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Abstract

Carbon dioxide (CO,) capture, utilization, and storage technologies are crucial in reducing global warming and
producing various high-value chemicals and fuels. It is challenging to effectively separate the molecules of CO,, N,,
and H,0O, whose kinetic diameters are close to each other. Although zeolites have garnered considerable attention
in gas separation, the huge chemical space of metal-doped zeolites (metal-zeolites) coming from the combination
of different metal active sites, topology, and Si/Al ratios poses a difficulty in finding an optimal material for
selectively trapping CO,. In this study, we build machine learning (ML) models to predict the selective adsorption
of CO,/N,/H,0 on metal-zeolites through the regulation of electrostatic polarization interaction. The stability of
208 metal-zeolites encompassing five distinct topological structures is estimated through the formation energy
(E), indicating the potential accessibility in the experiment for most of the studied systems, especially for Sc-, Y-,
and Zr-zeolites. Adsorption of CO, on metal sites has two possible configurations: linear vs. bent CO,, depending
on different embedded metals. The concerted binding of CO, with both carbon and oxygen atoms on the metal
center leads to the bent geometry and larger binding energies on metal-zeolites (Zr-, Nb-, Mo-zeolites). Accessible
descriptors associated with the zeolites, adsorbates, and metals are selected to train the adsorption strength index
(), showing good performance [mean absolute error (MAE) = 0.04, R? = 0.88]. The predicted adsorption
selectivity is in agreement with the experimental systems (Co-, Zn-, Cu-, Fe-SSZ-13). It is found that medium-pore-
sized zeolites [pore limiting diameter (PLD) = ~7 A] anchored with Zr, Nb, or Mo are promising materials for the
CO, adsorption and separation. The proposed ML scheme may also be applicable to give a fast prediction of CO,
adsorption and separation ability in other porous metal-organic frameworks or amorphous materials.
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INTRODUCTION

The global climate is undergoing rapid and significant changes as a result of the increasing emissions of
carbon dioxide (CO,) into the atmosphere'". To control and balance CO, emissions to meet global energy
demand, scientists have devised several strategies for carbon capture and separation, including membrane
separation, post-combustion, and amine-containing solvent absorption®. Alternatively, there has been a
notable upsurge in both academic and industrial interest in CO, selective separation that relies on solid
materials™?. Nonetheless, due to the similar kinetic diameter (d) values, separation of CO, (d = 3.3 A) from
nitrogen (d = 3.6 A) and water (d = 2.7 A) is a significant challenge. In general, CO, exhibits a higher affinity
for adsorption on metal atoms compared to N, due to the larger electric quadrupole moment”. The
transition metal can interact with CO, through n-complexation by forming both ¢ bonds and  backdonation.
The adsorption of polar water molecules is unavoidable in some cases since the empty or partially occupied
d orbitals of transition metals can accept electron density from lone-pair electrons of H,O to form o bonds.
The effects of moisture on CO, adsorption are detrimental because of the competition of adsorption sites'®.
In this work, we will characterize these three molecules by their different polarizability values (CO,:
26.3 x 107 cm’ N,: 17.7 x 10*° cm’; H,0: 14.8 x 10*° cm’, Supplementary Table 1).

A wide array of materials, including activated carbons, metal-organic frameworks (MOFs), shale rocks, and
zeolites, have been applied for the selective adsorption capabilities towards CO,”\. Among them, zeolites, a
kind of inorganic porous materials composed of TO, (T = Si, Al, etc.) tetrahedra, have been widely used in
the fields of catalysis, and adsorption/separation owing to large surface areas, various channel sizes, low
costs, and diverse active sites"”"?. It has been reported that N, molecules are favorable to be adsorbed in
zeolites with medium-sized pores (4~8 A) due to the electrostatic interactions between N, and local Si-O-Si
or Al-O-Si units"”. The introduction of metal cations into the framework also provides a good strategy for
zeolite modification to regulate the electrostatic polarization interaction"*. For example, the inert N,
molecules can be activated in Ti-, Co-, and Nb-zeolites to produce the NH, during the nitrogen reduction
reaction"”. The high electronegativity of metal atoms in zeolite facilitates the strong attraction of electrons
from cations, leading to CO, conversion to methanol or methane'>'*"”\. Density functional theory (DFT)
and ab initio molecular dynamics (MD) simulations have been employed to investigate the adsorption and
separation behaviors of CO,, N,, H,0, CH,, C,-C, alcohols, and alkenes in zeolites"**". For example, the
competitive adsorption of H,0 and CO, in zeolite 13X (FAU) was simulated through DFT calculations™".

The combination of metal cations and zeolite topologies gives rise to an extensive chemical space, posing
challenges for exploring the promising material candidates effectively. Recently, an efficient high-
throughput screening strategy has gained prominence for identifying potential materials for CO, adsorption
separation from a vast array of zeolite structures"®". Some experimental parameters, such as formation
pressure, temperature, salinity, etc., have been selected for predicting the shale wettability for CO, capture
and storage'””. It was reported by our group that N, adsorption isotherms can be simulated from binding
energies (E,) and the Langmuir model, where E, can be predicted through three features, i.e., the geometry
of pore limiting diameter (PLD), the size of adsorption cavities (V,q), and the local geometric distortion
(Rp)"”. The N, isotherm has also been utilized as a feature descriptor for porosity by training
convolutional neural networks to predict the CO,/N, separation performance in porous carbons". Textural
properties, such as void fraction (VF), density, and PLD, were chosen as MOF fingerprints to train the
model and then predict the adsorption uptake®. When introducing metal cations into the zeolite
framework, descriptors related to the metal properties, such as average ionization energy difference (3IE)
and the global electronegativity difference (5y) between the metal-zeolites and intermediates, have been
devised as descriptors for charge transfer (CT) prediction without relying on DFT calculations".
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The goal of this work is to identify metal zeolites that exhibit high selectivity for CO, adsorption among the
similar-sized N, and H,O by examining the distinct adsorption strength behaviors of different adsorbates.
The formation energies of 208 metal-zeolites with different Si/Al ratios (X), encompassing five distinct
topological structures (FER, MFI, MOR, CHA, and FAU), are calculated by DFT [Figure 1]. Zeolite
adsorption datasets are further constructed by calculating the E; between adsorbates (CO,/N,/H,0) and
metal-zeolites. Bent configuration of the absorbed CO, is found in metal-zeolites consisting of Sc, Y, and Zr
atoms, leading to a larger binding capability for CO,. With these DFT-derived training sets of 624 binding
energies, the feature learning (FL) method is employed to predict the adsorption selectivity of adsorbates in
metal-zeolites with easily accessible features. The zeolites with Zr, Nb, and Mo atoms anchored on
frameworks with medium PLD, such as CHA, are predicted to be good candidates for the separation of
CO,/N,/H,0 mixtures. The proposed machine learning (ML) scheme holds the potential to give significant
aid in the systematic design and discovery of materials for CO, capture and separation.

MATERIALS AND METHODS

Structural model

In the present work, the selected zeolites are CHA (2 x 2 x 2 supercell), MFI (1 x 1 x 1 primitive cell), MOR
(1 x 1 x 2 supercell), FER (1 x 1 x 2 supercell), and FAU (1 x 1 x 1 primitive cell) in Figure 2A®!. CHA is
characterized by pores connected by 8-membered rings (MR), with a pore size measuring 3.8 x 3.8 A’
[Supplementary Figure 1A]. MFI possesses sinusoidal 10-membered channels and straight 10-membered
channels, with dimensions of 5.3 x 5.6 A* and 5.1 x 5.5 A%, respectively [Supplementary Figure 1B]. MOR
exhibits three distinct types of cavities: the main channel formed by a 12-MR (6.5 x 7.0 A%) with the largest
void [Supplementary Figure 1C], the side pocket formed by an 8-MR (3.4 x 4.8 A%), and the side channel
(2.4 x 5.7 A%). FER is a zeolite with a medium-pore-sized structure [Supplementary Figure 1D] consisting of
two perpendicular intersecting channels: an 8-MR channel (3.4 x 5.4 A*) and a 10-MR channel (4.3 x 5.5 A%).
FAU possesses 12-MR channel openings (7.4 x 7.4 A*) and a cavity with a diameter of approximately 12 A
[Supplementary Figure 1E]. To study the influence of the Si/Al ratios, models were established by replacing
one, two, three, and four silicon atoms with aluminum atoms, respectively [Figure 2B]. The incorporation
of transition metal atoms into the zeolites is necessary to maintain electroneutrality after the substitution of
Si atoms with Al atoms.

Construction of datasets

In this study, the present zeolite adsorption dataset contains DFT data, being grouped as a training set and
test set randomly. The experimental data collected from the literature are chosen as an external test set.
Datasets are composed of 26 kinds of transition metal atoms (3d, 4d, 5d transition metals and a main group
atom Pb) sitting in the zeolites with five kinds of topological structures (FER, MFI, MOR, CHA, and FAU),
whose PLDs are in the range from 6.31 to 11.24 A. CHA, FER, MOR, and MFI are zeolites with medium
PLDs (6.31~7.37 A). The pore in FAU is much larger, possessing a cavity with a diameter of approximately
12 A. So far, the number of International Zeolite Association (IZA) structures has reached ~260. The
selected five kinds of topological structures attracted intensive interest [Supplementary Figure 2]. Among
the pieces of literature, reports of MOR take up 11.7%, followed by MFI, accounting for 9.8%. The
publications of CHA, FER, and FAU have proportions of 9.0%, 6.9%, and 1.8%, respectively. Three
adsorbates, namely N,, CO,, and H,O, in 208 metal-zeolites encompassing five distinct topological
structures, constitute 624 binding energies as datasets, which are divided into a training set and a test set in
a ratio of 90:10.

To estimate the relative stability of the metal-zeolites, the E; of metal-zeolite is calculated by the following
equation.
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Figure 1. Flowchart illustrating the machine learning approach for predicting formation energies and adsorption selectivity of CO, in
metal-zeolites. CO,: Carbon dioxide; DFT: density functional theory; PLD: pore limiting diameter.

E;=Ey,-E;,-uy (1)
where E,;, is the total energy of metal-zeolite, E, is the energy of zeolite, and u,, is the energy of the metal
atom in its most stable bulk structure. Generally, the E; with more negative values indicates a higher
thermodynamical stability.

The E, of adsorbates adsorbed on zeolite is defined as follows.

Eb = Eadsorbates/M—Z - EM—Z - Eadsorbates (2)
where E, ez 18 the total energy of the zeolite complex with adsorbates adsorbed on the zeolite, and E,, ,

and E . Stand for the energies of metal-zeolite and free adsorbates guest, respectively.

The Ideal Adsorbed Solution Theory (IAST) selectivity is calculated by using the pyIAST code, which is
widely used to predict estimated selectivity in experiments”. Herein, to predict the selectivity of adsorbates,
we quantify the adsorption selectivity from the calculated adsorption strength. The adsorption strength
index (I) of adsorbates in zeolites is then defined in equations (3)-(5).
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The adsorption selectivity (S) of adsorbates in zeolites is then defined as equations (6) and (7).

__ I(COz)X(PLD/dco,)® , Pco,
S(COz/Ny) = “IMNa)X(PLD/dn,)° / Py (6)
$(CO,/H,0) = 1(CO,)X(PLD/dco,)® , Pcos ™

1(H20)x(PLD/dn,0)* " Ph,0

where PLD/d, represents the freedom degree of the adsorbates in the cage, and Py, Py, and P, mean
the partial pressure of components CO,, N,, and H,O, respectively.

DFT calculations

For DFT calculations, the CP2K package”” within the Quickstep module was utilized. The Perdew-Burke-
Ernzerhof (PBE) functional® was selected as the exchange-correlation functional. Grimme’s D3 corrections
were used to account for van der Waals interactions. The core electron interaction was treated using the
analytical dual-space-type pseudopotential described by Geodecker-Teter-Hutter (GTH)"**". A molecularly
optimized (MOLOPT) double z valence plus polarization (DZVP) basis set"™ was utilized to treat the
valence electrons. The Broyden-Fletcher-Goldarb-Shanno (BFGS) minimization algorithm®* with hessian
modeling was performed. The optimization process continued until the forces converged to a threshold of
6 x 10* Hartree per bohr. The self-consistent field (SCF) energy convergence criteria were set to 1 x 10°
Hartree. A plane wave expansion for the charge density was utilized with an energy cutoff of 600 Ry.

In order to compare the results from different computational codes, E, of adsorbates on MFI-31 zeolites was
also performed using the Vienna Ab initio Simulation Package (VASP)"", which gave similar results to
CP2K [Supplementary Figure 3]. The projector-augmented wave (PAW) method”” was adopted to describe
the core-valence electron interaction. Perdew, Burke, and Ernzerhof (PBE) form of the generalized gradient
approximation (GGA) was utilized to account for the exchange-correlation among electrons®™. A DFT-D3
method with Grimme with zero-damping was applied to treat the van der Waals interaction®. The plane-
wave cutoff energy of 450 eV was chosen to ensure accuracy. The ions were relaxed until the maximum
force on each atom was below 4 x 107 eV-A", and the total energy was considered converged when it
reached 10° eV within the electronic self-consistent loop. The first Brillouin zones were sampled with
2 x 2 x 3 T-centered k-point meshes.

The charge density difference (called CT) was illustrated with Visualization for Electronic and Structural
Analysis (VESTA) software by the following equation:

CT = qadsorbates - qadsorbares/M—Z (8)
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Figure 2. (A) Five topological structures of zeolites; (B) Electrostatic potential diagram of metal-zeolites with different Si/Al ratios. PLD:
Pore limiting diameter.

Where q,4somaes Tepresents the charge of the free adsorbates guest, and g,q.maesnz Fepresents the charge of
adsorbates in metal-zeolite.

Machine learning

All ML algorithms were implemented using the open-source code Scikit-learn”® and PyTorch package in
the Python3 environment. A total of ten algorithms were employed for the prediction of E, E,, and I. The
selected ML models include Extreme gradient boosting regression (XGBoost)"”, ExtraTrees"”’, Gradient
boosting regression (GBR)"“", Decision tree (DT)", k-nearest neighbor (kNN)™, Least absolute shrinkage
and selection operator (LASSO)"“*, Linear ridge*”, Multiple Linear regression (MLR)", Artificial neural
network (ANN)“, and Support vector regression (SVR)"“. As mentioned above, the collected data
obtained from DFT calculations were randomly shuffled and divided into a training set and a test set in a
ratio of 90:10. A normalization pre-processing step was applied to the ML models in training and
prediction. Three evaluation metrics were selected to assess the prediction errors: the mean absolute error
(MAE), the root-mean-square error (RMSE), and the coefficient of determination values (R*), as described
in equations (9)-(11).
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In the above equation, the y, #;, i means i-th predicted value by ML, the DFT calculation results, and the
average value of DFT calculated results, respectively.

The DFT or experimental data are important to train a ML model in a proper way"*’. In our previous works,
nitrogen and CO, adsorption and activation data have been collected and compiled into the ZA dataset™,
which is expanded to have a total of 234 formation energies, 201,053 binding energies, and 1,082 reaction
energies in this work.

RESULTS AND DISCUSSION

Formation energy prediction

The pore size of zeolites has a great influence on the diffusion and separation of adsorbates. In this study, 26
transition metal atoms are involved in the zeolites with five kinds of topological structures (FER, MFI,
MOR, CHA, FAU), whose PLDs are in a range from 6.31 to 11.24 A [Figure 2A].

It is crucial to predict whether the constructed metal-zeolites could be synthesized in future experiments.
The E; of the metal-zeolite framework is applied to evaluate the thermodynamic stability of the structure. A
criterion that E; < 0 eV is set for evaluating the stability of a candidate. Here, for MFI-type structures,
different Si/Al ratios (Si/Al = 95, 47, 31, 23) are systematically investigated to test the effect of various Si/Al
ratios. By comparing four different Si/Al ratios in the MFI structure [Figure 3A], the increase in the Al sites
(2A1/3Al1/4Al) leads to higher thermodynamic stability (with E;less than 0 V) than the MFI containing only
one Al site in simulation cell with periodic boundary condition (PBC). In the MFI-95 structure (Si/Al
ratio = 95), the metal cation interacts with only one negatively charged site, making it difficult to achieve
efficient electrostatic stabilization, resulting in unstable configurations. It should be noted that better
stabilization occurs when the metal cation directly contacts the four oxygen atoms connected with the Al
atoms. To save computational cost, two Al sites in each PBC cell are selected for metal-zeolites with the
other four topological structures in the following study.

The distribution of Al atoms can be affected by the conditions of synthesis in the presence of monovalent
cations such as Na®*”l. Experimental investigations demonstrated the fact that Al atoms are predominantly
paired in 5-MR and 6-MR in high-silica zeolites such as MOR and MFI"**’. Less than 30% of Al atoms
could exist in an isolated state within a ring. Statistical analysis of Al distribution in FER, MOR, and MFI
zeolites with typical Si/Al ratios also showed the prevalence of short-range Al pairs in 5-MR and 6-MR""**.
In such an energetically favorable configuration, the metal cation coordinated to four adjacent oxygen
atoms.

The embedded 26 kinds of metal atoms include transition metals from 3d (Sc, Ti, V, Cr, Mn, Fe, Co, Ni, Cu,
and Zn), 4d (Y, Zr, Nb, Mo, Ru, Rh, Pd, Ag, and Cd), to 5d (Ta, W, Re, Os, Ir, and Pt) and a main group
metal atom (Pb). The larger size of transition metal atoms in the third period (metal atomic radius, R =
135~175 pm) compared to the size of the zeolite ring results in a less efficient contact between the metal
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Figure 3. (A) Calculated E; of metal atom embedded in the zeolite; (B) The optimized geometric configuration of (B) Zr-CHA-47; (C)
Zr-FER-35; (D) ML model construction for E; prediction by XGBoost algorithm via four features; (E) Feature importance analysis. DFT:
Density functional theory; MAE: mean absolute error; ML: machine learning.

cations and the oxygen atoms connected to the Al atoms, which contributes to a relatively unfavorable E;.

As depicted in Figure 3A, there is a volcano-type curve relationship in the thermodynamic stability of
transition metal atoms in the same period. This relationship is characterized by an initial increase and then
a decrease with the number of d-shell valence electrons. Transition metals with either partially or fully filled
d orbitals exhibit more negative E; values, reaching as low as -10 eV for Sc-MFI-23 and Y-MFI-23. It means
that the d' metal-zeolites (M = Sc, Y), d* metal-zeolites (M = Ti, Zr), and d" metal-zeolites (M = Cu, Zn, Pd,
Ag, and Cd) exhibit stronger stability. From left to right in the same period, the oxidation state of the metal
increases with the number of valence electrons in the d orbitals increases. When the number of electrons in
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the d orbitals reaches 5, the highest oxidation state becomes increasingly unstable. Subsequently, the
oxidation state gradually decreases, leading to an increase in the stability of metal-zeolites, especially for 2Al
substituted zeolites. Thermodynamically stable Zr-CHA-47 [Figure 3B] and Zr-FER-35 [Figure 3C] have
relatively short average coordination distances between Zr and O atoms of 2.26 and 2.18 A, respectively. It is
worth noting that FER exhibits relatively higher stability compared to other zeolites with Si/Al = 95, 47, 31,
and 23.

ML models are further built to predict E to screen out the synthesizable zeolites. Various descriptors of
zeolite structures offer detailed insights into their complex nature®**.. For feature selection, some available
structural descriptors, such as the PLD and R, can be obtained from zeolite structure databases™.

Features related to metal atoms, such as atomic radius (R), atomic number (AN), enthalpy of fusion (A, H),
d-shell valence electron number (Nd), number of the group in the periodic table (N), %, and first ionization
energy (IE), are also utilized to predict E. Some experimental parameters, such as temperature and pressure,
were chosen by other groups®”. Here, we used A, H, which is correlated with temperature and pressure. The
Ay H refers to the amount of heat energy that is absorbed at constant pressure to convert a specific mass of
solid metal from a solid state to a liquid state, which can be found in the CRC Handbook of Chemistry and
Physics"”. A list of selected features is presented in Supplementary Table 2. Some selected data are illustrated
in Supplementary Table 3. As shown in Supplementary Table 4, the descriptors selected in this paper have a
wide range of distribution.

Upon reviewing all the descriptors discussed above, which encompass the structural channels and electronic
properties of zeolites and the physical and chemical properties of metals, the Pearson correlation coefficient
matrix of the ten descriptors is depicted in Supplementary Figure 4. E; exhibits positive correlations with
descriptors such as Nd, A, H, %, Ng, AN, and IE. It can be inferred that an increase of the value of the
aforementioned descriptors implies a higher stability. Some of these features are redundant since some
descriptors are correlated with each other based on the Pearson correlation coefficient matrix. For instance,
Nd shows significant correlations with N and IE. To eliminate redundancy and enhance the prediction
performance of the model, we remove strongly correlated features, resulting in a non-redundant subset of
descriptors. The number of characteristic descriptors for prediction of E; is gradually reduced from the
initial ten features to four. Ultimately, the descriptors of y and Nd are employed to describe the electronic
structure features of the metal sites. The Si/Al ratio and PLD are utilized to describe the local electrostatic
environment and the pore characteristics of zeolites, respectively, for the prediction of E,.

A training set comprising 208 formation energies is utilized to construct ten different ML models, namely
XGBoost, ExtraTrees, GBR, kNN, DT, ANN, MLR, SVR, LASSO, and linear ridge. The performance of
these models is evaluated using the RMSE, MAE, and R* metrics, as described in equations (9)-(11). Grid
search is employed to improve the appropriate parameters for each model through 10-fold cross-validation.
Both the XGBoost and GBR models exhibit impressive performance, with MAE of 0.34 eV, R* of 0.96
[Figure 3D], and MAE of 0.39 eV and R* of 0.95 [Supplementary Figure 5], respectively. It should be
mentioned that ANN was applied to predict CO, adsorption separation on shales”™. In the present work,
the XGBoost algorithm shows better predictive performance. XGBoost belongs to an ensemble algorithm
that constructs an immensely scalable tree-boosting framework by optimizing loss functions with a minimal
amount of resources™. The parameters of the XGBoost algorithm for predicting the E; are listed in
Supplementary Table 5. The importance of the four features, , Si/Al, Nd, and PLD, is determined to be
0.49, 0.22, 0.18, and 0.12, respectively [Figure 3E]. This indicates that the y of the metal significantly
influences the stability prediction. When the four features are further reduced, there is an obvious increase
in the fitting error and a decrease in the coefficient of determination, which suggests that the combination


https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202309/202325-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202309/202325-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202309/202325-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202309/202325-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202309/202325-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202309/202325-SupplementaryMaterials.pdf

Page 10 of 19 Gu et al. J Mater Inf 2023;3:19 | https://dx.doi.org/10.20517/jmi.2023.25

of these four features forms the minimum set required to achieve accurate predictions for E;.

Adsorption strength of adsorbates

Zeolites with different topologies and active sites exhibit different adsorption capacities. CHA has been
demonstrated to display a strong affinity towards adsorbates due to the presence of a potent local electric
field™". The adsorption capacity of zeolites with adsorbates is influenced by several factors, including (i)
topology structures; (ii) the Si/Al ratio; (iii) the type and distribution of extraframework cations; and (iv) the
properties of adsorbates.

Firstly, the size of the pores affects the diffusion properties of guest molecules. Zeolites with excessively
small pore sizes cannot accommodate adsorbate molecules, while those with excessively large pore sizes may
result in weak interactions between the framework and adsorbates. Zeolites with a PLD of 4~8 A exhibits
strong N, adsorption'*”. Again, the PLD of zeolite is selected in FL of adsorbate-zeolite binding energies and
adsorption selectivity. As mentioned above, the similar size of CO,, N,, and H,0 make it difficult to separate
the adsorbates only by pore size, so the impact of electrostatic polarization interaction needs to be further

addressed.

Secondly, the adsorption ability increases as the Si/Al ratio decreases. Zeolites with lower Si/Al ratios exhibit
stronger adsorption abilities, particularly at low pressures®*. The role of Si/Al ratios is rationalized by
modulation of the local electric field around the binding sites. The electrostatic potential of the typical Zn-
zeolites is shown in Figure 2B. The redder the region, the lower the electrostatic potential is. Metals (green
areas) have a higher electrostatic potential, indicating that the metal could become the active site for
adsorption. As the ratio of silicon to aluminum decreases [Figure 2B], the charge of the metal center, q,;,
shows an increasing trend (from 0.75 to 1.35 e). Hence, Si/Al is expected to be an important feature in
describing the electrostatic interaction between the metal-zeolite and adsorbates.

Thirdly, the incorporation of metal cations into zeolites can generate exposed positive charges, which could
serve as strong adsorption sites for CO,. In numerous zeolites, exposed positive charges coming from extra-
framework cations are in balance of the negative charge arising from the substitution of Si*" cations with
Al The presence of extra-framework cations in zeolites significantly affects adsorbate adsorption. Zeolites
with larger cations, such as K cations, often exhibit enhanced adsorption affinity. The adsorption heat of
CO, on alkali metal-FAU zeolites follows the sequence: Li-FAU < Na-FAU < K-FAU"™. Similar trends have
been observed for X zeolites'™. It was found that the group number (N;) is directly associated with y, where
the adsorption energy aligns with the trend of 3. To describe the active metal site, Nd, N, and A, H are
chosen as critical features.

Lastly, the different adsorbates, such as CO,, N,, and H,O, exhibit different adsorption strengths in zeolites.
The different surface species and locations of adsorbates in zeolites have attracted intensive interest. The
adsorption can be physisorption or chemisorption. The chemisorbed species include bidentate carbonates,
monodentate carbonates and carboxylates, etc.”>*. Electrostatic parameters, such as polarizability, dipole
moments, and quadrupole moments, indicate the sensitiveness of adsorbates in electrostatic interaction. In
other words, the local electrostatic field or the polarity is crucial in zeolite adsorbents'”. Given a larger
quadrupole moment and greater polarizability of CO,, it exhibits a stronger electrostatic interaction than N,
and H,O. Thus, the polarizability (called Polar in short) of adsorbates is considered as an important feature
descriptor. Additionally, the size effect (kinetic diameter, d) and electronic properties (number of electrons
in the outermost shell, Np) of the adsorbates are also used to differentiate their characteristics.
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To sum up, a total of 13 characteristics are employed to describe E, between the adsorbates and metal-
zeolites [Figure 4A]. The Pearson’s correlation analysis between zeolite properties, metal properties, and
adsorbate properties is presented in Supplementary Figure 4B. The negative value of the E, between metal-
zeolite and adsorbates indicates a strong adsorption strength. Supplementary Figures 6-8 illustrate the E, of
CO,, N,, and H,O in various zeolite structures, including MFI with 1 Al site (MFI-95), 2 Al sites (MFI-47), 3
Al sites (MFI-31), and 4 Al sites (MFI-23) and MOR, FER, CHA, and FAU topological structures with 2 Al
sites (MOR-47, FER-35, CHA-47, FAU-95, respectively).

For MFI zeolites, as the Si/Al ratio decreases from 95 to 23, the E, of adsorbates decreases by approximately
1 eV overall, indicating the significant impact of electrostatic polarization interaction between the
adsorbates and the zeolites. The features of Polar, Np, and d correlate with each other. Therefore, only Polar
is retained as the feature descriptor for adsorbates. Si/Al and PLD are still kept as features. For metal atoms,
NG, A H, and Nd are selected as descriptors for predicting the E, between adsorbates and zeolites. Based on
these six descriptors (Nd, N, A, H, Polar, Si/Al, and PLD), the E, can be effectively predicted [Figure 4]. To
improve accuracy, a 10-fold cross-validation is performed using grid search to choose appropriate
hyperparameters for ten different algorithms. Among these algorithms, ExtraTrees achieves the best
prediction performance with MAE of 0.14 eV and R® of 0.90 [Figure 4B]. The GBR (MAE = 0.15 eV, R* =
0.88) and XGBoost (MAE = 0.16 eV, R* = 0.86) algorithms also provide reliable prediction results
[Supplementary Figure 5B]. However, linear models, such as MLR, Linear ridge, and LASSO, give poor
prediction performance. The importance of the six features is shown in Figure 4C. It is evident that the
Polar of the adsorbates plays a pivotal role, as indicated by its feature importance.

The adsorption and separation of adsorbates can be achieved by utilizing the shape-selective effects of
zeolites and the unique properties of different metal sites. As shown in Figure 5A, CO, molecules display the
bent or linear configurations, depending on different metal sites. The pre-transition metals (Sc, Ti, Y, Zr,
etc.) have more empty d orbitals, which are easy to form the m-backbonding between metal and CO. The C
and O atoms can be adsorbed on metal (M) sites side by side with the synergistic mode, leading to stronger
adsorption strengths for the bent CO,, particularly in the case of CHA zeolites [Figure 5B]. Linear CO, can
be adsorbed on the d*~d'" metals via the head-to-head coordination between the metal and O atoms in
physisorption mode. The distance between adsorbates (CO,, N,,and H,O) and metal-zeolites are
summarized in Figure 5C. Compared to the linear configuration of CO, adsorbed in metal-zeolites, the
distance between metal and O atoms of bent CO, (d,.,) is shorter, indicating a stronger electrostatic
polarization interaction. CO, shows the bent configuration when the charge of metal is larger than 1.6 e.

The correlation between the charge of the metal and the binding energy indicates that electrostatic
interaction is the dominant factor of the adsorption [Figure 5D]. The CO, molecule with a bent
configuration will also be a starting point for further CO, activation in metal-zeolites.

Selective separation for adsorbates

In order to quantify adsorption selectivity of CO,, N,, and H,O, we define the adsorption selectivity of
adsorbates, S, in equations (6) and (7). The selectivity, S, is determined by the adsorption strength index (I)
with the adsorption energy written in the exponential function. Higher values of the I indicate stronger
adsorption strength. The ML models are further constructed for the I prediction of CO,, N,, and H,O in 208
metal-zeolite systems. The Pearson’s correlation analysis between zeolite, metal, and adsorbate properties is
presented in Supplementary Figure 4C. The above-mentioned six accessible features (Polar, A, H, Si/Al,
PLD, N, and Nd) are also applicable in selectivity prediction. The ExtraTrees model demonstrates good
performance in predicting the I, with R* = 0.88 and MAE = 0.04 [Figure 6A]. The feature importance is
shown in Figure 6B. The parameters of the ExtraTrees algorithm for predicting the adsorption strength
index are listed in Supplementary Table 6. The GBR (MAE = 0.04, R* = 0.83) model exhibited comparable
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prediction performance to the Extratrees model [Supplementary Figure 5C].

In order to further validate the applicability of our prediction model, some external tests of separation
selectivity for experimental reported systems'” are selected. The IAST selectivity is usually calculated by
using the pyIAST code. In this work, we adopted the adsorption strength and amount of the adsorbates to
represent the adsorption quantity. The separation quantity is determined by multiplying I with the volume
ratio of the zeolite cage diameter to the adsorbate diameter (PLD/d)>. The ratio of the separation quantity to
the ratio of the partial pressures of the adsorbates is defined as the separation selectivity [equations (6) and
(7)]. It was reported that transition metal cation-exchanged SSZ-13 (CHA) zeolites have been employed for
CO, capture and separation from N,"”. As listed in Table 1, the selectivity of the reported metal-zeolite
exhibits a trend of Co-SSZ-13 > Zn-SSZ-13 > Cu-SSZ-13 > Fe-SSZ-13, which is qualitatively reproduced by
our predicted selectivity parameters"’.

Subsequently, the ML model is extended to zeolites with other topologies in order to identify highly
selective adsorbents. The selectivity heat map is presented in Supplementary Figure 9. FER zeolites are
highly selective for CO, with low N, uptake, probably being a potential adsorption separation porous
material for CO,/N,. When CO, competes with N, for adsorption, the FER zeolite with PLD = 6.31 A has a
stronger binding strength with CO, than N, among the selected zeolites. FER is characterized by a medium-
pore-sized zeolite that features two perpendicular intersecting channels: an 8-MR channel (3.4 x 5.4 A%) and
a 10-MR channel (4.3 x 5.5 A%). The accessibility of adsorbates to the narrow-pore zeolite cages depends on
the extent of window occupation. Hence, adsorbates enter and diffuse through the 10-MR window, while
the adsorption occurs in the 8-MR cage easily, which matches the size of the adsorbates well. This
observation aligns with our chemical intuitions since a pore with a small PLD restricts the accessibility of
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Table 1. Application of ML models for experimentally reported systems (CO,/N,: 15/85, 298 K, and 101.3 kPa)

Metal-zeolite  Si/Al Gas mixture Separation selectivity (ML in this work) IAST selectivity (Exp. in Ref.")
Co-SSZ-13 9.92 CO,/N, 8.5 40
Zn-S57-13 1062 CO/N, 83 35
Cu-SSZ-13 1031 CO,/N, 8.0 30
Fe-SSZ-13 17.58  CO,/N, 7.6 27

CO,: Carbon dioxide; IAST: Ideal Adsorbed Solution Theory; ML: machine learning.

CO, molecules, and excessively large pores lead to decreased binding strength. Thus, the optimal PLD of the
zeolite is about 7 A for achieving high CO, adsorption selectivity relative to N, [Figure 6C] and H,O
[Figure 6D].

The adverse effects of moisture on CO, adsorption, resulting from competition for adsorption sites, have
been recognized widely**.. Due to the formation of hydrogen bonds between water and the oxygen atoms
in the framework of zeolites, the adsorption of H,O is usually stronger than that of N, and CO, in metal-
zeolites. The separation between CO,, N,, and H,O can be influenced by both kinetics and thermodynamics.
Kinetically, H,O possesses a slightly smaller effective kinetic diameter (d = 2.7 A) compared to N, (d = 3.6 A)
and CO, (d = 3.3 A), facilitating H,O diffusion [Supplementary Table 1]. The diffusion of adsorbates into
and out of zeolites is constrained by the dimensions of the zeolite apertures. These kinetic effects are
particularly prominent for zeolites with effective small and medium pore openings. However, it is difficult
for silicon zeolites to achieve good separation of CO, from the mixed gases with similar kinetic diameters.
Thermodynamically, metal-zeolites may be a good choice to regulate the electrostatic interaction, given the
different polarizability of the adsorbates. In some cases, H,O displays a higher affinity for adsorption relative
to N, and CO, due to its dipole moment, resulting in stronger interactions with the adsorbents"*"*). DFT
calculations have revealed that H,O, with its pronounced dipole moment, exhibits a much higher affinity for
adsorption sites involving exposed metal cations compared to CO,"”. Experimental studies using binary
adsorption measurements for CO, and H,O mixtures in LTA zeolites have also demonstrated a substantial
decrease in CO, adsorption'®”.

Minimizing H,O adsorption is crucial for reducing the energy required for regeneration. The design of
adsorbents with strong CO, binding sites and hydrophobic surfaces presents a huge challenge in the
development of the next generation of CO, adsorption separation materials. It has been suggested that the
Cu-SSZ-13 zeolite may retain its CO, binding energy even in the presence of H,O, showing stronger CO,
adsorption'™!. SSZ-13 is a kind of stable zeolite with chabazite topology consisting of 4-, 6-, and 8-MR. The
corner-sharing Al/SiO, tetrahedra form double 6-MR prisms, which are further connected to create a
supercage (6.7 x 10 A*) with 8-MR windows (approximately 3.8 A). The small pore aperture size of MR
allows for size exclusion of adsorbates, and the pore size can be further adjusted with the incorporation of
different metal cations at the aperture*.

Interestingly, Zr-, Nb-, and Mo-CHA-47 exhibit both large E; and strong adsorption of CO, but lower N,
and H,O uptake [Figure 7], ingeniously addressing the long-standing issue of strong water adsorption
interference. CO, displayed the bent configuration on Zr-, Nb-, and Mo-CHA-47 with the short
coordination distance (dy o = ~2.0 A, dy . = ~2.1 A). The Mo-CHA-47 exhibits the best CO, selectivity and
the highest CT value in the Radar chart. The CT between adsorbates and metal-zeolites shows a similar
trend with the binding strength, indicating that the regulation of electrostatic polarization plays an
important role in the separation selectivity [Supplementary Figure 10]. In general, the magnitude of the
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Figure 5. (A) The distribution of CO, adsorption with bent and linear configurations in the periodic table; (B) the structures of bent and
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and charge of metals. CO,: Carbon dioxide; E,: binding energies.

isosteric enthalpy is within the range of 30-60 kJ/mol, indicating a moderate CO, binding strength
compared to physisorption and chemisorption of CO,'””, which suggests that the zeolite adsorbents can be
easily regenerated. CO,, with its bent configuration, is strongly adsorbed and exhibits difficulty in diffusion.
The projected density of states (PDOS) in Figure 7 also indicates the significant contribution of CO,
molecules and d orbitals of metals around the Fermi surface. In summary, Zr, Nb, and Mo, anchored on
medium-pore-size zeolites (PLD = ~7 A), show promise for the separation of CO,, N,, and H,O, making
them potential candidates for adsorption and separation candidates.
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Figure 6. (A) ML model construction for | prediction by ExtraTrees algorithm via six features; (B) Feature importance analysis. The
adsorption selectivity heat map of (C) CO,/N,; (D) CO,/H,0 and the promising structures of Zr-CHA-47, Nb-CHA-47, and Mo-CHA-
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CONCLUSIONS

In conclusion, we present a ML model to find suitable candidate zeolites that can effectively separate the
CO, among the mixed gas (N, and H,0). The regulation of electrostatic polarization interaction could
improve the selectivity of CO, in zeolites despite the similar kinetic diameter of CO,, N,, and H,O. It is
found that medium-pore-sized zeolites (PLD = ~7 A) containing transition metals (Zr, Nb, or Mo) are
predicted to possess high CO, adsorption separation selectivity based on the binding strength between the
framework and adsorbates. More CT occurs between metals (Zr, Nb, or Mo) and CO, than N, and H,O,
leading to stronger adsorption affinity. The ML models of XGBoost and ExtraTrees algorithms provide
reliable predictions for E,, E,, and I with easily available descriptors, including metal center, electronic, and
geometry descriptors. The ML models can be transferred to predict experimentally reported systems (Co-,
Zn-, Cu-, Fe-S§Z-13). The present work provides an efficient tool to give a quick prediction of CO,
selectivity to accelerate the discovery of separation materials. The generalization ability of current ML
models could be further improved by enlarging the dataset. It is also expected that the model could be
extended to predict adsorption selectivity of other adsorbates in other porous MOFs and solid materials.
The chemisorption of CO, on metal-zeolites will be explored further to screen out the high-performing
catalysts in future work. A comprehensive atomistic view on adsorption of the adsorbates on various
materials provides a useful strategy for designing target-oriented catalysts for capture, separation, and even
catalysis with the combination of theoretical calculations and ML.
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