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A B S T R A C T

Metal-organic frameworks (MOFs) are attractive materials with easily tunable porous structures. Their selective 
carbon dioxide (CO2) capture ability can be varied by altering the functionality of the organic ligands. However, 
rule-based approaches to tuning and developing MOFs with high CO2 capture and conversion abilities are hin
dered by the numerous possible combinations of metal ions and organic linkers. Recently, machine learning (ML) 
has been applied to unravel key descriptors in predicting the performance of MOFs. This review summarizes 
recent advancements in ML models for MOFs in CO2 capture and utilization, including high-throughput 
screening, neural network interatomic potential, and generative models. The development of sophisticated ML 
models for designing high-performance MOFs will play a critical role in addressing climate change in the future. 
Finally, the main challenges and limitations of current approaches in designing high-performance MOFs are 
discussed.

1. Introduction

The atmospheric carbon dioxide (CO2) level has been identified as 
the major driver for the era ofglobal boiling. Thus, reducing the CO2 
level has become the most urgent issue to resolve for the future of human 
race. As a result, the carbon capture, utilization, and storage (CCUS) 
research field has been remarkably growing [1,2]. Particularly, porous 
materials such as metal-organic frameworks (MOFs) [3], zeolites [4], 
and microporous organic polymers (MOPs) [5] have been widely 
investigated for capturing CO2 via adsorption and absorption.

Among various porous materials, metal-organic frameworks are 
composed of metal ions linked by molecular building units to form a 
reticular structure. MOFs have fascinated materials scientists due to 
their ability to regulate the pore size and structures on a multi- 
dimensional scale with large surface area [6,7]. Additionally, through 
simple and facile synthesis methods, the functionality of MOFs can be 
tuned by varying the organic linkers [8]. Moreover, MOFs can also be 
further functionalized via defect engineering [9], linker exchange [10], 
and mixing metal ions/linkers [11], among other methods. Due to the 
advantages of MOFs’ tunable pore sizes, structure, chemical 

functionality, and combination with other materials, MOFs have been 
extensively applied in various energy devices such as lithium-ion bat
teries [12], gas storage [13,14] and separations [15], catalysis [16], 
supercapacitors [17], and more. Specifically, MOFs have been applied to 
selectively capture CO2 gas from mixed gases [3,18,19]. Furthermore, 
MOFs have demonstrated excellent performance in electrochemically 
converting CO2 into valuable products [20].

However, designing and developing effective MOF is time and labor- 
intensive due to slow synthesis kinetics, trial-and-error based testing, 
and variability in reported performance under non-standardized test 
conditions, which hinder the clarification of scientific performance de
scriptors [21]. The countless possible MOF structures, achieved by 
changing metal ions and organic linkers, further complicate this process 
[22]. Therefore, high-throughput traditional calculations are imprac
tical for screening desired MOF candidates. In this context, machine 
learning (ML) can play a crucial role in unraveling the relation between 
MOF structure and performance by screening thousands of compounds 
in seconds prior to synthesis and test their performances [23,24].

In this review, we briefly discuss applications of artificial intelligence 
(AI) and ML in MOF discovery for carbon capture and guide readers 
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interested in applying state-of-the-art techniques. We cover the combi
nation of AI and ML techniques with classical quantum chemical simu
lations or state-of-the-art techniques for capturing structure- 
performance relationships. In Section 2, we introduce the type of con
tributions of ML workflows. In Section 3, we present available resources 
for ML applications. In Section 4, we discuss ML applications for pre
dicting carbon capture properties of MOFs. Methods for accelerating 
molecular simulations to obtain interpretable and reliable results rather 
than relying on the black box of AI, are covered in Section 5. Section 6
reviews studies that expand the MOF space that can be explored with 
generative models. Finally, we outline the directions we consider most 
important for further progress by addressing the current opportunities 
and challenges in this field.

2. Machine learning workflows

ML is a subset of AI that involves training algorithms to identify 
patterns in data and make predictions without explicit programming. It 
leverages statistical techniques to enable machines to improve their 
performance on a task through experience. Key types of ML include 
supervised learning (learning from labeled data), unsupervised learning 
(finding hidden patterns in unlabeled data), and reinforcement learning 
(learning through rewards and punishments).

Basically, supervised learning aims to find a function that best de
scribes the relationship between data and labels. Therefore, the most 
basic and important task is to collect high-quality data to train the 

model. These data can be divided into computational data based on 
quantum chemical simulations and experimental data. Traditionally, 
human scientists analyzed literatures manually and extracted experi
mental data, but today, chatbots can be used to automatically extract 
structured data from literatures. The most common task of ML appli
cations for MOF discovery is predicting the properties of a given MOF by 
developing quantitative structure-property relationships. Trained 
property prediction models can be applied as filters in large-scale 
screening tasks. It can also be used in an active learning strategy to 
reduce data labeling costs by quantifying uncertainties in ML pre
dictions. Next, an ML model can be trained to predict potential energy 
surface using the results of quantum chemical calculations such as 
density functional theory (DFT) as labels. A model trained in this way 
can perform a variety of simulations at a much faster rate than DFT. 
Finally, generative AI models expand the explorable candidate space to 
discover new MOFs to the entire chemical space instead of relying on 
existing databases. These major research streams are shown in Fig. 1.

3. Data preparation

3.1. Available databases

The quantity and quality of data are key factors in the discovery of 
materials. Data can be collected from available databases (Table 1) or 
published papers. The database includes various types of data, which 
originates from experiments, and simulations.

Fig. 1. ML workflows for MOF discovery. (a) Data preparation for training ML models. (b) Property prediction models for high-throughput screening. Active learning 
for achieving data efficiency also relies on predictive ML models. (c) Accelerating molecular simulations using ML interatomic potential. (d) Expanding chemical 
space to explore using generative AI.
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Due to the continued development of quantum chemical simulation 
technology and the demand for machine learning research, efforts to 
secure large-scale data have continued. hMOF [25] is one of early ef
forts. 137,953 hypothetical MOFs were generated from a library of 102 
building blocks and properties such as the surface area, pore-size dis
tribution, and methane-storage capacity were calculated for each one 
using Grand Canonical Monte Carlo (GCMC). Chung et al. [26] devel
oped a database of 4764 MOF structures based on experimental data, 
designed to be immediately applicable for molecular simulations, 
known as the computation-ready, experimental (CoRE) MOF database. 
CoRE MOF [27] was expanded to include 14,142 MOFs through 
follow-up studies. Moghadam et al. [28] reported a collection including 
69,666 MOFs from subset of Cambridge Crystallographic Data Centre 
(CCDC). After residual solvent removal via CSD Python API, Geometric 
and physical properties were calculated such as surface area, pore vol
ume, pore limiting diameter (PLD), the largest cavity diameter (LCD), 
void fraction, and density. Boyd et al. [29] generated a library of 324, 
426 hypothetical MOFs and perform screening each MOF for its CO2/N2 
selectivity and its CO2 working capacity. Using a method to assemble 
these materials with topological blueprints, only materials that could be 
accurately represented with the MEPO-QEq charge generation method 
are selected. By ensuring that the electrostatic potential is accurately 
represented in these materials, screening for CO2 adsorption properties 
would result in very few false positives/negatives.

Rosen et al. [30] introduce the Quantum MOF (QMOF) database, a 
publicly available database of computed quantum-chemical properties, 
such as those based on the electronic, optical, magnetic, and/or catalytic 
properties of MOFs, for 14,482 experimentally synthesized MOFs. 
Sriram et al. [31] introduced a dataset named Open DAC 2023 

(ODAC23) consisting of more than 38 M DFT calculations on more than 
8412 MOF materials containing adsorbed CO2 and/or H2O for direct air 
capture (DAC). Burner et al. [32] introduces the ab initio REPEAT 
charge MOF (ARC–MOF) database of 279,610 MOFs which have been 
either experimentally characterized or computationally generated, 
spanning all publicly available MOF databases. ARC–MOF contains both 
experimentally characterized and hMOF structures taken from several 
different sources. ARC–MOF sufficiently spans the overall chemical 
space, and that it is sufficiently balanced with respect to geometric 
properties, as well as ligand chemistry. However, ARC–MOF suffers from 
being highly unbalanced with respect to metal chemistry, a well-known 
flaw of current hMOF databases. Glasby et al. [33] generated the Dig
iMOF database by adapting the chemistry-aware natural language pro
cessing tool, ChemDataExtractor (CDE). Using the CDE web scraping 
package alongside the Cambridge Structural Database (CSD) MOF sub
set, they automatically downloaded 43,281 unique MOF journal articles, 
extracted 15,501 unique MOF materials, and text-mined over 52,680 
associated properties including the synthesis method, solvent, organic 
linker, metal precursor, and topology.

Overall, scientists now have access to several publicly available da
tabases containing more than hundreds of thousands of MOFs. Under
standing the history of research efforts to build a useful MOF database is 
essential for developing new ML models. An appropriate database must 
be selected to identify MOFs that can achieve effective carbon uptake. It 
also remains challenges to understand the biases remaining in public 
databases and to build new ones to eliminate them.

3.2. Performance metrics

In supervised ML, evaluating the performance of regression models is 
crucial to understand how well a model predicts continuous outcomes. 
Common performance metrics include Root Mean Square Error (RMSE), 
Mean Absolute Error (MAE), and the coefficient of determination (R2).

3.2.1. Root Mean Square Error (RMSE)
RMSE measures the square root of the average squared differences 

between predicted values (ŷi) and actual values (yi). It is sensitive to 
large errors, making it useful when larger errors are particularly unde
sirable. The formula for RMSE is: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(ŷi − yi)

2

√

where n is the number of observations.

3.2.2. Mean Absolute Error (MAE)
MAE calculates the average of the absolute differences between 

predicted and actual values. Unlike RMSE, it does not square the errors, 
so it provides a linear score that is easy to interpret. The formula for MAE 
is: 

MAE =
1
n
∑n

i=1
|ŷi − yi|

MAE is less sensitive to outliers compared to RMSE, making it a 
better choice when all errors are equally important.

3.2.3. Coefficient of determination (R2)
R2 indicates the proportion of the variance in the dependent variable 

that is predictable from the independent variables. It provides a measure 
of how well the model’s predictions approximate the actual data points. 
The formula for R2 is: 

R2 = 1 −

∑n
i=1(ŷi − yi)

2

∑n
i=1(y − yi)

2 

where y is the mean of the actual values. An R2 value closer to 1 indicates 

Table 1 
Publicly accessible databases of metal-organic frameworks.

Name Datasize Description

hMOF [25] 137,953 MOFs Hypothetical MOFs were generated 
from a building block library and 
surface area, pore-size distribution, and 
methane-storage capacity were 
calculated.

CSD MOF 
subset [28]

69,666 MOFs A collection including 69,666 MOFs 
from a subset of Cambridge 
Crystallographic Data Centre (CCDC). 
Geometric and physical properties were 
calculated.

Boyd 
Materials 
Cloud [29]

324,426 MOFs A library of hypothetical MOFs 
screened for CO2/N2 selectivity and 
CO2 working capacity, with accurate 
electrostatic potential representation.

CoRE MOF 
[27]

14,142 MOFs An expanded database of computation- 
ready, experimental MOFs derived from 
experimental data suitable for 
molecular simulations

QMOF [30] 15,713 MOFs experimentally characterized MOFs 
after structure relaxation via DFT, 
including but not limited to optimized 
geometries, energies, band gaps, charge 
densities, density of states, partial 
charges, spin densities, and bond 
orders.

Open DAC 
[31]

38 M DFT calculations 
from 170 K DFT 
relaxations

More than 38 M DFT calculations on 
more than 8412 MOF materials 
containing adsorbed CO2 and/or H2O 
for direct air capture.

ARC-MOF 
[32]

279,610 MOFs A database of 279,610 MOFs which 
have been either experimentally 
characterized or computationally 
generated, spanning all publicly 
available MOF databases.

DigiMOF [33] 15,510 MOFs Generated by adapting the chemistry- 
aware natural language processing tool, 
ChemDataExtractor, extracting data 
from unique MOF journal articles.
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a better fit of the model to the data, while an R2 value of 0 means the 
model does not explain any of the variability in the target variable.

Although RMSE and MAE are frequently used to evaluate model 
predictions, these metrics alone may not adequately represent the 
model’s generalization capability. In such cases, including the R2 metric 
can provide a more comprehensive evaluation of the model’s 
performance.

4. Prediction of CO2 capture and conversion property of MOFs

4.1. Traditional ML

There are some advantages of traditional ML algorithms over DL. 
First, traditional MLs can perform effectively with relatively small 
amount of data while DL often requires large datasets. And traditional 
MLs are generally easier to interpret. For example, decision trees and 
linear regression provide clear insights into how the model makes de
cisions while DL models considered black box. Traditional ML can easily 
integrate domain knowledge through feature engineering. Moreover, 
traditional ML models are often simpler to implement and manage. 
These advantages make traditional ML models more favorable in sce
narios with experimental data, which is expensive and limited, when 
model interpretability is required, or in environments with constrained 
computational resources. In this review, we will focus on use cases 
rather than introducing each traditional ML algorithm.

Due to the above advantages, many studies using traditional ML tend 
to follow the following sequence: 1) Acquire experimental data, 2) 
develop features based on domain knowledge, 3) develop and compare 
multiple models instead of a single ML model, and 4) identify variables 
that have a significant impact on their predictions. This process provides 
low-barrier accessibility to experiment-oriented researchers with 
limited computing resources while identifying important features and 
providing insight into future experiment design.

Bailey et al. [34] implemented a linear model, support vector ma
chine(SVM), decision trees(DT) and gradient boosted decision trees 
(GBDTs) to predict the gas uptake capability of the MOFs. They collected 
589 data from the literatures in which the CO2, H2 and CH4 uptake 
datapoints were 268, 205, and 115 each. Among the tested models, the 
GBDTs demonstrated a superior average R2 value of 0.86. Also, they 
identified temperature, gas type and pressure as the most important 
descriptors in the 51 descriptors.

Gheytanzadeh et al. [35] compared Gaussian process regression 
(GPR) models with various kernel functions such as Matern, Exponen
tial, Squared exponential, and Rational quadratic kernel functions. By 
training with 506 experimental data of MOFs from literatures, the GPR 
model based on exponential kernel function presented the most accurate 
CO2 uptake predictions. In addition, they evaluated that the pressure 
and the surface area of MOF are the most critical factors in the sensitivity 
analysis.

Tsamardinos et al. [36] utilized hMOF database of Snurr group 
together with GCMC simulations to calculate the carbon dioxide and 
methane adsorption capacity. They implemented Random Forest with a 
Just Add Data (JAD) tool to improve the carbon dioxide and methane 
adsorption prediction. This tool showed accuracy in prediction with a 
low number of datasets such as 50 data sets.

Li et al. [37] predicted CO2 adsorption capacity of MOFs using 
random forest, gradient boosting decision tree, light gradient boosting 
machine, and eXtreme gradient boosting machine. By training the 
models with 348 data points from literature, the Random Forest showed 
best performance with R2 value of 0.97. Also, the pressure and tem
perature had the most influential effects in determining the CO2 
adsorption capability. (73 %)

Ozsoysal et al. [38] developed a random forest regression model to 
predict the photocatalytic CO2 reduction performance of MOFs. Their 
model was trained to predict the CO2 reduced liquid and gas products 
such as CH3OH, CO, H2 and HCOOH. By applying 605 datasets extracted 

from the published papers, the R2 values for training, validating, and 
testing were 0.96, 0.94 and 0.60. Their model suggested that the reactor 
volume and the volumetric percentage of the catalysts were crucial 
features in enhancing total gas production rate.

Abdi et al. [39] developed Categorical Boosting (CatBoost), Light 
Gradient Boosting Machine (LightGBM), Extreme Gradient Boosting 
(XGBoost), and Random Forest models to predict CO2 adsorption 
capability of MOFs. They applied 1191 datasets in various temperatures 
and pressure extracted from literatures. In addition, the influence of 
pressure, temperature, specific surface area, and pore volume on the 
CO2 adsorption capacity of MOF was evaluated. From their results, the 
pressure and the specific surface area are the most crucial features in the 
performance of MOFs. Also, the temperature was negatively related to 
the CO2 adsorption capacity. The XGBoost model demonstrated the most 
accurate prediction with a low RMSE value of 0.5682 as well as a high R2 

value of 0.9955.
Ma et al. [40] utilized random forest to unravel the influential fea

tures and predict the CO2 adsorption capacity of porous carbons. They 
collected data of various porous carbons such as MOFs, porous organic 
polymers, biomass and organic salts to train the model and verified by 
analyzing performance of UC800, ZNC650(ZIF-8), and NPC600. The R2 

of their random forest model was over 0.97. Their discovery showed that 
the nitrogen groups in the porous carbon affect the CO2 adsorption ca
pacity significantly at 0–0.15 bar while the micropores are crucial at 
0.15–1 bar.

However, there is a famous conventional wisdom in data-driven 
research: “garbage in garbage out”. While choosing the right ML 
model is crucial, the effectiveness of any ML algorithm fundamentally 
depends on the quality of the input data. Well-prepared and cleaned data 
can significantly enhance the performance of even simple models, 
whereas poor-quality data can lead to inaccurate predictions and un
reliable results, regardless of the complexity of the model used. Data 
cleaning involves removing inconsistencies, handling missing values, 
and ensuring the data is as accurate as possible. This process helps in 
uncovering hidden patterns and insights that are critical for ML model 
training.

4.2. Deep learning

Traditional ML is still powerful, but recently deep learning using 
deep neural networks has been in the spotlight for the following reasons. 
Model performance improves when large amounts of data are accessible 
and provides better results than traditional ML [41]. Advances in par
allel processing technology using GPUs have made it possible to train 
powerful models with performance from massive amounts of data [42]. 
Additionally, features can be automatically extracted from raw data 
input, bypassing feature engineering that requires expert knowledge 
[43]. In this section, we survey studies that have applied different types 
of deep neural networks.

4.2.1. Graph neural network
Graph neural networks (GNNs) have seen increasing applications in 

the field of chemistry over the past few years. A graph is a data structure 
consisting of nodes (also called vertices) and edges (links between 
nodes), making it useful to represent relationships and interactions 
within a set of entities. Deep neural networks are designed to pass in
formation from these nodes in the form of messages through the edge, 
and the structure with this mechanism is called a message passing neural 
network (MPNN) [44]. These structures have proven successful in 
encoding material information and predicting properties, not only in 
molecules but also in crystalline materials [45]. Choudhary et al. [46]
developed a model to predict the CO2 adsorption capability of MOF 
based on Atomistic Line Graph Neural Network (ALIGNN) method. In 
their study, a large-scale dataset consisting of 137,953 simulation-based 
hMOFs was utilized to train the model to fully utilize the potential of the 
DL model. The developed DL model was used to calculate the CO2 

Y.J. Park et al.                                                                                                                                                                                                                                  Journal of CO2 Utilization 89 (2024) 102941 

4 



adsorption capacity for real MOFs reported in the literature, and the 
results showed a good agreement with the experimental values. Based 
on this, the model was applied to the Core MOF 2019 dataset, an 
experimental-based database, to extract MOFs with high CO2 adsorption 
capacity. Among the top 10 MOFs predicted by the DL model to exhibit 
the highest CO2 uptake in CoRE MOF, 9 MOFs were above 10 mol/kg at 
2.5 bar, which is quite high compared to all other well-known experi
mental MOFs. These findings support the approach of utilizing both 
simulation-based and experimental-based datasets in future studies, 
despite the inherent errors in simulations. Moreover, they further 
applied their model to train pore limiting diameter, surface area, void 
fraction, electronic bandgaps, and lowest cavity diameter. Also, they 
performed GCMC validation for the selected candidates.

4.2.2. Transformer
Transformer [47] is the most popular neural network structure in 

machine learning today. In tasks that process sequential data such as 
natural language processing, it has the advantage of parallel processing 
compared to existing recurrent neural networks (RNNs) and the ability 
to explicitly handle long-range dependencies. Transformers allow for 
parallel processing of input sequences, unlike RNNs which process input 
sequentially. This leads to significantly faster training times, especially 
for long sequences Transformers are particularly adept at capturing 
long-range dependencies in data due to their self-attention mechanism, 
which allows every token in the input to directly attend to every other 
token. Transformers have since been proven to have excellent prediction 
performance and scalability not only for sequential data but also for 
other structures such as images and graphs. In this section, we will look 
at several applications of MOF carbon capture, case by case.

Transformer can better handle graph structures by overcoming over- 

squashing, one of the difficulties experienced by existing GNNs [48]. 
Transformers are adept at capturing long-range dependencies due to 
their self-attention mechanism, which considers all pairs of nodes 
regardless of their distance in the graph. Transformers avoid 
over-squashing, an information bottleneck common in most GNNs by 
fully connecting the graph [48]. Chen et al. [49] developed MOFNet 
which is able to accurately predict the adsorption isotherms of 13MOFs. 
The MOF structures were encoded using a hierarchical representation. A 
graph transformer network was implemented to extract chemical fea
tures based on atomic-level information. Through a pressure adaptive 
mechanism, their model could accurately predict adsorption isotherms 
at various pressure ranges. Moreover, through self-attention mecha
nism, they canindicate the structure-property relationships. Zhao et al. 
[50] developed a graph transformer called GC-Trans which utilized the 
features from the crystal diagram to predict the adsorption performance 
of MOFs under binary gas components. Particularly, they applied their 
model to predict the gas adsorption capacity in CO2/CH4 mixture gas.

Transformers can be used to process text input as well as the graph 
structure as an input for MOF property prediction. Cao et al. [51]
developed MOFormer which is based on Transformer deep learning 
method (Fig. 2). MOFormer is able to expedite screening process 
through text string representation of MOF called MOFid(Identification 
Schemes for Metal-Organic Frameworks To Enable Rapid Search and 
Cheminformatics Analysis). Thus, this model does not require gathering 
time-consuming 3D structural information of MOF data and can perform 
more accurate predictions than structure-based crystal graph convolu
tional neural network (CGCNN) [45] with limited data sets. Moreover, 
they designed self-supervised learning framework that maximizes 
cross-correlation between the structure-agnostic transformer and the 
structure-based CGCNN model for the larger combined dataset more 

Fig. 2. (a) MOFid representation for MOF structures using SMILES of secondary building units and topology information. The MOF structure is tokenized, embedded 
with positional encoding, and processed through transformer encoder layers. A multi-layer perceptron (MLP) regression head is used for prediction. (b) Detailed 
structure of the transformer encoder layer. Input embeddings are processed through multi-head attention mechanisms and normalization layers. The multi-head 
attention mechanism involves calculating query (Q), key (K), and value (V) matrices to produce the output embeddings through a softmax operation. (c) Cross- 
modality learning framework combining graph convolutional neural networks (CGCNN) and transformers. MOF structures are encoded into embeddings (ZA and 
ZB) using each encoder. These embeddings are projected into a cross-correlation matrix and optimized to align with an identity matrix, ensuring consistency between 
the two modalities using Barlow Twins loss.
Reproduced with permission: Copyright 2023, ACS Publications [51].
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than 400,000 MOFs. The proposed SSL model between the two modal
ities have improved prediction performance over models trained on a 
single modality. The model predicted CO2 and CH4 gas adsorption under 
various pressure conditions included in the hMOF data.

Large-scale self-supervised pre-training can be used to learn useful 
representations that can be generalized to downstream tasks. Wang et al. 
[52] developed Uni-MOF which is based on three-dimensional MOF 
representation learning for various gas adsorption capacity prediction. 
Uni-MOF is pretrained from two masking tagging task similar with BERT 
[53]: 1) reconstructing the pristine atomic position and 2) predicting the 
type of masked atoms. Over 631,000 datasets on MOF and COF were 
applied to train the model. At the fine-tuning stage, Uni-MOF leverages 
the pretrained structural representation and encoding of various con
ditions to predict the adsorption capacity. Kang et al. [54] reported a 
multi-modal Transformer encoder called MOFTransformer. 1 million 
hypothetical MOFs were applied to train the model. This multi-modal 
model utilizes integrated atom-based graph and energy-grid embed
dings to capture both local and global features of MOFs, respectively. 
Through attention scores within the self-attention layers, 

MOFTransformer can regenerate chemists’ intuitions: H2 uptake and 
diffusivity rely on global features while bandgap relies on local features. 
By using transfer learning from the pretrained model, their model could 
predict diffusion, gas adsorption, electronic properties, and text-mined 
data as well.

5. Accelerating molecular simulations

Molecular simulations, such as GCMC and molecular dynamics (MD), 
provide molecular-level details of gas adsorption processes, revealing 
the interactions between CO2 molecules and the MOF structures which 
these details are often difficult to obtain experimentally. However, 
traditional simulation techniques such as density functional theory and 
classical molecular dynamics suffer from a cost-accuracy trade-off [55, 
56] (Fig. 3a). Machine Learning Interatomic Potentials (MLIPs) are 
computational models that predict the potential energy and forces 
within atoms using ML. MLIP eliminates this trade-off and allows us to 
increase time and length scales at lower cost. This allows larger systems 
to be simulated within a reasonable time. Various ML models, such as 

Fig. 3. Comparative analysis of computational workflow for molecular simulations (a) Efficiency and accuracy comparison of computational methods. (b) Workflow 
for DFT simulation approach based on QMLFF. (c) Visualization of Mg-MOF-74 with a CO2 molecule chemically adsorbed at an open metal site.
Reproduced with permission: Copyright 2023, Publisher ACS Publications. [56].
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GPR, artificial neural networks, and Random Forest, can be used for 
MLIP development. Among these, products using neural networks are 
specifically called neural network interatomic potentials (NNIPs). These 
models can be categorized into the Behler–Parrinello neural networks 
[57] style, which applies neural networks to descriptors that describe 

the local atomic environment of individual atoms to calculate the po
tential energy surface by summing individual results, and the GNN 
family, which utilizes the aforementioned graph data structure.

The dynamics and thermal properties of carbon dioxide in such 
materials are not fully understood in theoretical and experimental 

Fig. 4. (a) Diagrams of ZIFs (zeolitic imidazolate framework; a class of MOFs). (b) To perform GCMC simulations in ZIFs above, an MLP was trained on optimizations 
in ZIF-8 (MLPZIF8). (c) Uptake and heats of adsorption, calculated by GCMC simulations, is shown as curves as a function of the gas pressure. (d) Optimizations of all 
four ZIFs are used to train an MLP (MLPZIF{3,4,6,8}) and applied accordingly.
Reproduced with permission: Copyright 2023, Publisher ACS Publications [62].
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terms. Because of the complexity of amine-appended MOFs, theoretical 
simulations are computationally expensive. Furthermore, developing ab 
initio-quality reactive atomistic potentials for organic–inorganic hybrid 
materials remains a substantial challenge due to the diverse nature of 
atomic interactions, which range from covalent and ionic bonding to 
dispersion. NNIP arises to find a breakthrough to treat cost-accuracy 
trade-off in atomistic simulations. Large ab initio computations are still 
required to construct labels for training, but once trained, substantial 
time is saved in performing atomistic simulations with ab initio accu
racy. The next steps remain are a workflow to construct effective 
training data for NNIP, a neural network structure to capture quantum 
chemical patterns, and high-throughput screening using NNIP simula
tion, and data construction using trained NNIPs.

Eckhoff et al. [58] explored the suitability of NNIP to MOFs, using 
MOF-5 as a benchmark. They showed that their proposed method de
rives a high-quality potential from DFT calculations on only small mo
lecular fragments for the periodic MOF-5 crystal. The resulting NNIP 
named HDNNP, achieved an energy RMSE of 1.6 meV/atom for mo
lecular fragments not included in the training data. HDNNP accurately 
determined the equilibrium lattice constant of MOF-5 bulk with an error 
of apporximately 0.1 % compare to DFT and predict the negative ther
mal expansion behavior. Yang et al. [59] investigated the use of Beh
ler–Parrinello NNs to predict interactions between adsorbates and 
adsorbents for gas adsorption. This may result in an excessive number of 

parameters due to chemically diverse environments of host materials 
since multiple NNs will be required. Instead of directly using the pair 
distances as the inputs for the DNN model, they employed Born–Mayer 
distances, Coulombic interaction, and dispersion multipoles to better 
capture fundamental adsorption behaviors. This approach allows the 
DNN to be up to 100 times faster than classical non-polarizable poten
tials. Shaidu et al. [60] develop an NNIP model for amine-appended 
MOFs and use them to study the vibrational and thermal properties of 
amine-appended MOFs, including heat capacity and the nature of low 
thermal expansion coefficients. By combining the NNIP with simulated 
annealing, a new pathway is proposed to generate initial structures for 
geometry optimization, enabling an atomistic study of the properties of 
carbon dioxide insertion in new amine appendages before experimental 
synthesis. Zheng et al. [56] introduced NNIP named quantum-informed 
machine-learning force fields (QMLFFs) to simulate atomistic behavior 
of CO2 in MOFs (Fig. 3b). The proposed method enhances computational 
efficiency approximately 1000 times compared to the first-principle 
calculations while preserving the quantum chemical accuracy. As a 
proof of concept, they performed QMLFF-based MD simulations of CO2 
molecules in Mg-MOF-74 to predict the diffusion coefficient, aligning 
closely with experimental values (Fig. 3c). More importantly, this 
QMLFF-based approach (free from human intervention) can be auto
mated on high-performance clusters or supercomputers for in silico 
screening of ~1 million MOFs.

Fig. 5. MPNN architecture for partial charge prediction in the atoms of a MOF. The top panel show the computation on a single node. Each node v in the graph is 
represented by its initial feature vector xv, which is passed through a fully connected neural layer to produce a chemical element embedding xv

e. Node features are 
iteratively updated over T time steps. The final hidden state hv

(T) for each node is used to predict the charge distribution parameters through another fully connected 
layer as Gaussian, returning the mean ♀v and variance σv

2. Bottom panel shows computation on the whole graph. The molecular graph is encoded using one-hot 
encoding, which is then embedded into a continuous space to produce Xe. These embeddings are processed through the MPNN to obtain a hidden representation 
H(T). The final output is the predicted charge distribution parameters for the entire crystal structure, and the predicted charges qˆ are obtained via maximum 
likelihood estimation.
Reproduced with permission: Copyright 2020, Publisher ACS Publications. [63].
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GNNs that satisfy equivariance conditions under E(3) trans
formations have been shown to achieve higher performance with greater 
data efficiency [61]. GCMC simulations have become a well-established 
tool for computational screenings of the adsorption properties of large 
sets of MOFs. Goeminne et al. [62] make use of the equivariant NequIP 
model, a variant of GNN, which has demonstrated excellent data effi
ciency as shown in Fig. 4, and as such an error on the interaction en
ergies below 0.2 kJ mol–1 per adsorbate in ZIF-8 was attained. Its use in 
GCMC simulations results in highly accurate adsorption isotherms and 
heats of adsorption.

In molecular simulations of gas adsorption/diffusion in MOFs, the 
adsorbate–MOF electrostatic interaction is typically modeled by placing 
partial point charges on the atoms of the MOF. For the virtual screening 
of large libraries of MOFs, it is critical to develop computationally 
inexpensive methods to assign atomic partial charges to MOFs. These 
methods must accurately reproduce the electrostatic potential within 
pores, particularly for adsorption involving molecules with dipole or 
quadrupole moments, such as water and CO2. Raza et al. [63] design and 
train a MPNN to predict the atomic partial charges on MOFs under a 
charge neutral constraint (Fig. 5). Kancharlapalli et al. [23] investigated 
an use of a random forest model to predict the partial atomic charges in 
MOFs. They utilized small collection of features capturing the elemental 
properties and the local atomic environment.

By accelerating molecular simulation using ML, large-scale HTS can 
be realized with relatively inexpensive computational resources. Kan
charlapalli et al. [64] carried out a systematic computational HTS of the 
all-solvent-removed version of the CoRE MOF 2019 database for selec
tive adsorption of CO2 from a wet flue gas mixture. After initial 
screening based on the pore diameters, a total of 3703 unique MOFs 
from the database were considered for screening based on the FF 
interaction energies of CO2, N2, and H2O molecules with the MOFs. 
MOFs showing stronger interactions with CO2 compared to that with 

H2O and N2 were considered for the next level of screening based on the 
interaction energies calculated from DFT. CO2-selective MOFs from DFT 
screening were further screened using two-component (CO2 and N2) and 
finally three-component (CO2, N2, and H2O) GCMC simulations to pre
dict the CO2 capacity and CO2/N2 selectivity. The proposed screening 
study identified MOFs that show selective CO2 adsorption under wet flue 
gas conditions with significant CO2 uptake capacity and CO2/N2 selec
tivity in the presence of water vapor.

6. Generative model to discover MOF candidates

A significant number of MOFs have been databased, and several 
screening techniques are available, but much of the MOF space still 
remains unexplored. Generative models, based on the probability dis
tribution of the data, can extend chemical space to identify MOFs not 
included in existing databases or directly return MOFs that meet speci
fied conditions, thereby saving computational costs compared to 
screening the entire database [65,66].

Park et al. [67] implemented a generative artificial intelligence to 
develop GHP-MOFassemble which can facilitate the design of high CO2 
adsorbing MOFs with synthesizable linkers. They discovered novel 
linkers with one of the three metal nodes (Zn tetramer, Zn paddlewheel, 
and Cu paddlewheel). Their model could also validate the uniqueness, 
structural validity, and synthesizability of the suggested MOFs. In 
addition, they applied crystal graph neural networks and Grand Ca
nonical Monte Carlo simulations to predict the CO2 adsorption capacity 
of the predicted MOFs. Cipcigan et al. [68] applied GFlowNets with to 
develop ‘matgfn’ Python package to design MOFs and COFs for CO2 
capture. With matgfn derived data sets, they calculated the adsorption 
isotherms under single and binary components gas. Moreover, they re
ported 13 materials with superior performance. Yao et al. [69]
demonstrated an automated nanoporous materials discovery platform 

Fig. 6. Diagram of the automated reticular framework discovery platform, named SmVAE, a sophisticated variational autoencoder with multiple modules. Reticular 
frameworks are encoded into discrete RFcodes, converted into continuous vectors (z), and then decoded back. To structure the latent space based on desired 
properties, an additional component into the model that utilizes labeled data (y) is incorporated.
Reproduced with permission: Copyright 2021, Publisher Springer Nature. [69].
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via supramolecular variational autoencoder to generate MOFs with se
lective capture of CO2 in flue gas (Fig. 6). They used this platform to 
design novel MOFs with improved capacity and good selectivity for 
CO2/N2 and CO2/CH4 separations, which are important 
clean-energy-relevant applications.

Combining generative models with other machine learning ap
proaches, such as reinforcement learning and genetic algorithms, can 
enhance the exploration of design spaces and optimize MOF properties 
more effectively. Park et al. [70] developed an inverse design model of 
MOFs for direct CO2 capture using reinforcement learning. They 
selected validity, scaffold, uniqueness, target and reward as metrics of 
CO2 heat of absorption and CO2/H2O selectivity. The predicted MOFs 
with high performance well matched with the literature and the heat of 
adsorption was the most important feature for identifying high perfor
mance MOFs.

The rapid rise in the popularity of transformers and chatbots from the 
latter half of 2022 can be attributed to advancements in AI technology, 
increased demand for efficient digital communication tools, and signif
icant improvements in user experience and capabilities. Bai et al. [71]
tested six open-source large language models (LLMs) such as GPT 3.5, 
ChatGLM2–6B, Llama2–7B, Vicuna-7B, Marcoroni-7B, Mistral-7B, Fal
con-7B, Llama2–13B, and Vicuna-13B about their applicability on the 
MOF research (Fig. 7). They specifically divided the criteria as follows: 
MOFs knowledge, paper polishing, basic chemistry knowledge, knowl
edge extraction, research assistance, and in-deep chemistry knowledge. 
From their results, Llama2–7B and ChatGLM2–6B showed the best 

performance. Integrating the complex structural information of MOFs 
with the power of pre-trained language models on massive corpora 
could be a promising research direction. ChatGLM2–6B is also good for 
many tasks, including experiment design and computational script 
generation, and its weaknesses in knowledge can be easily improved by 
feeding it with more literature through fine-tuning. The commendable 
performance of these models demonstrated their high potential as 
powerful tools and a central platform to connect all sections of research 
activity. It is expected that open-source LLMs will play a greater role in 
assisting chemical and material research and feasibly transform our 
research paradigm in the near future.

7. Explainable AI

Model interpretability remains a concern, particularly with DL 
models, which are often considered black boxes. This lack of trans
parency can hinder the understanding and trust in model predictions. 
This field, in particular, lies at the intersection of experimental and 
computational researchers. Therefore, information about the model’s 
decisions can provide experimental researchers with various in
spirations and potentially lead to new discoveries.

Random forest provides a built-in measure of feature importance, 
which can be useful for understanding the data. Bai et al. [72] applied 
RF feature importance and SHapley Additive exPlanations (SHAP) 
techniques to identify factors influencing CO2 adsorption performance. 
These techniques have the advantage of identifying useful features, but 

Fig. 7. The current and future roles of large language models (LLMs) in MOFs research encompass their integration into a unified research workflow today, with the 
potential to evolve into an autonomous research model in the future.
Reproduced with permission: Copyright 2024, Publisher ACS Publications. [71].
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they present the challenge that experts need to manually engineer the 
features. The identified importance order of descriptors is ligand char
acteristics, metal charge, temperature, metal type, co-catalyst type and 
loading, specific surface area, reaction pressure, pore volume and sub
strate type. To evaluate the prediction accuracy, they conducted 
experimental tests on MOF-76(Y), which was identified as one of the 
most active materials by the prediction.

In the future, proposing more useful descriptors based on expert 
intuition or applying explainable AI techniques in deep learning could 
be promising approaches.

8. Challenges and limitations

The application of ML in predicting CO2 capture and conversion 
properties of MOFs faces several challenges and limitations. Data quality 
and availability are significant issues, as experimental data are often 
expensive and time-consuming to acquire, leading to small datasets that 
may not capture the full diversity of MOFs. As more and more studies 
rely on deep neural networks, model interpretability remains an issue. 
Feature engineering in traditional ML requires substantial domain 
expertise and can be labor-intensive. Ensuring model generalization to 
unseen data is another challenge, given the variability in experimental 
conditions. Additionally, to our knowledge, there is not yet a sufficient 
consensus on the metrics used to evaluate the performance of models 
that generate new MOFs, like those in generative AI tasks. While validity 
is widely used for models that generate molecules or crystals, many deep 
learning-based generative models achieve near 100 % validity, which 
fails to reflect actual performance differences. Furthermore, there is not 
yet enough accumulated research for meaningful comparisons. For 
instance, Yao et al. [69] developed a VAE-based generative model in 
their paper but did not compare the metrics for generation performance 
with other works. Therefore, further research on this topic is necessary. 
Despite advances in designing MOFs, experimental validation remains a 
costly and time-consuming bottleneck. Determining whether a proposed 
MOF can actually be synthesized is important, but this synthesizability 
has not been deeply explored. Park et al. [73] proposed a 
thermodynamics-based metric to assess the synthesizability of MOFs in 
their study. However, being thermodynamically stable does not neces
sarily imply that a MOF is synthesizable. Integrating such validation 
processes will be a significant challenge for future research.

9. Conclusion

In this paper, we review recent work applying ML to MOF discovery. 
Because there are countless possible combinations of MOFs, traditional 
experimental approaches alone have limitations in quickly discovering 
the optimal MOF. ML techniques are attracting attention as an innova
tive method to solve these problems. Through this review, we intro
duced an accessible MOF database and the latest ML techniques to 
researchers who want to apply ML to identify new MOFs. The feasibility 
of predicting the synthesizability of MOFs through ML and designing 
optimized MOFs for carbon capture applications has been demonstrated. 
Future research should aim to design and discover more sophisticated 
and efficient MOFs by combining ML and experimental approaches.
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A. Bavykina, J. Gascon, A. Ejsmont, J. Goscianska, M. Kalmutzki, U. Lächelt, 
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