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t screening of high-activity oxygen
carriers for chemical looping argon purification via
a machine learning – density functional theory
method†

Shenglong Teng,‡a Yiwen Song,a Yu Qiu,a Xinyu Li,a Yixia Hong,a Jian Zuo,a

Dewang Zeng *a and Kai Xu*b

Argon, a protective gas, is susceptible to contamination by impurity gases in the production of

monocrystalline silicon for solar cells. Chemical looping combustion (CLC) technology offers a solution

for argon recycling by leveraging the cyclic conversion of oxygen carriers. However, the desorption of

low-concentration impurity gases requires high-activity oxygen carriers, and current screening methods

primarily rely on experimental trial and error, which is time-consuming and labor-intensive. Herein, we

propose machine learning-assisted Density Functional Theory (DFT) for high-throughput screening of

oxygen carriers. Quaternary iron-based spinel oxygen carriers A1xA21−xByFe2−y were used as the object

of study. DFT calculations were conducted on 756 oxygen carriers, while the remaining 3619 were

predicted through machine learning, achieving a prediction accuracy R2 of 0.87. Based on these

predictions and a three-step screening criterion of synthesizability, thermodynamic stability, and

reactivity, Cu0.875Ni0.125Al0.5Fe1.5O4 exhibited the highest reactivity and its desorption of impurity gases is

6 times higher than that of fresh Fe2O3. In the stability test, Cu0.875Ni0.125Al0.5Fe1.5O4 maintained 96% CO

removal efficiency after 10 cycles, facilitating the cyclic purification of crude argon. This study provides

new guidance for the design and discovery of high-activity materials through high-throughput screening.
1. Introduction

Argon is an inert gas commonly used as a shielding gas in
various industrial applications, such as in the production of
monocrystalline silicon, a primary component of solar cells,1–5

in protecting rotating nanostructures made of bent carbon
nanotubes,6–8 and in steelmaking.9,10 However, during the
production process, argon is prone to contamination by impu-
rity gases (e.g.,CO and H2),11 thereby losing its protective func-
tion. To recycle the crude argon streams, techniques such as
alloy adsorption12 and catalytic oxidation13,14 are employed.
Alloy adsorption can achieve high purity but struggles to form
irreversible chemical bonds at high temperatures, making it
impractical for industrial recovery. Catalytic oxidation is a low-
temperature process but requires the addition of extra oxygen,
making it difficult to precisely control the oxygen demand.15
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Therefore, there is an urgent need for an efficient and stable
argon recycling technique.

CLC technology provides a favorable pathway to cycle off
impurity gases in a clean and efficient manner.16–18 As shown in
Fig. 1(a), the primary principle of chemical looping argon
purication is illustrated. This system mainly consists of a fuel
reactor and an air reactor. In the fuel reactor, argon containing
low-concentration impurity gases enter and are oxidized by
metal oxygen carriers (OCs) to produce CO2 and H2O. The
reduced OCs then enter the air reactor, where they regain lattice
oxygen and continue back to the fuel reactor, thereby achieving
cyclic purication of argon. Compared to traditional argon
purication processes, chemical looping argon purication has
the following advantages: (i) it uses lattice oxygen instead of
gaseous oxygen to remove impurity gases, eliminating the need
for oxygen regulation; (ii) the cyclic process can operate
continuously when the two reactors are independently opti-
mized; (iii) the cyclic process can operate at lower temperatures
when using high-performance OCs, thus reducing process
costs.

The argon purication process operates at low temperature
and low impurity gas concentrations, placing higher demands
on the activity and stability of the OCs. The oxygen carrier,
a core component of the chemical looping process, is
This journal is © The Royal Society of Chemistry 2025
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Fig. 1 Chemical looping argon purification principle. (a) Schematic of the chemical looping argon purification process. (b) Structure and
reactivity in a conventional oxygen carrier vs. spinel oxygen carrier.
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responsible for transporting lattice oxygen and heat. Common
OCs include Fe2O3,19,20 CuO,21,22 and NiO.23,24 However, these
oxygen carriers (OCs) fail to meet the high activity standards
required. Spinel-type OCs, with their stable face-centered cubic
structure, can accommodate more oxygen vacancies within the
unit cell, thereby enhancing the oxygen transport rate
(Fig. 1(b)). Extensive experimental studies have demonstrated
that spinel-structured OCs exhibit superior reactivity and
stability. Zhao et al.25 found that Ni–Fe spinel showed better
reactivity and stability than fresh Fe2O3 OCs during chemical
looping reactions, maintaining its cubic structure even aer
multiple cycles. Spinel structures possess numerous active sites
and are easily doped. Zeng et al.26 investigated the performance
of ternary mixed spinel OCs Cu–Co–Fe–O in chemical looping
hydrogen production (CLHP) experiments, nding that these
OCs exhibited strong reducibility and maintained high
hydrogen production rates even at low temperatures. Similarly,
Cui et al.27 studied the reaction performance of Zn–Fe–Al–OOCs
in chemical looping processes, showing that this mixed oxygen
carrier achieved twice the hydrogen production performance of
fresh Fe2O3 and 100% fuel conversion. The above ndings
highlight the advantages of spinel OCs in terms of reactivity.
However, current doping and selection of active elements for
spinel OCs are primarily based on experimental trial and error,
and a systematic method for screening OCs has yet to be
developed.

The combination of machine learning (ML) and density
functional theory (DFT) has become a new paradigm in the
design of high-performance materials.28–31 DFT can provide the
physicochemical properties of materials (such as conductivity,
stability, and reactivity), thereby avoiding repetitive experi-
mental synthesis and testing. The selection of DFT energy
descriptors that accurately describe the properties of OCs is
crucial for high-throughput screening. Singstock et al.32 chose
the Gibbs reaction energy of OCs at different temperatures as
descriptors, ultimately identifying 12 high-quality candidate
This journal is © The Royal Society of Chemistry 2025
OCs. Brorsson et al.33 proposed using oxygen chemical potential
as the energy descriptor for the oxygen transfer capacity of
reaction carriers, identifying Cu, Mn, and Fe as the most
promising among 300 000 materials. Although these energy
descriptors provide some reference value, none have demon-
strated a clear correlation between the descriptors and oxygen
carrier properties through calculations or experiments. The
stringent conditions of chemical looping processes place high
demands on oxygen carriers (OCs), necessitating a comprehen-
sive consideration of stability, thermal resistance, and
reactivity.21,34–36 Relying solely on DFT calculations is a signi-
cantly burdensome task. ML accelerates the high-throughput
screening process by learning the mapping relationship
between material structural features and energy properties.
Wang et al.37 used ML to assist DFT calculations, predicting the
properties of an additional 227 223 OCs based on the 2401
perovskite OCs obtained from DFT. Wen et al.38 employed a tree
model to predict the performance of various deoxidizers,
demonstrating high predictive accuracy. However, current
research rarely addresses how to use computational language to
describe the features of input oxygen carriers, which to some
extent affects the generalization capability of the models. In
summary, the appropriate selection of DFT energy descriptors
and ML input features is critical to ensuring the accuracy and
reliability of the DFT-ML method.

In this study, we propose a three-step high-throughput
screening framework, utilizing synthesizability, high-
temperature stability, and reactivity to identify target OCs.
Focusing on A1xA21−xByFe2−y OCs, elements were doped at the
A1, A2, and B sites. DFT calculations were performed to obtain
the formation energy (Ef), Gibbs free energy (DG), and oxygen
vacancy formation energy (Evac) for 756 groups of OCs, verifying
the positive correlation between oxygen vacancy formation
energy and reactivity. Based on the DFT results, we established
a database of oxygen carrier characteristics and energy
descriptors. Descriptors such as atomic number, ionization
Sustainable Energy Fuels, 2025, 9, 1576–1587 | 1577
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energy, and chemical potential of elements were selected to
distinguish between different OCs. Four typical ML models
were then employed to train and predict the performance of the
remaining 3619 OCs. Finally, the four OCs with the best overall
performance were selected, and reactivity and cycling stability
tests for argon purication were conducted.

2. Methods
2.1 Calculation methods

DFT based rst-principles calculations were performed using
the Vienna ab initio Simulation Package (VASP). The gradient
generalization for the approximation of an electron and plane
wave basis set were used for the calculations. To represent the
exchange–correlation energy, the projector augmented wave
(PAW) potentials and Perdew–Burke–Ernzerhof (PBE) were
used. Throughout the current studies, a xed cutoff energy of
500 eV and energy convergence of 1.0 × 10−5 eV per atom were
chosen. The magnetic moments were not taken into account for
their small inuence in the systematic energy trends. The
addition of a model Hubbard-U term to the DFT energy func-
tional was set for a correct qualitative description of the elec-
tronic structure of ceria surfaces. Aer being checked by
spanning the values of U from 0–5 eV or the parameter results,
the U-values for different transition state metal elements are
shown in Table S1.† DFT+U calculations can improve the
accuracy of conventional DFT calculations and provide valuable
information on the structure of the active sites and the energy of
adsorbed species interacting with the surfaces. Furthermore,
detailed reaction pathways can be derived and characterized by
the energy prole of the constituent elementary steps. At the
same time, relying only on DFT calculations for high-
throughput screening incurs signicant computational costs.
To alleviate this problem, an ML-assisted DFT screening
approach is also introduced. The approach entails the execution
of DFT computations on a subset of OCs, yielding energy
descriptors. These descriptors then serve as the training data for
an ML model. The efficacy of this method is evidenced by its
ability to predict the attributes of the remaining OCs, thereby
facilitating effective screening.

All the studied systems were 2 × 2 × 2 cubic supercells, the
surface slabs were made of 2 × 2 × 2 supercells with 15 Å of
vacuum along the surface direction in order to indicate the
aperiodic structure of surface atoms. Surface (100) was chosen
for the calculation. The values of 4 × 4 × 4 k-point meshes
employed in the calculations were generated according to the
Monkhorst–Pack scheme. Dipole correction was considered for
the slab calculations. The crystal structure of
A1xA21−xB1yFe2−yO4 OCs is shown in Fig. S1.†

Overall, the chemical cycle for argon purication is similar to
that for combustion, with the primary difference lying in the
reaction pathways. In chemical cycle combustion, a large
amount of energy is released through the reaction between fuel
and metal oxides, whereas in chemical cycle argon purication,
the focus is on separating metal oxides from impurities in the
argon gas and driving the reduction process. In terms of energy
distribution, the energy released during the chemical cycle
1578 | Sustainable Energy Fuels, 2025, 9, 1576–1587
combustion process is primarily used to generate electricity or
heat, making it highly efficient in terms of energy utilization. In
contrast, the chemical cycle for argon purication consumes
less energy, which is mainly used to drive the reduction reac-
tion, with some adjustments made to the model parameters.
Four ML models are built autonomously using the python
language, and the specic code can be found at https://
github.com/ywsong1/Machine-learning-code-from-DFT-ML-for-
high-throughput-screening-of-OCs. In order to rene the
generalization ability of the models, we used grid partitioning
to nd the best hyperparameters for several models based on
the accuracy of the prediction set. In evaluating the
performance of different machine learning models, we chose
the coefficient of determination (R2), the minimum absolute
error (MAE), and the Pearson correlation index (Pearson) as
the units of evaluation.

R2 ¼ 1�
P ðX � YÞ2P�

X � X
�2

(1)

R2 represents the goodness of t between the model's predicted
values and the original values. The R2 value ranges from 0 to 1,
with values closer to 1 indicating a stronger explanatory power
of the model for the data. Here, X represents the DFT calculated
values, Y represents the predicted ML values, and �X denotes the
mean of all DFT calculations.

MAE ¼ 1

n

Xn

i¼1

jYi � Xij (2)

MAE represents the average absolute error between the pre-
dicted values and the actual values. A smaller MAE value indi-
cates a more accurate prediction by the model. Here, n denotes
the number of samples, and Xi and Yi represent the DFT
calculated value and the predicted value for the ith sample,
respectively.

Pearson ¼
Pn
i¼1

�
Xi � X

��
Yi � Y

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

�
Xi � X

�2

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

�
Yi � Y

�2

s (3)

The Pearson correlation coefficient measures the linear
correlation between two variables, ranging from−1 to 1. Here, �Y
represents the mean of the predicted values for all samples.
2.2 Characterization of OCs

The crystalline phase composition of the OCs was analyzed
using a Japanese D/max 2500VL/PC X-ray diffractometer (XRD).
The measurement conditions were as follows: Cu Ka radiation
source, graphite monochromator lter, tube voltage of 40 kV,
tube current of 100mA, scanning range from 2q= 5° to 85°, step
size of 0.02°, and X-ray wavelength l = 1.5406 Å. H2-TPR char-
acterization of the OCs was conducted using a Finesorb-3010
temperature-programmed reduction chemisorption analyzer.
The experimental procedure was as follows: 200 mg of the
oxygen carrier sample was weighed and pretreated at 400 °C for
This journal is © The Royal Society of Chemistry 2025
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1 hour with an Ar ow of 30 ml min−1. The sample was then
cooled to 100 °C, followed by the introduction of 10 mol% H2

with a ow rate of 30 ml min−1. The temperature was linearly
increased from 100 °C to 900 °C at a rate of 10 °Cmin−1, and the
TCD signal was recorded simultaneously.
2.3 Experimental tests

Spinel samples with the form of A1xA21−xB1yFe2−yO4 were
synthesized by the sol–gel method. Metal nitrates were
completely dissolved in a citric acid and polyethylene glycol
solution by stirring for 12 h at 90 °C. Then the solution was
dried at 105 °C. The dried gel was then calcined at 700 °C for
2 h, and then pulverized to powder.

A batch of ∼0.5 g OCs were exposed to reducing gas (CO,
50 ml s−1, STP), inert gas (N2, 50 ml s−1, STP) and oxidizing gas
(air, 50 ml s−1, STP) in the laboratory-scale uidized bed. The
temperature was set at 500 °C. Between the reduction and re-
oxidation reactions, an insert period (1 l min−1 of N2) of
about 1 min was inserted to prevent mixing between carbon
monoxide and gas-phase oxygen. The performance of oxygen
storage materials was estimated by the remaining reducing gas
over multiple redox cycles.
3. Results and discussion
3.1 DFT high-throughput screening of oxygen carrier
stability and activity

This study focuses on Fe-based spinel OCs A1xA21−xB1yFe2−yO4,
systematically investigating the performance of various spinel
OCs by doping divalent and trivalent metal elements at the A
and B sites, respectively. Table 1 lists the selected metal
elements for the A and B sites along with their corresponding
doping ratios. Due to constraints in the crystal structure's lattice
sites, the doping ratios for both A and B sites were limited to
a range between 0 and 0.5. By combining these elements, a total
of 4375 potential oxygen carriers (OCs) were generated.
However, traditional experimental screening methods are
inefficient for handling such a large number of combinations,
making the screening of 4375 OCs a signicant challenge. To
address this, we employed a high-throughput screeningmethod
combining DFT with ML to accelerate the identication of
target OCs. Fig. 2(a) illustrates the three-step process of this
high-throughput screening. First, crystal structure stability is
a crucial criterion for assessing the synthesizability of materials,
with Ef serving as the key indicator of structural stability.39–41

When Ef < 0, the crystal structure is considered potentially
synthesizable. However, due to the experimental reaction
temperature being around 600 °C, composite OCs are prone to
Table 1 A and B site dopant elements and ratios of the
A1xA21−xB1yFe2−yO4 OCs

A1, A2 Cu, Mg, Zn, Ca, Ni, Co, Cd
B1 Co, Ti, Al, Cr, Mn, In, V
x 0, 0.125, 0.25, 0.375, 0.5
y 0, 0.25, 0.375, 0.5

This journal is © The Royal Society of Chemistry 2025
phase separation and microstructural changes at high temper-
atures, leading to performance degradation. Therefore, we used
DG to evaluate the high-temperature stability of the mate-
rials.32,37,42,43 Based on this criterion, materials with a certain
level of thermal stability were selected from the remaining
candidate OCs. Next, to further identify OCs with excellent
lattice oxygen transfer capabilities, we selected surface Evac as
an energy descriptor. A lower Evac indicates less resistance to
lattice oxygen transfer during the reaction, thus enhancing the
reaction activity.44,45 Using these criteria, we ultimately selected
four OCs with synthesizability, high-temperature stability, and
superior reactivity.

To ensure the ML models possess good generalization
capability, the DFT calculation data must be as comprehensive
and diverse as possible. Based on this, while xing the A1 site
element, we ensured that all possible elements were evenly
distributed at the A2 and B1 sites, enabling the model to learn
the interactions between different coordination elements
during training. As a result, we obtained 756 spinel-type OCs
with various elemental compositions through DFT calculations.
The structural and thermal stability of OCs is crucial for
maintaining activity under multi-cycle conditions. Fig. 3 shows
the stability results of the 756 OCs calculated using DFT. A
smaller Ef indicates higher structural stability of the OCs. When
Ef < 0, the oxygen carrier is considered structurally stable. It is
evident that Ca–Fe OCs exhibit better structural stability, while
some Ni–Fe and Co–Fe OCs show poorer stability. The superior
structural stability of Ca–Fe spinels is mainly attributed to the
larger ionic radius of Ca2+, its good lattice matching, and the
uniform distribution of its electronic structure.46,47 In contrast,
Ni–Fe spinels exhibit reduced stability due to the smaller ionic
radius of Ni2+ and the strong crystal eld effect, which increase
lattice stress and lead to coordination deformation. Co–Fe
spinels, with Co2+ having an ionic radius between that of Ca2+

and Ni2+, show slightly better stability than Ni–Fe spinels,
though still insufficient for optimal lattice matching. Further-
more, the complex electronic structure and spin states of Co2+

further diminish the symmetry and stability of the crystal,
resulting in lower stability for Co–Fe spinels. Through the
calculations, we found that 157 out of the 756 OCs had Ef > 0,
indicating that these oxygen carriers were not suitable for
further analysis.

To evaluate the stability of OCs under high-temperature
conditions, we calculated the DG of these materials at 600 K,
900 K, and 1200 K. Encouragingly, all the OCs exhibited DG
values greater than 0 eV at these temperatures, indicating
a certain level of thermal resistance. As shown in Fig. 3(a)–(c),
the DG values gradually increased with rising temperature,
demonstrating a decline in stability under high-temperature
conditions, which aligns with thermodynamic principles. The
distribution of different OCs reveals that Ca–Fe OCs exhibit the
best high-temperature stability, while Ni–Fe OCs perform the
worst among the 756 materials. The superior thermal stability
of Ca–Fe OCs is primarily attributed to the higher bond energy
of Ca–O bonds, the resistance of the crystal structure to phase
transitions at elevated temperatures, and a lower thermal
expansion coefficient, which allows the structure to maintain
Sustainable Energy Fuels, 2025, 9, 1576–1587 | 1579
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Fig. 2 ML-assisted high-throughput screening flowchart. (a) DFT high-throughput screening process. (b) ML prediction flowchart.
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integrity and stability under high-temperature conditions. In
contrast, Ni–Fe OCs exhibit weaker Ni–O bond strength, making
them more susceptible to phase transitions at high tempera-
tures. Their higher thermal expansion coefficient also leads to
greater lattice deformation and structural degradation, result-
ing in poorer thermal stability. Additionally, the thermal
Fig. 3 Formation energies and Gibbs energies of group 756 oxygen carri
K. (b) Gibbs energy of the system at 900 K. (c) Gibbs energy of the syste

1580 | Sustainable Energy Fuels, 2025, 9, 1576–1587
stability of OCs is closely linked to the ionic radius and crystal
eld effects. A larger ionic radius and moderate crystal eld
effects promote better lattice matching and structural integrity
at high temperatures, reducing lattice stress and defects. This
explains the similar trends observed in the structural and
thermal stability of some OCs.
ers obtained by DFT calculations. (a) Gibbs energy of the system at 600
m at 1200 K.

This journal is © The Royal Society of Chemistry 2025
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Fig. 4 The reaction process of AFe2O4 spinel with CO. (a) A = Cu. (b) A = Co. (c) A = Mg. (d) A = Ca. (e) A = Ni. (f) A = Cd. (g) A = Zn.
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Aer analyzing the formation energy and Gibbs free energy of
the OCs, we conrmed that the screened OCs possess sufficient
stability. To further investigate the reaction kinetics of OCs in the
CO removal process, we applied transition state theory (TST) to
calculate the energy changes for seven groups of spinel OCs (Cu/
Co/Ni/Ca/Cd/Mg/Zn–Fe) during their reactions with CO (Fig. 4).
The results indicate that CO initially interacts with the surface of
the OCs, forming a stable surface adsorption state. As the reaction
proceeds, CO molecules react with the active lattice oxygen on the
surface, causing lattice oxygen to shi and forming an interme-
diate COO*. During this process, COO* is further activated and
gradually detaches from the surface, eventually transforming into
a free CO2molecule that is released into the gas phase.Meanwhile,
the consumption of lattice oxygen creates oxygen vacancies on the
surface of the oxygen carrier. This reaction mechanism highlights
the critical role of lattice oxygen activation in controlling the
reaction rate. In DFT calculations, the Evac reects the ease of
activating lattice oxygen; a lower Evac value indicates that lattice
oxygen is more easily activated, thereby enhancing surface reac-
tion rates. To verify the accuracy of Evac as a descriptor for oxygen
carrier activity, we calculated the Evac values for seven groups of
Fig. 5 Evac obtained from DFT calculations for 756 sets of data. (a) Corre
CaA2BFeO4. (e) CdA2BFeO4. (f) MgA2BFeO4. (g) NiA2BFeO4. (h) ZnA2BFe

This journal is © The Royal Society of Chemistry 2025
OCs. Fig. 5(a) shows the correlation between Evac and the activation
energy of the reaction for these seven iron-based OCs. The results
reveal a high degree of correlation between Evac and activation
energy, with an R2 value of 0.92. This further conrms that Evac can
effectively serve as an energy descriptor for describing the reaction
activity of OCs. Using this descriptor, we calculated the Evac values
for 756 OCs. The heatmaps in Fig. 5(b)–(h) illustrate the reaction
activity of these OCs, showing that among the seven groups of OCs
with xed A1 sites, the Cu–Fe OCs exhibit the highest reaction
activity, consistent with the activation energy calculation (Fig. 5(a)).
Through high-throughput DFT calculations, we established
a database of 756 OCs, encompassing synthesizability, high-
temperature stability, and reaction activity (Table S2†).
3.2 ML models' interpretability analysis

Based on the DFT-calculated database, this study trained ML
models to efficiently predict the properties of the remaining
OCs. Fig. 2(b) illustrates the ML workow used in this research,
which mainly consists of two core parts: database construction
and model training. The database was generated from the DFT
lation of Evac with activation energy. (b) CuA2BFeO4. (c) CoA2BFeO4. (d)
O4.
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calculation results of a subset of OCs. The sample size of the
database has a crucial impact on the model's performance. To
explore the effect of sample size on model accuracy, we selected
150 to 750 samples from the database for analysis. The results
demonstrate that when the sample size reached 600, the
model's performance stabilized, suggesting that our database
contains adequate data to meet the requirements for model
training (Fig. S2(a)†). During the construction of the database,
outlier analysis is a critical step, as addressing outliers can
signicantly enhance the quality of the dataset. Since ML
models cannot directly interpret the chemical properties of
OCs, we performed feature engineering to convert the structural
information of the OCs into numerical matrices. A common
issue in feature engineering is using only element symbols and
proportions as feature descriptors (Fig. 6(a)), which can make it
difficult for the model to capture complex relationships and
may lead to overtting. In this study, we transformed different
chemical elements into unique physical and chemical proper-
ties, such as atomic number, electronegativity, atomic radius,
electron affinity, and chemical potential, with the element
proportions serving as weighted values for these properties.
This process generated a unique feature matrix for each oxygen
carrier (Fig. 6(b)). Aer completing the feature engineering, we
analyzed the impact of different numbers of features on the
model's prediction accuracy (Fig. S2(b)†). The results indicate
that when the number of features increased from 1 to 4, model
accuracy improved signicantly. However, when the number of
features increased to 5, the accuracy improvement leveled off.
This suggests that as the number of features increases further,
overtting may occur, which not only increases computational
complexity but also has the potential to reduce the model's
accuracy. Considering both prediction accuracy and computa-
tional efficiency, setting the number of features to 5 was
determined to be the optimal choice. Once feature engineering
was completed, the database was randomly divided, with 75%
of the data used for model training and 25% for validating the
Fig. 6 Descriptor representation of oxygen carrier information. (a) Widely
this paper that can be recognized by ML languages.

1582 | Sustainable Energy Fuels, 2025, 9, 1576–1587
model's prediction accuracy on new-input data. The model's
generalization ability was further validated using the k-fold
cross-validation method. Finally, we employed four commonly
used regression ML models for performance prediction, as
these models have been proven to exhibit high accuracy in
predicting material properties. Based on the predictive perfor-
mance of each model, we selected the optimal model for
subsequent applications.

The ML models demonstrated signicant differences in
predicting various energy features. To address this, we used four
models to predict Ef,DG and Evac, and selected themost suitable
models for each case. Fig. 7(a) summarizes the R2 performance
of each model in predicting these three energy features. For Ef
prediction, the XGBoost model performed the best on the test
set, achieving an R2 of 0.98, a MAE of 0.04, and a Pearson
correlation coefficient of 0.99. The other three models also
showed good performance in predicting Ef (Fig. S3†). For DG
prediction, we modeled energy at 600 K, 900 K, and 1200 K, and
found that both GBDT and XGBoost exhibited identical
prediction accuracy, with R2 values of 0.97. The predicted values
were highly consistent with the DFT-calculated values, making
these models the top performers among the four (Fig. S4†). In
predicting Evac, due to the presence of two distinct oxygen active
sites on the surface of the OCs, we conducted separate predic-
tions for these two sites. The results showed that the GBDT
model had the highest prediction accuracy for Evac, with an R2 of
0.87, an MAE of 0.1, and a Pearson correlation coefficient of
0.93. In contrast, other models, especially the articial neural
network (ANN), exhibited larger discrepancies, with the ANN
model achieving a lower R2 of only 0.58 (Fig. S5†). These
differences can be attributed to the complexity of the physical
and chemical properties of different materials, particularly in
terms of crystal structure and electron distribution. The
complex nonlinear relationships between energy features and
material properties make certain energy features more sensitive
to specic atomic interactions or local electronic states,
used but erroneous descriptor representations. (b) Descriptors used in

This journal is © The Royal Society of Chemistry 2025
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Fig. 7 Comparison of the generalization capabilities of different ML models. (a) Summary of model predictions for different DFT calculation
parameters. (b) Prediction results based on the XGBoost model of formation energy on the prediction set. (c) Prediction results based on the
GBDTmodel of Gibbs energy on the prediction set. (d) Prediction results of oxygen vacancy formation energy on the prediction set based on the
GBDT model.
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resulting in variations in their ability to capture these features.
Aer training and evaluating the four models, we conrmed
that they demonstrated sufficient accuracy in predicting new
data, making them suitable for oxygen carrier screening. Ulti-
mately, the XGBoost model was selected for predicting the
formation energy of oxygen carriers, while the GBDT model was
chosen for predicting the Gibbs free energy and oxygen vacancy
formation energy.
3.3 Application of ML models to screen OCs

Aer ensuring that the selected models possessed sufficient
generalization ability, we used the XGBoost and GBDT models
to predict the properties of the remaining 3619 OCs. Combining
these predictions with previous calculation results, we con-
ducted high-throughput screening of all candidate OCs. The
rst screening criterion focused on structural stability.
Fig. 8(b)–(d) show the distribution of structural stability for
these OCs, with Ef values greater than 0 indicating structural
instability. The results revealed that Co–Fe, Ni–Fe, and Mg–Fe
spinel OCs had poorer structural stability, while Ca–Fe OCs
exhibited the best structural stability, consistent with the DFT
results. Aer this screening, 816 OCs were excluded due to
insufficient structural stability. The thermal stability of the
oxygen carriers was characterized by DG. Based on DFT calcu-
lations and ML model predictions, all candidate OCs showed
DG values less than 0 eV, indicating that they possess
This journal is © The Royal Society of Chemistry 2025
theoretical high-temperature resistance. This can be attributed
to the stable AB2O4 structure of Fe-based spinel oxides and the
strong metal–oxygen bonds, which provide excellent thermal
stability at high temperatures. Additionally, the half-lled 3d
orbital electronic structure of Fe3+ and its favorable redox
properties further enhance thermal stability.48,49 Fig. 8(a) shows
the DG distribution of 4375 OCs, which follows a normal
distribution. Although the overall thermal stability was satis-
factory, signicant variations were observed among the OCs. To
select those with superior thermal stability, we chose the top
60% in terms of stability at 600 K, 900 K, and 1200 K. The
shaded regions represent OCs with good thermal stability
(Fig. 8(b)–(d)). The results indicated that Ca–Fe and Cu–Fe
spinel OCs exhibited excellent thermal stability, whereas
a signicant portion of Mg/Co/Ni–Fe OCs had DG values in the
bottom 40%. Through high-throughput screening for structural
and thermal stability, we excluded 2281 OCs that did not meet
the required criteria. It is important to note that the exclusion of
these OCs does not necessarily imply instability, but rather that
they do not meet the specic application criteria we targeted.

Finally, we screened out the four OCs with the highest
reaction activity from the remaining 2094 candidates. Through
DFT calculations, we validated the strong correlation between
Evac and the CO desorption activation energy of the OCs. Fig. 9
presents the heatmap of −Evac values for all OCs, with the white
regions representing those excluded during screening. It is
evident that Cu–Fe OCs exhibit smaller Evac values compared to
Sustainable Energy Fuels, 2025, 9, 1576–1587 | 1583
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Fig. 8 Oxygen carrier stability screening results. (a) Frequency histograms of Gibbs energy distribution at different temperatures (600, 900, and
1200k). (b) Formation and Gibbs energy distributions of 4375 OCs at 600 K, where the filled regions indicate oxygen carriers with synthesizable
and thermally stable properties. (c) Formation and Gibbs energy distributions of 4375 OCs at 900 K. (d) Formation and Gibbs energy distributions
of 4375 OCs at 1200 K.

Fig. 9 Evac heat map of 4375 group OCs. (a) CuA2BFeO4. (b) CoA2BFeO4. (c) CaA2BFeO4. (d) CdA2BFeO4. (e) MgA2BFeO4. (f) NiA2BFeO4. (g)
ZnA2BFeO4. White filled sections represent OCs that have been excluded by screening.
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other compositions, indicating higher reaction activity. The
high reactivity of Cu–Fe OCs is mainly attributed to the excellent
catalytic properties of Cu, which effectively lowers the reaction
activation energy.50 Moreover, strong electron transfer and
interaction between Cu and Fe further enhance the active sites,
1584 | Sustainable Energy Fuels, 2025, 9, 1576–1587
accelerating the reaction process, which is consistent with
experimental results.51–53 In addition to Cu–Fe, Ni–Fe and
certain Ca–Fe OCs also exhibited high reaction activity, making
them common materials in chemical looping reactions. By
ranking these OCs based on their Evac values, we identied the
This journal is © The Royal Society of Chemistry 2025
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four most reactive OCs: Cu0.875Ni0.125–Al0.5Fe1.5O4 (Evac = 1.25
eV), Cu0.625Mg0.375Al0.25Fe1.75O4 (Evac = 1.35 eV), Cu0.625-
Co0.375Al0.25–Fe1.75O4 (Evac = 1.39 eV), and Cu0.875Ca0.125-
Mn0.375Fe1.625O4 (Evac = 1.41 eV). Additionally, several other
OCs, not previously reported in the literature, also demon-
strated good reactivity. However, in this study, we focused on
these four spinel OCs with the highest reaction activity and
further explored their application potential.

Chemical looping argon purication is a typical chemical
reaction process that relies on highly active oxygen carriers to
remove low concentrations of impurity gases. Using a high
throughput screening method combining machine learning
and DFT, we identied four theoretically high-activity OCs.
Further experimental testing is required to verify their perfor-
mance in low-concentration CO removal and their cycling
stability. Fig. 10(a) shows the XRD characterization results for
the four OCs, with diffraction peaks indicating that they all
exhibit the characteristic spinel structure. Fig. 10(b) presents
the H2-TPR (temperature-programmed reduction) test results
for the four high-activity OCs and pure Fe2O3. All OCs exhibited
two or more reduction peaks, corresponding to two reduction
steps: the reduction of Fe2O3 and the reduction of the doped
elements from higher to lower oxidation states. In the initial
stage of the reduction reaction, the low-temperature reduction
peak corresponds to the consumption of surface-active oxygen,
and the reduction temperature is closely related to the activity of
surface oxygen atoms, which is reected in the Evac values ob-
tained from DFT-calculations. A lower Evac value indicates
higher surface oxygen activity, resulting in better low-
temperature reaction activity and a lower initial reduction
temperature. As shown in the gure, the low-temperature
Fig. 10 Low concentration CO chemical looping argon purification exp
CO removal performance at 500 °C and 100PPM CO concentration. (d)

This journal is © The Royal Society of Chemistry 2025
reduction peak temperatures for Cu0.875Ni0.125Al0.5Fe1.5O4,
Cu0.625–Mg0.37–5Al0.25Fe1.75O4, Cu0.625Co0.375Al0.25Fe1.75O4, and
Cu0.875Ca0.125Mn0.375Fe1.625O4 are 199.3–2 °C, 216.13 °C,
220.83 °C, and 230.94 °C, respectively. Among them, Cu0.875-
Ni0.125Al0.5Fe1.5O4 has the lowest initial reduction temperature,
206.29 °C lower than that of fresh Fe2O3,indicating its excellent
low-temperature activity.

The concentration of impurity gases and the reaction
temperature in the argon purication process signicantly
impact the system's reactivity and economic efficiency. Lower
reaction temperatures can effectively reduce energy consump-
tion, so we selected a temperature range of 350–650 °C to
investigate the CO desorption characteristics of the oxygen
carriers. Fig. S6† shows the CO removal performance of the OCs
at different temperatures. The results indicate that, during the
initial phase of the reaction, the OCs achieve complete CO
removal, demonstrating high reactivity. Additionally, the reac-
tion temperature has a signicant effect on CO removal
performance. As the temperature increases, the performance of
the OCs improves, and the duration of complete CO removal
extends. At 500 °C, aer 6276 seconds (approximately 105
minutes) of reaction, no CO was detected in the outlet gas; when
the temperature was raised to 650 °C, the complete CO removal
time increased to 13 000 seconds (217 minutes). Moreover, as
the temperature rises, the rate of CO concentration increase
slows down, further indicating that the reactivity of the OCs
increases with rising temperature (Fig. S6(a)†). By analyzing the
CO removal performance curves of other OCs, it can be observed
that before 500 °C, the CO concentration increases rapidly,
indicating that at lower temperatures, the surface-active oxygen
content of the oxygen carriers is insufficient to sustain long-
eriment test. (a) XRD plots of the OCs. (b) H2-TPR test plot for OCs. (c)
Stability of Cu0.875Ni0.125Al0.5Fe1.5O4 at 10 cycles.
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term reactions. Aer 500 °C, the activity of the OCs improves
signicantly. Therefore, 500 °C is considered the optimal
balance point between system efficiency and reactivity. Fig. S7†
shows the desorption performance of the OCs at different
impurity gas concentrations. As the CO concentration
increases, the reaction rate between the OCs and CO acceler-
ates, and the consumption of active oxygen speeds up, short-
ening the time required for complete CO removal. When the gas
concentration increased to 2000 ppm, the composite oxygen
carrier Cu0.875Ni0.125Al0.5Fe1.5O4 was still able to achieve
complete CO removal within approximately 500 seconds,
further conrming its higher reactivity and oxygen release
capacity. Fig. 10(c) illustrates the desorption performance of the
four OCs and fresh Fe2O3 at 500 °C with a CO concentration of
100 ppm. The results show that Cu0.875Ni0.125Al0.5Fe1.5O4

outperforms fresh Fe2O3, achieving complete CO removal
within 6500 seconds. This experimental result further validates
the effectiveness of the OCs obtained through high-throughput
screening in practical applications.

In the chemical looping argon purication system, the
cycling stability of OCs is critical—the better the stability, the
higher the efficiency of impurity gas removal from crude argon.
In this study, the oxygen carrier with the highest reactivity,
Cu0.875Ni0.125Al0.5Fe1.5O4, was selected for cycling stability
testing. The experimental conditions were set at 500 °C with
a CO concentration of 100 ppm, and the number of cycles was
set to 10, with each cycle lasting 333.3 minutes. The cycling
stability of the oxygen carrier was analyzed by measuring the
time it took for the CO concentration in the outlet gas to reach
10 ppm. When the CO concentration at the outlet reaches
10 ppm, it indicates that the reactivity of the oxygen carrier is no
longer sufficient to maintain argon purication, at which point
oxidation regeneration of the oxygen carrier is required.
Fig. 10(d) shows the desorption performance of Cu0.875Ni0.125-
Al0.5Fe1.5O4 aer 10 cycles. The results indicate that as the
number of cycles increased, the CO removal capacity of the
oxygen carrier experienced only a slight decrease. Aer a total
reaction time of 20 000 seconds and 10 cycles, the CO removal
efficiency of the oxygen carrier remained at 96% of the initial
cycle efficiency, demonstrating excellent cycling stability.

4. Conclusion

This study presents a high-throughput screening method
combining DFT and machine learning for identifying high-
activity oxygen carriers to remove low concentrations of CO.
Through DFT calculations, we developed a screening framework
for the synthesizability, high-temperature stability, and reac-
tivity of OCs, and validated the correlation between their
properties and energy characteristics. Aer analyzing data from
756 OCs, we evaluated the generalization performance of four
different machine learning models. The results showed that the
XGBoost and GBDT models achieved the best prediction accu-
racy for oxygen carrier properties, with R2 values of 0.98 and
0.87, respectively. Using the trained models, we predicted and
screened the remaining 3619 OCs, ultimately identifying four
previously unreported high-activity OCs:
1586 | Sustainable Energy Fuels, 2025, 9, 1576–1587
Cu0.875Ni0.125Al0.5Fe1.5O4, Cu0.625Mg0.375Al0.25Fe1.75O4, Cu0.625-
Co0.375Al0.25Fe1.75O4, and Cu0.875Ca0.125Mn0.375Fe1.625O4.
Further experimental tests on these four OCs conrmed their
CO removal performance. Cu0.875Ni0.125Al0.5Fe1.5O4 demon-
strated effective CO removal for over 6500 seconds at a CO
concentration of 100 ppm, and aer 10 cycles, it maintained
96% of its CO removal efficiency. The other three high-activity
oxygen carriers also exhibited excellent reactivity. This study
demonstrates that the high-throughput screening method
combining DFT and machine learning can efficiently and
rapidly identify target materials, accelerating the development
of related processes.
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