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The levels of atmospheric CO, are a crucial issue, making it necessary to find innovative
solutions to mitigate its impact. One promising approach is the CO, reduction reaction (CO,RR)
to valuable products. This thesis introduces a multiscale modeliné and machine learning (ML)
framework designed to accelerate the discovery of CO,RR catalysts. The methodology began
with the creation of a 1,632 structures catalyst database, including pure metals and bimetallic
alloys. We used a ML potential, Fairchem, to calculate adsorption energies, which served as
input for a microkinetic model to predict rates and selectivity. We also developed ML
models for rapid performance prediction. An Artificial Neural Network was optimal for
predicting selectivity, while a Support Vector Classifier performed best for predicting the
overall rate. To enhance accessibility, a web application was created for instant predictions
based on a chemical formula input. A key limitation is the discrepancy between our
predictions and experimental results. This is attributed to the general nature of
the Fairchem potential and the exclusion of experimental factors like solvent effects and
dynamic properties. The way to improve accuracy is by fine-tuning models with specific DFT
data or implementing a delta learning approach. This research provides a practical workflow
for rational catalyst design, offering an alternative to traditional high-cost computational

screening and contributing significantly to the field of sustainable energy material discovery.
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CHAPTER |
INTRODUCTION

The growth of human industrial activities has gradually disturbed the earth's
environmental balance, leading to higher CO, emission (Zoubir et al., 2022) ns. The
increasing of CO, levels in the air have caused serious problems like the greenhouse
effect, which results in global warming, melting ice, and more climate change.
Therefore, it is very important to reduce the amount of CO, in the atmosphere. Carbon
capture, utilization, and storage (CCUS) is an innovative technology with the potential
to address the challenges of climate change (Bagger et al., 2017). CO, can be captured
from emission sources like power plants, energy consumption, and industrial facilities,
as well as directly from the atmosphere. Once captured, the CO, can be used as a
feedstock for chemical and fuel production or securely stored deep underground for
long-term containment. To achieve net zero emissions, CO, utilization is considered a
promising approach. So, this is the challenge for the researcher to find the solution to
address this urgent mission.

For the CO, utilization, the electrochemical CO, reduction reaction (CO,RR) is
considered as the most promising technology due to the practical operating conditions,
and scalability. The electrocatalytic cell consists of three main parts and two
electrodes including: an anode, a separator, and a cathode. At the anode, H,O will
oxidize to O, and H" (oxidation reaction), then H* will diffuse through the separator
into the cathode that CO, will be reduced to various products (reduction reaction),
driven by the applied electricity (Nitopi et al., 2019). CO, can be reduced to valuable
products, for example carbon monoxide (CO), methane (CHy), formic acid (HCOOH),
ethylene (C,H,), ethanol (C,HsOH), and others, which are highly dependent on the
intrinsic properties of catalysts (Bagger et al., 2017).

From literature, the metal catalyst of CO,RR can be obtained from major
products including H,, CO, HCOOH, and beyond CO (Schouten et al., 2011; Tang et al,,
2020; Y. Wang et al.,, 2022). For example, the metal catalysts with major products of



H, are Ti, Fe, Ni, Ga, Pd, and Pt. For CO, the group of metal includes Zn, Ag, and Au.
For HCOOH it involves Cd, In, Sn, Hg, T, and Pb. For products beyond CO, the active
catalyst occurs on Cu (Y. Guan et al,, 2021; Hirunsit et al., 2015; Hori et al., 1997;
Peterson et al., 2010). According to the previous study, the choice of catalyst can lead
to the production of different target products. However, H, is the result of hydrogen
evolution reaction (HER) which is the competing reaction with CO,RR (Alasali et al,,
2024). Therefore, to explore the desirable product of CO,RR the crucial process is
finding the active and selective catalyst.

To improve the active and selective catalyst for CO,RR, bimetallic catalysts are
good candidates. These materials are made by combining two different metals, which
work together to improve the efficiency of CO,RR. Each metal in the catalyst plays a
specific role, such as activating the CO, molecule or stabilizing reaction intermediates
(An et al, 2017), which helps increase the activity and selectivity toward desired
products (Shetty et al., 2022). By tuning the combination and composition of the two
metals, researchers can enhance the performance of bimetallic catalysts, making them
more effective for converting CO, into valuable chemicals or fuels.

As mentioned above, converting CO, into valuable products involves multiple
steps, as illustrated in Figure 1.1 The process typically begins with the adsorption of
or activation of CO, on catalyst surface. This is followed by series of proton couple
electron transfer steps (Bagger et al., 2017) that produces intermediate reactions, which
eventually lead to the formation of the desired products (Tang et al., 2020; Y. Wang
et al,, 2022). The efficiency and selectivity of these pathways depend on the catalyst's
ability to lower the energy barriers of the intermediate steps and prevent side reactions
(Dong et al., 2019; Quan et al., 2021; Zijlstra et al., 2020). Generally, for C1 products,
CHg is the main product at high overpotentials, while CO and HCOOH are the dominant
products at lower overpotentials, along with a large amount of hydrogen, for most
transition metal electrodes (Hori et al., 1985, 1986, 2002). CH;OH is often reported as
a side product at higher overpotentials on transition metal (Kuhl et al., 2014; Schouten
et al,, 2011). So, the optimal design of catalysts must go through a long-term trial and

error process, which requires a lot of time and resources.



To better understand the mechanism of CO,RR, microkinetic modeling is a tool
that can help the researchers to enhance the process of catalyst design (X. Wang et
al., 2025; Zijlstra et al., 2020). Microkinetic modeling is used to identify critical reaction
intermediates, rate-determining elementary reactions, and selectivity of target product
under various operating conditions (Filot, 2023). For example, Zijlstra et al. explored
reaction energetics for CO, reduction on Cu(111) and Cu(211), obtained from DFT
calculations, into microkinetic simulations to evaluate the effects of surface topology,
the presence of water, and potential diffusion limitations. Their study predicted the
impact of these factors on current density-potential relationships and Faradaic
efficiencies (Zijlstra et al., 2020). They found that the presence of a catalytic H,O
molecule increases the overall rate and selectivity to products CO and CH4 derived

from dissociated CO..
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Figure 1.1 Possible reaction pathways of CO, reduction to C1 and C2 products on
polycrystalline copper (Nitopi et al., 2019).

With rapid ~progress in computational science, artificial intelligence (Al)
technology has become a global trend in research and development (Liu et al., 2022,
Xu et al,, 2021). Compared to traditional trial-and-error methods, high-throughput
material calculations offer advantages by significantly reducing both the time and cost
required for research (S. Guan et al., 2021; Kim et al,, 2021; Zhu et al.,, 2019). Among
Al techniques, machine learning (ML) has attracted particular interest from researchers.
ML can establish complex relationships between inputs and outputs, which are often
linked to the properties of potential catalysts (X. Wang et al., 2020). This powerful tool

is widely used in four key areas of materials science: enabling the discovery and



synthesis of new materials (Frey et al., 2019), predicting material properties (Zhang et
al., 2024), analyzing material microstructures (Y. C. Li et al., 2019), and speeding up
computational simulations (Morgan and Jacobs, 2020).

ML is an effective tool for predicting catalytic activity, optimization of catalysts,
identification of active sites, and design of reaction pathways in the CO,RR. With the
continuous development of ML, various studies in this field use ML to predict the
properties of catalysts. Li et al. present a holistic machine-learning framework for rapid
screening of bimetallic catalysts with the aid of the descriptor-based kinetic analysis
(Z. Lietal, 2017). The adsorption energies of *CO and *OH on (111)-terminated metal
surfaces, along with key features of active sites, use as output and input respectively,
based on DFT calculations. For approximately 1,000 alloy surfaces, the artificial neural
network (ANN) model demonstrated strong predictive accuracy, enabling efficient
exploration of the vast chemical space of bimetallic catalysts. Ma et al. combine DFT
calculation and ML prediction to predict the yield of copper-catalysed P-H insertion
reactions (Ma et al., 2023). ML algorithms were used to analyze 16 descriptors obtained
from DFT, transition state calculations to predict product yields. Among the algorithms
tested, the Support Vector Machine (SVM) showed the highest accuracy in predictions.
The results of the SVM model aligned well with experimental yield data, demonstrating
its reliability.

Recently, combining ML with computational methods has led to significant
advancements in electrocatalysis research. In this work, we combine multi-scale
modelling and machine learning approaches to develop the framework of bimetallic
catalyst design for CO,RR. Moreover, ML model is used to predict the reaction outcome

as product selectivity and reaction rate of CO,RR.

1.1 Research objectives

This work involves three steps. First, we plan to create a clear framework for
catalyst design specifically for CO,RR. This guide will provide a solid way to do all the
necessary calculations and modeling later. Second, the thesis focuses on building a

Machine Learning (ML) model designed to estimate the reaction's overall rate and how



selectivity based on bimetallic composition. Finally, to make this prediction tool easy
to use in the real world, we will build a simple, easy-to-use website. This website is an
important result of the project, as it lets researchers and industry users quickly get the
rate and selectivity predictions from the ML model, making the results useful for

making decisions.

1.2 Scope and limitations

This thesis focuses on CO, reduction to C1 products, including HCOOH, CO,
CHsOH, and CHg4, with the goal of establishing a framework for catalyst design. We
began by constructed the surface model from 34 pure metals, comprising 3d (Sc, Ti,
V, Cr, Mn, Fe, Co, Ni, Cu, Zn), 4d (Y, Zr, Nb, Mo, Tc, Ru, Rh, Pd, Ag, Cd), 5d (Hf, Ta, W,
Re, Os, Ir, Pt, Au) transition metals, and p-block elements (Al, Ga, In, Sn, T{, Pb). The
investigation is extended to bimetallic compositions 1:1, and 1:3.

Computational data (bimetallic composition, reaction energies, and energy
profile) are generated using Fairchem, a centralized repository developed by FAIR
Chemistry (Chanussot et al., 2021) and serve as inputs for the microkinetic model
(MKM). The MKM is employed to evaluate the reaction behavior of each catalyst,
providing insights into reaction rates and product yield and selectivity. To further
enhance efficiency, ML models, including various regression and classification models.
The goal is to predict reaction outcomes—such as rates and selectivity—for the
remaining bimetallic based on their composition. Therefore, the features are the
bimetallic compositions and penitential (U), and the target are the reaction rate and
product selectivity.

This approach combines multi-scale’ modelling and ML techniques to
accelerate the identification of active and selective catalysts for CO, reduction, offering

valuable insights into the design of materials for sustainable chemical processes.
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CHAPTER Il
LITERATURE REVIEW

2.1 Overview of carbon dioxide reduction reaction (CO,RR)

Reducing atmospheric CO, is essential to miticate the impact of greenhouse
gases on global warming. Electrocatalytic CO, reduction reactions offer a promising
approach for CO, utilization by converting it into valuable hydrocarbon products
(Jouny et al,, 2018). The electrocatalytic cell, as illustrated in Figure 2.1, consists of
three main components: two electrodes (an anode and a cathode) and a separator. At
the anode (blue), water undergoes oxidation to produce O, and H+ ions (oxidation
reaction). The H+ ions then migrate through the separator (dotted line) to the cathode
(orange), where CO, is reduced to various products (reduction reaction) under the
influence of applied electricity. The general form of cathodic reaction is following:

xCO, + nH+ + e— —> product + yH20

CH,COOH
Anode Separator Cathode

Figure 2.1 Schematic diagram of the component of electrolytic cell (Lei et al., 2023).

From literature, the metal catalyst of CO,RR can be obtained from major
products including, H,, CO, HCOOH, and beyond CO (Schouten et al., 2011; Tang et al,,
2020; Y. Wang et al., 2022). For example, the metal group with major products of H2
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are Ti, Fe, Ni, Ga, Pd, and Pt. CO, the group of metal including Zn, Ag, and Au. HCOOH
including Cd, In, Sn, Hg, Tl, and Pb. For beyond CO, the active catalyst occurs on Cu
(Guan et al., 2021; Hirunsit et al., 2015; Hori et al., 1997; Peterson et al., 2010), which
are illustrated in Figure 2.2. So, according to the previous study indicate that, the
choice of catalyst can lead to the production of different target products. However,
H2 is the result of hydrogen evolution reaction (HER) which is the competing reaction
with CO,RR (Alasali et al., 2024). Therefore, to explore the desirable product of CO,RR

the crucial process is finding the active and selective catalyst.

2.2 Classification of catalyst for CO,RR

As | mentioned, Metal catalysts have gained significant attention for CO,RR at
the cathode, as different metals exhibit varying activities and selectivity toward specific
value-added products (Hori, 2008). This section we will explore the efficient of catalyst
and their composition for CO,RR.

2.2.1 Monometallic catalyst

Metal catalysts can produce various products. These catalysts can also
generate a diverse range of products through the CO,RR. These catalysts can be
roughly classified into four categories, as show in Figure 2.2: (1) H,: metals including
Ni, Fe, Pt, Ti, and other related metals, which have a higher hydrogen evolution
potential and are prone to promoting HER side reactions; (2) Metals can strongly adsorb
*COOH intermediates such as Au, (Y. Wang et al., 2022) Ag, (Han et al., 2021) Zn, (Rosen
et al,, 2015) Pd, (Chang et al,, 2020) and Ni, (X. Li et al, 2017) but exhibit weak
adsorption of CO intermediates, resulting in CO being the main product of
electrocatalytic CO, reduction; (3) Metal catalysts which can effectively stabilize CO,*-
intermediate to prevent further reduction and promote surface electron/proton
reactions such as Pb, (P. Wang et al., 2021) Zn, (Xiang et al.,, 2021) Sn, (Chen et al,,
2020) and Cd (Huang et al, 2019) with HCOOH as the main product of CO,
electrocatalytic reduction; (4) Cu-based catalysts which can produce various C1, C2,
and C2+ products (Gao et al., 2019) and so on. Furthermore, the product selectivity of
various metal catalysts can be further adjusted by changing their chemical

compositions, surface structures, or electrolytes (Feng et al., 2020).
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Ti Fe | Co | Ni | Cu | Zn | Ga | Ge
Titanium Iron Cobalt Nickel Copper Zinc Gallium Germanium
99.7 % 94.8 % 88.9 % 67.5% 79.4 % 79.0 %
Product Ru| Rh | Pd | Ag | Cd | In | Sn
Hz CO Ruthenium | Rhodium Pazlga'gi;)m ;zilll\;e;’ Ca;;z:i;’m Ignfglzz 8;:1%
Os | Ir | Pt | Au | Hg | Tl | Pb
HCOOH Beyond Osmium Iridium Platinum Gold Mercury Thallium Lead
*co 95.7 % 87.1% 99.5% 95.1 % 97.4 %

Figure 2.2 A classification of metal catalyst by target product of CO,RR (Bagger et al,,
2017).

2.2.2 Bimetallic catalyst

To improve the activity and product selectivity of CO,RR, bimetallic exhibit the
good performance (Farsi & Deskins, n.d.; Shetty et al., 2022). In electrocatalysts,
bimetallic materials can provide a synergistic interface effect different from each single
metal (Aljabour et al,, 2016; Dhifallah et al., 2016; Saglain et al., 2016; Yu et al., 2022).
An interface effect refers to the interaction between two or more different elements
forming alloys or heterojunctions with similar structures in a kind of catalyst. Interface
effects play a crucial role in the application of electrocatalysts. Specifically, the
catalytic activities, stabilities, selectivity, and controlled cost of catalysts can also
provide the potential for fast development of bimetallic (Zhu et al., 2020).

In principle, the strength of adsorbate like CO on metallic surface could be
used to predict the catalyst selectivity in CO, reduction. Kim et al. reported the CO,
reduction results for AuCu alloy nanomaterials with different ratio of Au and Cu (Kim
et al,, 2014). They found that AusCu nanoparticles (NPs) showed a high CO with FE of
66% and a mass activity of 230 A/g at -0.73 V vs. reversible hydrogen electrode (RHE)
in Figure 2.3.
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Figure 2.3 a) FE of CO, H, and HCOO produced with AusCu, b) mass activity of CO using
AuCu bimetallic NPs with different composition at —-0.73 V vs RHE.

For C1 hydrocarbon production, the most accepted pathway was sequential
hydrogenation of adsorbed CO* until CHs. The potential determining step is the
formation of CHO* (Nie et al., 2013) or COH¥, and the subsequent reaction steps were
exergonic (Dong et al., 2018). CO* required COOH* as an intermediate from initial CO,
reduction (Hussain et al., 2018). If HCOO* formed, the final product would be HCOOH
(Q. Lietal, 2017). For another C1 product, methanol, was also observed during CO,RR.
However, in this case, the intermediate was COH*, which required that hydrogen should
bond to oxygen instead of carbon (Nie et al., 2014) as in Figure 2.4. The formation of

COH* usually showed a higher kinetic barrier than that of CHO* (Hirunsit et al., 2015).
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Figure 2.4 Proposed mechanism for CO,RR electrochemical reduction on Cu(1 1 1),

producing methane, methanol, and ethylene (Nie et al., 2014).

Many researchers have studied bimetallic to improve selectivity of C1 products.
For example, Hahn et al. investigated the properties of thin film AuPd alloys (Hahn et
al,, 2015). Electrocatalytic results showed that selectivity and activity of the as-
synthesized AuPd alloy films were higher for HCOO™ than either pure Au or Pd metals,
indicating that both metals can act synergistically. Zhang et al. synthesized 2D
hierarchical Pd/SnO, nanosheets for CO,RR (Zhang et al., 2018). They showed high FE
(54.8%) for CO, to methanol at -0.24 V with a total current density of —-2.5 mA/cm?2.
Another study of Cu-Pd NPs synthesized by underpotential showed a higher formate
FE and a good stability (Yin et al., 2016). The results were attributed to decreasing the
adsorption strength of CO via modification of the Pd, leading to an improved CO*
adsorption and increasing FE %.

As previously mentioned, many bimetallic catalysts have been designed to
enhance CO adsorption, and hydrocarbon product selectivity (Zhu et al., 2018).
However, the important consideration for designing improved bimetallic CO2RR
catalysts is to tune the intermediate binding energy, which can be achieved by
selecting the appropriate bimetallic composition with guidance from computational

study (Dong et al,, 2019; Z. Li et al,, 2017).
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2.2.3 Bimetallic composition

Various strategies have been employed to enhance the activity of bimetal
catalysts. The catalyst interface can be engineered to contain multiple sites that
contribute to the binding of key intermediates in the pathway (He et al., 2017). Alloying
of bimetals is one of the common methods to enhance catalytic performance
(Ferrando et al.,, 2008; Hirunsit et al., 2015; Y. Wang et al,, 2022; Zhao et al., 2020).

Figure 2.5. show the possible mixing pattern in bimetallic alloys.

(b)

Figure 2.5 possible mixing pattern of bimetallic alloy (a) the core-shell model and (b)
a phase-separated alloy. Solid-solution alloys include (c) an ordered with long-range

order and (d) random alloys with short-range order (Wu et al., 2016).

Core/shell nanostructured materials can lead to both electronic modification
and surface strain effects. For example, Li et al. reported that Cu/SnO, NPs have a
uniform SnO, shell on a spherical Cu core (Q. Li et al., 2017). They found that SnO,
thickness-dependent effect on CO,RR. NPs with thicker SnO, shell (1.8 nm) able to
produce formate with high FE, as shown in Figure 2.6. They also explored the free
energy from DFT calculation and found that, COOH* is the key intermediate for CO

formation while the HCOO* intermediate can only produce formate.
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Figure 2.6 (a) TEM image of Cu/SnO, core/shell NPs. FE for CO, H, and formate during
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Ma et al. showed that phase-separated Cu-Pd catalysts can reach high 50% FE

for C,H, (S. Ma et al., 2017). Ordered, disordered, and phase separated Cu—Pd catalysts

were synthesized, as shown in Figure 2.7. The major products are CO, CHg, C;Hg, and

CoHsOH. Cu NPs and phase separated CuPd showed strongest and weakest binding

with CO, both showed similar activity. Therefore, the arrangement is important, with

the orientation of the intermediate on the surface playing a key role for enhanced

products formation.
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Figure 2.7 (a) The model of ordered, disordered and phase separated CuPd nanoalloys.

FEs for (b) CO; (c) CHg; (d) CoHg; (e) CoHsOH for CuPd catalyst (S. Ma et al., 2017).

For another alloy model, Liu et al. investigated CusM (M = Ag, Au, and Zn)
catalyst to provide a theoretical basis for exploring the CO,RR catalyst. They found
that CO adsorption behavior and the surface electronic structure affect catalyst activity
(F. Liu et al., 2022). Lu et al. study the activity of different surface alloy orientations of
CoCu on CO,RR activity. They found that free energy of CO, reduction CH;OH on alloy
surface is more thermodynamically than original one (S. Liu et al,, 2019).

However, to successfully evaluate the mechanisms of reactivity, the surface
and bulk compositions, and structure before and after the CO,RR should be
considered. The identification of intermediates formed upon activation and reduction

of CO, is important to understanding the reaction mechanism.
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2.3 Microkinetic modelling (MKM)

The microkinetic model is a powerful tool for identifying the behavior of CO,RR
catalysts under operating conditions (Filot, 2023). A general approach to developing a
microkinetic model involves first creating a reaction scheme that includes all
elementary reaction steps for the conversion of reactants into products, as shown in
Figure 2.8. This means accounting for all reactants, products, and reaction
intermediates in the mechanism. However, while it is important to include all relevant
intermediates on the catalyst surface, this should be balanced with the ability to
describe intermediates that can be experimentally measured or theoretically
predicted. Next, the thermodynamic properties of all adsorbate species and the kinetic
parameters for all elementary reactions are calculated or estimated. Since the reaction
rate is typically influenced by a few key factors, such as the activation energies and
the adsorption energies of the intermediates.

a Gas phase @

Full network

PR

~100 species
~200 reactions

>2,000 pathways

Mechanism reduction
necessary for every
catalyst active site

Acetaldehyde

Figure 2.8 (a) Reaction network for the conversion of syngas to carbon dioxide, water,
methane, methanol, acetaldehyde, and ethanol. (b) Reduced network for

acetaldehyde production from syngas on Rh(111) (Ulissi, Medford, et al., 2017).
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Many studies have used microkinetic models to explore the CO,RR mechanism.
For example, Zijlstra et al. performed microkinetic to compute CO, conversion and
product formation rates as a function of the applied electrochemical potential over
Cu catalyst (Zijlstra et al., 2020). The results show that hydrogen evolution and CO,
reduction compete on these surfaces. The stepped Cu(211) surface exhibits higher
activity compared to the Cu(111). While Cu(211) primarily produces HCOO as the main
CO, reduction product, the presence of a catalytic H,O molecule enhances the overall
rate and improves selectivity toward more reduced products, such as CO and CHg.
Wang et al. combining between DFT calculation and microkinetic to study pressure
effect for CO, reduction to ethanol (X. Wang et al., 2025). The proposed ethanol
formation pathway is CO,(g) — *CO, —> *COOH — *CO + H,0O (g) — *CHO —
*CHOCO — *CHOCHO — *CH,OCHO — *CH,OHCHO — *CH,CHO + H,O (g) —
*CH;CHO — *CH,CH,O — *CH3CH,OH — CH;CH,OH(g), as shown in Figure 2.9. The
high coverage of *CO has significant effects on the *CHO-*CO addition step. The

increased coverage of *CO first facilitates ethanol production.
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Figure 2.9 (a) Adsorption configurations of the species and (b) free energy diagram

from *CHOCO to ethanol and C,H, (X. Wang et al., 2025).

2.4 Machine learning prediction for catalyst screening

Recently, machine learning (ML) has been applied to high-throughput screening

of catalysts and has shown to be effective and reliable across a wide range of catalysts.

ML algorithms, such as Decision tree, Light Gradient-Boosting Machine (LightGBM),

Support Vector Machine (SVM), and Artificial Neural Networks (ANNSs), are used to build

predictive models for important catalyst properties, including stability, activity, and

selectivity (Goldsmith et al., 2018).
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Wexler et al. investigated the catalytic activity of the hydrogen evolution
reaction on Ni,P(0001) nanoclusters, focusing on the effects of different adsorption site
structures (Wexler et al,, 2018). The influence of surface doping on the surface
structure, charge states, and HER activity, as shown in Figure 2.10, was calculated using
DFT. A regularized random forest machine learning algorithm was applied to identify
the relative importance of structural and charge descriptors, revealing that the Ni-Ni
bond length is a key factor in determining the HER activity of Ni,P(0001). Li et al.
proposed a comprehensive machine learning framework for the rapid screening of
bimetallic catalysts for methanol electro-oxidation (Z. Li et al., 2017). The adsorption
energies of *CO and *OH on (111)-terminated metal surfaces, along with active sites,
were used as input and output variables, derived from DFT calculations. For around
1,000 idealized alloy surfaces, the trained ML models demonstrated strong predictive
accuracy, enabling efficient exploration of the vast chemical space of bimetallic

catalysts.

Bulk/Surface
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Figure 2.10 (a) Structure of the Ni;P,(0001) surface of Ni,P showing the (v3 x v3) R30°
supercell. (b) The discovered Ni-Ni bond length is the most important descriptor of

HER activity (Wexler et al., 2018).

Ngrskov applied ML to model the nickel-gallium bimetallic surface for
electrochemical CO, reduction (Ulissi, Tang, et al., 2017), as illustrated in Figure 2.11.
Each atom's local geometry creates a fingerprint, processed by a neural network to
predict its impact on adsorption energy. This method significantly reduced the number

of DFT calculations required, achieving estimates of activity with an order of magnitude
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fewer computations. The results indicated that the most promising active site motifs

are isolated nickel atoms surrounded by gallium atoms.

Neural Network Potential

0 laxed
AEads = Eslab+ads - E;J]:{)e axed — Egas = Z Ei

Figure 2.11 The neural network potential used to directly relax and predict adsorption

energies for small molecules. The local region around each atom is used to generate

a geometric fingerprint as a feature.

Additionally, product selectivity can also be predicted using machine learning
approaches. Ma et al. combined computational calculations and ML to predict product
yields for P-H insertion reactions (Y. Ma et al,, 2023). ML algorithms were used to
analyze 16 descriptors derived from DFT-calculated transition states to predict product
yields. Among the algorithms tested, the Support Vector Machine (SVM) achieved the
highest prediction accuracy of 97%, with a correlation exceeding 80% in Leave-One-
Out Cross-Validation (LOOCV). The model demonstrated a strong correlation and

agreement between predicted and experimental yields, as illustrated in Figure 2.12.

T T T T
04 0.6 0.8 1.0
YIELD(Cal.)

Figure 2.12 The correlation between experimental results and predicted curve (Y. Ma

et al., 2023).
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CHAPTER llI
METHODOLOGY

In this thesis, we provide a framework for catalyst design by combining multi-
scale modelling and machine learning as shown in Figure 3.1. In this framework, the
process begins with generating raw data on bimetallic compositions and energy profiles
total of 1,717 data using Fairchem. These data are then used as inputs for the
microkinetic model to provide the reaction rate and selectivity of each catalyst under
experimental conditions. Finally, a machine learning model is employed to predict the
reaction outcomes (reaction rate and selectivity) for the remaining catalysts based on
their composition. This integrated approach enables efficient exploration and design

of catalysts for CO, reduction.
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Figure 3.1 workflow of catalyst design for CO,RR.

3.1 Fairchem
To accelerate calculations for developing a framework for catalyst design in
CO,RR, all computations were performed using Fairchem, a centralized repository

developed by FAIR Chemistry. This platform serves as a comprehensive resource for
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materials science and quantum chemistry, housing data, models, demos, and
application tools. Collaborative projects that contribute or use the models and
approaches in Open Catalyst 2020 (OC20) (Chanussot et al., 2021).

The OC20 dataset, consisting of 1,281,040 DFT relaxations (~264,890,000
single-point evaluations) across a wide swath of materials, surfaces, and adsorbates (N,
C, and O), as shown in Figure 3.2. The dataset consists of three key tasks representative
of routine catalyst modeling and includes predefined train, validation, and test splits.
This setup enables straightforward comparisons with future model development

efforts.

Open Catalyst 2020 (OC20) Dataset
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Figure 3.2 Adsorbates materials, calculations, and impact areas of the OC20 dataset.

(Chanussot et al., 2021).

This thesis, we use Predicting Energy and Forces from a Structure (S2EF),
EquiformerV2-153M-S2EF-OC20-All+MD which is the baseline pre-trained model. All
approaches predict structure energies in their forward pass and per-atom forces by the
negative gradient of the predicted energy with respect to atomic positions. Adsorption

energy, and reaction energy of each catalyst is calculated by this model.
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3.2 Computational hydrogen electrode (CHE) model

To calculate the reaction energy of CO, reduction to C1 product on each metal
catalyst surface we explore the methods call computational hydrogen electrode (CHE).
In this model the reference potential is set at the standard hydrogen electrode (0 V
vs. SHE). At this potential the chemical potential of the reaction of H" + e~ =2 Y, is
equilibrate at pH = 0 and 1 bar of hydrogen in gas phase at 298 K.

Based on the reference energy of CO,RR in theoretical calculation, the reaction
energy can be calculated from the energy of current state subtract by the previous
one. But, because of this thesis we use Fairchem as the calculation tools, so the
calculation of reference energy is a bit change. The gas phase references, Eq,, for each
adsorbate was computed as a linear combination of N,, H,O, CO, and H, resulting in
the atomic energies from Table 3.1.

Table 3.1 The chemical potential of adsorbate per atom used to calculate the gas

phase reference energy for an adsorbate molecule (Chanussot et al., n.d.).

Adsorbate species per atom Chemical potential (eV)

H -3.447
C -7.204
O ~1.282
N -8.083

Therefore, based on CHE model and this gas reference energy the reaction
energy of each elementary reaction of CO, reduction to C1 product can be calculate

follow equation,
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The electrochemical step; A* — B*

1
A = (BES + ng) — (ELS + 1a) — 5 ERY"

Where EE%A* represent the energy of intermediate adsorption from Fairchem. pg/a
represent the chemical potential of gas, and EEZFT represent the energy of hydrogen

gas on DFT.

The non electrochemical step; B* = B + *

AE = ERT — (EES + ps)

Where E§9 represent the energy of intermediate adsorption from Fairchem. pg

represent the chemical potential of gas, and ERFT represent the energy of gas on DFT.

3.3 Microkinetic modelling
To better understand the reaction behaviour of each catalyst, we then explore
the microkinetic modelling. The general concept of microkinetic model is that it takes
energy profile and predict the reaction rate and product selectivity. The steps to
construct a microkinetic model are as follows:
1. Construct the set of elementary reaction steps.
2. Derive rate expressions for each of the elementary reaction steps.
3. Convert the set of rate expressions to a set of ordinary differential equations.
4. Define boundary conditions for the system (e.g. partial pressures), the initial
values (e.g. initial surface concentrations) and any model parameters (e.g.
temperature).
5. Solve the system of ordinary differential equations.

6. Interpret the results (using our chemical intuition).
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For example, A unimolecular reaction on a catalytic surface is given by the
kinetic network below. In this network, A adsorbs on the catalytic surface, is then

converted to B and finally B desorbs from the surface.

A —> A* — B* — B

Which is composed of three elementary reaction steps,

A+ %= A% (1)

B+ * = B*(r2)

A* = B* (3)

The overall reaction: A —™ B

Each elementary step is characterized by a rate equation based on its rate

constant, which follows the Arrhenius equation:

= e (22)

where A; is an effective pre-factor. As an approximation, the pre-factor was set to equal
kBTT s-1 for all the surface elementary reactions. E; is the energy barrier in eV.

However, if the elementary reaction has the adsorption and desorption

process, the rate constant can be explored from the following:

_ A

k i —
ads J2mmkgT

— kads
kdes - —Ea(U)
exp( )

Where A'is an active site of catalyst surface, and m represents the molecular mass (kg).
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Then, the rate expression of each elementary step can be written based on

the rate law,
11 = kiPA[0 - k4[0,]
12 = k,Pe0:] - k,[04]
13 = ks[0,] - k(6]

where k,, represent the rate constants of the forward and backward reactions,

respectively. BA,B represents the coverage of intermediate. P, grepresents the pressure

of A and B in gas phase.

The set of rate expressions to a set of differential equations,

de,
—=r-rT
de 1 3
dog
— =TI3—7rT
de 3 2

The next step is defining the condition (e.g. pressure, temperature, and surface
concentration). Then, solve the system of ordinary differential equations and analyse

the result from the simulation.

3.4 Machine learning models

This thesis is anchored in the application of machine learning (ML), a powerful
subset of artificial intelligence that enables computational systems to learn patterns
from data and make predictions without being explicitly programmed. Unlike
traditional computational chemistry methods that rely on first-principles calculations
or predefined mechanistic models, ML models can be trained on large datasets of

experimental or simulated results to discover hidden, non-linear relationships between
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a reaction's input parameters and its observed outcomes. This approach is particularly
well-suited for predicting complex phenomena like reaction rates and selectivity,
where the interplay of multiple variables (e.g., catalyst structure, temperature,
pressure, and solvent effects) can be challenging to model through conventional
means.

In this work, the machine learning pipeline will serve as a core component for
predicting the rate and selectivity of the targeted chemical reactions. The process
involves a series of critical steps: a curated dataset is first used to define the input
features, which are then fed into an algorithm that learns a function, y=f(X), where y
represents the predicted rate or selectivity and X is the set of relevant input features.
Following a rigorous training phase, the model's performance will be validated using a
held-out test set to ensure its predictive accuracy and generalization capability. This
methodology allows for the rapid exploration of vast chemical spaces, guiding the
identification of optimal reaction conditions and enabling the design of novel catalytic

systems with high efficiency and specificity.

3.4.1 Regression models

The regression models, a powerful class of supervised machine learning
algorithms designed to predict continuous numerical outputs. In this context, the task
of predicting reaction rates and selectivity translates directly to a regression problem,
as these outcomes are continuous variables. The goal of the regression model is to
learn the underlying function that maps a set of input features (e.g., catalyst
composition, reaction conditions) to the corresponding continuous target values which
is the selectivity in this work.

For the selectivity prediction, we employ 4 difference regression model
including, Light Gradient Boosting Machine (LightGBM), Support Vector Regression (SVR),

Ensemble model, and Artificial Neural Network (ANN).
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Light Gradient Boosting Machine (Ke et al.,, 2017) is a highly efficient and fast-
performing gradient boosting framework that utilizes tree-based learning algorithms. A
key distinction of LightGBM is its leaf-wise tree growth strategy, which differs from the
level-wise approach used by many other boosting algorithms. This method prioritizes
splitting the leaf that promises the greatest reduction in loss, leading to faster
convergence and often higher accuracy. To further enhance its efficiency, particularly
with large datasets, LightGBM incorporates two innovative techniques: Gradient-based
One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB). GOSS focuses on
instances with larger gradients (i.e., those that are not well-trained), while EFB bundles
mutually exclusive features to reduce the dimensionality of the data. As a result,
LightGBM is known for its ability to handle large-scale data with lower memory usage
and significantly faster training speeds.

Support Vector Regression (Basak et al., 2007) is a powerful regression method
based on the principles of Support Vector Machines (SVMs), which are primarily used
for classification. Unlike traditional regression models that aim to minimize the sum of
errors, SVR seeks to find a hyperplane that best fits the data points within a defined
margin or epsilon-insensitive tube. Data points that fall within this tube are not
penalized, making the model more robust to outliers. The critical data points that lie
on or outside the tube's boundary are called "support vectors," and they are the only
ones that influence the model's final form. A key advantage of SVR is its ability to
handle non-linear relationships by using various kernel functions, such as the Radial
Basis Function (RBF) kernel, which effectively maps the data into a higher-dimensional
space where a linear relationship can be found.

Ensemble model (Mishra et al., 2025) is a sophisticated machine learning
approach that combines the predictions of multiple individual models, or "base
learners," to produce a single, more accurate, and robust prediction. The underlying

principle is that a collective of diverse models can overcome the weaknesses of any
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single model, leading to improved overall performance. Common ensemble methods
for regression include bagging, boosting, and stacking. Bagging (like in Random Forest)
trains parallel models on different random subsets of the data and averages their
predictions. Boosting (like in LightGBM) builds models sequentially, with each new
model focusing on correcting the errors of its predecessors. Stacking is a more complex
technique where a "meta-model" learns to combine the predictions of the base
models. By leveraging the strengths of different algorithms, ensemble methods
effectively reduce issues like high variance or bias, resulting in a more generalized and
reliable model.

Artificial Neural Networks (Grossi & Buscema, 2007) are a class of machine
learning models inspired by the human brain, composed of interconnected "neurons"
organized in layers. The term "deep learning" specifically refers to ANNs with multiple
hidden layers, which enables them to learn complex, hierarchical representations of
data. In a regression task, data flows from an input layer through these hidden layers,
where each neuron performs a weighted sum of its inputs and applies an activation
function. The network's final prediction is generated by the output layer. The learning
process involves comparing the network's prediction to the true value using a loss
function (e.g., Mean Squared Error) and then using a process called backpropagation
and an optimization algorithm (e.g., Gradient Descent) to iteratively adjust the weights
and biases to minimize the error. A primary strength of deep ANNs is their ability to
automatically extract and learn meaningful features from raw data, making them
particularly effective for problems with intricate and non-linear patterns without the

need for manual feature engineering.
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3.4.2 Classification models

A classification model is a type of machine learning model designed to
categorize data points into predefined, discrete groups or classes. Unlike regression,
which predicts a continuous numerical value, classification predicts a categorical label.
These models are typically trained on a labelled dataset, where each data point is
paired with its correct class label. During training, the model learns the unique
characteristics and patterns that define each class. Once trained, the model can then
be used to predict the class of new, unseen data. Common classification algorithms
include Logistic Regression, Support Vector Machines, Decision Trees, and LightGBM,
each with its own approach to creating decision boundaries that separate the different
classes.

Logistic Regression (Peng et al.,, 2002) is a fundamental and widely used
supervised machine learning algorithm for binary classification problems. Unlike its
name, it is not a regression model that predicts continuous values, but rather a
classification model that estimates the probability of a data point belonging to a certain
class. It achieves this by applying a sigmoid (S-shaped) function to a linear equation,
which transforms the output into a value between 0 and 1, representing a probability.
The model then uses a predefined threshold (commonly 0.5) to classify the data point.
For example, in a medical context, it can predict the probability of a patient having a
disease based on test results. This simplicity and the interpretability of its coefficients
make it a popular choice for problems where a clear understanding of feature
importance is required.

Decision Trees (Packwood et al., 2022) is a versatile supervised learning
algorithm that can be used for both classification and regression tasks. It works by
creating a tree-like, flowchart structure where each internal node represents a test on
a feature (e.g, "ls the temperature greater than 25°C?"), each branch represents the

outcome of that test, and each leaf node represents the final class prediction. The
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model works by recursively partitioning the data into smaller, more homogeneous
subsets based on the features that provide the most information gain or purity at each
split. The process continues until all, or most, of the data is classified. Decision Trees
are intuitive and easy to visualize, making them highly interpretable. However, they
are also prone to overfitting, which means they can become too complex and

memorize the training data, leading to poor performance on new data.
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CHAPTER IV
RESULTS AND DISCUSSION

This chapter present the result and discossion of workflow for catalyst design
for CO,RR. The study begin with surface model generation from 34 monometallic then,
the adsorption of associated intermediates are calculated to use for generate the
energy profile which is the input for microkinetic. After we get the rate and selectivity
from that particular microkinetic, machine learning is start to predict rate and selectivity
for the other catalyst based on their composition. Fainally, the data after prediction

will collect in the database and represent as the demo website for the utilization.

4.1 Surface model generation

We began by constructed the surface model from 34 pure metals, comprising
3d (Sc, Ti, V, Cr, Mn, Fe, Co, Ni, Cu, Zn), 4d (Y, Zr, Nb, Mo, Tc, Ru, Rh, Pd, Ag, Cd), 5d
(Hf, Ta, W, Re, Os, Ir, Pt, Au) transition metals, and p-block elements (AL, Ga, In, Sn, T,
Pb). The investigation is extended to bimetallic compositions 1:1, and 1:3. The model
was constructed using a supercell size of 4 x 4 with four atomic layers total 64 atoms.
The two bottom layers were fixed during optimization. The vacuum gap was added by
20 A in the z-direction. The crystal structure of all surfaces is focus on simple FCC(111)
facets. This L1, crystal is widely use in thermodynamic study on CO, conversion to C1
product (Hirunsit, 2013; Hirunsit et al., 2015). The constructed structure is shown in

Figure 4.1.
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a)

Top view

‘ w» C).
o ’ ' '

Figure 4.1 The geometric structure of metal catalyst a) monometallic, b) bimetallic

composition 1:1, and ¢) bimetallic composition 1:3. The purple atom represent atom

of metall, and the orange atom represent atom of metal2.

The lattice constant of all monometallic we focus to use the value in only FCC
phase for easy to create bimetallic composition. For composition 1:1 and 1:3, the

lattice constant is calculated form the average of lattice constant of two metal

elements.
g ! metall+metal2
Lattice constant of composition 1:1 = )
_ - metall+3(metal2)
Lattice constant of composition 1:3 = 2

After generating all total 1,717 surface model (34 monometallic, 561 bimetallic
ratio 1:1, and 1,122 bimetallic ratio 1:3) we have optimized the structure using machine
learning potential name Fairchem with EquiformerV2 model. The number of final
structures is change because some of bimetallic model is distort during optimization.
Therefore, we will consider only 1,632 structures (34 monometallic, 537 bimetallic 1:1,

and 1,061 bimetallic 1:3) for further study.
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4.2 CO,RR intermediate adsorption on catalyst surface

This thesis carried out all possible pathways of CO, reduction to C1 products,
so the associated intermediates are considered. The intermediate is adsorbed on the
catalyst surface with all possible configurations. For monometallic catalysts, the
adsorption sites consist of the top site (T), bridge site (B), hollow-fcc (Hz.), and hollow-
hcp (Hpp). For bimetallic catalysts with compositions 1:1 and 1:3, they have many
configurations because they exhibit different surface orientations. The adsorption sites
are shown in Figure 4.2.

a)

Monometallic Bimetallic 1:1 Bimetallic 1:3
Figure 4.2 The adsorption site of different catalyst surface a) monometallic, b)
bimetallic composition 1:1, and c) bimetallic composition 1:3. The green color,
represent top site, yellow represent bridge site, red represent Hi. site, and blue

represent Hy, site.

The adsorption energy of intermediate can determine trend of catalytic
properties for the reduction to target products (Bagger et al., 2017). The adsorption

energy can be calculated from this following equation, as shown in Figure 4.3.

a0 + 8 »

Surface Intermediate Intermediate@surface

Eads = Eint@surf - (Esurf + Eint)

Figure 4.3 The equation to calculate adsorption energy of intermediate.
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where Ejosuf IS the total energy of the adsorbate-catalyst system, Eqs is the
energy of the clean catalyst surface, and E; is the energy of the isolated intermediate
molecule in the gas phase. A more negative adsorption energy indicates a stronger
interaction between the intermediate and the catalyst surface. This value is a crucial
descriptor for understanding the stability of reaction intermediates and predicting the
most favorable reaction pathways.

The further reduction of CO; is primarily constrained by the catalyst’s ability to
adsorb CO intermediate without any effect of apply potential (Bagger et al., 2019). The
binding strength of CO is particularly important because it is a key intermediate in the
CO, reduction to C1 products. A catalyst that binds CO too strongly can lead to
poisoning of the active sites, while one that binds it too weakly may not facilitate its
further reduction. Therefore, a balance in the CO adsorption energy is necessary for
efficient catalysis. However, this thesis does not use the directly DFT calculation to
calculate adsorption energy of intermediate. So, the value from the calculation maybe
out from realistic. As shown in Figure 4.4, a direct comparison of the CO adsorption
energy on a copper catalyst reveals a discrepancy between the value calculated by

the Fairchem model and a typical literature value from DFT.

Cu CuZn CuzZn
0.00
S .0.20 +
o
2
S -040 1
c
S
§ -0.60 T
©
©
8
-0.80 +
sl Fairchem DFT
-1.00

Figure 4.4 The comparison of adsorption energy between Fairchem vs. DFT (K. Li et

al., 2024; Zoubir et al., 2022) of CO intermediate on different catalyst surface.
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As previously mentioned, the Fairchem model is designed for rapid calculation
and reproduces DFT-level accuracy at a fraction of the computational cost. While the
absolute CO adsorption energy values from Fairchem may not be identical to those
obtained from a specific DFT calculation found in the literature, the results shown in
Figure 4.4 demonstrate that they are not drastically different. This small deviation is
expected and can arise from differences in the DFT functional used for training the
model, the structural configurations in the training set, or other minor variations.

The calculations of adsorption energies for all relevant intermediates, such as
*COOH, *CO, and *CHO, on all possible sites for each catalyst surface (monometallic
and bimetallic) will provide a comprehensive understanding of the reaction landscape.
This systematic investigation allows for the identification of the most stable
configurations for each intermediate and, consequently, the most likely reaction
pathway. This data will be used to construct the energy profiles for the entire CO,RR
pathway in the next section, providing a quantitative basis for comparing the

performance of the different catalysts.

4.3  Energy profile of CO,RR pathway on each catalyst surface

The reaction mechanism of CO, reduction to Cl product is very complex
system. The CO,RR pathway can be affect by many factors such as, catalyst surface
(Bagger et al,, 2017), interaction of intermediate on surface (Liu et al., 2019), and apply
bias potential (Tomboc et al., 2020). This thesis, we provide all possible pathway for
CO, reduction to C1 product with relevant of apply bias potentials. The schematic of

reaction pathway as shown in Figure 4.5.
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Figure 4.5 A comprehensive reaction network for the electrochemical reduction of CO,
on a catalytic surface, with active sites denoted by the asterisk (¥). This mechanistic
scheme illustrates the sequential proton-coupled electron transfer (PCET) steps that
lead to the formation of four distinct C1 products: formic acid, carbon monoxide,

methanol, and methane.

The reaction is initiated by the one-electron and one-proton reduction of CO,
to form two primary adsorbed intermediates. The initial pathway proceeds via step r0,
leading to the formation of the carboxyl intermediate, *COOH. An alternative initial
pathway, step r1, the formate intermediate, *HCOO. These two intermediates serve as
crucial branching points for the subsequent reaction pathways. The first product, formic
acid (HCOOH), is formed directly from the *HCOO intermediate via step r3, which
involves a single PCET step. Simultaneously, the *COOH intermediate undergoes step
r2 to produce the key intermediate, adsorbed carbon monoxide (*CO). Desorption of
this species via step rd to form the second product, gaseous carbon monoxide (CO).

Further reduction of the *CO intermediate initiates the pathways toward more
reduced products. Two main routes are depicted: one through the *CHO intermediate,
(step r5), and the other through the *COH intermediate, (step r6). The *CHO pathway
proceeds through successive PCET steps (r7, r11) to form *CH;O. This intermediate is
then reduced in step r16 which subsequently desorbs to produce the third product,

gaseous methanol (CH;OH).
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The *COH pathway provides a separate route to the methane product.
Subsequent reduction of *COH (step r8) leads to the *CHOH intermediate, which is
further reduced to *CH,OH in step rl13. From this point, the mechanism shows a
convergence: the *CH,OH intermediate can be reduced to the methanol and key
methyl intermediate, *CH,, via step r18. Alternative routes to the *CH intermediate
also exist, proceeding through steps r9/r14d (via *CH) and r10/r15 (via *C). The *CH;
intermediate is then a direct precursor to methane, undergoing a final PCET step (r20)
to form the desorption (r21) to produce the final product, gaseous methane (CHj).

The presence of multiple converging and diverging pathways underscores the
complex nature of CO, electroreduction. The observed product selectivity on a given
catalyst is a direct result of the relative kinetics of these competing reaction steps,
influenced by factors such as surface binding energies of the intermediates and the
applied electrode potential. The example of energy profile of CO,RR over Cu catalyst
as shown in Figure 4.6. This mechanism provides a fundamental framework for
understanding and optimizing catalysts for specific product outcomes.

Energy profile of CO,RR pathway over Cu(111) catalyst

CO(8) cooH* U=-1.0V
r— —
. oy ~COH*
-1.00 + — X CO(g)
HCOO*s}, CO c*
> .3.00 + HCOOH (g) CHO*\XSHOH®
O CH,0™
[ “
S 500 + CHOMY, .,
Q 2
g CH,0* === cH OH(g)
8 .
2 -7.00 +
CH,*
-9.00 +
—
CHa(g)

-11.00

Reaction coordinate

Figure 4.6 The energy profile of CO, reduction to C1 product over Cu catalyst with

apply potential -1.0 V.
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The energy profile shows that all key intermediates are stabilized relative to
gaseous CO,, as they all lie below the zero-energy reference line with apply potential.
For example, the formation of the initial intermediates, *COOH and *HCOOQ, is an
exergonic (stabilizing) step, with *COOH being slightly more stabilized. The reduction
of these intermediates to the key *CO intermediate is also a stabilizing process, as *CO
is at a significantly lower energy than its precursors. This strong stabilization of *CO on
the Cu surface is a defining characteristic of Cu catalysts (Bagger et al., 2017, 2019;
Hirunsit, 2013), enabling the subsequent deep reduction to hydrocarbons.

The overall trend shows a continuous and strong stabilization as the reaction
proceeds, with each successive intermediate having a lower energy than the one
before it. The most thermodynamically favorable intermediates and products are
those with the lowest energy. In this profile, the final product, gaseous methane (CH4),
is the most stabilized species, residing at the lowest energy level. This indicates that
the reaction pathway leading to methane is the most thermodynamically favorable,
consistent with the fact that Cu is a primary catalyst for CHs production. Conversely,
an intermediate that is too strongly stabilized could potentially "poison" the catalyst
by blocking active sites and making its conversion to the next intermediate a difficult,
uphill process. However, this profile does not show any such steps, suggesting a
favorable cascade toward the final products. As shown in Table 4.1, the reaction
energy for each step can be calculated as the energy difference between the product
and the reactant of that specific step, with a negative value signifying an exergonic

reaction.
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Table 4.1 The list of elementary reaction and reaction energy equation of CO,

reduction to C1 product.

Code Reaction Reaction energy equations
RO COLQ) + * + Ix¥aH,(g) —» *COOH AE, = (AEESon: + Mcoon) — SERFT — ERST
R1 CO,(Q) + * + 1x¥Hx(g) — *HCOO AE; = (AEf o0+ + Mucoo) — 3ERFT — EBET
AE, = (AEES. + ngo) — (EESon + Hcoon)
R2 *COOH + 1x¥H,(8) —s *CO + IxH,00 (4B + teo) coo, T ool
+ERS - SERFT
R3 *HCOO + 1xVaHy(g) —s HCOOH + * AE; = ERED o — (EECo0r + Miscoo) -%ngT
R4 *CO — CO(g) + * AE, = ERET — (EES. + pco)
RS *CO + 1x¥eH,g) —» *CHO 88, = (BESor + ono) — (BES: + eo) — 5 ERFT
R6 *CO + Ix¥aHy(g) — *COH AEg = (E¢Gu + neon) — (EEG: + Heo) — %EEST
" AE; = (E&,00 + Mewgo) — (EShor + Hewo)
R7 *CHO + 1x%Hx(g) — *CH,O 1EDFT
— S ER
N AEg = (Effion: + Menon) — (Effo + Heno)
R8 *CHO + 1x%H,(g) —» *CHOH 1 per
— S ER
N AEq = (Effion + Menon) — (E&6w- + Heon)
R9 *COH + 1x¥sHy(9) —» *CHOH -
— S ER
AEo = (EEE + o) — (EGu + meon) + ERFD
R10 “COH + IxHe)  —>  *C + 1xH,0 . R
— S ER
AEy; = (Eff 00 + Henso) — (E¢h,or + Hewzo)
R11 *CH,O + 1x¥%H,(¢) — *CH,O 1EDFT
— S ER
AE;; = (Egl(-:IZOH’ + Mcmyon) — (Eggzo* + Hengo)
R12 *CH,O + 1x%H,(¢) — *CH,OH 1EDFT
— S ER
v AE;3 = (Eggzow + teyon) — (Edhons + Heron)
R13 *CHOH + 1x%H,(g) —» *CH,OH o
- SER
AEy, = (B + men) = (Effon- + Henon)
R14 *CHOH + 1x%H,(¢) —» *CH + 1xH,O() 1
+ ERTS - SERFT
R15 *C 4 1x%Hyg) - —5 *CH 8E 5 = (BB + now) — (EES + uc) — 5 ERFT
R16 *CH;0 + IxYaHy(g)  — CH;OH(g) + * A6 = Efon — (Eéfior + Mcizo) —%Eﬁz”
R17 *CH,0H + 1X1/ZH2(g) — CH3OH(§) + AE,; = EggZOH - (EEEIZOH* + lJ-CHzOH) _%Egzﬂ
AE;g = (AEggz* + Hew,) — (Egﬁzow + Hewyon)
R18 *CH,OH + 1x¥H,(g) —s *CH + 1xH,O() 1
+ERS - SERFT
R19 *CH + 1x%Hx(g) — *CH, AE,, = (Eggz + en,) — (E&G + Hen) — %E,‘.’,ZFT
AE;, = (E(F:E[3 + Hew,) — (Egﬁz + Heu,)
R20 *CH, + 1x¥%H,(¢) — *CHs 1EDFT
— SR
R21 *CHy + 1x%HQ)  —» CHylg) + * AE;; = EBET — (EES .+ pey,) — S ERET

2
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4.4  Microkinetic model

To better understand the behavior of catalysts for CO,RR under experimental
conditions, we explored microkinetic modeling based on our proposed mechanisms.
Our microkinetic simulations were generated from a custom Python code (Python
version 3.9.19). The core concept of this approach is to use the calculated energy
profile to predict the reaction rate and selectivity of our target products (Filot, 2023).

In the previous section (section 4.3), we already calculated the reaction
energies and generated the energy profiles for all catalysts which is the input for
microkinetic. For the initial condition of microkinetic model, the partial pressure of CO,
is equal to 1 bar and other species consist of HCOOH, CO, CH,OH, and CH4 are equal
to 1.00 x 10” bar. The temperature is set as 300 K. The transition state theory (TST)
was used to calculate the rate constants for each elementary step i. The rate constant

of surface reaction is calculated by the following the Arrhenius equation:
_ —-AG¥)
ki = AieXp( ke T )
where A is an effective pre-factor. As an approximation, the pre-factor was set to equal

kBTT s for all the surface elementary reactions. The energy barrier of electrochemical
step was set as 0.26 eV for all the H" + e steps demonstrating the fast kinetics
(Tripkovi¢ et al., 2010).

The rate constant of adsorption reactions (k,qs) and desorption reaction (Kqes)

are calculated using collision theory,
A

1N ayllil e
ads T BrmkgT

— kads
kdes -

—AGH
exp KgT

Where A is an active site of catalyst surface, which is equal to 4.00 x 10%° m? and m

represents the molecular weight (kg) of adsorbed species. Note that, this thesis we did

not consider any adsorption step.
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The net rate of each elementary step mM S nN was determined as,

where k,,. represent the rate constants of the forward and backward reactions,
respectively. B;,¢ represents the coverage of intermediate and this modeled using the
steady-state approximation. The sum of coverages of all the intermediates and free

sites B, is 1 ML, as follows:

0+ 6, =1
deint _
de 0

The coverage species on all of catalyst surface are considered as one active
site. The steady-state approximation was used to solve the ordinary differential
equations (ODE). The rate equation and the ODE of each elementary step are listed in
Table 4.2 and Table 4.3.

Additionally, the percentage of relative rate of each product can be determined
from the rates of desorption species. The selectivity for 4 products: HCOOH, CO,

CH50OH, and CHj are calculated using the following equation:

Rj

S; = —— x 100%

tot

Where R; represents the rate of specific desorbed species, and Ry is the summation

rate of desorbed species.
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Table 4.2 The elementary steps and the rate equations of CO,RR on the catalyst

surface used in microkinetic modelling.

Code Reaction Rate equation

RO CONg) + * + 1x¥sHy(g) — *COOH RO = Kk¢Pco,[6.] — k_o[Bcoon]

R1 CONg) + * + 1x¥sHyg) — *HCOO R1 = k;Pco,[6.] — k_1[Bucool

R2 *COOH + 1x%Hy(8)  —  *CO + 1xH000 R2 = K,[0coonl — K-2[0co]

R3 *HCOO + 1x¥aH(g) —» HCOOH + * R3 = ks[0ucool — K_sPucoonl®.]
Ra O — O+ R4 = k4[0c0] — k- 4Pc0[9]

R5 *CO + Ix¥sH @) —» *CHO R5 = ke[0c0] — K_s[Ocol

R6 *CO + IxYsH,(8) —» *COH R6 = k¢[0c0] — K_g[Ocon]

R7 *CHO + 1x¥%Hye) —» *CH,0 R7 =k, [0cxol — ko 7[9CH2 |

R8 *CHO + 1x%Hye) —» *CHOH R8 = Kg[0cnol — kK_glOchoul

R9 *COH + 1x%Hye) —» *CHOH R9 = Ko[0cou] — K_o[OcHom]

R10 *COH + 1x¥aHy(e)  —  *C+ 1xH0)  R10 = Kky0[0con] — K_10[0c¢]

R11 *CH,O + 1x¥H(g) —» *CHsO R11 = kq4[0cu,0] — k-11[Och,0]
R12 *CH,0 + 1x%H,(g) —s *CH,OH R12 = Ky5[0cu,0] — k_12[Och,0H]
R13 *CHOH + 1x%H,(g) —» *CH,OH R13 = ky3[0chon] — k_13[0cu, o]
R14 *CHOH + 1x%Hye) — *CH + 1xH,000 R14 = Kkq,[0cnon] — K-14[0cH]
R15 *C 4 IxYsH,(8)  —s  *CH R15 = kys[0c] — k_15[0cy]

R16 *CH,0 + 1x¥sH)g) —»  CHsOH(g) + R16 = ky4[0cn,0] — k-16Pcu,onl6.]
R17 *CH,OH + 1x%Hyg) —» CH;OH(g) + R17 = k17[9CH20H] — Kk_17Pcn,0u[6.]
R18 “CHAOH + 1x¥Hfg) — *CH+1xHO00) R18 = kyg[0cu,on] — k_15[0cH]
R19 *CH + IxVH () —»  *CH, R19 = kyq[0cu] — k_10[0cH,]

R20 *CH, + 1x¥%He) —= *CH, R20 = ky0[Bcn, | — k_20[OcH,]

R21 *CHy + Ix¥Hy(8) —s  CHy(e) + R21 = Ky [0Och, | — k_21Pcn, [6.]
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Table 4.3 The ODE equation for each elementary step.

Coverage species ODE
*COOH decd% = RO +R2
*HCOO 4000 — Ry — R3
*CO T =R2-R4—R5—R6
*CHO £Ho  — R5 —R7 —R8
*COH o~ R6 —R9 — R10
*CH,0 defi# — R7 —R11 - R12
*CHOH decd% = R8 4+ R9 — R13 — R14
*C ¢ =RI0-RI5
*CH,0 £~ R11-R16
*CH,OH decg—f‘”’ = R12 + R13 — R17 — R18
*CH d‘;‘t?“ = R14 + R15 — R19
*CH, dej—t“z — R18 4+ R19 — R20
*CH, S~ R20 - R21

de.,

*

o = R3 + R4 +R16 + R17 +
R21 —R0 —R1

As an example, we can consider a microkinetic model for CO,RR on a Cu
catalyst, which is widely recognized as the most promising candidate for the reduction
of CO, beyond the CO intermediate to form valuable C1 and C2 products. The rate of
each elementary reaction step in this model is fundamentally governed by the
corresponding energy profile. The example of result from microkinetic as shown in
Figure 4.7.

Specifically, the forward and reverse reaction rates are control by the activation
barriers and reaction energies of each step, which are derived directly from the
computed energy profile. A large reaction energy in any step, especially a highly uphill
process, will significantly affect the overall reaction dynamics. Such an uphill step will
create a high-energy bottleneck, where the production of the subsequent intermediate

is thermodynamically suppressed. This leads to a substantial decrease in the rate of
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that specific step and, consequently, a slowdown in the overall catalytic turnover. For
instance, if the reduction of a key intermediate, such as *COOH to *CO, has a large
positive reaction energy, the coverage of *COOH will remain low, and the overall

reaction will be kinetically limited at this point.
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Figure 4.7 The output from microkinetic model over Cu catalyst a) energy profile of
CO,RR at U = -1.0 V, a) reaction network, b) the summation of consumption and

production rate, and c) percent selectivity of each C1 products.

Moreover, to consider for the influence of the electrode potential on rate and
selectivity of product on each catalyst, we have applied potential with relevant value
from 0.0 V to -1.5 V. Finally, the output from microkinetic model is consist of the
overall rate and selectivity of 4 products at 10 potentials value for all catalyst. The
total number of datasets is equal 16,320 which is used to investigate in next machine

learning part.

4.5 Machine learning prediction for rate and selectivity
The conventional design of catalysts often relies on a trial-and-error approach,
which is time-consuming and resource-intensive. In computational electrocatalyst

screening, the problem becomes even more difficult. Because of the huge variety of
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potential materials and surface adsorbates, using density functional theory (DFT) for
calculations is extremely time-consuming (Cheng et al,, 2013; H. Li et al,, 2020). A
compelling example is the screening of CO, reduction activity over Ni-Ga alloys, which
involved four distinct compositions and 40 different facet terminations. This matrix of
parameters led to 583 unique adsorption sites, necessitating over 70,000 single-point
DFT calculations and underscoring the significant computational bottleneck of
traditional screening methods (Ulissi et al., 2017).

The machine learning models were trained on a comprehensive dataset
derived from the output of a microkinetic model. This model simulated the
electrocatalytic reduction of CO, over various bimetallic catalysts under relevant

applied bias potentials. The flowchart of machine learning process as shown in Figure

4.8.

16,320 raw data 136 features
: Feature Algorithms Model

Data collection > engmeering> validation
v’ Overall rate v’ Potential (U) v' LightGBM v R2
v Shcoon v' CBFV feature v SVMs v MAE
v Sco v' Ensemble v’ Accuracy
v Schaon v ANNs v F1-score
v Scha v Decision tree

v’ Logistic reg.
Figure 4.8 The flowchart of machine learning process for predicting the rate and

selectivity of catalyst for CO,RR.

The dataset comprises a total of 16,320 data points, with each point
representing a unique catalytic system and its corresponding performance metrics. The
key outputs from the microkinetic simulations that were used as target variables for
our models include the overall reaction rate, defined as the consumption rate of CO,,
and the selectivity values for four distinct products. For feature engineering, we utilized

the Composition-Based Featurization Vector (CBFV) method, which systematically
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converts the elemental composition of each bimetallic catalyst into a robust feature
vector. This approach ensures that the machine learning models are trained on
chemically relevant descriptors. Prior to model training, a critical data cleaning step
was performed to remove outliers, resulting in a final refined dataset of 15,956 data
points, which was then used for all subsequent analysis and model development. For
the selectivity prediction, we used the regression model, whereas the classification
model was used to predict the overall rate of bimetallic catalyst. The data distribution

as shown in Figure 4.9.
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Figure 4.9 The data distribution of target a) overall rate, b) Sicoon, © Sco, d) Scrson, and
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4.5.1 Featurization

In machine learning, transforming raw data into meaningful inputs is a crucial
step for building accurate predictive models. This process, known as feature
engineering, involves selecting or creating relevant quantitative parameters—or
features—that best represent the characteristics of the properties that we want to
predict.

This thesis explores a composition-based feature vector approach using the
CBFV method. To generate these vectors, we utilized the Oliynyk feature set, which

represents a specific collection of elemental property descriptors such as atomic
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number, atomic weight, and covalent radius. This set provides a rich, chemically
intuitive representation of the bimetallic catalyst composition. Furthermore, to
account for the crucial influence of reaction conditions, we included the applied
potential (U) as an additional feature, allowing our models to capture the
electrochemical driving force of the reaction. In total, this process resulted in a
comprehensive feature set consisting of 264 unique descriptors for each data point.
To streamline the model and avoid overfitting from a high-dimensional feature
space, a feature selection process was employed. We used Pearson correlation to
identify and remove highly correlated features, ensuring that the model is trained on
a set of independent and informative descriptors. This method quantifies the linear
relationship between each pair of features, allowing us to systematically eliminate

redundant information. The detail of feature selection as shown in Figure 4.10.

S Stat ation selection

Atomic no., Atomic weight, Period, - Average » Pearson correlation <

Group, Families, Metal, Nonmetal,

Metalloid, Mendeleev no., -quantum, * Min * Feature — Feature

Atomic radius, Miracle radius, MP, BP,

Covalent radius, lonic radius, Crystal + Max corr > 95% X

radius, Pauling- EN, MB-EN, Gordy- Q « Mode :>

EN, Mulliken—-EN, Allred-Rockow EN, * Feature — Target

Metallic valence, Valence e-, Gilmor + Range

no. valence e, s-valence, p—valence, corr<5% X

d-valence, f-valence, Unfilled s— * Deviation

valence, Unfilled p-valence, Unfilled

d-valence, Unfilled f-valence, Outer

shell e-, |IE1, Polarizability, Density,

Specific heat, Heat of fusion, Heat of

vapor, Thermal conductivity, Heat

atomization, and Cohesive energy

Total: 46 elemental properties 264 features 135+ 1
selected features
(CBFV + U)

Figure 4.10 The detail of feature selection by Pearson correlation matrix. Beginning
with list of elemental properties which is containing in CBFV features. Then, talking
elemental descriptor and compute statistic across element and weighted by

stoichiometry (Durdy et al., 2022).
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After this selection step, the initial 264 features were reduced to a more concise

and optimized set of 136 features. This refined feature set was subsequently used to

train all machine learning models. The selected feature was shown in Figure 4.11.
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Figure 4.11 The correlation matrix of feature selection.

4.5.2 Model prediction of rate and selectivity

Selecting the optimal machine learning model is a critical step in obtaining
reliable predictions for catalyst performance in CO,RR. To capture the complex, non-
linear relationships between catalyst composition and catalytic activity, we tested and
compared several widely used models, seeking to identify the most suitable algorithms
for this specific problem.

To ensure robust validation of our models, the prepared dataset was divided
into a training set and a testing set with an 80/20 ratio. We investigated the predictive
power of four different regression algorithms for selectivity prediction, which are
described in the subsequent sections. After training and optimizing the
hyperparameters for each model, their performance was evaluated. This evaluation
process allowed for a comprehensive assessment of each algorithm's accuracy and

enabled a direct comparison of their predictive capabilities on unseen data.
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Table 4.4 The evaluation of test set of 4 regression models to predict the selectivity

of C1 products.

SHCOOH SCO SCH3OH SCH4

R? MAE R? MAE R? MAE R? MAE

LightGBM 0.79 6.88 0.20 0.22 0.78 212 0.81 7.61

SVR 0.59 9.68 0.12 0.26 0.51 a.ar 0.65 10.37
Ensemble  0.75 7.87 0.25 0.21 0.74 2.99 0.79 8.08
ANN 0.79 7.19 0.16 0.14 0.76 3.13 0.81 7.61

After evaluating multiple machine learning models, the Artificial Neural Network
(ANN) was selected as the most suitable algorithm for predicting both the overall rate
and the selectivity of CO,RR to various products. As shown in Table 4.4, while models
like LightGBM, ensemble method, and SVM achieved sligshtly better performance for
certain single-target predictions, they are inherently designed to predict only one target
property at a time. This would require training and deploying separate models for each
target variables a process that is less efficient.

In contrast, the multi-output capability of the ANN model allows it to learn the
complex relationships between catalyst composition and all target properties
simultaneously. This approach provides a more holistic and integrated solution, making
it the most straishtforward and effective method for predicting the multi-faceted
performance of bimetallic catalysts. Therefore, despite similar predictive accuracy, the
ANN model's ability to provide a complete, single-pass prediction of all relevant
outputs makes it the superior choice for this thesis.

The result from the prediction gives significant different from the experiment
study. As shown in Figure 4.12, the experimental data shows a significant increase in
FE% for a particular product as the percentage of Zn increases from 0% to 100%. In
contrast, the Fairchem prediction shows a much flatter trend, with little change in

selectivity across the same range of Zn content. This divergence highlights a key
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limitation of the Fairchem model: it does not fully capture the complex, synergistic
effects that likely occur in the experiment of CuZn alloy system. The model's inability
to accurately predict the strong correlation between zinc content and product
selectivity suggests that it may not be adequately accounting for factors such as the
experimental condition, the electronic structure changes, surface morphology, or the
role of specific catalytic sites that are crucial for the reaction pathway. The
experimental results indicate that these factors are critically important for tuning the

selectivity of the electrochemical CO, reduction reaction.
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Figure 4.12 The validation result of selectivity on CuZn catalyst from a) experimental

literature (Jeon et al., 2019), and b) model prediction.

For the overall rate prediction, we explore four difference classification models
to classify the group of rate zone which is represent the performance of production of
target product. The group are including excellent, acceptable, and bad rate
corresponding to each catalyst as shown in Figure 4.13.

Total 15,956

Bad 7958

Acceptable

Figure 4.13 classifying the performance of overall rate
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The threshold to classify each group is define from the approximate the rate
constant where energy barrier was set as fast PCET step (~5.70 x 107 s). After training
and tuning hyperparameters of each model, their performance was evaluate as shown
in Table 4.5.

Table 4.5 The evaluation of 4 classification models to predict the overall rate of

each catalyst.

Excellent Acceptable Bad
Accuracy Precision Fl-score Precision Fl-score Precision Fl-score

LightGBM 0.86 0.92 0.92 0.77 0.76 0.89 0.90
Decision tree  0.81 0.87 0.87 0.69 0.68 0.86 0.87
Logistic

0.76 0.81 0.81 0.61 0.59 0.82 0.84
regression
svC 0.86 0.93 0.92 0.78 0.74 0.86 0.89

As shown in Table 4.5, the LightGBM and Decision Tree models achieved very
high training accuracy (99% and 97% respectively), their performance dropped
significantly on the test data (86% for LightGBM and 81% for Decision Tree). This large
drop between the training and test scores is a clear sign of overfitting. These models
likely memorized the training data and are not reliable for predicting the performance
of new, unseen catalysts. Whereas, the Logistic Regression model showed a much
smaller gap between its training (79%) and test (76%) accuracy, which is a good sign
that it generalizes well. However, its overall performance is the lowest of all the
models.

For the SVC model. It provides the best combination of performance and
generalization. With a training accuracy of 92% and a test accuracy of 86%, the
performance drop is much smaller than the tree-based models, indicating that it is a
more robust and reliable model for new data. Furthermore, when we specifically look
at the metrics for the excellent class on the test set, the SVC model has a high
precision of 93% and a recall of 919%, with an Fl-score of 92%. This means the model

is very good at identifying truly excellent catalysts and doesn't miss many of them.
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This is the most critical aspect of the model for our application. The LightGBM model
also performed well on the test set, but its severe overfitting is a major risk. Therefore,
the SVC model exhibit strong test performance, combined with its resistance to
overfitting, makes it the most suitable model for this classification task.

Finally, a support vector classifier from our classification model and a neural
network from our regression model were finally employed to predict the rate and
selectivity of unseen catalyst compositions. For user convenience, we have developed
a user-friendly website. Users can simply input the chemical formula and select the
desired potential. The output will then display a bar chart illustrating the selectivity of
each product, along with a performance metric for the rate. The example of web

interface as shown in Figure 4.14.
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Figure 4.14 The example of web interface for the rate and selectivity predictor.
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4.6  Cost structures

The cost structure for the CO,RR catalyst prediction ML model business is
designed under a One-Time-Purchase business model. This model dictates that most
costs are categorized as fixed costs for development and annual operations, while
the cost of goods sold (COGS) remains relatively low since the model's computation
does not rely on continuous server usage.

4.6.1 Revenue and total cost assumptions

Based on the annual operating projection, the business relies on an assumed

sales volume of 200 units (Licenses) per year, with a price set at $2,500 per unit, as

detailed in Table 4.6.

Table 4.6 The detail of revenue and cost assumption.

Name Value ($) Unit
Sale Revenue 200 pCs.
2,500 S
Total Sale Revenue 500,000 S
Cost of Good Sold (COGS) 227,000 S
1,135 $/unit
Gross Profit 273,000 S
Selling & Marketing Expenses 100,000
General & Administrative Expenses 100,000 S
EBITDA 73,000 S
Operation Profit / EBIT 73,000 S
EBT (Earnings Before Taxes) 73,000 S
Taxes (20%) 14,600 S
Net Profit 58,400 $

4,867 $/month
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The COGS represents the variable cost incurred for every single license sold.
The total annual COGS is $227,000, which translates to $1,135 per unit. The COGS for
this business includes the necessary expenses for delivery and installation of the
model onto the customer's system. This covers costs for storing the large model files
on a cloud server, data transfer fees for the customer's download, and minor fees
for building/preparing the final file package. The COGS of $1,135 per unit accounts for
only 45.4% of the sale price ($2,500), resulting in a high gross profit.

Total fixed costs amount to $200,000 per year, categorized under others
cost, representing operational expenses independent of sales volume:

Selling & Marketing Expenses: $100,000 per year (~$8,333 per month), which
is the primary expenditure for attracting B2B clients through channels like Google Ads
and content marketing.

General & Administrative Expenses: $100,000 per year (~$8,333 per month),
covering staff salaries, rent, software licenses, and ongoing R&D expenditures.

The cost analysis indicates the business generates a net profit of $58,400 per
year in the first year, which is a respectable profit margin given the high initial
investment in personnel and R&D.

4.6.2 Break - even point (BEP)

The Break-Even Point calculation determines the number of licenses required

to cover all fixed costs, which can calculate from the following equation,

Total fixed costs

BEP (units) =
( ) selling price per unit—COGS

$200,000

$2,500 —$1,135 = ~147 units

BEP (units) =

Consequently, the business needs to sell 147 licenses to reach its break-even

point. This represents 73.5% of the targeted annual sales of 200 units. Any unit sold
beyond the 147th unit contributes directly to the company's net profit.
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4.7 Expansion opportunities

This section outlines potential avenues for future research and development
to enhance the Fairchem model's accuracy and expand the utility of the associated
platform.

4.7.1 Enhancing model accuracy

The discrepancy results between DFT and Fairchem model are shown in Figure
4.15. To improve the predictive accuracy of the Fairchem model, a delta learning
approach can be implemented. This method involves training a separate model to
predict the difference (or delta) between the Fairchem prediction and the actual, high-
accuracy DFT data. By adding this correction to the Fairchem output, we can achieve
DFT-level accuracy at a fraction of the computational cost. This approach is particularly
effective because it allows the Fairchem model to handle the bulk of the calculation

while the delta model focuses on correcting the nuanced errors.
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Figure 4.15 The energy profile of CO,RR on Cu catalyst between DFT and Fairchem

model.

Furthermore, the model can be fine-tuned with additional training data
specifically focused on different reaction pathways of CO,RR. This targeted training
would enable the model to make more precise predictions for specific catalytic
systems and conditions, moving beyond general adsorption energy calculations to

more complex reaction scenarios.
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4.7.2 Improving practical application

To make the platform more valuable for real-world applications, several
practical considerations should be integrated. First, the user interface could be
improved by incorporating constraints based on the stability of different bimetallic
catalysts. Instead of allowing users to choose any arbitrary ratio, the system could
guide them towards stable, synthesizable compositions, which would make the
predictions more realistic and actionable for experimental chemists. Additionally, to
provide more realistic utilization data, the platform could integrate economic and
regional factors. For instance, including the cost and availability of precursor materials
for different catalysts could help researchers and engineers make more informed
decisions about which materials are not only catalytically active but also commercially
viable.

Moreover, the model's utility can be significantly expanded by extending its
predictive capabilities beyond CO,RR. The current framework can be adapted to
calculate the adsorption energies of other key species involved in reactions
with natural gas or biomass. By training the model on the adsorption behavior of these
different molecules, the platform could become a versatile tool for designing catalysts
for a wide range of chemical processes, thereby broadening its impact across various
fields of energy and chemical engineering. This scalability would make the platform a

more comprehensive resource for catalyst design and discovery.
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CHAPTER V
CONCLUSION

This thesis presents a comprehensive computational and machine learning-
based framework for the design of catalysts for the carbon dioxide reduction reaction.
The goal was to establish an efficient workflow to predict the catalytic performance of
various materials, thereby accelerating the discovery of new catalysts.

The multi-stage method involved creating a large database of 1,632 catalyst
structures, including pure metal surfaces and bimetallic alloys with 1:1 and 1:3
compositions. We used Fairchem, a machine learning potential tool, to calculate the
adsorption energies of key reaction intermediates to model the complex reaction
network for converting CO, to products. This data then served as the input for
a microkinetic model (MKM), which provided a robust prediction of reaction rates and
selectivities for four primary products: formic acid, carbon monoxide, methanol, and
methane. The output from this modeling was crucial for the next step.

Finally, we explored machine learning models to provide rapid predictions of
catalyst performance. Using catalyst composition and applied potential as features, we
evaluated various regression and classification models. The results demonstrated that
an Artificial Neural Network (ANN) provided the best performance for selectivity
prediction, while a Support Vector Classifier (SVC) was optimal for predicting the
overall reaction rate. To make these models easy to use, we developed a simple
website where users can input a catalyst’s chemical formula and get an instant
prediction.

An important limitation of this study is the discrepancy between our model-

predicted results and existing experimental data. This can be attributed to several
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factors. First, the Fairchem model was trained on a broad range of DFT data and is not
specifically optimized for the complex reaction environment of CO,RR. Additionally,
our models do not account for critical experimental conditions, such as solvent effects,
electrolyte interactions, and dynamic surface properties, which can significantly
influence catalytic activity. This highlights a common challenge in bridging the gap
between theoretical modeling and real-world experimental results.

To improve accuracy, a potential solution is to fine-tune the machine learning
models with more specific data from detailed computational studies like DFT. Another
idea is to use delta learning, where a simple model provides an initial prediction, and
a second, more powerful model learns to correct the difference (or delta) between
that prediction and the actual, more accurate value.

In conclusion, this thesis provides a practical framework for the rational design
of CO,RR catalysts. By integrating machine learning into the computational workflow,
this research offers a valuable alternative to traditional high-cost computational
screening. The developed framework, the explored ML models, and the available web
application represent a significant step toward making catalyst design tools more

accessible to the scientific community.
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