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Coupled electrochemical systems for the direct capture and conversion of CO, have garnered significant
attention owing to their potential to enhance energy- and cost-efficiency by circumventing the amine
regeneration step. However, optimizing the coupled system is more challenging than handling separated
systems because of its complexity, caused by the incorporation of solvent and heterogeneous catalysts.
Nevertheless, the deployment of machine learning can be immensely beneficial, reducing both time and cost
owing to its ability to simulate and describe complex systems with numerous parameters involved. In this
review, we summarized the machine learning techniques employed in the development of CO, capture solvents
such as amine and ionic liquids, as well as electrochemical CO, conversion catalysts. To optimize a coupled
electrochemical system, these two separately developed systems will need to be combined via machine learning

techniques in the future.

1. Introduction

Since the industrial revolution, the atmospheric level of carbon
dioxide (CO,) has rapidly accumulated, resulting in climate change and
global warming [1]. Indeed, the climate emergency has deteriorated
year after year [2]. Recently, the United Nations announced the end
of global warming and the start of global boiling [3]. Thousands of
scientists are struggling to find a solution to mitigate this meteoro-
logical crisis [4]. Among various sustainable energy solutions, carbon
capture, utilization, and storage (CCUS) has emerged as a much-needed
technology to achieve negative emissions beyond the carbon-neutral
energy cycle [5,6]. Solvent-based chemisorption is the basic princi-
ple for carbon capture and has been investigated primarily in amine
solvents and ionic liquids (ILs) [7,8]. The amine solvent is already
considered TRL-9 level and has been widely applied to power plants
to capture emitted CO, for decades [7]. However, to achieve the goal
of limiting the temperature increase to 1.5° from the Paris Climate
Agreement, continuous research and development for improving CO,
conversion efficiency is necessary [9].

The CO, capture technologies can be categorized by their reac-
tion mechanism into absorption and adsorption reactions [10]. CO,

capture by absorption mostly involves applying amines such as mo-
noethanolamine (MEA) [11-13], ILs [14,15], and deep eutectic sol-
vents [16,17], in which CO, reacts with the solvent molecules to
form chemical bonds. Meanwhile, the adsorption of CO, on solid
active sites typically occurs in porous materials such as metal-organic
frameworks [18,19], zeolites [20,21], and activated carbon [22,23].
The selectivity of CO, from flue gas, absorption/adsorption capacity,
regeneration rate, and physico-chemical changes of the captured state
are important factors, particularly in the design of solvents [24].
There are various CO, conversion methods, such as electrochemi-
cal [25], photochemical [26], biochemical [27], and thermocatalytic
reactions [28], that convert CO, into high-value-added products. Elec-
trochemical CO, conversion is regarded as the holy grail because clean
electricity generated from solar, wind or nuclear energy [29,30] may be
utilized. To enhance the desired product selectivity while suppressing
the side reactions, a catalyst design that considers the active sites,
intermediates, and adsorption energy is imperative [31-33]. Designing
a catalyst is difficult because of the cost and challenges associated
with experimentally identifying and characterizing catalysts, particu-
larly when dealing with ultra-fast complicated catalytic processes at
the atomic level [34,35]. This limits the exploration of a wide range
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Fig. 1. Descriptors in CO, capture and electrochemical conversion reaction.

of catalyst materials and hinders the identification of the optimal
catalyst [36]. In addition, to understand the catalysis mechanism in
complex electrochemical systems, the detailed reaction steps and in-
termediate species involved in catalytic reactions require additional
investigation [8,37]. In particular, high-entropy alloy (HEA) catalysts,
which consist of multiple elements, have complex active centers that
present catalytic properties and mechanisms that are challenging to
understand [38]. While computational simulations such as density func-
tional theory (DFT) [39] and molecular dynamics (MD) [40] have been
implemented to aid in catalyst design, they also have limitations [41,
42]. DFT computations, which are commonly used to study catalyst
surfaces, can be computationally expensive and difficult to scale up to
simulate large surface areas and complex reactions [42].

Recently, the integration of CO, capture and conversion has re-
ceived much attention owing to its advantage in bypassing the huge
energy loss at the amine regeneration step, leading to the mitigation
of energy loss and cost [43,44]. In the integrated CO, capture and
electrochemical conversion reaction, solvents such as amines and ILs
capture CO, in the reactive state and convert CO, to higher value-added
products at the electrode. This process can be performed under aque-
ous [45,46], aqueous-nonaqueous [47], or nonaqueous systems [48,
49], resulting in the generation of different products at the electrode.
Enhancing the performance of integrated CO, capture and conversion is
challenging because of the need to optimize the CO, capturing solvent
as well as the electrocatalysts. However, until recently, CO, capture and
conversion have been treated as separate processes, resulting in a lack
of studies on the combined systems. Moreover, owing to the complexity
of the system, devising solvents and catalysts using traditional methods,
such as first-principles calculations or trial-and-error, is time- and
energy-consuming.

Machine learning (ML) has been adopted to discover and opti-
mize high-performance CO, capture and conversion solvents and cat-
alysts [39,50]. The importance of ML implementation in materials
design lies in its ability to accelerate the discovery and optimization
of materials [34,51]. ML algorithms can analyze large amounts of
data and extract patterns/relationships that may not be readily ap-
parent to humans [52] from descriptors designed to reflect human
prior knowledge (Fig. 1). This can help investigators identify active
and selective catalysts, optimize reaction conditions, and predict new

catalyst formulations [53]. The utilization of ML can lead to a reduction
in the time and cost of experimental or computational studies, making
catalyst design more efficient [54]. Additionally, ML can assist in
the search for high-performance materials with complex compositions
and hierarchical structures, which can be challenging using traditional
methods [55]. Fig. 2 represents the number of publications for CCUS
and ML, indicating a growing research interest from 2001 to 2024.

ML can be used to predict the thermodynamic and electronic prop-
erties of materials such as amines [8,56,57], ILs [58-61], and cata-
lysts [62], enabling faster and more efficient screening of materials
with excellent performance. ML models can be trained using data
obtained from computational methods such as DFT, ReaxFF [63], or
kinetic Monte Carlo [50]. These models can then be utilized to perform
computer-aided catalyst design and predict properties such as catalyst
activity and selectivity [64]. Through the use of ML, researchers can
quickly and economically predict the electronic and thermodynamic
properties of catalysts, which can accelerate the discovery of innovative
and superior catalysts for various applications, including CO, reduction
reactions (CO,RR) [65].

ML can also be applied to reveal the mechanisms of catalytic
activity and selectivity in CO,RR, helping to gain insight into the
relevant reaction pathways and improve catalyst design [35,41]. For
example, the selectivity of catalytic CO,RR is affected by the binding
strength of competitive intermediates, such as *COOH, *OCHO, *CO,
and *H [38,66,67]. ML techniques can be employed to investigate
the binding strength of these intermediates and tailor the surface
conditions of catalysts, providing a promising and efficient approach
for exploring CO,RR selectivity [40,65]. Furthermore, ML can provide
useful information for explaining the chemical bonding that binds
relevant adsorbates with certain adsorption energies on model surface
sites [38]. ML models serve as computationally efficient surrogates,
minimizing expensive quantum chemical calculations while enabling
the accelerated screening of the catalyst design space.

Herein, we reviewed ML techniques for CO, capture solvents (amine
and ILs) and catalysts in the integrated CO, capture and conversion sys-
tem. For the ideal case, it is more desirable to simultaneously consider
the combined effects of solvents and catalysts. However, owing to the
complexity of the system, the reported results have investigated the two
different fields separately. First, we summarized the ML techniques for
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Fig. 2. Research trends of CCUS technology. (a) Number of research articles on traditional CCUS technology according to the keyword. (b) Number of research articles on CCUS
technology with ML applications according to the keyword. (c) The ratio of CCUS research incorporated with ML applications.

CO, capture and conversion systems; then, we provided examples of ML
implementation in the development of amines, ILs, and electrocatalysts.
To model a practical integrated CO, capture and conversion system, ML
will play an important role in uniting these two separate fields in the
future.

2. Introduction of machine learning approaches

In this section, we provide an overview of data sources and ML
techniques widely used for CO, capture and conversion.

2.1. Data sources and databases

The availability of reliable and extensive materials databases is
critical to developing ML models to predict material properties and be-
haviors for enabling advanced materials design processes such as high-
throughput screening. Most publicly accessible materials databases
depend on DFT-calculated properties and have been developed over
the past two decades. One of the earliest projects was the ‘Materials
Genome Project’, a collection of data on lithium-ion battery materi-
als [68], which later evolved into the famous ‘Materials Project’ [69].
Other notable material databases include Automatic FLOW for Ma-
terials Discovery [70], the Open Quantum Materials Database [71],
and the Materials Cloud [72]. Several review papers [73-75] have
extensively documented publicly available material databases and are
highly recommended for perusal.

The other notable dataset is the open catalyst project (OCP) [76,77]
released by Fundamental AI Research at Meta Al and Carnegie Mellon
University to promote the discovery of new catalysts for renewable
energy storage through Al research. It includes 1.3 million molecular
relaxations with results from over 260 million DFT calculations. Its abil-
ity to perform relaxed (local minimum) energy prediction distinguishes
it from other databases focusing on structure—property relationships.

It is noteworthy that computationally inexpensive tools such as
xTB [78] and DeepDFT [79] continue to emerge as alternatives to
DFT, which was previously widely used to calculate the electronic
structure of materials. Additionally, the development of machine learn-
ing interatomic potential (MLIP) has enabled large-scale simulations
cheaper than existing ab initio molecular dynamics (AIMD), so that
the barrier of computational demand of quantum chemistry decreases
continuously. Employing these tools can be of great help in building
large datasets and training ML models.

Despite the advancement of such large datasets, most research
to date in the catalyst design field has been performed based on
experimental data collected from the literature. This is because com-
putationally describing behavior is challenging. This complicates the
comparison between prospective algorithms and limits the potential
of large datasets. Nevertheless, the collection, organization, and stan-
dardization of experimental data have the potential to drive significant
advances in this field. In particular, recent developments in the field
of natural language processing (NLP) automatically extract information
from unstructured academic literature [80,81], helping to organize
shared knowledge of the community and discover new insights with
relatively little effort.

2.2. Supervised learning

Supervised learning is the most common type of ML algorithm, in
which a model is trained on labeled data, signifying that each input
data point is paired with its corresponding output label. The goal is
to learn a mapping function that predicts output labels for unseen test
data.

2.2.1. Traditional machine learning

ML algorithms fit labels y; from input x; for datapoint i. Feature
engineering is emphasized to improve the performance of ML algo-
rithms and reduce computational costs. Detailed descriptions of these
traditional ML algorithms, including multiple linear regression (MLR),
random forest (RF), gradient boosting, extreme gradient boosting (XG-
Boost), support vector machine (SVM), and Gaussian process regression
(GPR), are provided in several other reviews [82-84]. Thus, we focus
on ML models frequently that have been used in CCUS applications.

(1) Radial basis function neural networks (RBFNNs). An RBFNN is an
artificial neural network (ANN) that employs radial basis functions as
activation functions. Girosi et al. [85] claim the superiority of RBFNNs
by proving the existence and uniqueness of the best approximation.
It comprises three layers in a feed-forward architecture. Stochastic
gradient descent, in its various forms, is the most common technique
used to train the weights and biases of RBF networks, which can be
considered as special weights.

(2) Classification and regression tree (CART). The term CART, first
introduced by Breiman [86], refers to decision trees (DTs) that are
used for either classification or regression. These DTs exhibit some
differences, such as the procedure used to determine where splitting
occurs. Readers could refer to other materials that explain the details
of CART [86,871].

2.2.2. Deep learning

Deep learning (DL) is a subfield of ML that particularly utilizes deep
neural networks (DNNs) involving many layers, which are inspired by
the human brain. Unlike traditional ML algorithms, the importance
of feature engineering is less emphasized in DL, as DNNs can auto-
matically extract meaningful features during the training process. The
advancement of DL was led by the proof of the universal approx-
imation theorem for various neural network architectures [88], the
backpropagation algorithm [89], which works by propagating the er-
rors backward through the network, and the development of specialized
hardware, such as graphics processing units (GPUs).

Given the various applications of DL, it has become a useful tool
in materials discovery. For example, convolutional neural networks
(CNNs) have been adopted to several characterization tools like X-ray
diffraction patterns [90-92], infrared spectra [93,94], Raman spec-
troscopy [95], and mass spectroscopy [96,97]. Graph neural network
(GNN) models [98-101], which can extract semantic information from
the relationship between nodes and edges, have also been used to
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model structure-property relationship based on local quantum chem-
ical interaction. GNNs have shown promising results in modeling com-
plex interactions and also have gained popularity in other tasks such
as chemical reaction prediction [102,103]. These advancements have
proven valuable in reducing the computational cost of DFT calcula-
tions [79]. In consideration of these advantages, the use of GNNs is
promising for catalyst design and discovery.

2.3. Feature selection and explainability

Feature selection is the method of finding an optimal subset of
features to improve prediction performance. Wrapper methods follow a
greedy algorithm to find optimal combinations of features against eval-
uation metrics [104]. Ultimately, less important features are removed,
allowing researchers to focus on more impactful features. However,
greedy algorithms do not guarantee finding the global optimal set of
features by their nature. They have a risk of overlooking synergistic
feature interactions.

As ML models are often considered black boxes, the need for ex-
plainable AI (XAI) has emerged. Analyzing feature importance, which
is an example of XAI implementation, may provide additional chemical
intuition from the data. Tree-based ML models such as DTs, RF, and
XGBoost, can calculate feature importance based on how much each
feature contributes to reducing the impurity (e.g., Gini impurity, en-
tropy) when making decisions. The impurity represents the degree of
mixing of a target label within a dataset present in a node when split-
ting the data. The SHAP (SHapley Additive exPlanations) value [105]
treats the model as a cooperative game with the same number of players
as features and reveals the individual contributions of each player
(or feature) to the model’s output for each example or observation.
However, we must be careful not to ignore the importance of scientific
domain knowledge if we focus too much on algorithmic solutions in
feature importance analysis.

2.4. Active learning

Collecting and annotating training datasets for ML can be expensive.
Active learning (AL) is an ML method that aims to improve model
training efficiency while minimizing the number of labeled samples
required. AL frameworks select the most informative samples from
an unlabeled dataset and label them using an oracle such as a hu-
man annotator. There are three main strategies such as membership
query synthesis, stream-based selective sampling, and pool-based sam-
pling [106]. AL has drawn research interest [107,108] in materials
science, given the computational cost and experimental cost.

As most AL approaches are pool-based, problems are typically de-
fined as follows [109]. There is an initial labeled dataset and an
unlabeled dataset. In each iteration, a batch of samples is selected from
the unlabeled dataset based on a basic learned model and acquisition
function, and the corresponding labels are queried from the oracle. The
basic model is retrained on the updated labeled dataset. AL termination
strategies can be defined by various pre-defined criteria, for example,
when the budget is exhausted or a desired model performance is
reached. The design of the acquisition function determines how the
data space is explored, and there are several querying strategies. The
uncertainty sampling strategy requests samples that have a high pre-
diction uncertainty to improve its understanding of uncertain regions
in the data space. However, uncertainty sampling can easily lead to
a lack of query sample diversity [106]. We should be aware that DL
models tend to be overconfident [110] when combining DL with AL.
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2.5. Gaussian process Bayesian optimization

Bayesian optimization and AL are both methodologies that share
interconnected concepts that emphasize enhancing model performance
predicated on data. Both techniques can leverage concepts akin to
uncertainty sampling for labeling or sampling. However, Bayesian
optimization predominantly focuses on the optimization of intricate
functions, whereas AL prioritizes the selection and labeling of the
most informative data points from unlabeled datasets. Gaussian process
Bayesian optimization (GPBO) employs Gaussian processes (GPs) to
perform modeling and utilizes an acquisition function to determine the
subsequent sampling location.

3. Machine learning applications
3.1. Machine learning for CO, capture using amine solvent

The technology most widely applied to separate CO, from emissions
is amine-mediated CO, capture [43]. Indeed, amine exhibits a large
CO, capture capability of approximately 4000 mmol/L, while that of
water is approximately 1200 mmol/L [44]. However, the CO, absorp-
tion kinetics and capabilities vary with the amine molecular structure.
Particularly, the number of carbon atoms bonded to the nitrogen atom
affects the pKa of the amine site, resulting in greater CO, binding
strength. In addition, the proportions of carbamate anion, ammonium
cation, and (bi)carbonate species in the solvent vary according to
various factors such as steric hindrance, temperature, and CO, pressure.
Thus, the optimization of the amine structure and reaction environment
is critical to enhancing the CO, capture reaction. However, developing
precise algorithms to reflect these factors is challenging owing to their
complex nonlinear relationships.

Recently, ML techniques have been extensively developed to predict
CO, absorption and design amine molecules (see Table 1). Particu-
larly, supervised learning methods such as ANN are widely applied
to interpret the thermodynamic properties of CO, in amine solvents,
such as CO, solubility. Representatively, Chen et al. [111] devel-
oped back-propagation neural networks (BPNN) and RBENN, based
on the CO, solubility values of 12 amine solvents such as MEA, di-
ethanolamine (DEA), and methyldiethanolamine (MDEA). The pro-
posed model demonstrated good agreement with the corresponding
experimental values at various amine concentrations, temperatures,
and CO, partial pressures. Both BPNN and RBFNN models exhibited
acceptable average absolute relative errors in terms of the wide input
parameter ranges. However, BPNN showed slightly better average ab-
solute relative errors and root-mean-square errors than RBFNN. These
results were also compared with eight other numerical models, which
highlighted the accuracy of BPNN and RBFNN. Zhang et al. [112]
developed the BPNN and general regression neural network (GRNN)
to demonstrate that ML can predict the CO, solubility, as well as the
viscosity and density of solvents. By incorporating 433 datasets from
the literature, BPNN showed better predictions for CO, solubility and
viscosity, while GRNN demonstrated more precise calculations for the
density of the potassium lysinate and its mixture. Yarveicy et al. [113]
adopted four ML models (ANN, adaptive neuro-fuzzy inference system
(ANFIS), least-squares support vector machine (LSSVM), and adaptive
boosting in conjunction with the classification and regression tree
(AdaBoost-CART) methods) to predict the CO, solubility of piper-
azine in aqueous solvent. Literature values encompassing a wide range
of concentrations, temperatures, and pressures were applied to train
the models, with AdaBoost-CART showing the most accurate predic-
tion. Ghiasi et al. [114] also used AdaBoostCART model to predict
the CO, solubility of ethanolamine solvents such as MEA, DEA, and
triethanolamine (TEA). The AdaBoost-CART model showed superior re-
sults over those of previous neural-based literature models. In addition,
an analysis of the feature importance shows that the most influential
factor for CO, solubility of MEA and TEA was temperature. However,
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Table 1

Summary of ML studies in predicting desired properties of amine solvent.
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Reference ML algorithm Target property Data source
[111] BPNN and RBFNN CO, solubility Literature experimental data
[112] BPNN, general regression CO, solubility, viscosity, density Literature experimental data
NN
[113] ANN, ANFIS, LSSVM, and CO, solubility of piperazine Literature experimental data
AdaBoost-CART
[114] AdaBoost-CART, AdaBoost, CO, solubility Literature experimental data
NN
[115] BPNN and RBFNN Density, viscosity, refractive index, heat in-house experimental data
capacity, thermal conductivity, and
thermal diffusivity
[116] BPNN-based model mass transfer coefficient Literature experimental data
[117] XGBoost adsorption rate Experimentally verified
[118] GPBO regeneration energy Experimentally verified

unlike MEA and TEA, DEA showed a large dependence on pressure.
Pouryousefi et al. [115] demonstrated that ANN-based models could
accurately predict a much wider range of physico-chemical properties
than empirical models such as Weiland, Nissan-Grunberg, Gladston—
Dale, and Redlich—Kister. To predict density, viscosity, refractive index,
heat capacity, thermal conductivity, and thermal diffusivity in quater-
nary systems, such as 4-(diethyl amino)-2-buthanol and MDEA blended
with MEA, experimental data were prepared in-house and models were
developed based on the BPNN and RBFNN schemes.

The mass transfer coefficient of amines can also be calculated using
ML. Dong et al. [116] developed a BPNN-based model to predict the
mass transfer coefficient of CO, in amine-mediated absorption, using
3935 datasets with 23 amine systems obtained from the literature.
Therefore, ML models have shown huge potential in the development
of surrogate models to evaluate the physico-chemical properties of
amines.

Furthermore, ML has been integrated into a more complex work-
flow to advance beyond the prediction of physico-chemical properties,
ultimately contributing to the design of amines. Orlov et al. [117]
developed an ML model framework by integrating kinetic experiments,
MD simulations, ML modeling, and large-scale virtual screening to
discover a tertiary amine with high CO, capture capability as shown in
Fig. 4. The RF and XGBoost algorithms were applied to predict quantita-
tive structure—property relationship (QSPR) based on the OPERA [119]
and ISIDA Fragmentor [120,121]. Commercially available amines from
public datasets were evaluated by the ML models, and some were tested
experimentally. Results were verified by experiments, which showed
that the CO, capture performance of MDEA and 1-ethyl-3-pyrrolidinol
was enhanced dramatically when assisted by piperazine.

In addition, the amine regeneration energy can also be predicted
using ML. Hwang et al. [118] used GPBO to optimize the operating
conditions of a novel water-lean amine solvent for the post-combustion
capture of CO, capture. A GPR model was adopted as a surrogate
model, and the solvent regeneration energies of K,Sol and MEA were
predicted from the gas-to-liquid ratio and stripper pressure. The models
helped avoid time-consuming first-principles-based model construc-
tion. The results showed that the regeneration energy of K,Sol was
only 2.8 GJ/tCO,, while that of MEA was 4.3 GJ/tCO,. K,Sol also
showed superior properties in terms of CO, loading, cycling capacity,
regeneration temperature, and degradation. These studies demonstrate
that the application of an advanced ML framework can expedite the
exploration/optimization of amines.

3.2. Machine learning for CO, capture in ionic liquids

Another extensively investigated solvent used to capture CO, is
ILs [50]. ILs are molten salts that are non-volatile liquids composed of
organic cations and organic/inorganic anions. ILs have the advantages
of high CO, absorption, thermal stability, and facile regeneration.
The properties of ILs can be tuned depending on the structure and
composition of cations and anions [122].

Similar to the application of ML to amines, early studies of ML ap-
plied to ILs focused on demonstrating the potential of predictive perfor-
mance through comparison with traditional models. Zhao et al. [123]
predicted IL viscosity using MLR and SVM algorithms with 1502 exper-
imental viscosity datasets from the IL Thermo Database [124], using
temperature, pressure, and quantum-chemical descriptors as features
(Fig. 5A). By comparing the average absolute relative deviation, the
SVM model (Fig. 5B) showed better predictive results than MLR. Venka-
traman et al. [125] developed a DT and RF model to characterize the
relationship between the structure of ILs and their CO, absorption.
Over 10,000 CO, solubility datasets of 185 ILs from the literature
were employed to train the model. Their prediction was more ac-
curate than those from the quantum-chemistry-based COSMOtherm
model. Ghiasi et al. [126] applied 5330 experimental CO, solubility
datasets of 66 ILs to develop a model for predicting the CO, sol-
ubility of ILs at various temperatures and pressures. By using the
CART method, which is considered a white-box model unlike other
ML models, the model prediction was more accurate than other pre-
published black-box ML methods such as LSSVM, ANFIS, and ANN.
Aghaie et al. [127] categorized literature datasets into two categories:
thermodynamic variables and molecular structural variables. By uti-
lizing thermodynamic and QSPR ML models, such as LSSVM, DT,
RF, and MLR, the most influential input parameters in CO, solubility
were determined. From their results, the pressure, temperature, and
highest-occupied/lowest-unoccupied molecular orbital fraction were
critical factors in determining the CO, capture capability of ILs. Song
et al. [128] used ANN, SVM, and a group contribution (GC) model to
predict the CO, solubility of ILs. The GC model is a technique used
in chemical thermodynamics and chemical engineering to estimate
the thermodynamic properties of complex molecules based on the
contributions of smaller, well-defined chemical groups or fragments.
Through training with 10,116 CO, solubility data, the ANNGC model
exhibited the most accurate CO, solubility prediction (Fig. 5 C and
D). Henry’s law constants have also been utilized to predict the CO,
solubility in ILs. Wu et al. [129] applied 160 experimental Henry’s law
constants of CO, in 32 ILs to train the ML models. Among MLP, RF, and
MLR, MLP showed the best performance in CO, solubility prediction. In
addition, the ionic fragment contributions (IFC) based on GC, SVM, and
ANN were combined to develop a QSPR model [130]. By training with
13,055 and 415 records of CO, and N, data, respectively, the IFC-SVM
and IFC-ANN models successfully predicted the CO, and N, solubil-
ity of ILs. These approaches could provide guidance on determining
promising ILs.

Conductor-like Screening Model for Real Solvents (COSMO-RS) [131,
132] is a thermodynamics method based on quantum chemistry to
predict chemical potentials in liquids. Taheri et al. [133] developed a
screening method using ANN and COSMO-RS to predict the solubility
and selectivity of ILs, particularly in CO, and H,S. Henry’s law constant
can also be calculated by using COSMO-RS theory through DFT calcu-
lations of the geometric and electronic properties. Kuroki et al. [134]
used the obtained Henry’s law constant dataset to train a GPR model.
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From the wrapper method, the electronic feature of the ions was found
to be the most influential factor in characterizing the CO, capture
capacity. Based on the model, superior ILs for CO, absorption were
selected among 402,114 IL candidates. The findings were validated by
synthesizing and analyzing [P66614][A] IL candidates.

It is worth noting that the latest deep learning technique utilizing
GNN architectures outperformed traditional ML models in CO, ab-
sorption prediction. Jian et al. [135] compared traditional ML models
with several GNN architectures such as graph convolution networks,
graph attention networks, and graph isomorphism networks (Fig. 5 E).
GNNs directly process molecules as inputs, eliminating the need for
costly first-principles calculations to obtain meaningful features. This
provides an advantage for large-scale applications and demonstrates the
potential for further research.

Furthermore, for the expeditious discovery of high-performing ILs,
ML has been applied to model complex workflows. Zhang et al. [136]
designed an ML framework that combined multi-player Monte Carlo
tree search (MP-MCTS) and recurrent neural network (RNN) to gen-
erate and test multiple ILs within a parallel scheme. The MP-MCTS
algorithm is used to search the chemical space of ILs by iterative
generation and testing of new structures. A tree node corresponds to
one symbol of SMILES, and the RNN was trained on 414,972 SMILES
to predict the relevant properties. In the selection step, a path from the
root to an edge node at the current level was constructed by selecting
the children nodes that maximize the upper confidence bound. CO,
solubility, selectivity, and desorption were considered in the effort to
discover novel ILs with high selectivity for CO, from flue gas (CO,/N,)
and syngas (CO,/H,). The application of the ML framework, along with
real experiments, has proven to be effective in discovering potential IL
candidates in actual applications.

3.3. Machine learning for CO, capture in deep eutectic solvents

Deep eutectic solvents(DESs) are comprised of hydrogen bond ac-
ceptors (HBAs) and hydrogen bond donors (HBDs). DESs have the
advantages of low cost, facile preparation, non-volatility, and non-
flammability. While the dominant force in the ionic liquids is the ionic
interactions between anions and cations, hydrogen bonding is the most
influential interaction in the DESs. Comprehensive studies have been
conducted on CO, capture and separation using DESs. Particularly,
theoretical calculations such as the QSPR method and COSMO-RS
method [137,138] have been performed to predict the solubility and
Henry’s constant of CO, in DESs. To develop DESs with high CO,
absorption capacity, high absorption rate, selectivity, and low energy
demand, modulating the gas solubility, viscosity, and absorption en-
thalpy of DESs is imperative. For the physical CO, absorption, Henry’s
constant and the structure of cations/anions affect the absorption ca-
pacity. For the chemical CO, absorption, the functional groups of the
DESs determine the reaction with CO,. However, due to the strong
covalent binding of CO,, the regeneration energy demand increases as
a result.

The goal of most researchers is generally to predict CO, solubility
by applying ML models. Sagar et al. [139] developed a CO, solu-
bility prediction model based on BPNN. The three hydrogen bond
acceptors and the lactic acid hydrogen bond donor were analyzed and
the structural properties, experimental conditions, and thermodynamic
behavior were applied as the input data. The alky chain length and
pressure demonstrated a linear relation with the CO, solubility while
the temperature showed a contrast tendency.

Instead of directly inputting experimental features, COSMO-RS [131,
132] is one of the most popular ways to derive a feature. Wang
et al. [140] utilized 1011 CO, solubility data at various temperatures
and pressures to train the model and calculated COSMO-RS derived
descriptors via structural parameters generated from Gaussian 09. The
QSPR model was developed using Random Forest. The Random Forest
combined with COSMO-RS-derived parameters showed R? value of
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0.9758 and an average absolute relative deviation (AARD) of 7.76%.
Lemaoui et al. [141] developed an advanced descriptor to improve
performance on the dataset of Wang’s group. The molecular descriptors
were extracted from COSMO-RS. 94 DES mixtures at 150 composi-
tions, pressures, and temperatures were applied to create 2327 data
sets. The developed MLP model showed 0.986 + 0.002 R? value and
4.504 + 0.507 AARD. Mohan et al. [142] combined COSMO-RS with
an artificial neural network for CO, solubility prediction. They applied
1973 CO, solubility data points in 132 DESs at various DES molar
ratios, temperatures, and pressures. The model based on the artificial
neural network with COSMO-RS-derived features demonstrated a supe-
rior AARD of 2.72% while that of COSMO-RS model was 23.4%. Thus,
the machine learning model showed promising tools to design effective
DESs for CO, capture.

ML models can be combined with various methods to discover
promising candidates beyond prediction. Makarov et al. [143] proposed
a two-step screening method to discover promising CO, absorption
DESs. At first, ML models were developed to predict the CO, absorption
capacity of DESs. The CO, absorption capacity data of 162 DESs and
232 ILs were applied for training the model. The transformer con-
volutional neural fingerprint and the Random Forest with extended
connectivity fingerprint showed the best performance. Using SHAP
method, the 30 descriptors were determined and found that the tem-
perature and pressure affected the CO, absorption capacity most. In
the second step, they combined the ML technique with the Redlich—
Kister thermodynamic model to calculate the melting temperature. As
a result, 1447 DESs were suggested as a promising candidate for high
CO, absorption capacity at room temperature.

Overall, research to design carbon capture solvent using ML follows
a four-stage sequence shown in Fig. 3. Initially, the model takes into ac-
count factors like the molecular structure of solvents and environmental
parameters (Stage 1). An ML model is constructed to encapsulate
the nonlinear interdependencies among these influential factors (Stage
2). The ML model is trained to predict properties of amines and ILs
such as solubility, density, viscosity, refractive index, heat capacity,
and thermal conductivity (Stage 3). Then optimal amine/IL solvent is
identified from candidate pools (Stage 4). By employing ML algorithms
with feature engineering, the methodology circumvents the challenging
task of first-principles-based model construction.

3.4. Machine learning for CO, conversion catalysts
The electrochemical conversion of CO, has been widely investigated

to generate high value-added products. Some of the reactions are
outlined below:

CO, +2H* +2¢~ - CO+H,0 EO0=-0.103V vs RHE (@)
CO, + H" +2¢~ - HCOO™ EO0=-0.225V uvs RHE )
CO, +8H* + 8¢~ — CH, +2H,0 EO0=+0.169 V vs RHE 3

2C0, + 12H + 12¢ — C,H, +4H,0 E0 =+0.079 V vs RHE 4
CO, + 6H" + 6¢~ — CH;0H + 2H,0 EO0 = +0.02 V vs RHE (5)

2C0, + 12H* + 12¢ — C,HsOH + 3H,0 EO0=+0.09 V vs RHE  (6)

The reaction mechanism of CO,RR is intricate owing to the mul-
tiple protons and electrons associated with the process. Moreover, in
the aqueous system, the hydrogen evolution reaction accompanying
CO,RR leads to a low faradaic efficiency for the desired product. In
addition, to devise high-performance catalysts, various parameters such
as adsorption/desorption energy, intermediates, CO, pressure, and CO,
temperature need to be determined to reveal the products with high
selectivity and faradaic efficiency. Thus, various ML techniques such as
neural networks have been utilized to determine effective descriptors
and predict catalyst performance.
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3.4.1. Bi-metallic CO, conversion catalyst

The optimization of high-performance bimetallic/multi-metallic ma-
terials with atomically precise structures and composition requires
time-consuming high-throughput experiments and/or quantum-chem-
ical calculations [36]. However, the implementation of ML models can
dramatically enhance time- and cost-efficiency in the prediction of the
electrochemical CO, conversion performance of the catalyst [64]. Thus,
ML models have been developed to identify CO, conversion descriptors
such as adsorption energy, temperature, and electronegativity [35].
Among the proposed descriptors, the adsorption energy is the most
widely investigated in the design of catalysts. In 2015, Ma et al. [146]
used an ANN to calculate the CO adsorption energy onto multi-metallic
alloy catalysts and proposed 100 high-performance terminated Cu
complex catalysts. In addition, Ulissi et al. [144] incorporated an
iterative ML model refinement framework with DFT to identify the
active sites of Ni/Ga intermetallics (Fig. 6 a). They calculated the CO
adsorption energy at various Ni sites and discovered that Ni atoms
surrounded by Ga atoms demonstrated the best CO, conversion. Noh
et al. [147] proposed an AL framework using the d-band width from
muffin-tin orbital theory and the electronegativity as descriptors to
predict chemisorption energies. Their model achieved high accuracy in
predicting the energies of CO adsorption onto alloy systems and identi-
fied Cu;Y@Cu* as a promising electrochemical CO, reduction catalyst

with a lower overpotential than that of Au catalyst. Tran et al. [145]
introduced an AL framework that enables theoretical screening to guide
DFT calculations for the discovery of effective electrocatalysts for CO,
reduction and H, evolution (Fig. 6 b). In this study, 131 candidate
surfaces across various alloys of 31 different elements were evaluated
to highlight potential candidates with high performance.

In addition, ML, multiscale simulations, and quantum mechan-
ics (QM) were applied to identify the active sites of Au nanopar-
ticles and dealloyed Aus;Fe core-shell nanoparticles [148]. The CO
adsorption energy and HOCO formation energy at the Surface Defect,
Stepl11, StepUnder111, Step110, Step311, Step TB (twin boundary),
and StepUnder TB were calculated. The predicted performance (a-
value) was visualized by mapping, illustrating that the Surface Defect
and StepUnder 111 sites were the most critical sites in catalysis. In
addition, Cu-Al alloy electrocatalyst was discovered as a promising
CO, reducing catalyst by calculating the CO and H adsorption energies
at the catalytic active sites [149]. From the experimental verification,
the favorable Cu coordination resulted in a high faradaic efficiency
of > 80% in ethylene production. Xing et al. [150] developed a GBR-
based algorithm, named WLEDZ, to explore alloy catalysts for CO,RR.
The model reduced the dimensionality of the feature space from 13 to
5 features using the Pearson correlation matrix, yielding the follow-
ing features: work function, local electronegativity, electronegativity,
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interplanar spacing, and atomic number. The reduced-feature model
performed just as well as models with a greater number of features. In
addition, the model successfully predicted the adsorption energy of key
intermediates in the CO,RR process and identified 8 highly promising
Cu-based bimetallic catalysts. The predictions made by the ML model
were further supported by DFT calculations. Feng et al. [151] utilized a
gradient boosting regression (GBR) model working with 17 features to
investigate the reaction activity and selectivity of 1218 dual-metal-site
catalysts. Their ML model identified Mn-Ru, Mn-Os, Zn-Ru, and Co—
Au-N6-Gra-model 3 as promising candidates. In addition, the limiting
potential of transition metal phthalocyanine dual-metal-site catalysts
was successfully predicted via a DFT-based ML-accelerated (DFT-ML)
method [152]. From the GBR algorithm, Ag—-MoPc was predicted as a
promising electrocatalyst with a limiting potential of —0.33 V. As evi-
denced by the studies highlighted above, ML models have successfully
identified novel catalysts, revealed complex reaction mechanisms, and
attained high predictive performance. The synergy between ML and
experimental validation holds promise for the accelerated discovery
of next-generation CO, reduction catalysts. As the field continues

to evolve, ML is anticipated to play an even more central role in
developing and optimizing electrochemical CO, conversion processes.

3.4.2. CO,RR single-atom catalyst

To design single-atom catalysts (SACs), the employment of QM
calculations to describe microscopic atomic behavior is imperative. In
contrast to the preceding sections, ML applications are centered on
mitigating the computational expenses associated with QM calcula-
tions, which are typically resource-intensive, rather than addressing the
explosion of chemical compound combinations.

Zhu et al. [154] predicted reaction intermediates and products in
CO,RR using SACs in zeolites. XGBoost, GBR, and ExtraTrees models
demonstrated satisfactory prediction performance of the changes in free
energy (4G) for all possible intermediates and product probabilities
(P) of CO, reduction to methanol, methane, and formaldehyde on
26 SACs in zeolites, using descriptors related to reaction pathways,
metals, charge transfer, hydrogen-bond interactions, and geometry.
The CO adsorption energy of atomically dispersed metal-nonmetal
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co-doped graphene was calculated using extreme gradient boosting
regression [155]. Among the 1060 single-atom catalysts, with 20 tran-
sition metal atoms and 53 nonmetal bonded environments, 94 potential
single-atom catalysts were suggested as promising CO,RR electrocata-
lysts. Wang et al. [153] used high-throughput DFT calculations and ML
techniques to screen the optimal active sites of Cu-based single-atom
alloy catalysts among 2669 configurations for CO,RR by predicting the
energies of CO adsorption onto Cu-based single-atom alloy catalysts
(Fig. 7). They identified ZnCu, AgCu, GaCu, GeCu, and PCu single-atom
alloy catalysts as promising CO,RR catalysts.

3.4.3. CO,RR high entropy catalysts

In addition, ML techniques have been widely applied to complex
systems such as HEAs, which are composed of five or more ele-
ments. Chen et al. [157] predicted the electrocatalytic performance of
the FeCoNiCuMo HEA catalyst by calculating the adsorption energies
of COOH*, CO*, and CHO* from DFT and NN models. Pedersen
et al. [158] presented a probabilistic and unbiased approach by com-
bining DFT and a supervised GPR model to predict the CO and H
adsorption energies on the (111) surfaces of the disordered CoCu-
GaNiZn and AgAuCuPdPt alloys. By optimizing the compositions of
these alloys to increase the likelihood of sites with weak H adsorption
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and strong CO adsorption, the aim was to enhance the selectivity for
CO reduction and H suppression. Their approach focused on increas-
ing the probability of desired surface sites, rather than constructing
specific arrangements of atoms. They identified several promising
catalysts that meet the criteria of weak H adsorption and strong
CO adsorption, some of which were validated in existing literature.
Additionally, they demonstrated the model’s ability to suggest GaNi
as a locally optimal catalyst candidate for CO, and CO reduction,
even without prior knowledge of its catalytic properties. This study
was supported by an independent experimental realization of the CO,
reduction reaction [159]. Mazheika et al. [156] identified specific
catalyst genes (features) that correlate with the activation of CO, for
chemical conversion. By combining the subgroup discovery model and
first-principles data for various oxides, they found that the surfaces of
known effective catalysts consistently exhibit combinations of genes
that result in the elongation of the C-O bond, indicating CO, activation.
They proposed a new indicator for CO, activation, a large C-O bond
distance, which automatically satisfied the Sabatier principle for low-
and medium-temperature CO, conversion. The subgroup discovery ap-
proach identified the surface properties that strongly correlate with CO,
activation, including the charges of oxygen atoms and surface cations,
surface geometric features, electrostatic potential, polarizability, and
other descriptors. They also showed that previous indicators, such
as a decrease in the OCO angle, are not suitable for CO, activation
and can lead to carbonation poisoning. Based on their findings, they
also proposed several promising oxide-based catalysts for the CO,
conversion reaction (Fig. 8) .
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3.4.4. Metal-organic framework

Metal-organic frameworks (MOFs) are porous materials in which
metal ions are linked via organic linkers to form multi-dimensional
structures. Owing to their large surface area, MOFs are widely applied
for CO, capture and utilization. Tons of computational simulations are
required to discover innovative organic linkers and structures that can
modulate their performances and properties. ML offers a circumvention
that can reduce computational costs.

ML using feature engineering can shorten the time to predict per-
formance by integrating chemical domain knowledge. Dureckova et al.
[161] developed a model based on gradient boosted trees regres-
sion method using 358,400 MOFs and 1166 network topologies data
sets. The QSPR models and atomic property weighted radial distribu-
tion functions (AP-RDFs) were applied to discover descriptors. Their
model showed R? of CO, working capacities as 0.944 and that of
CO,/H, selectivities as 0.872. Their model could ensure 1000 MOFs
with high performance. Orhan et al. [162] suggested Effective Point
Charge (EPoCh) descriptors that quantify the effect of MOFs’ partial
charges for predicting CO, adsorption. Though the Henry coefficient
was the most influential descriptor, the EPoCh descriptors were demon-
strated as the second most important. EPoCh descriptors calculations
were hundreds of thousands of times faster than that of the Henry coef-
ficient. Given that the number of hypothetical MOFs grows intensively,
this computation reduction is a meaningful factor.

The application of DL automatically extracts features, eliminating
the need for feature engineering that requires expert domain knowl-
edge. Yang et al. [163] reported a DL model to predict the CO,,
H,0, and CO adsorption in MOFs as well as Henry coefficients. As
a result, the Monte Carlo simulations could be accelerated by one
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hundred times. Wang et al. [160] developed Uni-MOF which is aimed at
predicting various gas adsorption performances of MOFs (Fig. 9). Over
631,000 three-dimensional MOF and COF sets were applied to train the
model so that Uni-MOF can present structural demonstrations as well as
gas adsorption capacity predictions at various ambiances. By leveraging
unlabeled data using pretraining, this transformer-based approach can
remove bias caused by feature engineering.

Simulation using MLIP provides physical and chemical explanations
to humans instead of black box ML. Zheng et al. [164] predicted the
CO, chemisorption of MOFs by developing quantum-informed machine
learning force fields (QMLFFs). QMLFFs showed over a thousand times
faster calculations than first-principle simulations. Using QMLFF-based
molecular dynamics, the diffusion coefficient and the binding free
energy landscape of CO, chemisorption in Mg-MOF-74 well matched
with that of experimental values.

4. Outlook

In this section, we suggest a few recently developed Al technologies
such as self-supervised learning, deep generative models, and large
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language models which have not been widely dealt with in the CCUS
domain yet.

4.1. Self-supervised learning

Self-supervised learning (SSL) is proposed to overcome the scarcity
of labeled data and to extract the full potential of large unlabeled data.
The basic idea is that ML models are trained on target labels which
can be automatically generated inherently to extract useful features.
Afterward, extracted features can be applied to various downstream
tasks by using fine-tuning or transfer learning. For example, contrastive
learning is one of the most successful SSL approaches. The core idea is
to pull together representations of positive pairs, which means similar
samples while pushing apart representations of negative pairs, which
means dissimilar samples in an embedding space.

Several studies about SSL were conducted in the materials science
domain. Wang et al. [165] disclosed a model called MolCLR, which is
trained by applying contrastive learning on 2D graph representations of
10 M molecules. Fang et al. [166] proposed an SSL method to predict
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local spatial structure and global spatial structure of 3D graph repre-
sentations of 20 M molecules obtained from Merck molecular force
field [167]. Ahmad et al. [168] adopted RoBERTa [169] pretraining
strategy to understand SMILES representation of 77 M molecules. Koker
et al. [170] applied contrastive learning to crystalline materials to intro-
duce CrystalCLR. Magar et al. [171] extended the Barlow Twins [172]
approach which is popular in the computer vision domain to crystalline
materials domain. These models mentioned are publicly available. Us-
ing extracted knowledge in these pretraining processes has the potential
to be more efficient than developing new features based on traditional
chemical domain knowledge or quantum mechanical calculations, but
this approach has not been sufficiently explored (Fig. 10). In particular,
it can bring out the full potential of ML models in the CCUS field, which
relies on a limited number of training data.

4.2. Deep generative models

Generative models focus on learning the probability distribution of
the data to generate new samples that resemble the original data. Once
the model has learned the data distribution, it can generate new sam-
ples by sampling from the learned distribution. Several generative mod-
els were explored, including generative adversarial networks (GANs),
variational autoencoders (VAEs), normalizing flows, energy-based mod-
els, and autoregressive models [173]. These generative models have
been widely applied to molecules [174-178] and crystals [179,180].
Generative models offer potential opportunities as they may discover
completely new materials that have never been explored before at a
much lower computational cost than traditional high throughput com-
putation. However, synthesizing these new materials, applying them to
the real process, and optimizing the process remains constrained by ex-
perimental costs. Therefore, further research is needed on sophisticated
sampling and filtering strategies to select promising candidates.

12

4.3. Large language models

Large language models (LLMs) have recently attracted attention for
their diverse capabilities. Text representations such as IUPAC names or
SMILES can be spontaneously integrated with natural language text, so
there are many possibilities for integration with text-written chemical
domain knowledge. Guo et al. [181] benchmarked LLM’s abilities such
as understanding, reasoning, and explaining in eight chemistry tasks.
In particular, Jablonka et al. [182] demonstrated the possibility of an
inverse design of a molecule with a desired bandgap by fine-tuning
ChatGPT with a limited number of data. By aligning knowledge of
molecular and crystal structures with academic literature, new mate-
rials can be discovered and experimental processes can be optimized.
However, LLMs are known to suffer from the hallucination problem,
which can result in incorrect or fabricated information [183]. Research
is required on various tasks that integrate chemical domain knowledge
to predict, explain, or suggest experimental details while alleviating
hallucinations.

5. Conclusion

The pressing urgency of climate change, driven by anthropogenic
CO, emissions, has led to a global effort toward the development of
advanced technologies, including ML applications to efficiently cap-
ture emitted carbon. ML techniques contributed CCUS community by
combining with quantum mechanical simulations to pave the way
for insights into catalyst behavior and dynamics to be generated that
were previously unachievable or highly time-consuming. They have
also enabled the rapid screening of thousands of candidate materials,
drastically reducing the time from conceptualization to realization.
However, challenges still remain to maximize the full capabilities of
Al
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The first issue is the establishment of benchmarks for AI applications
in CCUS to promote progress in this field by standardizing future re-
search. Despite the appearance of extensive databases of molecules and
solids, a method for harnessing their potential has not been examined
in this field. Extracting meaningful features from huge databases and
standardizing fragmented literature datasets can incorporate methods
from other fields, resulting in more sophisticated ML prediction models.

The second issue is the development of strategies for exploring
undiscovered chemical space. The combined framework between condi-
tional generative models and MLIP simulations may play predominant
roles in in silico design of carbon capture and conversion materials.

The third issue is the enhancement of the interpretability of ML
models. In particular, previous research has focused dominantly on
demonstrating the power of ML models as black-box models. In con-
trast, uncovering reaction pathways can augment the explanatory
power of ML models and provide insights into chemical mechanisms.
Further study on simulation-combined ML frameworks can facilitate
an understanding of the underlying dynamics, leading to advancement
toward the goal of the research community.
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