9]. While the merits of using transition
metal-containing catalysts are well understood, resulting in a higher yield of bio-oil
containing less oxygen and lower formation of solid residue [10], their application at an
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industrial scale leaves much to be desired due to their relatively fast poisoning and low cost-
benefit ratio when compared to simple strong alkali salts, such as NaOH or KOH in

homogeneous reaction media [11].

Due to the great number of possible combinations of catalysts, reaction media and
qualities of lignin with different properties, lignin depolymerization research across studies
can be perceived as complex or confusing, with many studies reporting very different results
that provide only partial or no justification for the choice of metals in the catalyst they use,
or the reaction media chosen. In previous work [12], machine learning (ML) algorithms were
used to develop predictive models for yield of bio-oil and solid residue and interestingly, in
spite of the large variety of experimental variables and properties, it was revealed that in most
cases the predicted yield of bio-oil and solid residue could be attributed to specific process
variables, such as temperature, the ratio of lignin to solvent used and the usage of certain
solvent combinations. However, the literature data used in this work represented only a very
small fraction of the published data available in the reaction space, due to it being gathered
only from certain studies that fit the search criteria used in that study. Another recent study
[13] focuses more broadly in predicting and optimizing the results of hydrothermal biomass
liquefaction highlighted the potential in modelling seemingly simple processes to better
understand how the process variables impact the experimental results obtained.

Among the existing lignin depolymerization methods, base catalyzed depolymerization in
water as reaction media has attracted attention due to its economic feasibility [14], short
reaction times [15], and reaction performance comparable to that seen in transition metal-
catalyzed processes, in terms of bio-oil yield [16], particularly for pulping-derived lignins.
Comparatively speaking, base catalyzed hydrothermal depolymerization is simpler than
transition metal catalyzed depolymerization in organic solvents, due to the lower number of
possible interactions among the reactants. This makes base catalyzed depolymerization

seemingly simpler to understand and interpret.

Inspired by the recent developments in usage of ML in study thermochemical and
hydrothermal conversion of biomass [17, 18]. In this study, base catalyzed and non-catalyzed
hydrothermal depolymerization of lignin was investigated, for the first time, by combining
ML modeling to predict the yield of bio-oil and solid residue and experimental work to test
the validity of the models. Explainable variable importance for the models was obtained
through two different methodologies in order to obtain insight on how the process variables
in lignin depolymerization impact the results of the experiments. The results revealed that
prediction of solid residues is consistent with the experimental results, butreliably predicting
bio-oil yield may be difficult in absence of clearer and more comprehensive characterization
of the lignin used.
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3.2 Materials and methods

3.2.1 Data collection and pre-processing

A methodology was developed to manually gather data from the existing literature related
to hydrothermal and homogeneously catalyzed lignin depolymerization reactions, by
utilizing methods published in a previous study [12]. First, an extensive literature search in
Scopus was carried out by using the search string base catalyzed lignin, finding a total of 146

documents that were then sorted. Of these, 57 documents were downloaded and 12 were
selected to obtain the data [19-30], resulting in 143 experimental data points captured, out of
which 60 are base catalyzed and 83 are not. In this search targeted documents contained the
variables seen in Table 3-1; these variables were deemed the minimum necessary reported
information required to predict the outcome of a base catalyzed lignin depolymerization
experiment based on existing knowledge in the literature. Of these, reactor volume to solvent
volume ratio serves as a rough estimate for the pressure since all studies involved used water
as a solvent, and the relative fraction of lignin to water is very small. This study’s leading
hypothesis is that the parameters outlined in Table 3-1 should reliably predict the yield of
bio-oil and solid residue from base catalyzed or not catalyzed hydrothermal lignin
depolymerization. Although many studies report the variables outlined in Table 3-1, many
studies contain methodological or experimental variables that deviate from the ones seen in
the final dataset, notably the works by Miller, et al. [31, 32] that are considered foundational
studies are not included due to them involving the usage of organic solvents. Another notable
study by Schutyser, et al. [33] was considered but ultimately not used as part of the data set
due to their usage of high pressure O2. All experiments in the final dataset are limited to those
involving water reaction media and not involving the use of pressurized air or oxygen.

“Solid residues” was chosen instead of “char” due to the ambiguity related to the
terminology used; in many studies, they use the words char, coke, and repolymerized lignin
without clear consistency, thus “solid residues” represents all of the solids obtained post-
reaction. All data was manually extracted from the chosen studies either directly from tables

or graphs by using graph digitizing software.

Originally, gas yield was also intended to be captured, however, gas yield was
inconsistently reported in papers thus deemed not fit to be used in this study.
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Table 3-1. Machine learning features and label names, along with their descriptions.

Feature and label names

Description

Lignin/H>O ratio

Ratio of lignin to solvent in the experiment (mg/mL)

Lignin/catalyst ratio

Ratio of lignin to the homogeneous catalyst used in the
experiment (wt/wt)

*Catalyzed or uncatalyzed

Whether the experiment was catalyzed or not

Reactor volume/H>O ratio

Ratio of the volume of the reactor used to the volume of
solvent in the experiment (vol/vol)

Reaction time

Reaction time in seconds

Temperature

Temperature in K

IBio-oil yield

Bio-oil yield from lignin (wt%)

'Solid residue yield

Solid residue yield from lignin (wt%)

* This variable was one-hot encoded due to its categorical nature.

1Bio-o0il and solid residue yield are labels.

In order to further clarify the distribution of the data captured from literature, violin plots

were elaborated for all features and labels, illustrated in Figure 3-1.
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Figure 3-1. Compiled violin plots for features and labels captured from literature.

It is clear from Figure 3-1 that the distribution of the data capture is most often not normal,
and in the case of reaction time, lignin/catalyst ratio and lignin/H2O ratio they heavily skewed
towards low values. While it is worth noting that most ML methods do not rely on
assumptions of normal distribution in the data used to work properly, it does demonstrate that
the experimental parameters found in literature are less diverse than one could imagine. This
is most likely due to the natural tendency of researchers to further test experimental
conditions that yielded good results for others, though it must be stated that it is not
representative of the entire possible experimental space. Due to the lack of normality in the
data captured, Spearman’s rank correlation was used to analyze the data and is presented in

Figure 3-2.
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Figure 3-2. Spearman’s rank correlation heatmap for data captured from literature.

While a clear correlation can be observed between the yield of bio-oil and solid residue
due to their mutually exclusive nature, most other correlations are weak. Temperature,
however, shows a very strong positive correlation with solid residue yield, which makes sense

based on previous trends in literature.

During the data gathering phase two assumptions were made, firstly that the catalytic
activity of different alkali salts is roughly the same, with NaOH, KOH and Na>CO3 being
featured in this dataset. It is foreseen that this simplification would be a source of inaccuracy
in the model, as it is known that there are measurable differences amongst different alkali
salts with different lignins [34]. The second assumption is that heating rate did not play a
significant role in the outcome of the experiment, it was chosen to not extract this data as it
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was often not reported in the selected studies or could not be inferred reliably in the case of
continuous flow experiments.

3.2.2 Machine learning methods, evaluation indicators and feature importance
calculation

Scikit-learn free machine learning libraries for python were used to implement Extreme
gradient boost regression (XGBoost) [35], other decision tree-based models (Random Forest,
Gradient Boosting Regression, AdaBoost) were tested but XGBoost showed marginally
higher performance. XGBoost is an ensemble algorithm that employs decision trees as weak
learners and was chosen due to its ease of understanding, lack of necessity for data to follow
a normal distribution, and capacity to handle continuous and categorical data. Most
importantly the algorithm robust against overfitting, outliers, and noise [36]. In Figure 3-3 a
diagram of how XGBoost model works is shown.

Data set: (X, Y)

F,(X) FA(X) l F_(X)
Tree 1 Tree 2 Tree n
./ \ / \ / \.
/ \ / \ / \
Compute / Compute Aompute /jgmpute
residuals residuals residuals residuals
(ry) Compute (r2) Compute  (r;) Compute ()  Compute

l iy l o l l 0
l

Fm(X) - Fm—l(X) + a’nhn(Xa rn—l)

Figure 3-3. Representation of how XGBoost model works.

Where o; and r; are the regularization parameters and residuals computed with the i tree
respectively, and h; is a function that is trained to predict the residuals ri using X for the i
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tree. To compute o; the residuals computed r; are used and the following is computed, as
shown in (1):

arg ™G=X, L(Y, Fi_y (X)) + ahy(X;,7i21)) )
Where L(Y, F(X)) is a differentiable loss function.

The reason why only decision tree-based models were tested is due to the heterogeneous
nature of the data collected from multiple studies that may include implicit or explicit
differences in terms of experimental practices. Purity of reactants and lignin used as well as
differences in reactor design and workup were accounted for as much as possible in the data
gathered, however, there may be differences or characteristics not explicitly stated in the
studies where the data comes from. Additionally, XGBoost has the benefit of acknowledging
sparse data distributions when assigning scores, which is relevant due to the nature of the
data used in this study, as seen in Figure 3-1, where some of the distributions are heavily
skewed in one direction due to the large number of instances of “0”.

The data available was separated into training and testing data, accounting for 75% and
25% of the total respectively, 5-fold cross-validation was carried out in each instance to
observe the bias and variance in each case. The performance of the models was evaluated by
using coefficient of determination (R?) and root-mean-squared-error (RMSE), whose
equations are shown below, (2-1) and (2-2).

n(yexp _y, \2
RZ =1 20N @-1)

2
nf,exp .exp
2:i (Yl _Yavg )

RMSE = \/izy(yf"” —Y))2 (2-2)

Where n represents the number of test samples, Yiexp denotes the experimental value, and

Yi represents the predicted value. Yaevx; represents the mean value of Yiexp and Yi,

respectively.

Feature importance for the models was obtained both by permutation importance (PI) and
SHAP (Shapley Additive explanations) values. PI calculates the total reduction in loss or
impurity contributed by all splits for a given feature. This method is computationally very
efficient and has been widely used in a variety of applications [37]. SHAP values is a method
of feature importance estimation based on cooperative game theory where each feature is
interpreted as a “player” and is used to increase transparency and interpretability of machine
learning models [38]. Partial dependency plots were used estimate the impact of using
different temperatures and reaction time in the yields of bio-oil and solid residues.

37



3.2.3 Materials

Dealkaline lignin (DL) was bought from Asahi Kasei chemicals, Japan. DL was
completely soluble in aqueous alkali solutions of pH > 10. Other chemicals include NaOH
(98%), acetone (98%), dichloromethane (99.8%) (DCM) and hydrochloric acid, all bought

from Wako chemicals, Japan.

3.2.4 Base catalyzed lignin depolymerization experiments

Depolymerization experiments were carried out in 50 mL Taiatsu (Japan) TPR-5 reactors
equipped with a pressure gauge, thermocouple and gas line for experiments at 250 °C, for
experiments at 350 °C self-made autoclave reactors were used. Across all experiments 125-
250 mg of DL was loaded in the reactors, then a varying amount (10 to 30 g) of water and
125 to 250 mg of NaOH was added. The reactor was then sealed and heated using heating
jackets at an average of 10 °C/min until reaching the target temperature. Reaction time
includes the heating ramp. During the course of the experiment pressure increased from
atmospheric pressure to 3~5 MPa mainly due to water vapor pressure, as the amount of gas
produced by the lignin was comparatively smaller. After the reaction time had elapsed the
reactors were quickly cooled down by using an electric fan until the temperature dropped
below 50 °C. The reactors were then opened to release the gas products and the liquid and
solid products were then dumped into a beaker. The reactors were thoroughly washed and

scrubbed with distilled water to remove any particles from the walls of the reactors.

The liquid and solid products were then acidified by using 2 M HCl until the pH reached
1~2 to precipitate lignin oligomers. Subsequently, the products were filtered with a pre-
weighted 110mm filter paper and the aqueous fraction was combined with 30 mL DCM and
thoroughly mixed to extract any present water-soluble aromatics. The aromatics in the DCM
solution were later separated by using a rotary evaporator. Precipitated lignin was washed
with acetone to separate acetone soluble products (ASP) which are reported as part of the
bio-oil yield. Yields of bio-oil and solid residue were defined as follows:

Bio — oil yield (Wt%) _ (Weight of ASP+DCM soluble organics)X 100 (4)

weight of initial lignin

Solid residue yield (wt%) = (weightOfSOHd resmue) 00 (3)

weight of initial lignin

The gas fraction produced was not captured nor analyzed in these experiments.
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3.3 Results and discussion

3.3.1 Evaluation of machine learning model performance for bio-oil yield prediction

In order to check for overfitting, XGBoost hyperparameters were tuned by using
gridsearch, in addition, the models were compared with a regression algorithm (Gaussian
process). The results shown in Table 3-2 indicate that although minor differences in R? and
RMSE scores were found, the overall conclusions obtained using the XGBoost with the
default hyperparameters would not change dramatically. Hence, further analysis was done
based on the XGBoost model with default hyperparameters and hereinafter XGBoost with
default hyperparameters is referred to as XGBoost.

Table 3-2. Accuracy/error measures for BO yield and solid residue yield prediction.

Model Training Test
RMSE RMSE
2 2
Output R (MJ/kg) R (MJ/kg)

XGBoost (default | BO yield 0.99 1.85 0.83 10.52
parameters])

Solid yield 0.99 1.73 0.76 11.21
XGBoost (gridsearch | BO yield 0.92 6.90 0.83 10.60
optimized parameters)

Solid yield 0.907 5.92 0.813 9.98
Gaussian Process regression BO yield 0.99 0.28 0.86 9.60

Solid yield 0.99 0.26 0.86 10.42

Using the literature data, a prediction model for bio-oil yield was developed by first
removing the yield of solid residues from the datasets, as bio-oil, solid residue and gas share
a zero-sum relationship as lignin is the only reactant in these experiments. Shown in Figure
3-4, the prediction performance scores for the model developed can be observed with RMSE
of 10.522 and R? Score of 0.836. The gray band indicates the 95% confidence interval.
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Figure 3-4. Prediction performance of XGBoost model for bio-oil yield and its associated
RMSE and R? scores.

The model displayed better prediction capability at low and middle bio-oil yields (20~60
wt%), with predictions on the higher end accounting for most of the RMSE.

Based on this, the PI variable importance is also shown in Table 3-3, where reactor volume
to H20 volume ratio holds the highest importance followed by lignin to H2O ratio, lignin to
catalyst ratio, temperature and reaction time, in that order.

Table 3-3. PI feature importance for prediction on bio-oil from the XGBoost model.

Feature Importance
Reactor vol/H20 vol ratio 0.600
Lignin/H20 ratio (mg/mL) 0.189
Lignin/Catalyst ratio 0.079
Temperature 0.079
Reaction time 0.050
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These variables are known to have an impact in the outcome of the experiment based on
the existing knowledge in the literature, however, the magnitude at which they do is not clear
when comparing one variable against another. Though the Pl importance values shown reflect
“how important” one variable is compared to other, it must be kept in mind that this variable
importance only pertains to a limited part of the possible experimental space.

It is well understood that temperatures close to the critical temperature (647.14 K) of water
can offer higher yields of bio-oil [24]. Simultaneously, when the temperature exceeds the
critical temperature of the water, a higher likelihood of gas-forming reactions taking place is
also a possibility, both in the presence or absence of catalysts [39].

Regarding the importance of the ratio of lignin to solvent, it stands to reason that re-
polymerization behavior that results in the formation of solid residues is intensified when the
concentration of lignin is high, and because of the zero-sum relationship between bio-oil,
solid residue, and gas, it makes sense that it shows high importance, it is also a behavior seen
in lignin solvolysis studies [40].

The ratio of lignin to catalyst on the other hand is a more complicated issue, with various
reports on what is the optimal concentration of catalyst in their experiments [41] from 2 to 4
wt% based on the quantity of lignin, these differences could be attributed to the nature of the
lignin used in the experiments, as it is known that depending on the method used to isolate
the lignin, its solubility in water or other solvents varies [42], thus impacting the results. It is
understood that the presence of strong alkali salts in hydrothermal lignin depolymerization
increases the yield of liquid products by incentivizing alkaline hydrolysis and dehydration
reactions, the first of which is directly responsible for the cleave of B-O-4 bonds, and the
second being indirectly aiding the depolymerization process by removing hydroxyl groups
attached to both the aromatic ring itself, as well as the side chains attached to them.

The importance of reaction time is difficult to assess, as the published literature data used
in this study included experiments with reaction times as short as 0.5 seconds [23], however,
due to the homogeneous nature of these experiments it is reasonable to assume that there are
no mass transfer limitations with the catalyst, and the severing of C-O-C bonds is known to
be a fast reaction when using model compounds [43], it is likely that at least partial
depolymerization into bio-oil-like mixture of monomers and oligomers can be achieved even
with short reaction times.

The ratio of reactor volume to H20 volume holds most of the importance, this ratio
correlates to the operational pressure at a given temperature, however, because of this, its
impact is also dependent on the temperature of the experiment.

In contrast to Table 3-3, in Figure 3-5 a beeswarm representation of the SHAP values
obtained for the same model that also represent the importance of the features in the model
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are shown. In this plot, features are ordered from top to bottom in order of magnitude of
importance in the vertical axis, in the horizontal axis the magnitude of positive or negative
contribution towards the predicted bio-oil yield can be seen, mediated by the color of the
points, where red means high and blue means low. It is immediately clear that the order of
the features in Figure 3-5 is not the same as that shown in Table 3-3, due to the way SHAP
and PI are calculated.

The beeswarm plot in Figure 3-5 allows for interesting observations regarding temperature,
as it indicates that very high values negatively impact the yield of bio-oil, which in the case
of this study would mean 663~723 K, approaching gasification temperatures, while purple to
blue values can be positively correlated with high bio-oil yield. Similarly, in terms of the ratio
of lignin to alkali salt, a low to middle value appears to have either no impact or negative
impact on the bio-oil yield, while a high loading of alkali salt increases bio-oil yield,
presumably by increasing lignin solubility and guaranteeing interaction with the catalytically
active OH~ ion the reaction media. The interpretation of the reactor volume to water volume
ratio indicates that a low volume of water within the reactor with regards to the total volume
available is negatively correlated with bio-oil yield. This ratio is meant to serves as a proxy
for pressure inside the reactor under the assumption that most of the pressure during the
process can be attributed to the presence of water at high temperatures, and not necessarily
due to gas products. The interpretation of lignin to solvent ratio and reaction time is
complicated as both high and low values can be seen over the horizontal axis. However, it is
important to note that this means there are interactions between variables that allow for this
to be true, particularly for absence/presence of catalyst, for example that a short reaction time
in the presence of high alkali salt concentration could still result in high bio-oil yield, or that
repolymerization into solid residues is minimized in the presence of enough alkali salts, thus
leading to higher bio-oil yield as a co-consequence.
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Figure 3-5. SHAP values beeswarm plot for XGBoost bio-oil prediction model.

Of the controllable variables in a given lignin depolymerization experiment, process
temperature and reaction time are thought of as the most critical and straightforward directly
controllable process parameters. In Figure 3-6, partial dependency plots that illustrates the
impact of temperature and reaction time on bio-oil yield is shown, where boxplots show the
possible range bio-oil yield for the various experiments in the dataset under the assumption
that only temperature is changed to the values seen in the 10%, 50t and 90™ percentile of
process temperature found in the dataset. For temperature, it a clear tendency can be observed
for predicted bio-oil yield to decrease as temperature increases, which makes sense given that
the higher temperature values in the dataset approach gasification temperatures, which results
in the production of non-condensable gases at the expense of bio-oil yield and solid residue
yield. For reaction time, a clear trend cannot be observed and with predicted bio-oil yield
values fluctuating between slightly lower and then higher as the reaction time moves from
the 50 percentile to the 90™. It is possible that the strongly skewed, non-normal distribution
of reaction time in the dataset may negatively affect the interpretability of this variable.
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Figure 3-6. Partial dependency plots for temperature and reaction time impact on bio-oil
yield.

3.3.2 Evaluation of machine learning model performance for solid residue yield
prediction

The ML prediction models for solid residue were developed by first removing the yield of
bio-oil from the datasets, as bio-oil, solid residue, and gas share a zero-sum relationship. In
Figure 3-7, where the prediction performance of the model is displayed as a R? score and
RMSE value; XGBoost model can be seen with a R? score of 0.764 and an RMSE of 11.218.
The gray band in the graph represents the 95% confidence interval.
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Figure 3-7. Prediction performance of XGBoost model for solid residue yield and its
associated RMSE and R? scores.

The PI variable importance for the prediction of solid residues is shown in Table 3-4,
where the magnitude and order of the features seen is different from that observed for bio-oil
prediction. While it is not possible to extrapolate from these values which temperature is
optimal for minimizing the yield of solid residue, within the context of the study there are
data from experiments where low temperatures resulted in a higher likelihood of re-
polymerization of lignin [24], note that in the data gathering, repolymerized lignin, char or
coke were not distinguished, as different authors had used these terms disregarding their
definition.

Additionally, it is also possible that traces of cellulose may contribute to the formation of
char [44], and various studies included in the dataset use lignins that may contain such traces
[19, 27]. In a similar manner to bio-oil yield, a high concentration of lignin in the reaction
media may result in a higher likelihood that the species responsible for the formation of
repolymerized lignin and char react to form a more solid residue. It is known in the literature
that to allow the maximum possible lignin concentration in pilot-scale processes,
formaldehyde-reacting chemical species are co-fed to the reactor, such as phenol [41]. While
the presence of strong alkali salts is known to increase the yield of liquid products, it is also
understood that their presence can also lead to the formation of phenolate ions, which can
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then react with formaldehyde-like species resulting in condensation of fragments that results
in more solid residues, as well as phenolate-ketone aldol condensation, this is illustrated in
Figure 3-8.

Table 3-4. PI feature importance for prediction on solid residue yield from XGBoost
model.

Feature Importance
Lignin/H0 ratio (mg/mL) 0.740
Reactor vol/H20 vol ratio 0.150
Temperature 0.050
Reaction time 0.039
Lignin/Catalyst 0.029
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Figure 3-8. Phenolate-formaldehyde condensation (top), phenolate-ketone aldol reaction
(bottom) (adapted from [24]).

In contrast to the values shown in Table 3-4, the beeswarm plot for SHAP values shown
in Figure 3-9 tells a much more detailed and nuanced perspective on feature importance than
that obtained from PI in Table 3-4. Here it can be observed that much like in the case of bio-
oil yield, especially high temperatures are associated with higher yields of solid residue,
being consistent with the zero-sum nature of bio-oil, solid residue and gas yield. High
reaction times tend to be associated with higher solid residue yields, though not always, as
there are some instances of high reaction times that did not particularly affect the yield of
solid residue in either direction, again, indicating in those cases that an interaction between
variables happen that allows for this to be possible. It is worth noting that the ratio of reactor
volume to water volume in the experiment does not seem to play a large role in solid residue
prediction, like it did for bio-oil yield, and that both lignin to catalyst and lignin to solvent
ratio show a pattern opposite of that seen in beeswarm plot for bio-oil yield prediction in
Figure 3-5.
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Figure 3-9. SHAP values bee swarm plot for XGBoost solid residue prediction model.

In Figure 3-10, a partial dependency plot displaying the effect of process temperature and
reaction time on solid residue yield is shown. Higher temperature seems to be clearly
associates with higher yield of solid residues, however, at the temperature found in the 50t
percentile, a very erratic box-plot can be seen, which includes a few outliers (black dots). It
is unclear why the predicted values are like this. Given that the temperature distribution is
relatively normal-shaped and data is most abundant around the 50t percentile, it most likely
not due to data sparsity. Reaction time on the other hand shows a decreasing trend as reaction
time increases. As previously mentioned, this may be due to lignin’s tendency to
repolymerize as reaction time increases in particular circumstances. There may also be an
interaction effect between temperature and reaction time with regards to solid residue yield,
where higher temperatures result in higher solid residue yield if reaction time is extended.
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Figure 3-10. Partial dependency plots for temperature and reaction time impact on solid
residue yield.

3.3.3 Experimental validation of predictive models

In order to further validate the predictive models made and obtain insight on the
experiments they are based on; a series of experiments were carried out as shown in Table 3-
5, with the experimental results reported being the average of triplicate runs. All experiments
were carried out with NaOH as catalyst due to it being the most commonly seen in the
published literature. Temperatures of 250 and 350 °C were chosen for the experiments due
to them being the most representative within the dataset and also because of limitations on
the temperature and pressure limits of the reactors used. As seen in Table 3-5, the
experimental results can deviate strongly from the predictions made with the models,
particularly in regard to bio-oil yield, with prediction of solid residues falling within the
expected prediction error range of the trained model.

Considering the results obtained from the experimental work, literature was consulted to
find experimental reasons as to why the bio-oil yield could vary across studies despite using
the same or very similar reaction conditions. Two main sources of variation can be pointed
at, first, the difference of solubility of different lignins in NaOH solutions [42] partly due to
different phenol hydroxyl group content which impact the way the reaction occurs. Second,
upon comparison of the various methodologies involved in the studies used as a source of
data for the modeling, it is clear that the choices made in the post-reaction handling of the
lignin products plays a large role in the resulting calculated yield of bio-oil and solid residue.
The recovery of the soluble lignin phase by using an organic solvent and whether that is
considered part of the bio-oil yield ornot is questionable. From the data science-perspective,
the dataset used contains multiple experimental instances where the results fluctuated heavily
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for bio-oil yield at a given temperature and time, which may hinder the predictions made by
the model.
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Table 3-5. Experimental validation of predictive models for bio-oil yield and solid residue yield

Reaction | Lignin- | Lignin- | Reactor Experimental | Predicted Prediction | Experimental | Predicted Prediction gap
T time (hr) | solvent | catalyst | volume-solvent | bio-oil yield | bio-oil yield | gap for | solid residue | solid residue | for solid
() ratio ratio volume ratio (Wt%) E. | (Wwt%) bio-oil’ yield (wt%) yield (Wt%) residue!

bio-oil yield)

250 |1 16.66 1 3.33 28.9 57.93 29.03 4538 39.57 5.81
250 |3 16.66 1 3.33 19.70 7143 51.73 41.25 4351 2.26
250 |1 16.66 0.5 3.33 35.15 55.68 20.53 30.75 39.37 8.62
250 |3 16.66 0.5 3.33 24.74 69.07 4433 37.01 43.54 6.53
250 |1 16.66 0.5 1.66 24.20 91.17 66.97 39.75 20.46 19.29
250 |3 16.66 0.5 1.66 20.08 84.9 64.82 37.34 25.18 12.16
350 |1 12.5 1 2 24.8 58.98 34.18 44.8 27.90 16.9
350 |3 12.5 1 2 19.6 61.38 41.78 24.8 27.28 248
350 |1 25 2 2 16.53 58.92 4239 30.8 29.40 1.4
350 |3 25 2 2 14.8 5537 40.57 18.66 33.83 15.17
350 |1 25 1 2 32.8 58.92 26.12 24.13 29.40 5.27
350 |3 25 1 2 15.53 54.46 38.93 23.00 33.83 10.83

1 <“Pprediction gap” is defined as the absolute difference between the model prediction and the experimental result.
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3.3.4 Recommendations based on current and previous work

This study is the first attempt to use machine learning to predict experimental outcomes in base
catalyzed or uncatalyzed hydrothermal lignin depolymerization.

The results reveal that significant predictive performance can be achieved for solid residues
from the experiments, but bio-oil yield shows a large prediction gap when compared to the
experiments done to test the model.

Previous work on predicting lignin depolymerization performance in heterogeneously catalyzed
reactions [12] included more reaction parameters yet achieved higher prediction performance. In
Table 3-6, a comparative table is shown, that includes previous work in predicting bio-oil yield in
heterogeneously catalyzed lignin depolymerization and hydrothermal liquefaction of various
feedstocks.
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Table 3-6. Comparison of model bio-oil yield predicting performance with previous and related
recent literature.

Feedstock and | Model Data | Input features Test Test Ref.
conversion used used R? RMSE
method
Lignin; base | Extreme 143 6 features; Temperature, residence | 0.83 10.52 This
catalyzed/non- gradient time, lignin/H20 ratio, lignin/catalyst study
catalyzed boosting ratio reactor vol/H,O ratio, based
hydrothermal catalyzed (Catalyzed/uncatalyzed)
liquefaction
Lignin; Random 102 6 features; Temperature, residence [ 0.90 6.03 [12]
heterogeneously | forest time, solvent  choice, active
catalyzed metal/lignin ratio, catalyst/solventratio
liquefaction and active metal/solvent ratio
Lignocellulosic Random 117 10 features; Elemental composition (C, | 0.85 5.83 [45]
waste; forest H, N, O and S), atomic ratio (H/C, O/C
hydrothermal and N/C), temperature and residence
liquefaction time.
Algae; Gradient 310 15 features; Elemental composition (C, [ 0.90 4.69 [46]
hydrothermal boost H, N, O and S), atomic ratio (H/C, O/C
liquefaction regression and N/C), biological composition

(content of protein, lipids or

carbohydrate), temperature and

residence time and ash content
Wet biomass and | Extreme 325 17 features; Elemental composition (C, | 0.87 5.41 [47]
wastes; gradient H, O and N), atomic ratio (H/C, O/C
hydrothermal boosting and N/C), biological composition
liquefaction (content of protein, lipid or

carbohydrate), ash content, residence

time, temperature, initial pressure,

reactor size, biomass loading, water

and water to biomass ratio
Various types of | Gaussian 652 10 features; Elemental composition (C, | 0.95 0.038 [13]
biomass waste; | process H, O, N and S), ash content, operating
hydrothermal regression dry matter, temperature, residence time
liquefaction and pressure

From Table 3-6, it can be appreciated that the prediction performance for bio-oil in this study
is lower than those seen in other recent studies. It must be kept in mind that the other studies save
for [12] focus on hydrothermal liquefaction of non-lignin feedstocks and do not involve the use of
catalysts. However, what can be appreciated across these other studies is that comprehensive
characterization of the feedstock used is associated with better prediction performance, for the
most part. Many lignin depolymerization studies (including the ones used for data gathering in this
study), do not characterize the lignin used, which could partly explain the gap in performance.
From the perspective of SHAP values, this study’s practical interpretability is high due to its focus
on purely operation conditions, instead of intrinsic properties of the feedstock such as that seen in
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[45] where marginally higher R? score was obtained but relies largely on feedstock’s properties to
predict the yield of bio-oil.

This study and the prior studies both fail to account for the fact that while bio-oil yield may be
predictable, the more important target of lignin depolymerization is the yield of aromatic
monomers obtained from lignin. Predicting aromatic monomer yield is a more difficult task, as
very few publications do comprehensive quantification of the monomers obtained and often use
different methodologies to do so, for example only analyzing the monomers in the aqueous phase
of the experiment, the light oil phase, or all the phases, sometimes not explicitly stating what they
did too. Regardless, the possibility of predicting the yield of aromatic monomers from a given
lignin depolymerization experiment will depend not only on the reaction parameters used but also
on the inherent chemical structure of the lignin used, as the upper limit of aromatic monomers
obtainable depends on the magnitude of C-O-C bonds present in the lignin, as C-C bonds are often
impossible to break during most thermochemical processes that do not involve a noble metal
catalyst [48] or use temperatures that border on gasification. These chemical bonds can be
quantified by nuclear magnetic resonance (NMR) [49].

Modeling the impact of homogeneous base catalysts such as the ones involved in this study
represents a different challenge from that seen in other studies that attempt to describe material
properties through the use of various intrinsic-measurable properties such as surface area and pore
properties, or those based on chemistry principles such as adsorption energies on transition metal
surfaces [50]. In contrast to this, the description of catalytically active chemical bases (NaOH for
example) could be simpler as the role that the Na* and the OH- ions play is well understood [51]

and would require fewer descriptors.

Additional data is always desired when creating these kinds of predictive models, however,
since each data point comes from a single experiment, it is understandably difficult to gather data
in the magnitudes seen in other areas where ML modeling has been applied, such as sales, weather
or classification of pictures. An emergent approach that could resolve this issue is using at least
partially simulated data from experiments as part of the data used, however, complete simulation
of lignin depolymerization processes has not been found in the literature, with the exception of
studies that focus purely on theorical interactions of specific chemical bonds with catalysts [52],
but not the complete depolymerization process itself perhaps due to the complexity of simulating
heterogeneous polymers interacting with a solid catalyst.

Although this study does not deal with the lignin-first biorefinery concept, a recent work by
[53] outlines extensive guidelines for the analyzing of data from lignin-first approaches, including
feedstock analysis and process parameters, with the ambition of uniting the lignin-first research
community around a common set of reportable metrics. These guidelines comprise standards and
best practices or minimum requirements for feedstock analysis, stressing reporting of the
fractionation efficiency, product yields, solvent mass balances, catalyst efficiency, and the
requirements for additional reagents such as reducing, oxidizing, or capping agents.
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These guidelines and minimum reporting requirements when publishing a paper can potentially
allow for easier usage of data from literature in future ML-lignin depolymerization related studies,
by guaranteeing that data across studies is compatible with each other. The formation of the
guidelines needs further discussion in academic societies or perhaps in this journal in order to
advance the lignin depolymerization machine learning field. Whether the guidelines described in
[53] would be partially or entirely compatible with homogeneously catalyzed lignin
depolymerization studies is an issue that needs to be analyzed critically.

3.4 Conclusions and future directions

Herein, XGBoost ML method was used to develop predictive models for bio-oil yield and solid
residue from base catalyzed lignin depolymerization reactions, achieving R? scores of 0.80 and
0.87, respectively for the best model in each case. Results indicate that the relation between
reaction parameters such as temperature and ratio of lignin to catalyst or solvent does not follow a
linear relationship and are different for bio-oil yield and solid residue yield prediction. Yields of
bio-oil and solid residue may be poor metrics for reaction performance evaluation, therefore,
alternative metrics such as target chemical concentration or chemical bond concentration were
suggested. Based on the contrast between the modelling and experimental work done,
recommendations on how to report experimental results from lignin depolymerization were
suggested, including proper characterization of lignin properties and experimental techniques,
although more in-depth discussion and analysis is necessary for defining useful guidelines. Future
research that regarding hydrothermal lignin liquefaction (catalyzed or not) should ideally aim to
take advantage of data science and machine learning tools to address fundamental
phenomenological issues such as under what conditions can C-O-C and C-C bonds be broken and
what role (beneficial or not) do certain characteristics of lignin play, such as molecular weight
distribution and ash content.

Having modelled and analyzed the two categories of studies that the lignin solvolysis literature
can be divided into, it is possible to suggest that prediction of bio-oil yield and solid residues may
not be the best possible performance metric for this kind of studies, and instead, metrics that are
less influenced by the chemistry work-up used during the experiments should be chosen, ideally
ones that are easy to standardize.

In the next chapter focus is shifted towards predicting and understanding how experimental
parameters impact the HHV of the resulting bio-oil from lignin (and lignocellulosic) biomass
solvolysis, as a possible alternative experimental performance metric.
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Chapter 4:

Prediction of higher heating values
In bio-oil from solvothermal
biomass conversion and bio-oil
upgrading given discontinuous
experimental conditions

Reprinted with permission from [Castro Garcia, A., Ching, P. L., So, R. H., Cheng, S., Boonyubol, S., &
Cross, J. S. (2023). Prediction of Higher Heating Values in Bio-QOil from Solvothermal Biomass
Conversion and Bio-0il Upgrading Given Discontinuous Experimental Conditions. ACS Omega, 8(41),
38148-38159. https://doi.org/10.1021/acsomega.3c04]. Copyright 2023. American Chemical Society."

4.1 Introduction

It is foreseen that liquid hydrocarbons will still be part of our lives for the foreseeable future,
due to several key technologies that cannot be electrified or powered by alternative sources, such
as fuel for aviation, heavy trucks, and maritime vessels [1].

To overcome this, extensive research has been devoted to the conversion of renewable biomass
resources that can potentially be transformed into molecules that can fulfill the role that fossil fuels
currently serve [2]. Great success has been found in the conversion of edible biomasses such as
vegetable oils and simple carbohydrates to biodiesel [3] and ethanol [4], respectively. However,
these have attracted criticism for their potential impact on food prices, and thus, the conversion of
non-edible biomass has been promoted [5].

Amongst non-edible biomass, lignocellulosic biomass is the most abundant. However, due to
its recalcitrance, high-temperature thermochemical conversion methods are used to convert it to
more useful forms, such as bio-oil or syngas [6]. The production of bio-oil from lignocellulosic
feedstocks has seen large progress especially through solvothermal conversion methods that allow

60



the use of moderate temperatures, and often results in bio-oil with better higher heating value
(HHV), which is key for fuel purposes.

This bio-oil, nevertheless, still requires to be upgraded to improve its HHV and other fuel
properties such as viscosity and corrosiveness, by reducing its oxygen content by using organic
solvents and hydrogen gas, usually in the presence of a catalyst [7]. The reactions associated with
the upgrading of bio-oil fall under the umbrella term of hydrodeoxygenation (HDO), wherein
oxygen is removed by the action of hydrogen through hydrogenation or hydrogenolysis [8].
However, compared to the hydrocarbon mixtures found in crude oil, the biomass and bio-oil
contain a higher diversity of molecules and structures and it is not easy to keep track of which
reactions are happening. The distribution of chemicals found in the bio-oil being dependent on the
properties of the lignocellulosic biomass feedstock used to produce it, with lignin-heavy feedstocks
resulting in higher concentrations of aromatic chemicals and cellulose being converted into
ketones, furans, and sugars [9]. This variation in lignocellulosic biomass composition in addition
to the great diversity of experimental choices such as solvents, catalysts, presence or absence of
hydrogen gas, and reaction conditions results in a large number of possible experiments. This also
resulted in extensive research that has become more popular in recent decades, as seen in figure 4-
1, where the number of results for the search string bio-oil upgrading in Web of Science shows a
sudden increase at the start of 2010’s.
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Figure 4-1. Publication trend of studies related to bio-oil upgrading found in Web of Science
using bio-oil upgrading as the search string.

Many studies on the topic of “biomass to bio-o0il” and “bio-oil upgrading” have very different
methodologies that are many times not necessarily justified in terms of why they choose certain
reactants, process conditions, or strategies in their experiments.

Typical types of studies in solvothermal biomass conversion to bio-oil or bio-oil upgrading
include:

e Non-catalyzed, solvolysis/upgrading in water or mixtures of organic solvents and water
[10]

e Solvolysis catalyzed by metallic heterogeneous catalysts in the presence of Hz gas.
e Processing with non-standard heating methods, such as microwaves [11].

e Bio-oil orsolid feedstock (SF) being either untreated woody biomass [12] or isolated lignin
[13].

e Usage of extremely low (~200 °C) [14] or really high temperatures (350 °C~) [15].

In turn, this makes the studies hard to compare and results in slow progress in this research field,
as extrapolations from very different studies do not seem superficially compatible.

Of the metrics evaluated for the production of bio-oil and its upgrading, HHV is often pointed
as the most important, with viscosity, corrosiveness, and other fuel properties largely correlating
in a positive way with the increase of HHV [16]. In addition to this, higher HHV bio-oil is more
economically valuable as it can be used on higher-standard combustion engines of different kinds.

Recent advances in the usage of machine learning have allowed for the development of models
that can predict HHV in raw biomass [17] using data from proximate analysis, torrefied biomass
as a function of the treatment conditions [18] and bio-oil derived from hydrothermal liquefaction
of wet biomass and wastes [19], providing not only good prediction performance, with R? scores
ranging from 0.83 to 0.93, in spite of relying on small, human-curated datasets originating from
literature. In addition to the prediction performance, interpretation of the models made was also
possible through the use of partial dependency plots [19] or SHAP values [18], obtaining insight
into how the features in the model impact the phenomena or properties responsible for the values
obtained.

Inspired by these studies, in this work, knowledge of chemical engineering and machine
learning were combined. Specifically, I used knowledge on the biomass liquefaction processes to
construct a dataset based on studies that share common experimental conditions and variables.
Then, machine learning was used to bridge the differences in feedstock, solvent choice, catalysts
active media and experimental variables, which cannot be accomplished by simple linear or curve
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fitting. The resulting models can predict the change in HHV in biomass-to-bio-oil processes and
the upgrading of the bio-oil by relying on data extracted from the literature, obtaining
simultaneously variable importance that provides insight into the mechanisms involved in the
processes as well as useful observations for future research on bio-oil production and upgrading.
The results in this study demonstrate that a few processing conditions across studies have the
biggest impact in the resulting HHV of the bio-oil produced or upgraded. To date, this is the first
study to predict the increase in HHV of bio-oil as a function of its upgrading process conditions.

4.2 Materials and methods

4.2.1 Data collection and pre-processing

Many process variables are known to affect biomass-to-bio-oil and bio-oil upgrading. Based on
the extensive consultation on the literature and previous work [20] the studies that report the
experimental data outlined in Table 4-1 were gathered, including HHV which was used as the
target of the predictive model. These features were chosen based on comprehensive analysis of the
different measurable process parameters described across studies on this topic. The change in HHV
from the original biomass to bio-oil, as well as the change in bio-oil before and after upgrading
was denoted as “AHHV”. After this, an exhaustive search of the literature was carried out to look
for studies that focused on solvothermal upgrading of biomass to bio-oil and bio-oil upgrading.
This was done by using the following search strings in Web of Science in July of 2022:

e Solvolysis biomass
¢ Bio-oil upgrading

This resulted in an initial number of 172 and 2,392 documents, respectively, that were then
screened to make sure they reported as many of the process variables noted in Table 4-1. After the
screening process, a total of 15 and 29 papers were selected that fit the criteria, resulting in a total
of 175 and 211 data points. The references to these papers are available in Appendix A
supplementary data file. Studies that were not selected were deemed unfit due to non-compatible
methodologies or underreporting of results and process conditions. This search for data and
processing centers exclusively on changes to HHV or resulting HHV in bio-oil from experiments,
but not directly on the chemical species found in the bio-oil, which are beyond the scope of this
work. All methodologies from selected papers were carefully analyzed for compatibility of results
amongst each other. The HHV values used for dataset were either directly measured by the
researchers or calculated through Dulong’s formula using the BO’s elemental composition.
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Table 4-1. Machine learning features and label names, along with their descriptions.

Feature and label names

Description

Elemental composition (wt%)

Concentration of C, H, O, and N elements in the
feedstock

BO/SF original HHV (MJ/kg)

Original higherheating value ofthe feedstock, measured
or calculated from the elemental composition

*Catalyst name

Active phase of the catalyst used in the experiment

*Solvent name

Solvent name

Solid feedstock name

Feedstock name, all wood and grass varieties were
grouped together

Reaction time (min)

Reaction time in minutes

Temperature (°C)

Temperature in °C

Active metal/solvent ratio (mg/mL)

Ratio of active metal in catalyst to solvent

Active metal/feedstock ratio (mg/mg)

Ratio of active metal in catalyst to feedstock

Catalyst metal/solvent ratio (mg/mL)

Ratio of catalyst to solvent

Catalyst metal/feedstock ratio (mg/mg)

Ratio of catalyst to feedstock

Feedstock/solvent ratio (mg/mL)

Ratio of feedstock to solvent

H* ion added (mol)

Moles of H" added as strong acid equivalent

H: pressure factor (MPa H2*mL)

Estimation of H> gas used, defined as the product of the
pressure of Hz and the “difference between reactor
volume and solvent volume”

Reactor volume - solvent volume (mL)

Defined as the reactor volume minus the volume of
solvent used

'Final HHV (MJ/kg)

Final HHV value ofthe bio-oil, measured or calculated

TAHHV (MJ/kg)

Change of HHV value of the bio-oil, measured or
calculated

* This variable was one-hot encoded due to its categorical nature.
IFinal HHV and AHHV were the labels in this study.

From the data captured, the distribution of values for elemental concentration, reaction time,
reaction temperature, original HHV value and change in HHV value after processing is shown as
violin and box-plots in Figure 4-2 a) for bio-oil and Figure 4-2 b) for SF. These features were
represented as violin plots due to their direct impact in the outcome of a given experiment.
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Figure 4-2. Violin distribution and box-plots for elemental composition, reaction time, reaction
temperature, original HHV and change in HHV after processing for a) Bio oil (BO) and b) SF

Here, it can be observed that distributions of the features and labels are most often not normally
distributed. Although most machine learning methods do not rely on assumptions of data normality
to work properly, it is clear that the measures of correlation such as Pearson’s correlation matrix
would not work properly (as it relies on data normality).
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4.2.2 Machine learning method used and evaluation indicators

The processes in this study were modeled using an Extreme Gradient Boosting (XGBoost)
machine. It must be noted that other ML methods were also tested, however, XGBoost showed
marginally higher performance. XGBoost has been extensively applied in modeling-related
processes. This work opts to highlight two main attributes of XGBoost as a modeling approach
which makes it a strong candidate for the intended application. First, XGBoost is an ensemble of
regression trees (visually summarized in Figure 4-3). Being part of the family of ensemble models
means that the XGBoost model is typically composed of hundreds of regression trees, which each
make a partial estimate of the variable being predicted, i.e., AHHV or final HHV in this case.

First regression tree W3
Wi N ‘ Computation of
regularized loss
Wy function .
e Sf(X) = — L= f(9,y) +0f(X)
X > 1
W3
w; Addition of next regression
_” tree
L » f, = argmin fim( L
Wy
l L= Zk t’k(j‘/, y) + Zk .O.fk(X)
Next regression tree w3
Repeat forn
w; estimators
‘ Calculation of tree
Wy ensemble’s output
X —b’ ’ = fi(x) > I fi(x) =y
W3
ﬁ”
Wy

Figure 4-3. Visual representation of the learning process of XGBoost.

Regression trees are composed of layered ‘branches’ and scored ‘leaves’ (leaf weight, wk) as
shown in Figure 4-3. At each branch, a data point is assigned to a leaf or branch in the next layer
according to the value of a certain feature. Features that are relatively important to the predicted
variable will assume this role in many branches. The last layer of branches is assigned to a leaf
with the continuous score assigned to this leaf serving as the contribution of that regression tree to
the predicted variable. Individually, the regression trees are ‘weak learners’, being oversimplified
models and having a tendency for overfitting because of their structure. However, when the output
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of these models is aggregated, gross errors and noise can be averaged out, while the consistent
inferences across many regression trees are highlighted.

In particular, a regression tree that assigns conditional scores in the manner described is well-
suited to the data in this study. This study uses potentially heterogeneous data collected from
multiple studies which may have implicit and explicit differences. The examples of implicit
differences include undocumented details about the experimental methodology (e.g., purity of
reactants used, number of effective catalytic active sites in the catalyst, or differences in work-up
during experiments) while the examples of explicit differences include differences in feedstock
and catalyst, which are clearly identifiable. Most likely, these differences would result in a skewed,
multimodal, or otherwise, non-normal distribution, which makes them unsuitable for most of the
models (e.g., fitted lines or curves). Regression trees are not under any assumption of a probability
distribution and are mostly deemed to be appropriate for these applications.

The second reason why XGBoost was selected for this study is that its assignment of scores
acknowledges the potential of sparse datasets. In general, sparse datasets are those with many 0
elements. This is a common phenomenon in machine learning. In the context of application in this
research, some data points may be missing one or more features as the documented factors and
parameters differ from study to study. In addition, categorical variables such as the solvent type or
the catalyst type need to be one-hot encoded, which means an integer 0 and 1 is assigned to indicate
if a data point uses a particular solvent. The presence of 0 values in the dataset tends to be a problem
for most models, which must consider the zeroes as a continuous variable. In that sense, the high
frequency of zeroes could make the mean magnitude of certain parameters seem lower. Parametric
methods which are reliant on these statistics would thus be skewed in response to the presence of
the 0s. On the other hand, XGBoost is sparse-aware in the sense that, in its assignment of a next
branch or leaf, a specific assignment can be made for the 0 value, thus allowing it to accommodate
missing and one-hot encoded data.

The performance of the model was evaluated by using the coefficient of determination (R?)and
root-mean-squared-error (RMSE), whose equations (3-1) and (3-2) are shown below, respectively.

n(yexp _y \?
Rz —q_ 2 Y) (3-1)

sn(ve® _yew )’

RMSE = \[%zy(yf’“’ -Y)? (3-2)

Where n represents the number of test samples, Yiexp denotes the experimental value, and Y;

represents the predicted value. Y,,7 represents the mean value of ¥, and Y, respectively.
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Data for all models was split for 80% training and 20% testing, all models used n_estimators =
5000, with all other hyperparameters being set to were taken from defaults in the Scikit-learn
libraries. K-fold validation was used to evaluate model performance.

4.2.3 Feature importance calculation

Feature importance for the models was obtained by using the SHapley Additive exPlanations
(SHAP) values [21]. Each feature has a corresponding calculated SHAP value representing the
contribution of that feature toward the prediction. These values are based on the marginal
contribution of the feature, or the difference between the values predicted by a model including
that feature and one without it. The difference may either be positive or negative, indicating
whether or not that feature makes a positive or negative contribution to the prediction. A
multivariate model such as this research can be decomposed into many models using different
combinations of features as inputs. As such, SHAP values are the weighted sum of the marginal

contributions of each feature to the prediction. This is illustrated by equations (3)~(5)
MCy 313 = Y1y — Yoy (3-3)
MCy (x1x2} = 9{x1,x2} - 9{x2} (3-4)

SHAP,; = Wy *MCyy (1) + Wy * MCyy (1 xpy + W3 % MCyy 31 433 T+ )

where Z w; =1
i

Each data point has a corresponding predicted value, which corresponds to its SHAPvalue. The
SHAP values for the dataset can be interpreted collectively to understand the general behavior of
the model for different inputs. This can be used to confirm the logic of the model, i.e., whether or
not it follows the known or hypothesized effect of certain parameters on HHV. It can also confirm
that less important features have zero contribution instead of adding noise to the prediction. As the
calculated SHAP values follow a continuous scale, the SHAP values of one-hot-encoded
categorical features cannot be reliably interpreted and were excluded from the analysis.
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4.3 Results and discussion

4.3.1 Evaluating prediction accuracy

In a similar manner to the previous chapter, in order to check for overfitting, XGBoost
hyperparameters were tuned by using gridsearch. The results shown in Table 4-2 indicate that
although minor differences in R? and RMSE scores were found, the overall conclusions obtained
using the XGBoost with the default hyperparameters would not change dramatically. Hence,
further analysis was done based on the XGBoost model with default hyperparameters and
hereinafter X GBoost with default hyperparameters is referred to as XGBoost.

This study consists of four models, given two predicted values and two processes (biomass
solvolysis to produce bio-oil and bio-oil upgrading). The accuracy of each model was evaluated
based on common error measures (i.e., R?, RMSE) and compared the linear plot of predicted and
reported values. The error measures indicate good fitting of the XGBoost model for final HHV
and AHHYV prediction in both the training and test sets. The R? values range from 0.96-0.99
(training) and 0.77-0.86 (test) across the four models. The RMSE, which corresponds to the
average difference in real units of HHYV, ranges from 0.42-0.89 MJ/kg (training) and 1.78-2.16
MJ/kg (test). A summary of the error measures is shown in Table 4-2.
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Table 4-2. Accuracy/error measures for final HHV and AHHV prediction of models trained.

Model Training Test
R2 RMSE R2 RMSE
MlJ/kg) (MJ/kg)
Solvolysis of lignocellulosic SF
XGBoost Final HHV prediction 0.99 0.42 0.83 1.94
(default 1\ 1y prediction 0.99 0.42 0.79 178
parameters])
Bio-oil upgrading
Final HHV prediction 0.97 0.89 0.86 2.12
AHHV prediction 0.96 0.89 0.77 2.16
Solvolysis of lignocellulosic SF
Final HHV prediction 0.93 1.18 0.83 1.91
XGBoost 1\ iy brediction 0.94 1.14 0.64 236
(gridsearch
optimized s .
parameters) Bio-oil upgrading
Final HHV prediction 0.94 1.11 0.86 2.06
AHHV prediction 0.95 0.97 0.73 2.40

In figure 4-4, the linear plots of the predicted and reported HHV values are used to provide
more insight into the sources of error. For solvolysis, there are a few predicted values with a large
deviation from the real reported value, which skews the entire RMSE. Specifically, some data
points for the final HHV are significantly overpredicted on the lower end of the regression line,
indicating insufficient data on the lowest HHV values. Conversely, using AHHV shows a wider
variance in error values, yet a lower error magnitude as a whole. As the final HHV can be derived
from AHHV and initial HHYV, the latter model may be more reliable for making estimations on
HHV. On the other hand, the regression lines for bio-oil upgrading indicate a tendency to
underpredict lower values and overpredict higher values. This is more evident for the AHHV, while
all data points for the final HHV adhere to the regression line, except for a few outliers.
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Figure 4-4. Model performance for final HHV and AHHYV for lignocellulosic SF conversion to
bio-oil through solvolysis and bio-oil upgrading. a) Final HHV for solvolysis bio-oil, b) AHHV
for solvolysis bio-oil, ¢) Final HHV for bio-oil upgrading, and d) AHHV for bio-oil upgrading.
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4.3.2 Evaluating the model’s logic and interpretability

SHAP values were used to understand the model’s logic for prediction. In figure 4-5, the
beeswarm plots of the most important variables for the models are displayed for both final HHV
and AHHYV of solvothermal conversion to bio-oil of lignocellulosic SF to bio-oil in a) and b), and

¢) and d) for bio-oil upgrading.
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Figure 4-5. SHAP values for (a) final HHV and (b) AHHV from solvolysis of lignocellulosic SF;
and SHAP values for (c) final HHV and (d) AHHV from bio-oil upgrading.

In figure 4-5 a), we can observe a clear tendency for final HHV. The value of the final HHV
increases with the increasing temperature and the decrease in temperature is associated with the
lower final HHV in the produced bio-oil. In the context of the data used to train the model, this
could be explained by the reactions associated with the removal of oxygen, such as hydrogenolysis
and hydrogenation, which are more prevalent in the temperature range of 250 - 350 °C [22].

The concentration of elemental carbon in the original biomass is shown to be important for
predicting the final value of HHV of the produced bio-oil. Its importance is largely a co-
consequence of the zero-sum relationship in elemental composition, meaning that higher carbon
content is associated with higher hydrogen content and lower oxygen content. It is important to
note that a high starting oxygen content in the feedstock does not necessarily mean that the final
HHYV of the resulting bio-oil will be low, but rather that the conditions of the solvothermal process
would have to be tailored to remove more oxygen. Longer reaction times are associated with higher

final HHV of the bio-oil, which stands to reason, as if oxygen-removing reactions continue to take
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place for a longer time, it should result in lower final oxygen content, therefore, higher final HHV.
However, at the right reaction conditions, short reaction times can still result in a high final HHV
of the resulting bio-oil, depending on the combination of reactants and process conditions. The
extended reaction time may be detrimental to the yield of bio-oil in cases where lignin-derived
compounds can re-polymerize into higher molecular weight fragments that form char [23]. This
can be prevented by the usage of short-chain alcohols such as methanol and ethanol as solvents in
the reaction, due to their ability to react with lignin-derived reaction intermediaries and prevent
the formation of char [24] examples of which represent a large part of the used dataset.

The role of catalyst to solvent ratio can be an issue of reaction optimization depending on the
choice of heterogeneous catalyst, or the absence of it. Many of the transition metal species found
in the experiments that compose the dataset used can react with the short-chain alcohols used
(methanol or ethanol) to generate hydrogen [25] or promote alkylation reactions [26] that
ultimately result in higher final HHV of the bio-oil produced. It must be pointed out that there are
a significant number of non-catalyzed experiments in the dataset used, in which case, the ratio of
catalyst to solvent was defined as 0, thus the above observations would not apply in these cases.
The distribution of H> pressure factor indicates that the lower the number (less moles of hydrogen)
the higher the resulting final HHV should be. This goes against the common understanding that
more Hz gas should result in higher HHV, due to the removal of oxygen in the bio-oil. This
unexpected pattern may be due to the sparse distribution of values for this variable found in our
dataset, which can be observed in the violin plot for the H> factor found in the supplemental file.

Figure 4-5 b) shares many parallels with figure 4-5 (a) such as elemental starting elemental
composition, reaction time, and temperature. However, the interpretation of the catalyst/solvent
ratio is more difficult in this case as the values are closely clustered. The ratio of catalyst/feedstock
shows an ambiguous trend, with both low and high values sometimes being associated with lower
AHHYV. This is probably due to the presence of multiple optimal ratios of catalyst/feedstock in the
dataset from different studies.

Figure 4-5 c) shows that the starting HHV of the bio-oil holds the highest importance in the
prediction of the final HHV. High starting HHV in bio-oil is strongly associated with low final
HHYV from the upgrading process. This is due to the strong correlation between oxygen content
and HHV, where high starting HHV values go in hand with low oxygen content. In a similar vein,
the carbon content in the bio-oil is a strong predictor for the final HHV of the bio-oil, due to the
relation between elemental composition and HHV. Regarding the temperature, a clear correlation
between higher temperature and a higher resulting final HHV can be observed. The temperatures
in the high quartiles are positively associated with higher resulting final HHV, which falls in the
temperature range of 250 - 350 °C previously mentioned. The distribution of H2 pressure factor
also shows a clear relation to the final HHV of the bio-oil, where low values (a smaller number of
moles of hydrogen used) result in low final HHV. With regards to the reaction time, it is clear that
longer reaction times are associated with higher final HHV.
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For figure 4-5 d), the bio-oil original HHV plays an important role in the resulting AHHV. This
can be observed from the large cluster of SHAP values on the left side of figure 4-5 d). From the
perspective of the chemical components of the bio-oil, it makes sense that if a given bio-oil sample
already contains little remaining oxygen, the resulting possible increase in HHV depends on how
much oxygen remains to be removed. This can also be seen that the high carbon content in the
original bio-oil was also strongly associated with lower final HHV. Temperature, on the other hand,
displays a different spread of SHAP values which can be seen in the final HHV case for bio-oil
upgrading (shown in figure 4-5 ¢), still ultimately follows a similar trend where higher temperature
results in higher AHHV. The relation between the ratio of solvent volume to reactor volume was
intended to be used as an approximation of the process pressure, on the assumption that the
resulting pressure at high temperature is mostly a consequence of the solvent at high temperature
and not because of gas being generated. Based on this assessment, it appears that lower process
pressure can be associated with higher AHHV. However, a significant number of points also cluster
around the SHAP value of 0, indicating that there are circumstances where the feature has no
impact. Lastly, the reaction time displays a very similar pattern as shown in figure 4-5 c).

Based on the performance of the model and the distribution of variable importance found, the
simulation of hypothetical process conditions can be executed. Amongst the directly controllable
process variables, temperature and reaction time are considered the most impactful ones since both
variables are in the top five highest importance in the prediction of AHHV in figure 4-5. With this
in mind, figure 4-6 shows partial dependency plots for AHHV values using different percentiles of
temperature and reaction time, in a) and b) for solvolysis of biomass to bio-oil and c) and d) for
bio-oil upgrading.
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Figure 4-6. Partial dependency plot for AHHV changes at different temperatures and reaction
time values for solvolysis of biomass to bio-oil in a) and b) , with solvents: ethanol, methanol,
polyethylene (PEG)-Glycerol, propanol, water and water-ethanol mixture and feedstocks divided
into either lignin or lignocellulose. Bio-oil upgrading in c¢) and d), with solvents: butanol,
ethanol, methanol, propanol, water or no solvent, and feedstocks: cornstalk, duckweed,

gumweed, juniper, oil palm empty fruit bunch, pubescens, rice husk and wood.

In figure 4-6 a), a significant increase in resulting AHHV of bio-oil produced can be observed
when using higher temperatures. Similar to figure 4-6 b), increasing the reaction time results in
higher expected AHHV. However, beyond a certain point, the resulting AHHV in the produced
bio-oil does not appear to increase further. In the context of the gathered data and the reactions
involved, it stands to reason that if hydrodeoxygenation reactions are ultimately responsible for
the AHHV value obtained, all of the removable oxygen-containing species will have reacted at a
certain point in the process, thus no further increase in AHHV should be possible.

It is also interesting to note that this pattern is largely echoed in figure 4-5 c) and d). In the case
of figure 4-6 c), the increase of AHHV appears to be only marginally higher at temperatures in the
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90th percentile. figure 4-6 d) also shows a similar pattern as in figure 4-6 ¢) which is presumably
related to the same hydrodeoxygenation reactions previously mentioned.

Because of the heterogeneity of the dataset in this research in terms of solvents and catalysts, it
must be noted that some of these simulated results may stray significantly from what a real
experiment would result in. From the perspective of the solvent used, this is related to the fact that
organic solvents may interact differently with the catalyst at a higher temperature, in ways that do
not necessarily contribute to the expected change of AHHV. Notably, the short-chain alcohols used
in the experiments in the dataset can undergo aldol condensation at different temperatures [27]
which can compete with the arguably more favored alkylation reactions [28] or hydrogen transfer
[29], which would contribute to higher AHHV.

The reactions involved in bio-oil upgrading fall under the umbrella term of hydrodeoxygenation
(HDO) reactions, these include cracking, hydrocracking, decarboxylation, decarbonylation and
hydrogenation, which are shown in Figure 4-7. These are among the reactions that represent the
underlying chemistry behind the models seen in this chapter. However, it is important to emphasize
that the models presented in this chapter do not directly reflect any particular HDO reaction,
instead, predicting HHV values serving as a proxy of the “magnitude of oxygen removed” by these
HDO reactions. Studying the HDO mechanism of would require conducting experiments and
gathering data in relation to different oxygen-containing molecules, ideally working on those that
are known to be difficult to deoxygenate and studying a particular aspect of the experiment, suc as
the catalyst in detail, without too much variation of solvents or process parameters.
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Figure 4-7. Reactions associated with catalytic HDO processes [11].

4.3.3 Significance of results and comparison to other methodologies for calculating HHV

The models developed in this research displayed a significant prediction performance in spite
of the sparsity of the dataset. Because of this, using a dataset consisting of experiments only
involving the use of a particular solvent or gathering more detailed information regarding the
properties of the catalyst used should result in a model with much higher prediction performance.
Using SHAP values offers the possibility of interpreting variable importance in a way that could
allow us to connect the results with specific reaction mechanisms or phenomena that are
responsible for the changes in bio-oil upgrading or solvothermal biomass conversion. This is
especially valuable because biomass sources and the bio-oil resulting from their conversion can
have a very extensive range of properties. Coupling experimental work with machine learning
modeling and its associated explainable variable importance will undoubtedly become a powerful
tool in the study of biomass conversion in general.

The models shown in this study can estimate final HHV or expected increase in HHV as a
function of the process parameters, for the first time, as far as the published literature is concerned,
in contrast to the various existing formulas derived from Dulong’s formula for HHV [30, 31] that
make use exclusively of the elemental composition ofthe resulting fuel. Other recent works related
to biomass, HHV and machine learning share parallels with Dulong’s formula in that they use the
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properties of the biomass or biomass conversion products for calculating HHV [32, 33], but no
process parameters. Those works that do involve process parameters tend to center on arguably
simpler processes such as gasification [34], pyrolysis [35] and hydrothermal treatment [13], where
the number of potential chemical interactions is lower on account of the absence of catalysts or
reactive reaction media, such as various heterogeneous catalysts and organic solvents seen in this
study. The models for bio-oil upgrading seen in this study can be used to research the cost-benefit-
energy relation between proposed upgrading processes that differ in terms of catalysts, solvents
and starting bio-oil. However, it is ultimately important to note that our model is not based on the
entirety of the possible experimental space (all the possible combinations of variables), but rather
limited only to the scope of currently available published literature, which may limit its
applicability to never-before-tested combinations of reactants or catalyst species.

4.3.4 Future research direction and recommendations

Machine learning tools can accelerate the development of biomass conversion processes that
normally require extensive work, with findings that cannot always be extrapolated to other kinds
of biomass. This is both due to the large number of process variables in biomass conversion
processes but also to the wide variability in properties of different biomass feedstocks. There are
a number of bottlenecks that have to be addressed in order for this to be realized. Firstly, clear
guidelines for reporting experimental procedures and minimal suggested characterization of
feedstocks and catalysts used should be developed. This is a sentiment shared by other authors
with regard to lignin-first biorefining [36], though it does not address the usage of machine learning.
Secondly, the experimental work related to thermochemical biomass conversion is, in general, very
cumbersome and tends to require high-temperature and pressure-resistant equipment that can be
costly. This is a matter that other experimental disciplines of science, such as biology [37] and
organic synthesis [38] do not struggle with (as much), where high-throughput experimentation via
robotic tools is already available [39] or upcoming [40]. A possible solution to this matter could
be the development of new experimental methods that require less workup and reactors that can
be deployed in large numbers simultaneously. Simple reactors made of high-pressure tubing and
caps [41] are examples of alternatives that could be used in high-throughput experimentation of
biomass conversion. However, these reactors may have mass transfer limitations that complicate
the extrapolation of the obtained results. Model compounds or mixtures of model compounds
could be used to deploy extensive arrays of experiments that can be then modelled and analyzed

to obtain insight into what can be expected to happen in a given biomass conversion process.

4.4 Conclusions

The interpretable XGBoost models for the prediction of HHV of bio-oil from the solvothermal
conversion of lignocellulosic biomass and bio-oil upgrading were performed. The R? scores
ranging from 0.77 to 0.86 could be achieved despite the large diversity of reaction conditions,
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solvents, and types of catalysts found in the dataset. SHAP values also provided the interpretable
variable importance that coincides with findings found in the literature and highlighted the useful
correlations that may allow for useful prediction of expected bio-oil quality given a set of process
variables, minimizing the experimental work needed to obtain meaningful results. This work
demonstrates that few variables dictate the possible increase in HHV in a given bio-oil to be
upgraded or the conversion of lignocellulosic biomass to bio-oil in terms of its characteristics such
as elemental composition. Statistically speaking, variables such as choice of solvent, initial
moisture concentration in bio-oil and catalyst active phase were shown to be of little importance
compared to reaction time and temperature, within the context of this dataset.

References:

[1] Alper, K., Tekin, K., Karagoz, S., & Ragauskas, A. J. (2020). Sustainable energy and fuels from
biomass: a review focusing on hydrothermal biomass processing. Sustainable Energy & Fuels,
4(9), 4390-4414. https://doi.org/10.1039/DOSE00784F

[2] Abu-Omar, M. M., Barta, K., Beckham, G. T., Luterbacher, J. S., Ralph, J., Rinaldi, R., ... &
Wang, F. (2021). Guidelines for performing lignin-first biorefining. Energy & Environmental
Science, 14(1), 262-292. https://doi.org/10.1039/DOEE02870C

[3] Adamovic, T., Zhu, X., Perez, E., Balakshin, M., & Cocero, M. J. (2022). Understanding
sulfonated kraft lignin re-polymerization by ultrafast reactions in supercritical water. The Journal
of Supercritical Fluids, 191, 105768. https://doi.org/10.1016/j.supflu.2022.105768

[4] Bepari, S., & Kuila, D. (2020). Steam reforming of methanol, ethanol and glycerol over nickel-
based catalysts-A review. International Journal of Hydrogen Energy, 45(36), 18090-18113.
https://doi.org/10.1016/j.ijhydene.2019.08.003

[5] Biswas, B., Kumar, A., Krishna, B. B., & Bhaskar, T. (2021). Effects of solid base catalysts on
depolymerization of alkali lignin for the production of phenolic monomer compounds. Renewable
Energy, 175, 270-280. https://doi.org/10.1016/j.renene.2021.04.039

[6] Chuntanapum, A., & Matsumura, Y. (2010). Char formation mechanism in supercritical water
gasification process: astudy of model compounds. Industrial & Engineering Chemistry Research,
49(9), 4055-4062. https://doi.org/10.1021/ie901346h

[7] Chen, P., Xie, Q., Du, Z., Borges, F. C., Peng, P., Cheng, Y., ... & Ruan, R. (2015). Microwave-
assisted thermochemical conversion of biomass for biofuel production. Production of biofuels and
chemicals with microwave, 83-98. DOI: 10.1007/978-94-017-9612-5 5

[8] Garcia, A. C., Shuo, C., & Cross, J. S. (2022). Machine learning based analysis of reaction
phenomena in catalytic lignin depolymerization. Bioresource Technology, 345, 126503.

https://doi.org/10.1016/j.biortech.2021.126503

79



[9] Hill, J., Nelson, E., Tilman, D., Polasky, S., & Tiffany, D. (2006). Environmental, economic,
and energetic costs and benefits of biodiesel and ethanol biofuels. Proceedings of the National
Academy of Sciences, 103(30), 11206—11210._https://doi.org/10.1073/pnas.0604600103

[10] Heide, D., von Bremen, L., Greiner, M., Hoffmann, C., Speckmann, M., & Bofinger, S. (2010).
Seasonal optimal mix of wind and solar power in a future, highly renewable Europe. Renewable
Energy, 35(11), 2483-24809. https://doi.org/10.1016/j.renene.2010.03.012

[11] Huang, X., Koranyi, T. I., Boot, M. D., & Hensen, E. J. (2015). Ethanol as capping agent and
formaldehyde scavenger for efficient depolymerization of lignin to aromatics. Green Chemistry,
17(11), 4941-4950. https://doi.org/10.1039/C5GCO01120E

[12] Han, X., Guo, Y., Liu, X., Xia, Q., & Wang, Y. (2019). Catalytic conversion of lignocellulosic
biomass into  hydrocarbons: A mini review. Catalysis  Today, 319, 2-13.
https://doi.org/10.1016/j.cattod.2018.05.013

[13] Katongtung, T., Onsree, T., & Tippayawong, N. (2022). Machine learning prediction of
biocrude yields and higher heating values from hydrothermal liquefaction of wet biomass and
wastes. Bioresource Technology, 344, 126278. https://doi.org/10.1016/j.biortech.2021.126278

[14] Kozlowski, J. T., & Davis, R. J. (2013). Heterogeneous catalysts for the Guerbet coupling of
alcohols. ACS Catalysis, 3(7), 1588-1600. https://doi.org/10.1021/cs400292f

[15] Lee, H. L., Boccazzi, P., Ram, R. J., & Sinskey, A. J. (2006). Microbioreactor arrays with
integrated mixers and fluid injectors for high-throughput experimentation with pH and dissolved
oxygen control. Lab on a Chip, 6(9), 1229-1235. https://doi.org/10.1039/B608014F

[16] Lian, X., Xue, Y., Zhao, Z., Xu, G., Han, S., & Yu, H. (2017). Progress on upgrading methods
of bio-oil: a review. International Journal of Energy Research, 41(13), 1798-1816.
https://doi.org/10.1002/er.3726

[17] Michailof, C. M., Kalogiannis, K. G., Sfetsas, T., Patiaka, D. T., & Lappas, A. A. (2016).
Advanced analytical techniques for bio-oil characterization. Wiley Interdisciplinary Reviews:
Energy and Environment, 5(6), 614-639. https://doi.org/10.1002/wene.208

[18] McClelland, D. J., Galebach, P. H., Motagamwala, A. H., Wittrig, A. M., Karlen, S. D,
Buchanan, J. S., ... & Huber, G. W. (2019). Supercritical methanol depolymerization and
hydrodeoxygenation of lignin and biomass over reduced copper porous metal oxides. Green

Chemistry, 21(11), 2988-3005. https://doi.org/10.1039/C9GC00589G

[19] Mendes, F. L., da Silva, V. T., Pacheco, M. E., de Rezende Pinho, A., & Henriques, C. A.
(2020). Hydrotreating of fast pyrolysis oil: A comparison of carbons and carbon-covered alumina
as supports for Ni2P. Fuel, 264, 116764. https://doi.org/10.1016/j.fuel.2019.116764

[20] Molnar, C. (2020). Interpretable machine learning.
80


https://doi.org/10.1073/pnas.0604600103

[21] Muangsuwan, C., Kriprasertkul, W., Ratchahat, S., Liu, C.-G., Posoknistakul, P.,
Laosiripojana, N., & Sakdaronnarong, C. (2021). Upgrading of light bio-oil from solvothermolysis
liquefaction of an oil palm empty fruit bunch in glycerol by catalytic hydrodeoxygenation using
NiMo/AI1203  or CoMo/AI203  Catalysts. ACS  Omega, 6(4), 2999-3016.

https://doi.org/10.1021/acsomega.0c05387

[22] Maps and data - global ethanol production by country or region. Alternative Fuels Data 370
Center: Maps and Data - Global Ethanol Production by Country or Region. (2021, 371 June).
Retrieved January 8, 2022, from_https://afdc.energy.gov/data/10331

[23] Naimoli, S.; Ladislaw, S. Decarbonizing Heavy Industry. Csis. October 2020. Available
online: https://www.csis.org/analysis/climate-solutions-series-decarbonizing-heavy-indu stry
(accessed on 27 November 2022).

[24] Nieto, P. J. G., Garcia—Gonzalo, E., Paredes—Sanchez, B. M., & Paredes—Sanchez, J. P. (2022).
Forecast of the higher heating value based on proximate analysis by using support vector machines
and  multilayer  perceptron  in  bioenergy  resources. Fuel, 317, 122824.
https://doi.org/10.1016/j.fuel.2021.122824

[25] Ong, H. C., Chen, W. H., Singh, Y., Gan, Y. Y., Chen, C. Y., & Show, P. L. (2020). A state-of-
the-art review on thermochemical conversion of biomass for biofuel production: A TG-FTIR
approach. Energy Conversion and Management, 209, 112634.

https://doi.org/10.1016/j.enconman.2020.112634

[26] Onsree, T., Tippayawong, N., Phithakkitnukoon, S., & Lauterbach, J. (2022). Interpretable
machine-learning model with a collaborative game approach to predict yields and higher heating
value of torrefied biomass. Energy, 249, 123676. https://doi.org/10.1016/j.energy.2022.123676

[27] Prajitno, H., Insyani, R., Park, J., Ryu, C., & Kim, J. (2016). Non-catalytic upgrading of fast
pyrolysis bio-oil in supercritical ethanol and combustion behavior of the upgraded oil. Applied
Energy, 172, 12-22. https://doi.org/10.1016/j.apenergy.2016.03.093

[28] Rachel-Tang, D. Y., Islam, A., & Taufig-Yap, Y. H. (2017). Bio-oil production via catalytic
solvolysis of biomass. RSC advances, 7(13), 7820-7830. https://doi.org/10.1039/C6RA27824H

[29] Shevlin, M. (2017). Practical high-throughput experimentation for chemists. ACS medicinal
chemistry letters, 8(6), 601-607. https://doi.org/10.1021/acsmedchemlett.7b00165

[30] Hosokai, S., Matsuoka, K., Kuramoto, K., &amp; Suzuki, Y. (2016). Modification of Dulong's
formula to estimate heating value of gas, liquid and solid fuels. Fuel Processing Technology, 152,
399-405. https://doi.org/10.1016/j.fuproc.2016.06.040

[31] Sheng, C., &amp; Azevedo, J. L. T. (2005). Estimating the higher heating value of biomass
fuels from basic analysis data. Biomass and Bioenergy, 28(5), 499-507.
https://doi.org/10.1016/j.biombioe.2004.11.008

81


https://afdc.energy.gov/data/10331

[32] Ighalo, J. O., Adeniyi, A. G., &amp; Marques, G. (2020). Application of linear regression
algorithm and stochastic gradient descent in a machine-learning environment for predicting
biomass higher heating value. Biofuels, Bioproducts and Biorefining, 14(6), 1286—1295.
https://doi.org/10.1002/bbb.2140

[33] Yaka, H., Insel, M. A., Yucel, O., & Sadikoglu, H. (2022). A comparison of machine learning
algorithms for estimation of higher heating values of biomass and fossil fuels from Ultimate
Analysis. Fuel, 320, 123971. https://doi.org/10.1016/j.fuel.2022.123971

[34] Mutlu, A.Y., &amp; Yucel, O. (2018). Anartificial intelligence-based approach to predicting
syngas composition for downdraft biomass gasification. Energy, 165, 895-901.

https://doi.org/10.1016/j.energy.2018.09.131

[35] Leng, E., He, B., Chen, J., Liao, G., Ma, Y., Zhang, F., Liu, S., & E, J. (2021). Prediction of
three-phase product distribution and bio-oil heating value of biomass fast pyrolysis based on
machine learning. Energy, 236, 121401. https://doi.org/10.1016/j.energy.2021.121401

[36] Tabanelli, T.(2021). Unrevealing the hidden link between sustainable alkylation and hydrogen
transfer processes with alcohols. Current Opinion in Green and Sustainable Chemistry, 29, 100449.
https://doi.org/10.1016/j.cogsc.2021.100449

[37] van Holst Pellekaan, N., Walker, M. E., Watson, T. L., & Jiranek, V. (2021). ‘TeeBot’: A High
Throughput Robotic Fermentation and Sampling System. Fermentation, 7(4), 205.
https://doi.org/10.3390/fermentation7040205

[38] Wang, H., Feng, M., & Yang, B. (2017). Catalytic hydrodeoxygenation of anisole: an insight
into the role of metals in transalkylation reactions in bio-oil upgrading. Green Chemistry, 19(7),
1668-1673. https://doi.org/10.1039/C6GC03198F

[39] Wang, Z., Zhao, W., Hao, G. F., & Song, B. A. (2020). Automated synthesis: current platforms
and further needs. Drug Discovery Today, 25(11), 2006-2011.
https://doi.org/10.1016/j.drudis.2020.09.009

[40] Yang, Q., Wang, Q.,& Yu, Z. (2015). Substitution of alcohols by N-nucleophiles via transition
metal-catalyzed  dehydrogenation.  Chemical  Society = Reviews, 44(8), 2305-2329.
https://doi.org/10.1039/C4CS00496E

[41] Zhang, X., Wang, K., Chen, J., Zhu, L., & Wang, S. (2020). Mild hydrogenation of bio-oil
and its derived phenolic monomers over Pt—Ni bimetal-based catalysts. Applied Energy, 275,
115154. https://doi.org/10.1016/j.apenergy.2020.115154

82



Chapter 5:

Dissertation summary and future
research work

5.1 Dissertation summary and future research work

As stated in Chapter 1, the main theme through this dissertation was the usage of ML to clarify
and understand the phenomena involved in different kinds of solvothermal lignin depolymerization
approaches, the focus being on this particular subset of depolymerization processes due to the
authors’ perception that it is the most economically feasible and scalable lignin depolymerization
process.

Chapter 2 focused on the development of a ML model that aimed to test whether the surface
properties of heterogeneous catalysts (surface area, pore diameter and pore volume) played a
significant role in the prediction of experimental outcomes from data from heterogeneously
catalyzed lignin solvolysis experiments. The results indicate that these properties do not seem to
play a major role in the prediction of bio-oil yield, but surface area does predict to some extent the
yield of solid residues. For bio-oil yield, process parameters such as temperature, reaction time
and choice of solvent seem to play a much larger role than others. This indicates that it is clear that
heterogeneous catalysts clearly do play a role in the process, perhaps the majority of the
depolymerization that happens is due to the effects of the solvent interacting with lignin at a given
temperature for a particular amount of time. It must be noted that the contribution of these
heterogeneous catalysts is not only increasing the bio-oil yield, but also changing the product
distribution of the process, which is beyond the scope of this dissertation. As stated at the end of
Chapter 2, it must be emphasized that the data used to train this model is arguably only a small
fraction of the total possible experimental space, and attention should be paid to the data that was
used to train the models.

Chapter 3 shifted the focus from heterogeneous to homogeneous catalysis, strictly focusing on
studies that use water as the solvent of choice (hydrothermal), in attempt to further zoom into how
the comparatively few process parameters seen in this kind of process interact. Once again ML
models were trained using data from literature obtaining prediction performance similar to that
seen in the models in Chapter 2. In this case, unsurprisingly temperature and reaction time were
the two process parameters that contributed the most towards the prediction of experimental
outcomes, with the catalyst playing a relatively minor role in comparison. This chapter also
attempted to experimentally test the predictions made by the models, in order to further validate
them. However, the yield of bio-oil displayed at times an extremely large deviation from the

prediction, while the yield of solid residues obtained fell within the expected error range from the
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model. In the chapter, possible explanations as to why the experimental results for bio-oil deviated
so largely from the model’s prediction were offered. The main possible explanation were offered,
first, that the chemistry work-up steps followed after hydrothermal lignin depolymerization may
differ across different studies, such as using different solvents to extract a solvent-soluble fraction
of lignin from the solid residues, and whether this should or should not be reported as part of the
total bio-oil yield (dubbed “Heavy oil” in some papers). Second is that the majority of the studies
did not attempt to characterize the lignin that they used in their studies, which likely contributes to
the error of the trained models. Elemental composition, ash content and solubility in different
solvents is known to differ across different lignins, yet this is rarely acknowledged in the studies.
Due to the abovementioned reasons, the possibility of using alternative metrics for reaction
evaluation are suggested, such as the usage of measurable, useful properties from the bio-oil, such
as higher heating value (HHV)

Having analyzed the two major groups of studies about lignin solvolysis, Chapter 4 is focused
instead in predicting the final HHV of the bio-oil obtained from heterogeneously catalyzed
solvolysis of lignocellulosic feedstocks, and also the changes in HHV when said bio-oil is
upgraded hydrogenation or thermal treatment. Here once again, processes parameters such as
temperature and reaction time proved to be good predictors of the HHV values. Elemental
composition, oxygen content in the original feedstock or bio-oil to be upgraded in particular also
largely contributed to the prediction. This falls within line of what is currently understood in
literature for prediction of HHV from fossil and biofuels, where as per Dulong’s formula, oxygen
content in the fuel negatively impacts the resulting HHYV, therefore the lower the oxygen content
is, the larger the proportion of carbon and hydrogen in the bio-oil, resulting in larger HHV values
obtained. Future work on this matter could focus on the technoenergetic evaluation of different
solvothermal biomass upgrading processes, focusing both on the inputs (time, heat, solvents and
catalysts) and outputs (yield of bio-oil and HHV).

Over the course of this dissertation, it is clear that procuring meaningful amounts of data for
experimental work can be a difficult task, and that using data from literature only has clear
limitations, such as scarcity and tendency from researchers to report only “good” results, that do
not provide useful information to train a ML model. In addition to this, noise in the form of
mismeasurement and non-explicit differences in methodology may reduce the quality of the data.
To overcome this weakness, the possibility of miniaturizing and simplifying biomass conversion
experiments is put forward, by planning experiments in such way that the results obtained may be
representative of the phenomena involved in larger experiments, yet, faster to execute in large
quantities. On the other hand, advances in the field of data science are allowing researchers to
slowly move away from “big data” approaches that are simply incompatible with practical
difficulties seen in experimental work. Although the idea of renewable aromatic chemicals and
liquid biofuels sounds attractive and the chemistry involved is interesting, it is the authors belief
that due to currently existing competing technologies we are unlikely to see lignin or lignocellulose
liquefaction replacing the processes seen in petrochemistry, for the foreseeable future.

I believe that advances in ML will contribute towards clarifying the phenomena involved in all
biomass conversion processes (particularly thermochemical ones), which will in turn lead to
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obtaining more meaningful results that can be scaled up and applied, thus positively contributing
towards the goals of sustainability and the development of a circular bio-economy.

Appendix 1

On the limitations of heterogeneous
catalysis in solvothermal lignin
depolymerization

1.0 Introduction

Understanding of lignin depolymerization has progressed largely since the early studies in the
late 20th century that mostly used analogies from existing petrochemical industry. During the early
stages of this field the structure of lignin and it’s properties were poorly understood. These early
studies employed drastic reaction conditions (temperature, hydrogen pressure) to depolymerize the
lignin, and were ultimately successful in producing various aromatic monomers, despite the clear
economic unfeasibility of using these reaction conditions to produce chemicals that were arguably
cheaply available as side products of gasoline production through fluid catalytic cracking [7].

Because the seeming lack of urgency, the field progressed slowly and only started gaining
traction in the early 21st century (Figure A-1), where various new approaches were put forward by
research groups, mostly in the form of solvolysis by using different combinations of organic
solvents, water, and catalysts. each highlighting the merits of their proposed method and using
different methodologies to quantify their success, but still remaining unpractical at commercial
scale. A representative scheme of this reaction’s reactants, solvent, catalyst and expected products
is shown in Figure A-2.
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Figure A-1. Interest in lignin depolymerization over time. Results from Web of Science using the
search string: lignin depolymerization. (As of August of 2023)

Various catalysts, solvents and combinations of reaction conditions proved to be “successful”
but stating which one is superior is difficult due to the large availability of studies, incomplete or
partial reporting of results as well as poor reasoning as to why the experiments are conducted in a
particular way beyond “this combination of variables has not been tried yet”. All of this contributes
to the problem of comparing lignin depolymerization studies. The focus of these studies can be
roughly split into catalysts and reaction media, usually in search of the optimal reaction conditions
for one or the other.
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Figure A-2. Description of lignin depolymerization reactants, catalyst, solvent and products
conducted at elevated temperature.

1.1 Catalysts in lignin depolymerization

In terms of catalysts, many successful examples can be seen in the existing literature. It is clear
that the use of transition metal catalysts, both noble and non-noble exert a catalytic effect in the
reaction: increasing the yield of bio-oil, reducing the formation of char and biasing the product
distribution towards less oxygenated products. Because of the many combinations of catalyst,
solvent and lignin properties, performance of catalysts can only be compared with other studies
that share similar conditions. The performance of the catalyst is measured by comparing the
fraction of lignin that was transformed into liquid products (bio-oil yield), gas or char. In some
cases, performance is further defined as the quantity of aromatic monomers obtained from a
particular lignin.

Of the noble metal catalysts, Ru [8,9] and Rh [10] have displayed outstanding performance
compared to the other noble metal catalysts. Non-noble metals have been extensively used in many
chemical processes, notably those related to petrochemistry, such as removal of oxygen, nitrogen
or sulfur from hydrocarbons by hydrotreating [11]. Catalysts containing Ni, Mo, Co and W have
been used in lignin depolymerization either by themselves or in bi-metallic catalysts [12, 13].

On the other hand, the role of support materials in lignin depolymerization catalysts has also
been explored, where studies can be largely categorized by their use of acidic, neutral or basic
supports (though the latter is rarely seen). Zeolites are the most prominent example of acidic
supports, for example, [14] used Ni-Cu supported in various zeolites (H-beta, ZSM-5, MAS-7,
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MCM-41, SAPO-11) for Kraft lignin depolymerization in presence of isopropanol as the reaction
medium at 330 °C, obtaining bio-oil yields above 85% for all used zeolites. In the same vein, ref.
[13] used conventional hydrotreatment metals (Ni, Mo, W, Co) supported on ZSM-5 in the
presence of methanol as the reaction medium under hydrogen pressure. The resulting product
selectivity is biased towards the formation of alkylphenols but also the formation of 30 wt.% char,
due to the high acidity in the ZSM-5 support. It is clear that moderate acidity in the support can
contribute positively to the result of the reaction and bias the products towards alkylphenols, which
are good compounds for fuel purposes.

Yet even studies that do not involve acidic catalysts can perform very well, neutral support
materials lack the acid sites that acidic support materials possess, their purpose being mostly to
provide a medium for the active phase to disperse. Activated carbon is the principal example of
this, with many studies involving transition metal catalysts in a variety of reaction media, most of
them obtaining over 80% bio-oil yield, for example, [10] used Pt, Pd, Ru and Rh supported in
activated carbon in the presence of isopropanol as the reaction medium for Kraft lignin (KL)
depolymerization, obtaining over 100% bio-oil yield in some their experiments. In [15]’s work, Pt,
Ni, Ru, Pd supported in activated carbon was used in the presence of ethanol-water mixture (1:1
wt.%) for kraft lignin depolymerization without additional hydrogen. The obtained product
distribution contains mostly guaiacolic compounds, which is in line with the metals used and the
absence of additional hydrogen.

1.2 Role of reaction media in lignin depolymerization

While the role of the catalyst used in lignin depolymerization had a more straightforward, well-
understood purpose, the solvent used as reaction media seemed like an open-ended question,
because of this, many studies have disregarded the role of the solvent used as reaction media or
focused on a specific one that showed synergy with the catalysts they were studying. The solvents
used can be largely divided in: water, alcohols and other organic solvents. Solvents used usually
display optimal reaction performance close to their critical point, especially for the case of alcohols
and water, usually around 250 to 350 °C.

Depolymerization of KL in sub- and supercritical water is usually carried out in conjunction
with basic homogeneous catalysts of varying strengths such as NaOH, KOH, K2CO3 and Na2COs3,
the addition of a basic catalyst seems to improve the reaction performance through at least two
mechanisms: Firstly, by improving the solubility of KL in the aqueous solution; and secondly, by
preventing to a certain degree the repolymerization that happens during the reaction. While the use
of basic homogeneous catalysts appears to be the norm in hydrothermal depolymerization, there
have been a few instances of hydrothermal studies using heterogeneous catalysts, notably zeolites
ZSM-5 [16] and SBA-15, in conjunction with Na>COs3 [17].
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The prevalence of studies employing short-chain alcohols (C1-C4) as reaction media for lignin
depolymerization is high, the motivations for these are: lignin displays significantly higher
solubility in short-chain alcohols than in pure water, facilitating the reaction, additionally the
occurrence of low-temperature dry alcohol reforming [18] and hydrogen donating capacity of
alcohols [19], reduces the oxygen content of the resulting bio-oil and prevents the formation of
char. The occurrence of these two hydrogen forming reactions is mediated by the temperature,
reaction time and catalyst used, with various reduced transition metals in diverse supports
displaying notable performance.

As for other organic solvents, Dioxane has been used as a reaction medium in several KL
depolymerization studies in conjunction with other solvents such as water [19], ethanol [20] and
methanol [21]. Acetone [8] and dodecane [9] have been used as reaction media in KL
depolymerization in a few studies. Acetone by itself does not dissolve KL extensively, but when
combined with water its solubilizing capabilities increase drastically [22]. A bio-oil yield of 93%
is reported in [8]; it is important to note that this study employs direct hydrogen pressure, as
acetone does not possess hydrogen donating capacity. Dodecane as reaction medium does not
possess hydrogen donating properties; thus, its only role in the reaction is to facilitate the
interaction of lignin with the catalyst.

2.0. Methodology

Based on the studies published in the past decade, it is the authors belief that doing a purely
experimental approach that focuses exclusively on a particular type of catalyst or reaction media
without any particular reasoning or mindset would not further our understanding of lignin
depolymerization. One of the biggest concerns found in these studies’ reaction time varies
dramatically among studies, ranging from a few minutes to 24 hours in some cases, all in which
relatively high bio-oil yield was obtained. After further searching the literature for an explanation,
no clear indication of why this variation in reaction time seems to exist. Considering that the work
in catalysts until now has focused almost exclusively on the active species deposited in the catalyst,
and the large gap in reaction time between heterogeneous and homogeneous catalysts, it would
appear that no comprehensive work has been done in regard to the mass transfer phenomena
involved in the reaction with regards to lignin’s interaction with heterogeneous catalysts.

Lignin is a heterogeneous polymer that can display a large and varied molecular weight
distribution and polydispersity index, depending on the lignocellulosic feedstock and method used
to isolate it. This can be exemplified by Table A-1, where the average molecular weight (Mn),
weight averaged molecular weight (Mw) and polydispersity index (D) for various biorefinery
lignins is shown.
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Table A-1. The Mn and Mw of various lignins isolated from pre-treated biomasses. [from 23]

Biomass Pre-treatment Mn (g mol™) Mw (g mol™)
Cotton Stalk MWL 700 1520
Ammonia 560-890 1250-1740
Hydrothermal
Bamboo MWL 1680 3260
(Bambusa rigida sp) AL 1860 2840
Birch MWL 5860 10,860
(Betula alnoides) Microwave 3830 7290
Heat 5000 11,450
Beech MWL 3690 5510
(Fagus sylvatica) Heat 2790 4020
Loblolly Pine MWL 989 7790
(Pinus taeda) Ceriporiopsis 743770 5147-6330
subvermispora
MWL 7590 13,500
OS-MWL 6530 16,800
EOL 3070 5410
Poplar MWL — 8550
(Populus trichocarpa) DAP — 7300-8280
Switchgrass MWL 2070 5100
(Panicum virgatumvar. —par 930 2200
Kanlow)
Ethanol organosolv + | 1580 5750
ball mill
Poplar MWL 4176 13,250
(Populus albaglandulosa) =g e o TH20 10421357 1655-4429
Supercritical H20 + | 949-1097 1526-2753
catalyst
Tamarix ramosissima MWL 2155 3750
LHW 1380-2250 2690-3950
Lodgepole Pine Wood Chips | SPORL (LS-SP165) 810 1440
Commercial Softwood SPORL (LSD-748) 4800 14,000

* AL: alkali lignin; DAP: dilute acid pre-treatment; EOL: ethanol organosolv lignin; LHW: liquid hot water; OS-MWL: organosolv milled wood
lignin; SPORL: sulfite pre-treatment to overcome recalcitrance of lignocellulose.

As can be observed, the mass average molecular weight (Mw) can range from a few 1000 g
mol! to as much as over 10000 g mol-!, and values as high as 30000 g mol-! have been reported
for Kraft lignin.

Because catalysts used in lignin depolymerization had been largely synthesized based-off
analogies from other previously existing, successful catalysts from hydrodeoxygenation,
hydrogenation and hydrogenolysis processes no attention has been paid to the fact that lignin as a
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reactant is very different than those found in the processes these catalysts were used in. In particular,
the size of the pores found in heterogeneous catalysts tends to be either mesoporous (50 to 2 nm)
or microporous (less than 2 nm), by comparing this pore size with, for example, the kinetic
diameter of benzene that is 0.585 nm, it stands to reason that a larger, aliphatic branch containing
molecules composed of multiple aromatic units may result in a much larger kinetic diameter that
may result in very slow or impossible diffusion through the pores of the catalyst.

With this in mind the hypothesis that “molecular weight distribution, and by extension kinetic
diameter of lignin is correlated with mass transfer limitations in heterogeneously catalyzed
depolymerization reactions” is put forward. In this given context, our null hypothesis is that mass
transfer phenomena do not limit the reaction rate, we aim to prove the alternative hypothesis which
if true, would reveal the limitations associated with large reaction times due to slow mass transfer
limitations in a commercial scale setting, i.e. very large reactor sizes, compared to when using
homogeneous catalysts. Until now, studies in heterogeneously catalyzed lignin depolymerization
have not explored the impact of lignin molecular weight in the reaction to detail.

2.1 Experimental testing of mass transfer limitations in lignin depolymerization

The goal of these experiments is to test the magnitude of mass transfer limitations that take
place in heterogeneously catalyzed lignin depolymerization reactions. For simple chemical species,
it is possible to calculate the kinetic diameter through the following formula (1) [26].

@, = 0.841V}/3 (1)

Where V. corresponds to the critical volume of the chemical species. However, due to the
heterogeneous nature of lignin, it is not possible to measure its critical volume. To overcome this
we propose a holistic approach to estimate how the molecular weight of a lignin fragment
correlates to the mass transfer limitations.

When using a heterogeneous catalyst, we assume that lignin has to interact with the active sites
found on the surface of the catalyst, usually in the form metal particles. These active sites can be
located on the outer surface or within the pores of the catalyst. Outer surface-active sites make up
for a comparatively smaller fraction of the total available sites, especially in high surface area
materials such as zeolites and activated carbons.

Depending on the size of the lignin fragment, it is possible that diffusion through the pores of
the catalyst may not be possible at the beginning, only becoming possible after the lignin fragment
has decreased in size by reacting on the outer active sites. This could, hypothetically, create a
bottleneck effect in the available active sites of the catalyst, resulting in an overall slower reaction.
This is illustrated in Figure A-3.
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Figure A-3. Relation between lignin fragment size and diffusion through catalyst pores.

To test to what degree this bottleneck effect happens (if and when), we propose to use
selectively deactivated zeolites whose outer layers have been coated with silica to inactivate the
outer active sites. This kind of zeolite material has been used in the past to intensify a shape-
selectivity effect in various reactions [27], with various methods existing for their synthesis [28].

2.2 Materials

Dealkaline lignin (DL) was bought from Asahi Kasei chemicals, Japan.. Other chemicals
include methanol (MeOH) (99%), guaiacol (GUA) (99%), durene (99%), acetone (98%) and
tetracthyl orthosilicate (99.8%) (TEOS) all bought from Wako chemicals, Japan. 3 different
aluminosilicates were chosen on the basis of their surface and pore properties, these are: MFI,
ZSM-5 and FAU, with theorical pore diameters of 4.7 A, 5.95 A and 7.35 A, respectively.

2.3 Catalyst synthesis and characterization

Premade zeolites used in the experiments will be bought and their outer layers will be passivated
according to the method outlined in [29]. Zeolite modification will be carried out by chemical
liquid deposition of Tetraethyl orthosilicate (TEOS) by following the next procedure:

1. 1.0 g of pre-dried aluminosilicate is measured and suspended in 25.0 mL of hexane.

2. The mixture of zeolite and hexane is heated until reflux under vigorous stirring (500 rpm)
for 1 hour.

3. 0.15 mL of TEOS is added to the aluminosilicate and hexane mixture and is stirred for
another hour.

4. Hexane is removed by evaporation.

5. The dry zeolite is then calcined at 823 K for 4 hours.
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This process may be repeated multiple times to guarantee complete coverage of the outer
surface of the zeolite, according to [30], repeating the process 3 times is necessary for a
mesoporous ZSM-5 zeolite.

Once the catalysts have been synthetized characterization by SEM microscope to confirm the
presence of the silica layer in the zeolite, Brunauer—Emmett-Teller (BET) nitrogen adsorption-
desorption to measure surface and pore properties before and after the deposition of silica and
temperature programmed desorption of ammonia to measure the acidity of the parent zeolites used
in the experiments.

2.4 Testing of catalysts

The testing of the catalysts was carried out in 50 mL Taiatsu (Japan) TPR-5 reactors equipped
with a pressure gauge, thermocouple and gas line.

In experiments involving guaiacol as the reactant the GUA was introduced into the reactor a as
a solution containing 250 mg of GUA/20 gr of MeOH, afterwards 50 mg of the selected catalyst
was fed into the reactor, then sealed. In experiments with DL as the reactant, 250 mg of DL were
fed into the reactor, followed by 20 gr of MeOH and 50 mg of the selected catalyst.

Reactors were first purged with nitrogen 3 times at 5 bars to remove any oxygen for all
experiments. All experiments were carried out at 250 °C, with reaction time of 1 to 5 hours.
Reactors were then heated via heating jackets at approximately 10 °C/min.

After the selected reaction time had elapsed, the reactors were cooled down via convection in a
fume hood. After reaching ~50 °C the reactors were then degassed, and the liquid fraction was
dumped into a glass beaker. The reactors were washed with 10 mL of MeOH to ensure no solid
residues remained in the walls or bottom of the reactor. The liquid and solid products (including
the catalyst) were filtered, and the liquid fraction was then used to prepare samples for GC-MS
analysis, with durene added as internal standard.

To evaluate catalyst performance, in reactions with guaiacol, conversion % of GUA into other
products was used as the performance metric. For reactions with lignin as the reactant, yield of
MeOH soluble products was used as one of reaction performance metrics, yield of aromatic GC-
MS-detectable species was used as the other reaction performance metric. These are shown in
equations (2) and (3).

. starting GUA —GUA in liquid products
GUA conversion(%) = g : chacaid 4 * 100 ()
starting GUA
. . total aromatics in liquid products(gr)
Yield of aromatics(%) = P g 3)

starting lignin (gr)
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3.0 Expected results

Initial experiments aim to clarify first whether the proposed reaction conditions would not
obfuscate the target of this study; the interaction between surface and pore properties of the
catalysts chosen and the kinetic diameter (in the case of GUA) or molecular weight of lignin.
Because MeOH is known to form aromatic compounds at high temperatures in presence of acidic
catalyst, a blank reaction was ran, heating 20 gr of MeOH at 250 °C for 5 hours. This resulted in
the formation of small quantities of 2-pentanone-5-methoxy (figure A-4), a compound that is
known to form as a side reaction resulting from self-coupling of MeOH.

O

HOMCH

Figure A-4. 2-pentanone-5-methoxy resulting from self-coupling of MeOH at 250 °C for 5
hours.

3

Subsequently, catalysts ZSM-5 and FAU were then tested as per the reaction conditions
mentioned in the methodology section. ZSM-5 and FAU are both aluminosilicates that differ only
in surface area, pore properties and acidity. Below in Table A-2 we can observe their differences
in these properties:

Table A-2. Average range of properties of FAU and ZSM-5 aluminosilicates.

Property FAU ZSM-5
Total acidity (mmol/g) 0.2~1.5 | 0.1~1
Cage size (A) 7~13 3.2~8.2
Pore mouth diameter (A) | 4~8 5.5~5.6
Surface area (m?/gr) 400~700 | 200~600

While their specific properties can vary depending on the synthesis method used to obtain, the
magnitude of pore mouth diameter is the property of interest for the initial experiments. GUA with
akinetic diameter 6.68 A should be unable to fully interact with the acid active sites found in ZSM-
5, only having access to the ones on the outer surface of the catalyst particle. In the other hand
FAU allows for at least the partial diffusion of GUA through the pores, thus increasing the
conversion of GUA for a given reaction time. In Figure 5-5, the distribution of chromatographic
area is shown for the conversion of GUA at 250 °C for 5 hours, it can be appreciated that almost
50% of'the chromatogram area are non-GUA products, this is in contrast to the reaction with ZSM-
5, that displayed only 10% of non-GUA products using the same reaction conditions.
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Figure A-5. Chromatogram area distribution for reaction of GUA with FAU catalyst at 250 °C
for 5 hours.

These initial results fall within the expectations based on what is currently understood from
literature, that unsurprisingly, for a reactant molecule to transform into a product, it must be able
to reliably reach the active site of the chosen heterogeneous catalyst. Because GUA has a well-
defined kinetic diameter, it is expected that by coating ZSM-5 and FAU with silica the conversion
of GUA should drop due to the loss of outer active sites in the catalyst particles. However, this
drop will be comparatively higher for ZSM-5 than for FAU, due to the fact that ZSM-5’s GUA
conversion relies almost exclusively on the outer active sites of the catalyst particle.

By first clarifying this interaction with GUA, further experiments with lignin will serve to
highlight that indeed this interaction pattern between catalyst and reactant is not exclusive to well-
defined molecules, but also heterogeneous polymer reactants such as lignin. Thus, bringing light
to the issue of whether the overall reaction speed in heterogeneously catalyzed lignin
depolymerization is governed by speed of the reaction mechanism, or the ability (or inability) for
potentially large lignin fragments to reach the inner active sites of the catalyst particle.
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Appendix 2

Explaining permutation importance
(PI) feature importance

Permutation importance method

The permutation importance method is used to evaluate the importance of features in ML models
for regression problems [1]. The method is based on the idea of how the models’ performance is
affected by changing the values of a given feature. The models performance is evaluated by using
a statistical metric such as mean square error (MSE) or coefficient of determination (R?). This
method assumes that the features with the highest importance influence the performance of the
model more significantly. By this reasoning, if a given important feature is taken and its values are
randomized, the model’s performance should dramatically decrease, due to the model’s inability
to said feature to make predictions.

Permutation importance for a feature can be calculated as follows:

1 N
Pl = Nz 1(Scoreoriginal - Scorerandomized)
i=
Where:

e Pl is the permutation importance of the feature.

e Nis the number of permutations.

* Score,,iging 18 the model’s performance score on the original dataset.

e Score, niomizeqa 15 the model’s performance score on the dataset where the values of the
feature have been randomly shuffled.

A higher permutation importance value indicates that the feature is more important for making
accurate predictions. If randomizing the feature’s values leads to a significant decrease in model
performance, it can be said that the feature is important in the regression model. Comparing
feature’s permutation importance allows for grasping their relative importance in the context of
the dataset used for the regression model.

In the context of this dissertation, as it has been stated in previous chapters, permutation
importance ofa given model may not be representative ofthe entirety of the possible experimental
space, thus, whatever conclusions are extrapolated from this importance must acknowledge this.
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Appendix 3

Explaining SHapley Additive
exPlanations (SHAP)

Explaining SHapley Additive exPlanations (SHAP)
How SHAP works

SHAP (Shapley Additive explanations) stands as the current state-of-the-art method for machine
learning model expandability. The method was first introduced in 2017 in a paper published by
Lundberg and Lee [1] and essentially allows for reverse-engineer any output from a machine
learning model. SHAP values are “model agnostic”’, which means they can be used with any
complex model regardless of its type (for example, decision trees, neural networks) providing a
way for the user to understand how the model is taking decisions or calculating the outputs.
Although the actual implementation of SHAP values is not difficult (being directly available as a
library for Python), understanding how it works is important to better grasp whether the results
obtained by using it can be trusted or when it may be used for better effect.

SHAP values are based on Shapley values, a concept borrowed from game theory which involves
two parts: a game and players. In the context of SHAP values a “game” is an individual prediction
from a model and the “players” are the features or variables used in said model. Shapley values
attempt to quantify the contribution made by each “player” in each game, on the other hand SHAP
values quantify the contribution made by each feature in a model. It is important to note that in the
context of ML each “game” refers to only one prediction attempt.

As an example, a hypothetical ML that predicts income as a function of: age, gender and job of a
given person is explained next []. Shapley values are based on the idea that the result of every
possible combination of players must be considered to evaluate the importance of a given player.
In this example, this corresponds to the all the possible combinations of f characteristics (where
f can go from 0 to F, F being the total number of existing features, 3 in this case). This is termed
“power set” in math and can be represented as a tree, as shown in Figure A-6 below.
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Figure A-6. Representation of a power set.

Each node represents a combination of features, and each border represents the inclusion of a
feature that was not present in the previous combination. In this case, there are 8 possible
combinations. SHAP trains a predictive model for each possible combination, resulting in 8 models
trained in the case of data with 3 features. These models are, of course, the same in terms of
hyperparameters and the data they are trained with. The only thing that changes across models is
which features are included in them. For a new prediction x, the 8 models represented as a tree

would look like Figure A-7 below.
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Figure A-7. Predictions made by different models for Xo. In each node, the first row reports the
coalition of features included in the model, the second row reports the income predicted for xo by
that model.

In here, the gap in prediction across two connected nodes (models) can be ascribed to the effect of
the extra feature present, this is called “marginal contribution”. To obtain the overall effect of a
single feature in the above example, it would be necessary to consider the marginal contribution
of the feature in all models where said feature is present. These marginal contributions can be then
aggregated a weighted average, which in the case of the above figure, for the “age” feature:

SHAPAge (xO) =w; X MCAge,{Age} (XO) + w, X MCAge,{Age,Gender} (XO)
+ Wi X MCAge,{Age,]ob} (XO) + W,y X MCAge,{Age ,Gender,Job} (XO)

Where w; + w, + w; + w, = 1, for this example.

The sum of the weights of all the marginal contributions of models of 1 feature should be equal to
the sum of the weights of all marginal contributions of a 2-feature model, and so forth accordingly.
All the weights of marginal contributions to f-feature-models should be equal to each other for

each f.

SHAPAge (xo) =w; X MCAge,{Age} (XO) + W, X MCAge,{Age ,Gender} (XO)

+ w; X MCAge,{Age,]Ob} (Xo) +w, X MCAge,{Age,Gender,]ob} (XO)
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SHAP,,,(x,) = %X (—10k$) +% x (—9k$) + %X (—15k$) + %X (—12k$) = —11.33k$

Age

The above equations can be generalized as:
SHAP; gy (X) = Z [|set| x (|sit|)]_1[PrediCt59t (x) — Predicteye feateure (X)]
set:feature€set
Applied to the above example it would yield:
SHAP_Age(xo) = -11.33k$
SHAP_Gender(xo) = -2.33k$
SHAP_Job(xo) = 46.66k$

The sum of these three above would yield 33k$, which is the difference between the full model
(83k$) and dummy model without features (50k$).

It is worth noting that as the number of features grows, these sorts of calculations can become too
time and resource consuming, necessitating the creation of methods to approximate the results.
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Appendix 4:

On the addition of catalysts
descriptors and testing of Gaussian
process regression.
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Introduction

Previous chapters did not attempt to describe the properties of the catalysts (heterogeneous or
homogeneous) beyond inputting the name of the active phase as a categorical feature. The
reasoning for not attempting to describe the catalysts properties is that, as per the literature
available [1 and 2], most of the descriptors that can be used for a given catalyst are usually in the
form of the properties of the element that is deposited in the support. The fact that a significant
fraction of the data points in the data sets for Chapters 2 and 4 include non-single metal catalysts
complicates things. For Chapter 2, only 47 of 102 datasets include a single metal- catalyst, for
Chapter 4 for bio-oil upgrading dataset includes 109 datapoints out of 212 with single-metal
catalysts and for solid feedstocks dataset upgrading is 80 out of 176. Thus, roughly 50% or more
of the data is not compatible with the descriptors used for single metal catalysts. Among the
catalysts/materials that fall out of the category of “single metal catalysts”, are materials like
zeolites, activated carbons, bi- or trimetallic catalysts.

In this Appendix, we will attempt to see the impact of adding the following features to describe
the catalyst (where possible), by using both XGBoost and Gaussian process regression:

e Dopant atomic weight (umas)

e Dopant electron affinity (KJ/mol)

e lonization energy of dopant (V)

e Dopant melting point (K)

e Dopant boiling point (K)

e Dopant enthalpy of fusion (KJ/mol)
e Atomic radius of metal (nm)

e Dopant’s number of electrons

Shown in the table below are the R? and RMSE scores for both training and testing for the
models trained in Chapter 2 and Chapter 4, both with XGBoost and GPR, where possible. All

model’s hyperparameters were chosen by using 5-fold cross-validation.
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Table A-3. Model’s performance with and without catalysts descriptors.

Catalyst Training Test
descriptors (yes or
Chapter Label Model no) R2 | RMSE R2 | RMSE

2 | Bio-oil yield XGBoost | Yes 0.99 0.36| 0.81 8.72

2 | Bio-oil yield XGBoost | No 0.99 0.80 | 0.82 8.53

2 | Solid residue yield | XGBoost | Yes 0.98 1.94| 0.77 7.93

2 | Solid residue yield | XGBoost | No 0.96 2.68 | 0.87 5.85

4| BO final HHV XGBoost | Yes 0.95 1.04 | 0.87 1.97

4 | BO final HHV XGBoost | No 0.95 1.05| 0.85 2.18

4 | BO AHHV XGBoost | Yes 0.94 1.10| 0.78 2.11

4 | BO AHHV XGBoost | No 0.93 1.18 | 0.77 2.14

4 | SF final HHV XGBoost | Yes 0.94 1.12 | 0.82 1.98

4 | SF final HHV XGBoost | No 0.96 0.91] 0.85 1.82

4 | SF AHHV XGBoost | Yes 0.95 1.07| 0.71 2.08

4 | SF AHHV XGBoost | No 0.95 1.10| 0.80 1.75

2 | Bio-oil yield GPR No” 0.96 0.17"| 0.66 79.73

2 | Solid residue yield | GPR No” 0.95 0.20"] 0.21 78.50

4 | SF final HHV GPR No” 0.94 0.24" | 0.77 27.12

4 | SF AHHV GPR No” 0.94 0.25"| 0.72 7.75

4 | BO final HHV GPR No” 0.93 0.24"| 0.75 31.47

4 | BO AHHV GPR No” 0.93 0.23"] 0.80 10.33
Linear

2 | Bio-oil yield regression | No? 0.86 6.55| 0.59 12.93
Linear

2 | Solid residue yield | regression | No! 0.74 7.33 | 0.44 12.50
Linear

4| SF final HHV regression | No! 0.90 1.53]-0.95 8.29
Linear

4| SF AHHV regression | No! 0.91 8.29 | -1.07 8.29
Linear

4 | BO final HHV regression | No? 0.91 1.47 | 0.54 3.50
Linear

4 | BO AHHV regression | No? 0.90 1.48 | 0.36 3.15

* Data was normalized.
I Missing values from data sets were removed.

It can be observed that for the XGBoost models based on Chapter 2’s data, adding the catalyst
descriptors results in a small drop in testing scores. For Chapter 4’s XGBoost models a small
improvement in testing scores can be seen.

It 1s difficult to assert why addition of these features to Chapters 2 and 4 results in these small
changes. Although it is possible that the addition of these new features only further increases the
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likelihood of overfitting, due to the small amount of data that is available. Understandably, because
the descriptors only apply for a small fraction of the rows in the data, it may be difficult for the
trained models to leverage this information in a way that results in better predictions, and
unsurprisingly this also results in the features holding low importance, from what can be observed
from permutation importance analysis. From the point of view of literature, we know that the
features that weadded hold little importance in other studies [1]. Other studies make use of density-
functional theory (DFT) to calculate catalyst properties to some effect, though such calculations
are beyond the scope of this dissertation [3].

Attempting to use the datasets with new catalyst descriptors with GPR resulted in many
problems, mostly due to GPR’s lack of a native way to handle missing values the way XGBoost
can. In an attempt to fix this, K-nearest-neighbors method for imputation was tested, however, this
resulted in terrible results (such as negative R? scores). The reasoning for this is that, the new
catalyst descriptors do not apply to a large part of the datasets used, catalytic “species” inserted in
the dataset in the form of a one-hot encoded words such as “zeolite”, “activated carbon”, bi- or tri-
metallic catalysts cannot be described the same way that single metal-doped catalysts can, even if
a number can be estimated for the missing feature value. Attempting to estimate the above-
mentioned features by using K-nearest-neighbors probably results in non-sensical values, thus

poor performance.

Additionally, linear regression algorithm was used as a benchmark to highlight the performance
of the other models. Although the linear regression models achieve good training performance
indicators, their testing scores are rather low in comparison to the ones seen using XGBoost.

Although the gap between training and testing for the XGBoost models is the lowest among the
models trained, it is still far from ideal. Having more data points by executing experiments would
preferable, although it is still possible that the resulting model would not improve purely by doing
that. It is my belief that the complexities related to reaction kinetics are not properly explained
with the current features available, and that the key for better models would be to include features
that describe the interaction between the solid catalyst and the reactant (lignin, lignocellulose).
This would be challenging, as neither lignin nor lignocellulose have a well-defined chemical
structure or molecular size, complicating the creation of kinetic models. Still, estimating some of
the not-explicitly-stated properties of the catalyst by using principles based on chemistry or
material science could be an interesting future topic for research.
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