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Abstract: Rising COz levels, largely from flue gas emissions, are a significant contributor to
global climate change. Adsorption using Metal-Organic Frameworks (MOFs) offers a
promising solution for CO> capture due to their high surface area, tunable porosity, and
selectivity. To streamline the discovery of efficient MOFs, we developed a high-throughput
virtual screening (HTVS) pipeline by integrating Grand-Canonical Monte Carlo (GCMC)
simulations, molecular modeling and machine learning. We screened a filtered subset of the
CoREMOF database and a user-defined hypothetical MOF bank to identify candidates with
high CO» adsorption capacity and selectivity. This approach yielded several high-performing
MOFs, including five from the COREMOF dataset and a new structure from the hypothetical
bank exceeding the performance of existing MOFs. Our findings highlight the complex
relationship between MOF geometries and CO; capture performance, emphasizing the
importance of features like open metal sites and pore geometry. This computational
framework accelerates MOF discovery and provides valuable insights for experimental
synthesis. Future work will focus on expanding the hypothetical MOF dataset, improving
simulation accuracy, and employing advanced optimization techniques to enhance the
screening process.

Keywords: Metal-organic frameworks, CO» capture, molecule simulations, machine learning,
multi-fidelity virtual screening.

1. Introduction

Flue gas is a major contributor to the rising CO: level in today’s atmosphere, consisting of
approximately 80% of the CO, emission each year[1, 2].These high CO- levels trap heat from the sun,
forcing temperatures to rise on a global scale. To mitigate this new phenomenon, one strategy is to
remove CO; from the atmosphere, allowing more heat to radiate into space. Several strategies have
been considered to remove CO; from the atmosphere, some being reducing energy needs overall,
increasing efficiency of energy use and production, transitioning to low or non-carbon energy sources,
or capturing carbon from the atmosphere[3, 4]. While reducing energy needs, increasing efficiency,
and transitioning to green energy sources are not realistic, both in terms of economy and timescale,
capturing carbon from the atmosphere offers a both cheap and immediate solution. Furthermore, the
captured carbon can be repurposed as feedstock for industrial chemical production[5].

© 2025 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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There are a wide range of CO; capture techniques, including absorption, adsorption, membrane,
biological capture, and cryogenic separation[6]. They have been exploited in different technological
pathways, such as post combustion capture, pre-combustion capture, ambient air capture, and the
relatively new oxy-combustion and chemical looping combustion (CLC) processes[6]. The CO»
concentrations from different processes vary drastically and thus require different techniques to
capture the CO,. For example, the flue gas resulting from pre-combustion contains high partial
pressure of CO> and is suitable for chemical absorption using liquid amine-based approaches, such
as the commercially available amine scrubbing[7]. In contrast, the flue gas from post-combustion of
fossil fuels has low partial pressure of CO> that ranges from 0.03 ~ 0.19 atm, around 10-fold lower
than that in the flue gas from pre-combustion process or oxy-combustion, making it suitable for
adsorption-based techniques[8]. This low partial pressure usually results in low efficiency in capture
and high cost from widespread deployment. Therefore, there is an urgent need to develop cost-
effective materials that have high CO; capacity, selectivity and are easily deployable in different
plants.

Adsorption is widely regarded as a promising technology for CO» capture as it can be retrofitted
to any power plant, operated under various conditions with relatively high adsorption capacity, high
COs> selectivity, and low energy requirement for regeneration[9]. Metal-organic frameworks are a
relatively new class of materials that can be used in adsorption technologies[4,10]. They are
synthesized by self-assembly of metal nodes and organic linkers[11,12]. Due to its reticular structure,
MOFs have exceptionally high surface area and pore volume, and by varying the nodes and linkers,
nearly infinite variations of MOFs can be produced[13]. Therefore, MOFs can readily be tuned to
maximize CO» capacity, selectivity, and efficiency, which makes them an attractive option for CO»
capture. However, the enormous number of possible MOFs makes experimental synthesis and
characterization impractical[ 14]. Therefore, using computers to model the interactions and adsorption
between MOFs and the gasses is less resource demanding, allowing the screening of a large number
of MOFs in a relatively short amount of time.

In this regard, a wide range of modeling protocols can be applied, including density-functional
theory (DFT) calculations[15], classical molecular dynamics (MD) simulations[16], and classical
Grand-Canonical Monte-Carlo (GCMC) simulations[17]. DFT calculation is deemed to be the most
accurate but comes with an extremely high computational burden. In a context of high throughput
virtual screening (HTVS), classical simulations can be a particularly useful tool for obtaining the CO»
capacity and selectivity of MOF banks containing thousands of MOFs[18]. In addition, with the
development of large MOF databases (e.g., COREMOF, hMOF), diverse machine learning (ML)
techniques relying on crystal graph featurization of MOFs have been prevalent for data-driven
materials design and larger materials space exploration. Successful examples include NU-800 for
methane storage[19] and SBMOF-1[20] for Xe/Kr separation from HTVS pipelines.

Here, we develop an HTVS pipeline to screen MOFs for CO» separation from flue gas mixture by
integrating GCMC simulations, surrogate ML model development, and user-defined MOF databank
generation and screening. We first filter the COREMOF database and acquire a subset of experimental
MOFs for GCMC simulations to construct the labeled dataset constituting CO» adsorption capacity
and selectivity. The labeled database is then utilized to finetune a pre-trained MOF Transformer model
as the surrogate model for subsequent prediction tasks. Finally, to explore the hypothetical MOFs
(i.e., generated in silico but not experimentally available), we generate a user-defined MOF bank and
apply the surrogate model to preliminarily rank the putative MOF candidates. The selected ones are
subjected to a final round of higher-fidelity GCMC simulations and proposed as the novel MOFs with
superior performances. The computational workflow can be readily repurposed for different gas
separation applications using MOF materials and is anticipated to significantly facilitate the MOF
materials discovery and design. From the computational workflow, we have successfully identified
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five MOFs that possess high adsorption capacity or selectivity from the filtered COREMOF dataset.
Moving forward towards a larger user-generated MOF database, one new MOF with higher
performances has been identified, leading to a total of six potential MOFs for experimental synthesis
and characterization for CO, capture, and hopefully making contributions to CO reduction in real
life.

2. Methods
2.1. Curation and Selection of COREMOF Database

For the initial MOF database, we used the most recent COREMOF 2019 database[21] taken from the
MOFXdb website[22], which contains 12020 clean MOF structures. Before running GCMC
simulations on the COREMOF database, we need to filter out the MOFs based on their geometric
properties and prior knowledge. In addition, to reduce the computational burden, we applied more
stringent conditions. MOFs with a pore limiting diameter (PLD) smaller than 3.8 A, a largest cavity
diameter (LCD) larger than 10 A, a unit cell with over 300 atoms, and a gravimetric surface area
(GSA) less than 1000, are removed from subsequent calculations. The rationale is that the PLD should
be large enough to accommodate both Na (D = 3.6 A) and CO, (D = 3.3 A) molecules for the
calculation of selectivity, and that high LCD in MOFs loses high selectivity[23, 24]. Also, MOFs
with high surface areas are expected to possess higher gas storage capacities. Finally, in total we
narrowed the search space down to 1989 which is acceptable in the context of our computational
resources. One thing to note is that, in the filtration process, the geometric properties were obtained
directly from the MOFXdb database, and some of them are erroneous, and thus we used Zeo++[25],
to recalculate the geometric properties using a N> probe size of 1.86 A, in accordance with the
diameter of N».

2.2. GCMC Simulations for CO; Adsorption Capacity and Selectivity

Grand Canonical Monte Carlo (GCMC) simulations can accurately capture the gas uptakes in porous
materials. In our case, we implemented the GCMC simulations in RASPA2 simulation codes[26] to
evaluate the CO; adsorption in a binary gas mixture of CO2 and N> in a 0.15 to 0.85 ratio, mimicking
the general flue gas composition from post-combustion of fossil fuels[27]. The adsorption pressure
and temperature were set to 1.0 bar and 298 K, respectively. The MOF frameworks were treated as
rigid, and the pair potentials were described by a Lennard-Jones (LJ) potential using the UFF force
field[28] as it can be applied to a wide range of elements. The charges of MOFs were obtained using
the Qeq method[29, 30] to describe the electrostatic interactions. The TraPPE force field[31, 32] was
used for small molecules, which is suitable for studying phase equilibria. The cutoff distances for the
interactions are 13 A for both gas molecules and the MOF. To evaluate the performance of a MOF
for CO; capture from flue gas, we used the adsorption capacity for CO2 (N) and the selectivity for
CO; over N2 (S) as the metrics[33],
_ xcoz/ XN,
Yco, / yNg’

where x denotes the concentration of a gas in the MOF and y indicates the concentration of a gas in
the environment. For a MOF to be optimal, one would expect high storage capacity and high
selectivity.
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2.3. Fine-tuning the MOFTransformer Model

Once we obtain the labeled data, we can develop a surrogate model for the prediction tasks of CO>
adsorption capacity and selectivity of an unknown MOF. Preliminary results show that using
geometric features failed to perform well due to the poor correlations. Thus, we employed more
complicated featurization of MOFs and fine-tuned a pre-trained deep learning model to achieve this
purpose. Crystal graphs have been employed for MOF embedding and have achieved good
performances in predictions of diverse MOF properties, including adsorption, diffusion,
outperforming other deep-learning models[34].

Among the deep learning models, the MOFTransformer emerges as the state-of-art model. It is a
multi-model trained on 1 million hypothetical MOFs using an integrated atom-based graph and
energy-grid embeddings[35]. Crystal graph data include nodes for MOF atoms and edges for
connections between atoms, with the nodes and edges being characterized by vectors that correspond
to the atoms and bonds in the crystal to capture the local chemical feature of MOFs[34]. Energy grid
representation is very similar to a potential energy surface, which creates a 3D energy image to
represent the global features of MOFs. Under the hypothesis that the MOFTranformer model has
extracted a meaningful latent representation of the key structural MOF properties, it can thus be
finetuned for subsequent tasks. This transfer learning technique can be enormously beneficial when
the labeled dataset is small[36].

We did the finetuning by converting all the MOFs into graph data and energy grid data, and the
maximum super cell length was increased to 160 A. The data was subdivided into 3 sets for a
0.8:0.1:0.1 train-validation-test split. The use of a validation partition was necessary to assist in
monitoring the training process and avoiding overfitting due to our small data size. During training,
the max epoch number was set to 50 and the batch size was [37]. Two models were separately trained
for CO» capacity and selectivity using the same data. The trained model was then used as a
preliminary screening tool for a large MOF dataset.

2.4. MOF Database Generation and Optimization

A prerequisite for large-scale screening is the access to a large number of MOFs. Over the decades,
several databases of MOFs have been developed for experimental MOFs (CoREMOF21, CSD36,
etc.). Even with the large number of MOFs in these databases, especially CoOREMOF, the MOFs
exhibit poor topological diversity, and thus there is potentially a huge, unexplored MOF space that
may open up a new avenue for MOF materials. In this context, computational screening offers a
feasible way to efficiently explore MOFs in a short amount of time.

To build our own MOF dataset for CO; capture, the ToBaCCo codes[38-40] were used by
combining different nodes and linkers to fit in a topology net to construct MOFs[41]. For the metal
clusters, we decomposed the MOFs using MOFID[42] and found the three most abundant metals in
the top-tier MOFs. The linkers were taken from the ToBaCCo codes excluding ones containing
halogen, sulfur, and porphyrin moieties. In addition, we designed a set of NH> rich linkers based on
the prior knowledge that NH> in MOFs may increase the CO» capture[43, 44]. The generated MOFs
were pre-filtered so that the atoms in the unit cell do not exceed 400 atoms, based on the fact that
large MOFs are not experimentally feasible to synthesize. In total, we obtained 5699 MOF structures,
3 times larger than the calculated dataset.

Since the ToBaCCo code generates MOFs purely relying on the geometry matching, the resulting
structures may include severe atomic overlap or structure strains, which will lead to inaccuracy of the
MOF geometric property calculations. Thus, we used molecular dynamics (MD) simulations to relax
the unit cells of the generated MOFs. MD simulation analyzes physical movements of atoms through
simulating their interactions and dynamic evolution of the system. In our work, MD simulations were
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conducted using the Large-scale Atomic/Molecular Massively Parallel Simulator (LAMMPS)44
developed by Sandia National Laboratory. The cif2lammps[46] tool was used to generate the input
files for LAMMPS with implementation of the UFF4AMOF[47] force field containing corrected
parameters for copper-paddle wheel metal nodes to represent the interatomic interaction. For structure
energy minimization, a multi-stage scheme was performed. First, the box size and atom coordinates
were minimized simultaneously. Secondly, the atomic coordinates were relaxed by fixing the box.
Then a short NPT equilibration was conducted followed by an additional round of energy
minimization. The final structures were then converted back to CIF format to give the final
hypothetical MOF dataset using the atomic simulation environment (ASE)[48].

3.  Results
3.1. Identification of Top MOFs from CoREMOF Dataset

From the GCMC calculations on the selected COREMOF dataset, the CO> adsorption capacity and
selectivity adsorption in a simulated flue gas show a wide span among the 1411 MOF structures
(excluding the pure inorganic solids). The adsorption capacity ranges from 0.0004 to 21.925 mol/kg
and the selectivity ranges from 0.0013 to 707092.54 (Figure 1a). In addition, we observe that over
50% of the MOFs are located in the lower performance region, with selectivity lower than 100 and
capacity lower than 5 kg/mol, indicating the challenges for finding the MOFs with exceptional
performances in both capacity and selectivity. Even so, we are able to identify exceptional MOFs that
are potential for experimental testing. To define the overall performance of MOFs, we took both the
capacity and selectivity into consideration by using the Pareto front to indicate the best MOFs from
the calculations (Figure 1a). The candidates possess either high selectivity, high capacity or balance
between the two, and are shown in Figure 1b.
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Figure 1: Identification of the top performing MOFs for CO; separation. (a) Hexbin plot of the CO;
adsorption capacity and the logl0O selectivity of the MOFs in the COREMOF dataset. (b) The
visualization of the structures of top 5 MOFs on the pareto front. The structures are visualized by
Avogadro software. The orange arrows indicate the open metal sites within the MOF structure.

All five MOF candidates show characteristics of rich open metal sites (non-fully coordinated metal
atoms) in the structures as indicated by the orange arrows, suggesting that creating open metal sites
can potentially increase the selective CO; adsorption capacity[49]. This is in accordance with the
previous reports that open metal sites can offer additional interaction sites for CO> to adsorb into the
MOFs[50,51]. In the DONNIE and DOTTEM MOFs, it is found that the metals in these MOFs, Al
and Ga, are shown to have strong interactions with CO> [52]. In addition, all these MOFs represent
small pores and channels that help accommodate CO> molecules. Overall, the results highlight the
importance of metal types, geometric properties, and existence of open metal sites, in designing
MOFs with high CO; capture performance in a simulated flue gas.
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3.2. Can Simple Geometric Properties Indicate MOF Performance?

Following the creation of the Pareto front, we want to determine whether CO, adsorption capacity
and selectivity can be inferred from simple geometric descriptors, such as surface area or pore
diameters. If there is a strong correlation, then we can use these properties to predict the performance
of a MOF without running the resource intensive simulations, which would allow us to conduct large
throughput screenings. In total, we considered GSA, GAV, inverse density, LCD, PLD, and VF and
computed their Pearson correlation coefficients (R) for each. However, we found a weak correlation
between the CO, adsorption capacity and MOF geometry including GSA and GAV , while no
correlation was found for selectivity with R values of around 0 for all (Figure 2a).

It is observed that MOFs with high GAV tend to have poor capacity and selectivity. The low
correlation of the GAV with the adsorption capacity is counterintuitive, as one would expect that a
large volume would allow for a higher adsorption capacity. This may happen because despite the
large volume, the attraction is not strong enough to adsorb a sizable amount of CO, molecules. A
similar explanation can also be applied to the GSA, which also has a low correlation with adsorption
capacity. Combining the results with those from Section 3.1, we conclude that the CO, adsorption
behavior within MOFs is a complex problem involving factors such as metal types, balance between
geometric properties, and existence of open metal sites, and thus cannot be inferred by simple
geometric properties.
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Figure 2: Structure property analysis of the CO; capacity and selectivity. The color bars show the
values of GSA (a), GAV (b), VF (c), inverse density (d), PLD (e), and LCD (e). The insets show the
Pearson correlation coefficient R of each geometric property.

3.3. Multi-Scale Screening of a Hypothetical MOF Dataset

Having successfully identified top MOFs from the selected COREMOF database, we then set off to
construct a user-defined hypothetical MOF dataset and to perform a multi-scale screening to find new
high-performance MOFs. Within the multi-scale screening, we first develop a surrogate model built
on MOFTransformer, then select a subset of MOFs with potential high performance based on the
prediction, and finally propose new structures by an additional round of GCMC calculation.

3.3.1. Putative MOF Databank Generation and Optimization

To generate our own hypothetical MOF dataset, we employed the ToBaCCo codes, which is suitable
for large-scale MOF generation. As indicated in Section 3.1, high-performance MOFs are usually
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rich in open metal sites and include specific metals. However, it is not feasible to create MOFs with
all possible metal types when we generate the library, and thus we performed a metal abundance
analysis in the good MOFs with capacity over 5 mol/kg and selectivity over 10. As shown in Figure
3, the most abundant metals are Mn, Cu, and Eu in these MOF, and thus all the metal clusters in
ToBaCCo containing such metals are used for MOF generation. In addition, to increase the possibility
of finding high-performance MOFs, we included a set of NH; rich linkers, which have been reported
to increase CO; adsorption. All the metal nodes used in MOF generation and the general workflow
are shown in Figure 4a. Among all the metal nodes, the 8c_Mn, 12¢_ Mn, 3¢c_Cu and 4c¢_Cu possess
open metal sites, and may lead to superior MOFs for CO, capture from flue gas.
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Figure 3: Metal abundance analysis of the MOFs with high performance within the COREMOF. The
color scale indicates the occurrence of the metals in the subset.

ToBaCCo purely relies on templates to assemble the MOFs, and thus includes unreasonable
structures such as atomic overlaps and stretch bonds, which may negatively impact the embedding of
MOFs in the following machine learning models. Thus, the structures need to be optimized using a
short MD simulation in LAMMPS which would find the structure at its local minimum and
equilibrium. For example, this simulation allows the disconnected and overlapping parts of the
structure to develop into their natural state, allowing for a more precise and accurate MOF
featurization (Figure 4b). After structural optimization, we acquired 5395 MOFs in total for
subsequent screening.
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Figure 4: Example showing the structure relaxation of a ken MOF. The as-generated structures have
long atom distances (blue dashed circle), and a short MD simulation can eliminate the structural faults
to generate an optimized structure for subsequent ML embedding.
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3.3.2.Development of a Surrogate Model for CO2 Adsorption Capacity and Selectivity

We then aim to develop a machine learning surrogate model that can be used to predict the CO»
capacity and selectivity of the user-defined MOF set. Based on the previous results, for a deep
learning model to capture the performance of CO; adsorption of MOFs, we need to consider both the
geometric and chemical properties of the MOFs. To this regard, MOFTransformer emerges as a useful
tool, within which MOFs are featurized through atom-based graphs and energy grid representation,
which capture the local and global features of the MOFs, respectively. It achieves state-of-art
performances in a number of prediction tasks of MOFs, including gas adsorption, diffusion, and
electronic properties. It is pretrained on 1 million hypothetical MOFs to capture the geometric and
chemical properties of MOFs and can be fine-tuned for subsequent learning by a relatively small
dataset.
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Figure 5: Fine-tuning the MOFTransformer model for CO, capacity and selectivity prediction. Parity
plots showing the predicted and calculated values of the training, validation and test sets for CO»
capacity (a), selectivity trained on a log scale (b). The numbers in the legends are the mean absolute
errors (MAE).

The training dataset consists of all the calculated MOFs from the CoOREMOF subset, and 303
randomly selected MOFs from the user-defined MOFs so that the model also learns the MOF features
within our own dataset. In Figure 5a-b, we show the parity plot labeled data and prediction from the
surrogate model for each subset of the data. The models show good prediction performances on the
adsorption capacity and the log scale of selectivity, with MAE values being 1.2 and 0.58 for the test
set. The results indicate that the MOFTransformer model can be feasibly fine-tuned to yield favorable
performances for user-defined tasks, and that the surrogate models are ready for pre-screening of our
own dataset.

3.3.3. Discovery of New MOFs For CO; Capture from Flue Gas

Using the fine-tuned MOFTransformer model, we performed a prediction on the MOF library we
generated and visualized the results in Figure 5c. The majority of the predicted structures fall in the
low performance region as we observed in the COREMOF graph. Although we do not see predictions
higher than the previously determined structures, the prediction only provides a general trend and
some of the structures may still be promising to become good candidates. Therefore, we define the
high-performance region to be the area above the arbitrary threshold, and the 273 MOFs located
above the line are subjected to more accurate GCMC calculations (Figure 5c¢).
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Figure 6: Screening of the hypothetical MOF library. (a) The top-performing MOFs emerging from
our hypothetical MOF library embedded in the previous COREMOF dataset. (b) The illustration
shows a new MOF that extends outside the previous pareto front possessing similar chemistry and
geometry as the proposed ones from the COREMOF dataset.

Combining the previous calculated 303 structures, in total we obtained 576 calculated MOFs from
our library. In Figure 6a, we plot the new MOFs that have an adsorption capacity N > 5 mol/kg and
a log selectivity > 2 against the COREMOF dataset as the potential MOFs. One candidate emerges
beyond the Pareto front showing similar adsorption capacity as DOTTEM but with high selectivity
(Figure 6b). From the MOF structure, we observe similar characteristics showing open metal sites
and similar geometry as the DOTTEM in the COREMOF library. In addition, this MOF also contains
a number of NH> groups that may potentially aid the adsorption of CO», and narrow pore sizes may
help increase the selectivity. These simple rules can be used as valuable references for experiments
to design MOFs for CO, adsorption.

4. Conclusions and Discussions

In this study, we performed computational screening over a selected subset of the COREMOF dataset
and a user-defined hypothetical MOF subset for separating CO; from flue gas. GCMC simulations
were performed under a CO»/N> mixture to calculate the adsorption capacity and selectivity to infer
superior MOFs. From the results, we identified 5 MOFs that possess high capacity or high selectivity,
potentially for experimental testing. In addition, we found that the relationship between capacity or
selectivity and MOF geometries is not monotonic, indicating that other factors, such as metal types,
open metal sites, pore geometries, complicates the design rules of MOFs.

As a step further to design unprecedented MOFs for CO: capture from flue gas, we generated a
user-defined hypothetical MOF dataset based on the compositional analysis of the COREMOF set,
and then developed a surrogate model built upon MOFTransformer to perform the prediction tasks
for new MOFs leveraging the calculated results for COREMOF. Screening over the hypothetical
database led to several new potential MOFs with high performances, with one emerging beyond the
Pareto front with better performance than DOTTEM. The whole screening pipeline can be transferred
to other properties of MOFs such as bandgaps, energy storage, etc. A simple structural analysis of the
proposed existing MOFs and the newly defined MOF indicate that high-performance MOFs are
usually characterized by rich open metal sites, suitable and narrow pores, and potential NHz groups
in the framework. Such design rules can aid experimentalists in the endeavor of development of MOF
materials for efficient CO; capture from flue gas.

In future, we plan to further enrich the compositional diversity of the hypothetical MOF dataset
which can potentially lead to more potent MOF candidates[24, 40, 53, 54]. Also, simulating a flexible
framework in a larger supercell would increase the simulation accuracy to provide higher quality
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data[55, 56]. We also note that the MOFTransformer model is data-hungry and requires sufficient
data to provide good performances. Using an active learning pipeline[57] can potentially avoid the
heavy computation in our current workflow. Last but not least, a structural analysis using
unsupervised machine learning[58] to infer the geometric properties that constitute a good MOF
would be significant for both experimentalists and computational chemists to design new MOFs.
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