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A high-throughput computational screening approach combined with machine learning (ML) was
introduced to unlock the potential of both synthesized and hypothetical COFs (hypoCOFs) for
adsorption-based CH4/H, separation. We studied 597 synthesized COFs for adsorption of a CH4/H>
mixture using Grand Canonical Monte Carlo (GCMC) simulations under pressure-swing adsorption (PSA)
and vacuum-swing adsorption (VSA) conditions. Based on the simulation results, the CH,4/H, selectivities,
CH,4 working capacities, adsorbent performance scores, and regenerabilities of the synthesized COFs
were assessed and the structural properties of the top-performing COFs were identified. The hypoCOF
database composed of 69 840 materials was then filtered to identify 7737 hypothetical materials having
similar structural properties to the top synthesized COFs. These hypothetical COFs were then examined
for CH4/H, separation using molecular simulations and the results showed that the top hypoCOFs have
CH, selectivities and working capacities in the ranges of 21.9-28.7 (64.7-128.6) and 5.8-7.6 (1.3-3.1)
mol kg™ under PSA (VSA) conditions, respectively, outperforming the synthesized COFs and metal—
organic frameworks (MOFs). ML models were then developed based on the hypoCOF simulation results
to accurately predict the CH4/H, mixture adsorption properties of all remaining hypothetical materials
when their structural and chemical properties are fed into the models. These models accurately assessed

the CH,4/H, mixture separation performances of any hypoCOF within seconds without performing
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Accepted 5th June 2023 computationally demanding molecular simulations. The computational approach that we have proposed

in this study will provide an accurate and efficient assessment of COF materials for CH4/H, separation
and significantly accelerate the experimental efforts towards the design and discovery of new high-
performing COF adsorbents.
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1. Introduction

Separating methane (CH,) from hydrogen (H,) is important in
the refinery industry for pure H, recovery." Pressure swing
adsorption (PSA) and vacuum swing adsorption (VSA) are energy
efficient CH,/H, separation methods compared to traditional
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correlation matrix between the structural and chemical properties of the trained
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cryogenic separation and chemical absorption which suffer
from high energy costs.>® Porous adsorbents offering high
selectivities and high working capacities are needed to achieve
efficient and economical separation of the CH,/H, mixture.*
Traditional adsorbents, such as single-walled carbon nanotubes
(SWNTs),” zeolites,® and activated carbons,” have been widely
studied for CH,/H, separation for PSA and VSA processes.
Covalent organic frameworks (COFs) have recently emerged as
one of the potential adsorbent candidates because of their high
porosities, large surface areas, low densities, and high
mechanical and chemical stabilities.*® Thanks to these features
and the wide variety in their chemistry, COFs have been exam-
ined for various applications including gas storage, gas sepa-
ration, catalysis, and energy storage.'®

The number of COFs that have been experimentally reported
is rapidly increasing, and it is impossible to study all COFs
using purely experimental trial-and-error methods to identify
the best adsorbents among thousands of candidates. High-
throughput computational screening (HTCS) of a large
number of materials via Grand Canonical Monte Carlo (GCMC)
simulations is highly useful to assess the gas adsorption

This journal is © The Royal Society of Chemistry 2023
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potentials of new materials in a time-efficient way and to guide
the experimental efforts to the most promising of the many
materials."**® HTCS of COFs has accelerated after the intro-
duction of two computation-ready COF databases which
provide the simulation-ready crystal structures of synthesized
COFs: The Computation-Ready Experimental COF (CoRE COF)
database™ consists of 613 different types of COFs, and the
Clean, Uniform, and Refined with Automatic Tracking from
Experimental Database (CURATED COFs)**** is composed of
648 different types of structurally optimized COFs.

Synthesized COF databases have been computationally
screened using GCMC for various separation applications. Tong
et al.”” evaluated 187 CoRE COFs for adsorption-based noble gas
separations under PSA and VSA conditions and showed that
COFs can achieve high Kr/Ar, Xe/Kr, and Rn/Xe adsorption
selectivities. Lan et al.** screened the same number of CoRE
COFs for iodine and methyl iodide capture, and revealed that
COFs can outperform several traditional adsorbents such as
activated carbons, alumina, and zeolites, showing very high
iodine capacities. Yan et al’ screened 298 CoRE COFs for
membrane-based CO,/CH, separation at 10 bar and 298 K and
showed that the presence of fluorine and chlorine groups
improves the membrane selectivities of COFs. Ongari et al.*®
screened 296 CURATED COFs for CO,/N, separation for a pres-
sure-temperature swing adsorption (PTSA) process and
concluded that the best COF adsorbents have the lowest para-
sitic energy. Our group studied CoRE COF and CURATED COF
databases for CO,/H,,”* CO,/N,,** CH,/H,, CH,/N, and C,H¢/
CH, > separations for both adsorption- and membrane-based
processes combining GCMC and MD simulations. Results
showed that COFs having narrow pores (<15 A) achieve better
performances for selective gas separation.

In addition to the synthesized COFs, a hypothetical COF
(hypoCOF) database, composed of computer-generated but not
yet synthesized materials, was established to expand the mate-
rials space. HTCS studies have been used to identify the hypo-
thetical materials that can outperform the experimentally
synthesized ones. Smit and co-workers constructed and
screened a hypoCOF database consisting of 69 840 materials for
CH, storage and revealed that 304 hypoCOFs achieve higher
deliverable CH, capacities (>190 m® STP per m® adsorbent) at 65
bar compared to traditional adsorbents.?® They further explored
the same database for CO,/N, separation under PTSA condi-
tions and discovered that almost 400 hypoCOFs exhibit para-
sitic energies lower than that acquired for the traditional amine
scrubbing process of CO, capture and 72 hypoCOFs achieve
higher CO, working capacities than a well-known synthesized
metal-organic framework (MOF), Mg-MOF-74 (0.05 kg CO, per
kg adsorbent).?” Our group explored the same hypoCOF data-
base for adsorption-based CO,/H, separation under PSA and
VSA conditions, and for membrane-based H,/CO, separation at
10 bar and 298 K, and revealed that hypoCOFs can achieve
higher CO,/H, adsorption selectivities (up to 954) and H,/CO,
membrane selectivities (up to 6.2) compared to the synthesized
COF adsorbents and membranes.”® We recently screened the
same database together with CURATED COFs for adsorption-
based removal of H,S and CO, from a natural gas mixture
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and showed that many synthesized and hypothetical COFs
achieve high selectivities up to 12.4 (8.5) under PSA (VSA)
conditions, outperforming MOFs, zeolites, and SWNTs.* Very
recently, Van Speybroeck and co-workers constructed a new
hypothetical COF database consisting of 268 687 materials and
showed that COFs can achieve similar deliverable volumetric
CH, capacities to the best reported MOFs, such as MOF-5 (182
em® STP per cm®) and HKUST-1 (183 cm® STP per cm?), in
between 5.8 and 65 bar, at 298 K.*°

As this literature search shows, HTCS studies using molec-
ular simulations have unlocked the gas adsorption and sepa-
ration potentials of synthesized COFs and some hypoCOFs.
However, using the HTCS approach to study COFs is becoming
challenging since the total number of experimentally reported
and hypothetically constructed COFs is increasing very rapidly,
almost daily. Machine learning (ML) methods have been useful
to analyse the huge amount of materials' data obtained from
HTCS for establishing the relations between the structural and
chemical properties of materials and their performances in
different applications.*** ML methods have been adapted to
MOFs,*%” and very recently to COFs for gas storage and sepa-
ration.***® For example, Pardakhti et al.*° used ML algorithms to
predict the CH, storage capacities of 69 839 hypoCOFs together
with 17 846 porous polymer networks (PPNs), and showed that
using chemical and structural properties as inputs of an ML
algorithm leads to accurate CH, uptake predictions. Fanour-
gakis et al.*' identified the best hypoCOFs for CH, storage
among 69 840 hypoCOFs using a self-consistent ML approach to
decrease the computational cost of molecular simulations. Cao
et al.* combined ML algorithms and molecular simulations to
predict the adsorption-based C,H¢/C,H, separation perfor-
mance of CORE COFs and hypoCOFs. They concluded that only
two COFs have C,H¢/C,H, selectivities larger than 2, and the
most C,Hg selective hypoCOF achieved a selectivity of ~45. The
same group also constructed ML models to predict the i-C,Hg
permeability and membrane selectivity of experimental COFs
for i-C4Hg/C4Hs mixtures, and showed that pore size and
porosity are the key factors determining the separation perfor-
mance of the membranes.*

There is a strong need for an accurate and efficient approach
that can unlock the potential of both experimentally reported
and hypothetically generated COFs for CH,/H, separation.
Motivated by this, we present a multi-level computational
approach combining molecular simulations and ML algorithms
to assess the CH,/H, mixture adsorption and separation
performance of all synthesized and hypothetical COFs under
PSA and VSA conditions. We first computed CH,/H, mixture
adsorption for CoORE COFs using GCMC simulations and iden-
tified the top CoRE COFs by calculating various adsorbent
performance metrics based on the simulation results. The
structural properties of these top CoRE COFs were then used to
filter 7737 potentially promising hypoCOFs, which were then
studied by GCMC simulations for CH,/H, separation. We then
developed ML models that accurately predicted the CH,/H,
mixture adsorption data of 7737 hypoCOFs when their struc-
tural and chemical features were input into the models. These
ML models were finally used to predict the CH,/H, mixture
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adsorption and separation performances of the whole hypoCOF
database consisting of 69 840 materials. The top-performing
hypoCOFs offering the highest adsorbent performance scores
(product of selectivity and working capacity) together with high
regenerabilities were identified. Our computational approach
will be very useful (i) to evaluate the CH,/H, mixture adsorption
and separation potentials of any hypothetical COF within
seconds without the need for performing computationally
demanding molecular simulations, and (ii) to reveal the struc-
tural and chemical features of the best adsorbents which will
accelerate the experimental efforts towards the design and
development of new COF materials that can achieve high-
performance gas separations.

2. Computational details

Our computational methodology combining molecular simu-
lations and ML to examine the adsorption-based gas separation
performances of COFs and hypoCOFs is summarized in Fig. 1.
We focused on the latest version of CORE COF"” and the latest

CoRE COF screening

<« [ 613 CoRE
— COFs

hypoCOF screening
[ 69,840 hypoCOFs
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version of hypoCOF databases®® which include 613 experimen-
tally synthesized and 69 840 computer-generated structures,
respectively. The structural features of all materials, pore
limiting diameter (PLD), largest cavity diameter (LCD), acces-
sible surface area (S,c), density (p), and porosity (¢), were
computed using Zeo++ software (version 0.3).** We eliminated
the materials having PLDs less than 3.8 A and zero S,.. so that
both CH, and H, molecules can be adsorbed in the pores. After
these eliminations, we had 597 CoRE COFs and 69 828
hypoCOFs.

We focused on CH,/H, adsorption separation in the PSA and
VSA processes, as the adsorption (desorption) pressure was
configured at 10 (1) and 1 (0.1) bar, respectively, while main-
taining a temperature of 298 K. GCMC simulations were per-
formed to compute the adsorption of an equimolar CH,/H,
mixture at 0.1, 1, and 10 bar and 298 K using the RASPA soft-
ware.” COF-gas and gas-gas dispersion interactions were
described with the Lennard-Jones 12-6 (LJ) potentials. The
DREIDING force field was used to define framework atoms.*®
CH, was defined by TraPPE" and H, was defined by Buch

Learning

Y PLD >3.8A Y PLD>3.8A
Satc >0 mZ/g sacc >0 mZ/g
v
597 CoRE
[ COFs [ 69,828 hypoCOFs ]
d LCD<20A
Top 10 COFs: $<0.8 hypoCOF
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Fig. 1 Computational approach combining molecular simulations and ML to evaluate CoRE COFs and hypoCOFs for CH4/H, separation: (1)
screening of CoRE COFs using molecular simulations and identification of the top CoRE COFs based on simulation results, (2) screening of
hypoCOFs based on the structural properties of the top CoRE COFs and molecular simulations of these potentially promising hypoCOFs, (3)
featurization of structural and chemical properties of the potentially promising hypoCOFs, (4) development of ML models that use these features
as input and transfer of the developed ML models to unseen hypoCOFs to identify the top hypoCOFs among 62 085 materials without the need

for performing molecular simulations for every single material.
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potentials.*® Lorentz-Berthelot mixing rules were used to esti-
mate the interactions between non-identical atoms. In GCMC
simulations, we used 10 000 cycles for initialization and 20 000
cycles for taking the ensemble averages. We also computed the
heats of adsorption of CH, and H, gases at infinite dilution by
using the Widom insertion method.* Based on the mixture gas
uptake results obtained from GCMC simulations, adsorbent
performance evaluation metrics: adsorption selectivity (Scy /11,),
working capacity (ANcy,), adsorbent performance score (APS),
and percent regenerability (R%) were calculated as shown in
Table S1 of the ESI.} APS is a metric combining both selectivity
and working capacity, and it should be high for an efficient
adsorbent. High R% is another requirement for cyclic usage of
adsorbents to have an efficient separation. Thus, to find the
most promising materials, all COFs having R% > 85% were
ranked based on their calculated APSs and the top 10 COF
adsorbents with the highest APSs were identified.

Due to the large materials space of the hypoCOF database
consisting of 69 840 materials, performing brute-force molec-
ular simulations for every single material would require very
long computational time and sources. To tackle this problem,
we first identified the structural properties of the top 10 CoRE
COFs and then screened the hypoCOF database to find the
materials having similar structural features to the top COFs.
With this approach, the hypoCOFs having the potential to offer
the highest separation performance were further explored by
performing molecular simulations. The top CoRE COFs were
found to have LCD < 20 A and ¢ < 0.80. 7743 hypoCOFs with
LCD <20 A and ¢ < 0.80 were identified among 69 828 hypoCOF
materials and GCMC simulations were performed for these
materials to compute their CH,/H, mixture adsorption under
the same conditions used in the simulations of CoRE COFs.
Among these 7743 hypoCOFs, the top 10 adsorbents having R%
> 85% and the highest APSs were also identified.

Following this computational strategy, we were able to
unlock the CH4/H, separation performances of 597 CoRE COFs
and 7743 hypoCOFs. However, there are 62 085 hypoCOFs
remaining to be explored in the database. Although we expected
them to be potentially unpromising due to their structural
properties, there can be outlier materials offering good (or even
better) separation performance while exhibiting different
structural and chemical features than the top CoRE COFs. To
reveal the separation potentials of the remaining 62 085 hypo-
COFs, we developed ML models that accurately predict CH,/H,
mixture adsorption for all hypoCOFs. We studied a total of 69
822 hypoCOFs consisting of 7737 hypoCOFs in the training set
after data cleaning and 62 085 hypoCOFs in the unseen data set.

To establish the most accurate ML models, we first examined
the relations between the descriptors of materials. We extracted
a total of 13 different descriptors for 7737 hypoCOFs and
divided them into three groups as shown in Table S2.} There are
5 structural (PLD, LCD, S, ¢, p) and 8 chemical features
(elemental percentages (% C, % H, % N, % O, % F, % S, % Si) for
COFs and isosteric heats of adsorption of CH, or H,). Pearson
correlation coefficients (r) were calculated to determine the
feature correlations and the correlation matrix showing these
values is provided in Fig. S1.] Group A includes only structural

This journal is © The Royal Society of Chemistry 2023
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properties which were all calculated using Zeo++ for all mate-
rials, group B represents both structural and chemical proper-
ties, and group C includes all properties except PLD and p
because these two parameters are highly correlated (|r| > 0.8)
with LCD and ¢. To avoid overtraining, we eliminated these two
parameters while constructing our models corresponding to
group C descriptors.*

ML models were trained using the simulated gas adsorption
results of 7737 hypoCOFs as the target data and three groups of
descriptors as the input data, as shown in Table S2.7 We used
the tree-based pipeline optimization tool (TPOT) in auto-
machine learning to identify the best ML algorithms and opti-
mize the model parameters.* For the model selection in TPOT,
the regression algorithms in the scikit-learn toolkit® were used.
To keep the feature distribution in training and test data as
uniform as feasible, a stratified sampling technique was used:
80% of the data served as a training set while 20% served as
a test set. To prevent overfitting, we additionally performed
a five-fold cross-validation. The accuracies of ML models were
evaluated by using the coefficient of determination (R?), mean
absolute percentage error (MAPE), and root-mean square error
(RMSE), which are all given in Table S3.} Several regressor
models as shown in Tables S4-S61 such as the Extra Tree,*
GradientBoost,>* XG-Boost,”> Random Forest,”” and Lasso-
LarsCV®® were selected based on their accuracies to predict CH,
and H, uptakes as will be discussed in the following sections.

To test the transferability of the ML models that we devel-
oped, three different hypoCOF subsets representing the
remaining 62 085 hypoCOFs were generated as shown in Fig. 1
and used as the unseen data. We classified those hypoCOFs
whether they have LCD > 20 A and/or ¢ > 0.80 to isolate the
effects of pore sizes and porosities on the separation perfor-
mance of COFs. Class 1 has 19 706 hypoCOFs (LCD < 20 A and ¢
>0.80), Class 2 has 648 hypoCOFs (LCD > 20 A and ¢ < 0.80), and
Class 3 has 41731 hypoCOFs (LCD > 20 A and ¢ > 0.80). We
randomly selected 1971, 648, and 4174 materials from Class 1,
Class 2, and Class 3, respectively, used our ML models to predict
their CH, and H, adsorption data, and compared these ML-
predicted values with the simulated ones, to further validate
the transferability of ML models. Finally, we used these ML
models to unlock the separation potentials of all available 62
085 hypoCOFs, calculated their Scy,m,, ANch,, APS, and R%
using ML-predicted CH, and H, uptakes, and identified the top
10 hypoCOFs with the highest APSs and R% > 85%.

3. Results and discussion
3.1 Molecular simulations of CoRE COFs and hypoCOFs

We first evaluated the CH,/H, mixture separation performances
of 597 CoRE COFs based on the results of GCMC simulations.
The optimal adsorbents for PSA and VSA processes should have
both high selectivities and high working capacities. To account
for this, the product of selectivity and working capacity, adsor-
bent performance score (APS), was computed and used as
a performance metric to identify the promising candidates for
CH,/H, separation. Fig. 2(a and b) show the selectivity (Scy,m,)
and working capacity (ANcy,) of CoRE COFs, which were

J. Mater. Chem. A, 2023, 1, 14788-14799 | 14791
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Fig.2 Calculated Scp,/n, ANch,, and APS of CoRE COFs for CH,4/H>:50/50 separation under (a) PSA and (b) VSA conditions. Relation between
LCD, ¢, and Scy,/n, of CORE COFs at (c) 10 bar and (d) 1 bar. Stars represent the top 10 CoRE COFs showing R% > 85% and the highest APSs.

computed to be 1.6-141.2 (1.6-132.2) and 0.47-5.62 (0.05-1.72)
mol kg~ under PSA (VSA) conditions, respectively. COFs with
low (<10 mol kg '), moderate (10-50 mol kg™ '), and high (>50
mol kg~ ') APSs are shown in Fig. 2(a and b) with pink, blue, and
green points, respectively. There are 55 CoRE COFs having high
APSs (>50 mol kg~ ') under PSA conditions, while there are only
7 COFs with high APSs (>50 mol kg~ ') under VSA conditions.
High regenerability (R%) is one of the essential requirements
in adsorption-based gas separation processes, but in general,
materials having high APSs suffer from low R%.>****® Fig. S2(a
and b)i show the relation between R% and APS of 597 CoRE
COFs under PSA and VSA conditions. 512 (561) CoRE COFs were
computed to have R% > 85% under PSA (VSA) conditions. For
each process, the top 10 CoRE COF adsorbents were selected
among the ones having R% > 85% and the highest APSs. These
top CoRE COFs are shown in Fig. 2(a and b) and listed in Tables
S7 and S8} with their calculated structural properties and
performance metrics. The APSs of the top 10 COFs were

14792 | J Mater. Chem. A, 2023, 11, 14788-14799

computed to be in the ranges of 65.6-129.1 and 26.4-180.6 mol
kg™! under PSA and VSA conditions, respectively. Although,
COFs have higher APSs under PSA (1.1-578.0 mol kg™ ') than
under VSA conditions (0.1-206.4 mol kg™ '), we observed that
the top-performing COFs can achieve much higher APSs under
VSA conditions compared to the ones identified under PSA
conditions. This can be attributed to the fact that COFs with
high APSs may suffer from low regenerabilities under PSA
conditions. For example, NPN-2 was identified as the best
material under VSA conditions, having an APS of 180.6 mol
kg~ ". It was also computed to have a high APS of 355.2 mol kg "
under PSA conditions, but it was not identified as a top material
due to its low R% (63.6%).

We also investigated how structural properties affect the
separation performance of CoRE COFs as shown in Fig. 2(c and
d) where the top CoRE COF adsorbents are shown with stars. At
adsorption pressures of 1 and 10 bar, COFs having small pore
sizes (5 A < LCD < 20 A) and less porous structures (0.4 < ¢ < 0.8)

This journal is © The Royal Society of Chemistry 2023
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are high-performing materials as listed in Tables S7 and S8.%
Narrow pores and low porosities favour the confinement of CH,
molecules, resulting in high selectivities and APSs. Motivated by
these results of CoORE COFs, we filtered the hypoCOF database
to identify the potentially promising materials having LCD < 20
Aand ¢ <0.8.

Fig. 3(a and b) show the calculated Scy; /11, and AN¢yy, of 7737
hypoCOFs which were refined from the large hypoCOF database
according to the structural properties of the top CoRE COFs
(LCD < 20 A and ¢ < 0.8). We observed that hypoCOFs can
achieve very high APSs, 4.7-641.1 (0.5-473) mol kg ') in PSA
(VSA) processes, outperforming the top 10 CoRE COFs. There
are 173 (10) hypoCOFs achieving APS > 129.1 mol kg™* (180.6
mol kg™ '), outperforming the best CORE COF identified for the
PSA (VSA) process in Fig. 2(a and b) with a corresponding APS of
129.1 (180.6) mol kg . In a previous study of our group,”” COF-
5, COF-6, and COF-10 were studied for the adsorption-based
separation of an equimolar CH,/H, mixture and computed to
have selectivities and working capacities in the range of 5-19
and 1.1-2.1 mol kg~" under PSA conditions, respectively. Both
top-performing CoRE COFs and hypoCOFs outperform these
three COFs, suggesting that new materials offering higher
separation potential have emerged. Fig. 3(a) also shows
a comparison between the top CoRE COFs and the top hypo-
COFs that we identified in this work together with the top MOFs
identified in our group's previous study®® for CH,/H, separation.
According to the results of our group's previous work,*® the top
20 MOFs were computed to have Scym,, ANch,, and APS of
22.7-31.2, 3.6-6.3 mol kg~' and 102.9-189.2 mol kg " under
PSA conditions, respectively. The top-performing hypoCOFs
have similar selectivities (21.9-28.7) and higher APSs (146.8-
205.4 mol kg ") as shown in Table S9.f When we compared the
top materials identified under PSA conditions, hypoCOFs
outperform both MOFs and CoRE COFs. We also note that
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1021 X
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e
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MOFs mostly perform better than CoRE COFs, as they achieve
higher APSs. The top hypoCOFs have generally higher selectiv-
ities (21.9-28.7) than those calculated for CoRE COFs (13-30),
but comparable with those of MOFs (21-29). In terms of ANcy,,
hypoCOFs were computed to have much higher values (5.82-
7.60 mol kg~ ') compared to CORE COFs and MOFs. Therefore,
hypoCOFs can achieve much higher APSs, outperforming
synthesized COFs and MOFs in CH,/H, separation under PSA
conditions. The lists of the top 10 hypoCOFs together with their
calculated performance metrics are given in Tables S9 and S10%
under PSA and VSA conditions. Fig. S3} shows snapshots of the
CH,/H, mixture adsorption in the best hypoCOFs identified
under PSA and VSA conditions. The top hypoCOF adsorbents
tend to have much smaller pore sizes (4.3-15.4 A) and porosities
(0.25-0.80) compared to the top CoRE COFs. This result shows
that our proposed computational approach for identifying the
hypoCOFs having narrow pores and low porosities based on the
knowledge obtained from the structural analysis of the top
CoRE COFs can be used to accurately find the most promising
adsorbents.

We further investigated how structural and chemical varia-
tions in hypoCOFs affect their CH,/H, separation perfor-
mances. In the construction of a hypoCOF database, 111
different linker types and 839 topologies available in the
Reticular Chemistry Structure Resource (RCSR)* were used.”®
Fig. S4 and S5] display the distributions of the topology and
linker types that are most prevalent in the top 10 hypoCOFs
identified among 7737 materials. The most frequent linker
types are linker92 (benzene-based), linker91 (triazine-based),
linker108 (pyrene-based), linker110 (adamantane-based) and
linker100 (biphenyldiol-based). The corresponding names and
structures of the linkers are given in Fig. S6. The benzene and
triazine-based linkers of linker92 and linker91 were also found
to be among the top materials identified in our previous works

APS (mol/kg)

05 10.0 50.0 473.0
0 1 2 3 4
ANy, (mol/kg)

Y% Top 10 hypoCOFs

Top 10 CoRE COFs O Top 20 MOFs

Fig. 3 Relations between Scy, /. ANcp,, and APS of hypoCOFs for CH4/H,:50/50 separation under (a) PSA and (b) VSA conditions. Data of the
top 20 MOFs identified in our previous work for CH4/H, separation under PSA conditions was taken from ref. *® and shown in (a).
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related to natural gas purification® and adsorption-based CO,/
H, separation,® and Smit and co-workers’ work focusing on flue
gas separation under PTSA conditions.?” In terms of topologies,
tbo, Ivt, and pts are the most dominant ones among the top
hypoCOFs while dia, hcb and sql topologies are also found to be
among the best-performing synthesized COFs. The emergence
of the same linker types among the top hypoCOF materials
identified for different gas separation applications, as well as
the observation of the same topologies in the top synthesized
and hypothetical COFs will be useful for the design of new COFs
with high gas separation potential.

3.2 Development of ML models for hypoCOFs

The aim of developing ML models in this work is to predict the
CH,4/H, mixture adsorption and separation performances of the
whole hypothetical COF database (69 822 materials and even
new ones which may be added into the database in the future)
within  seconds without performing computationally
demanding molecular simulations. With this motivation, we
developed 15 regression models to predict the adsorption of an
equimolar CH,/H, mixture at 0.1, 1, and 10 bar at 298 K. The
models were trained using the structural and chemical prop-
erties of 7737 hypoCOFs as the input data and their simulated
mixture gas adsorption as the target data. Detailed information
about ML models is given in Tables S4-S6.} We compared the
ML-predicted CH, and H, adsorption with the simulation
results and calculated the coefficients of determination (R?),
mean absolute errors (MAE), and root mean square errors
(RMSE) (Table S11 and Fig. S7-S9%) to choose the best model.
First, we examined the models constructed by using group A,
B, C descriptors to predict CH, uptakes at 0.1, 1, and 10 bar at
298 K. The models developed using group A descriptors were
found to have the lowest accuracies and the R* values for test
sets were calculated to be 0.464, 0.617, and 0.627 at 0.1, 1, and
10 bar, respectively, as shown in Table S11 and Fig. S7(a, c and
e).I The models developed using group B descriptors were
found to accurately predict simulated CH, uptakes and the R
values for test sets were calculated to be 0.841, 0.885, and 0.870
at 0.1, 1, and 10 bar, respectively, as shown in Fig. S8(a, ¢ and
e).I The ML models developed using group C descriptors also
have good accuracies but they are slightly lower than those of
models using group B descriptors, as R> for test sets were
calculated to be 0.801, 0.856, and 0.829 at 0.1, 1, and 10 bar,
respectively, as shown in Fig. S9(a, ¢ and e).} Similar trends were
also observed for the MAE and RMSE values calculated for each
model as listed in Table S11.f Due to the existence of highly
correlated features in group B descriptors (high correlations
were observed between the PLD and LCD (r = 0.83), and porosity
and density (r = —0.81) of hypoCOFs as shown in Fig. S11), we
inferred that group B descriptors may be biased. Thus, we chose
group C descriptors as the optimal ones for predicting CH,
uptakes. We then compared the H, uptake predictions of the
models constructed by using group A, B, and C descriptors at 1
and 10 bar, at 298 K. We observed that all models can accurately
predict simulated H, uptakes leading to R values larger than
0.9 for test sets at each adsorption condition as shown in Table
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S11.% To be consistent in our model selection, we used group C
descriptors for H, uptake predictions as we did for CH, uptake
predictions.

The feature importance distributions corresponding to each
model constructed by using group C descriptors are given in
Fig. S10.} As shown in Fig. S10(a—c),{ the isosteric heat of
adsorption for CH, is an important descriptor especially at low
pressures. In contrast, structural properties such as porosity
and surface area were observed to be the main descriptors of H,
uptake in COFs as Fig. S10(d and e)I show. Since H, has weaker
van der Waals interactions with the COFs than CH,, the
importance of chemical descriptors such as isosteric heat of
adsorption may be less important for H,. We also performed
SHapley Additive exPlanations (SHAP) analysis® to gain more
insights into the impact of the features on the ML predictions.
The significance of the isosteric heats of adsorption for CH, in
our models predicting CH, uptake was further confirmed in Fig.
S11(a-c). We observed that high CH, uptake predictions were
associated with high isosteric heats of adsorption for CH,, low
LCDs, while low porosities can lower the CH, uptake predic-
tions. Fig. S11(d and e)}{ demonstrate that surface area and
porosity are the most important features playing a major role in
predicting H, uptakes. High H, uptake predictions were asso-
ciated with high values of these features as shown in Fig. S11(d
and e).}

After showing that our ML models can accurately predict
CH, and H, uptakes for 7737 hypoCOFs, we utilized these
models to calculate CH,/H, selectivities and APSs. Fig. 4 shows
the comparison of ML-predicted and simulated selectivity and
APS of 7737 hypoCOFs under PSA and VSA conditions. ML-
predicted Scp,m, and APS values are in good agreement with
the simulated ones under both PSA and VSA conditions: for
Scu,m, (APS) under PSA and VSA conditions, R? values for test
sets were calculated to be 0.883 (0.847) and 0.868 (0.771),
respectively. For example, Scy,u, and APS values were calcu-
lated to be in the range of 3.3-123 (3.3-132) and 5.1-567 (4.7-
641) mol kg~ ' by using ML-predicted (simulated) CH, and H,
uptakes, respectively, under the PSA conditions. We demon-
strated that our ML models accurately predict the separation
performance of 7737 hypoCOFs, which are located within the
region defined by the structural properties of the top-
performing CoRE COFs. As we discussed, the Scy,u, and APS
of the top 10 hypoCOFs were computed to be in the ranges of
21.9-28.7 (64.7-128.7) and 147-205 (149-243) mol kg~ * by using
simulations under PSA (VSA) conditions. According to the ML-
predicted results, the Scy,/u, and APS of the same materials
were calculated to be in the range of 17.4-27.1 (63.7-118) and
88.8-189 (112-249) mol kg ' under PSA (VSA) conditions. The
most prominent finding is that our ML models can find 6 (8) of
the top 10 hypoCOFs identified based on the simulation results.
Since ML predictions are obtained within seconds compared to
molecular simulations which take several weeks, accurate
identification of the most promising hypoCOF materials by ML
is highly useful.

In our proposed computational approach, we chose the
hypoCOFs based on the structural properties of the top CoRE
COFs expecting that narrow-pored hypoCOFs can outperform

This journal is © The Royal Society of Chemistry 2023
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Fig. 4 Comparison of ML-predicted and simulated (a and b) selectivities and (c and d) APSs of 7737 hypoCOFs under PSA and VSA conditions.

Blue (red) symbols represent training (test) data.

the materials having larger pores. As we discussed in Fig. 3, our
computational approach targeting narrow-pored and low-
porosity hypoCOFs was valid and hypoCOFs outperformed
both synthesized COFs and MOFs. However, there may be
exceptional structures since gas adsorption is a complex inter-
play between structural properties of the adsorbent and specific
chemical interactions of gases with each other in the mixture
and with the adsorbent material. To investigate this further, we
focused on the hypoCOFs which do not satisfy the structural
properties (LCD < 20 A, ¢ < 0.80) identified for the top CORE
COFs. According to these limits, we specified three potentially
unpromising hypoCOF classes: Class 1 (LCD < 20 A, ¢ > 0.80),
Class 2 (LCD > 20 A, ¢ < 0.80) and Class 3 (LCD > 20 A, ¢ > 0.80).
Considering the computational costs, we sampled 10% of Class
1 and 3, representing 1971 and 4174 materials, respectively, and
included all of Class 2 having 648 materials. We then further
studied 6793 hypoCOFs as the unseen data, which were not
used in the development of ML models.

This journal is © The Royal Society of Chemistry 2023

A comparison of ML-predicted and simulated CH, uptakes of
the 6793 unseen hypoCOFs is given in Fig. S12.} There is a good
agreement between ML-predicted and simulated CH, uptakes
of Class 1 hypoCOFs (Fig. S12(a and b)f). For example, at 10 (1)
bar, ML-predicted and simulated CH, uptakes are in the ranges
of 2.09-7.79 (0.20-1.29) mol kg~ * and 2.13-9.50 (0.23-1.63) mol
kg, respectively. On the other hand, Fig. S12(d-i)} show that
ML models that we developed for hypoCOFs having LCD < 20 A
cannot accurately predict CH, uptakes of Class 2 and Class 3
hypoCOFs, which both have LCD > 20 A. For H,, Fig. S13} shows
the comparisons between the ML-predicted and simulated
uptakes of unseen hypoCOFs. The ML models accurately pre-
dicted the H, uptakes of Class 2 hypoCOFs (Fig. S13(c and d)i)
but H, uptakes of Class 1 and Class 3 hypoCOFs cannot be
predicted. Simulated H, uptakes of these unseen hypoCOFs
have larger values compared to the H, uptake ranges used in
training models. As shown in Tables S4-S6,i our models are
based on supervised algorithms, which have limitations in
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terms of extrapolation beyond the trained data set, resulting in
inaccurate predictions of most of the unseen hypoCOFs. Thus,
we decided to extend ML models by randomly selecting 1000
hypoCOFs specifically from Class 3, as it is the only material
class having both different pore sizes and porosities than the
original training set.

We developed new models by using 8737 hypoCOFs with
their group C descriptors. These models with hyperparameters
are listed in Table S12.}{ We observed that the extended models
make much more accurate predictions for CH, uptakes of Class
2 and Class 3 materials under all conditions. With the use of
extended models, R> values between ML-predicted and simu-
lated CH, uptakes of Class 3 hypoCOFs increased from
0.022 (0.135) to 0.799 (0.836) at 10 (1) bar, as shown in Fig. S12(g
and h), and S14(g and h),} respectively. The same trend is also
valid for H, uptakes of Class 1 and Class 3 hypoCOFs. R values
between ML-predicted and simulated H, uptakes at 10 (1) bar
for Class 1 were improved from 0.453 (0.320) to 0.984 (0.985), as
shown in Fig. S13(a and b) and S15(a and b),} respectively. We
note that our extended models are still not very good in making
highly accurate predictions for two cases: (i) CH, uptakes of
Class 2 materials at 10 bar, and (ii) H, uptakes of a small part of
Class 3 materials at 1 and 10 bar. We inferred that our random
sampling of unseen hypoCOFs added into the training set was
not diverse enough to overcome the extrapolation limitations of
regression models for these two cases. For case (i), our extended
models can predict CH, uptakes of 551 hypoCOFs out of 648
with less than 20% error margin (defined as the difference
between the ML-predicted and simulated values divided by the
simulated one). For case (ii), H, uptakes of 3133 (3131) hypo-
COFs out of 3174 Class 3 materials were predicted with less than
20% error at 10 (1) bar.

We then used these extended models to evaluate the CH,/H,
separation performance of the unseen hypoCOFs. Fig. 5 shows
the APSs of all unseen hypoCOFs calculated from ML-predicted
and simulated gas uptakes under VSA conditions. There is
a strong agreement between ML and simulation results for APSs
of Class 1 and Class 3 hypoCOFs, whereas the agreement is
weaker for Class 2. Both Class 1 and Class 2 hypoCOFs perform
on par, and they outperform Class 3 hypoCOFs. Narrow-pored
Class 1 hypoCOFs and large-pored Class 2 hypoCOFs exhibit
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comparable performance under VSA conditions which can be
attributed to the less pronounced impact of structural proper-
ties at low pressures. Fig. S16f shows the APSs of all unseen
hypoCOFs calculated from ML-predicted and simulated gas
uptakes under PSA conditions. Class 1 outperforms Class 2 and
Class 3 hypoCOFs by achieving higher APSs. This can be
explained by the increased impact of pore sizes in determining
selectivities of materials at higher pressures as narrow pores
(LCD < 20 A) of Class 1 materials provide stronger confinement
of CH, and lead to higher selectivities.

We finally calculated the CH,/H, selectivities and CH,
working capacities of all 69 822 hypoCOFs under PSA and VSA
conditions by utilizing our ML models. To the best of our
knowledge, this is the first representation of the CH4/H, sepa-
ration potential limits of the whole hypoCOF materials space in
the literature. Fig. 6 shows that hypoCOFs used in the training
of ML models which were specifically selected based on the
structural properties of the top CoRE COFs are potentially
promising adsorbent materials. They showed higher selectiv-
ities than the unseen hypoCOFs (Classes 1, 2, and 3), which
were expected to be unpromising back in Fig. 1. For example,
under PSA (VSA) conditions, trained hypoCOFs have selectiv-
ities between 3.3 and 123 (3.1 and 162.6) while the selectivities
of the unseen hypoCOFs are between 1.4 and 36.3 (1.3 and 47.2).
This shows the validity of our approach for targeting narrow-
pored and low porosity hypoCOFs to find the best-performing
adsorbents for CH,/H, separation. We also identified the top
materials with the highest APSs, which is an indicator for both
high adsorption selectivities and working capacities. As we ex-
pected, all of the top 10 materials in hypoCOF materials space
belong to our originally trained material set. The top 10 hypo-
COFs in our training set were calculated to have ML-predicted
APSs in the range of 156.7-268.2 (145.4-450.3) mol kg !
under PSA (VSA) conditions, respectively. All in all, we were able
to comprehensively map the CH,/H, separation performance of
all 69 822 hypoCOFs utilizing the ML models and our compu-
tational screening approach which focused on hypoCOFs
having optimal pore sizes and porosities based on the results of
experimentally synthesized COFs.

Fig. 6 can be considered as the key outcome of our work
since it shows the selectivity and working capacity limits of all
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Fig. 5 ML-predicted and simulated APSs for unseen hypoCOFs under VSA conditions for (a) Class 1, (b) Class 2, and (c) Class 3 hypoCOFs.
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hypoCOFs which would not be feasible to compute by using
solely molecular simulations due to the very large number of
materials and large unit cell dimensions of COFs which make
the computation very time demanding. Generating the CH,/H,
separation performance map of 69822 hypoCOFs became
possible when we combined molecular simulations with the ML
models. At that point, it is important to note that ML models
were developed based on the results of molecular simulations
which were performed using classical force fields and rigid
framework assumption. Thus, our ML models are as accurate as
these assumptions and force fields, and we previously showed
their validity by comparing the experimentally reported CH,
and H, adsorption isotherms of several COFs with the simula-
tions using the same force fields and assumptions.**** Finally,
it is important to discuss the synthesizability of hypothetical
materials generated in the computer environment. The ratio-
nale behind constructing a hypoCOF database lies in the
potential discovery of new COFs that can be synthesized. The
distinguishing feature of the hypoCOF database is the valida-
tion of the framework construction approach against experi-
mental structures, such as COF-300 and TAPB-PDA COF, by
comparing their experimental powder X-ray diffraction spectra
with those computationally generated.*® Thus, we anticipate
that with the recent advancements in the synthesis techniques,
some of the promising hypoCOFs can be really synthesized in
the future.

4. Conclusion

In this study, a novel approach combining HTCS with ML has
been introduced to evaluate the CH,/H, mixture separation
performance of both synthesized and hypothetical COFs. We
systematically screened nearly 70 000 COFs, which to the best of
our knowledge is the largest set of COFs ever evaluated for a gas

mixture separation application in the literature. After

This journal is © The Royal Society of Chemistry 2023

performing GCMC simulations to study the adsorption of
equimolar CH,/H, mixtures for 597 synthesized COFs under
both PSA and VSA conditions, we identified the top adsorbents
based on their CH,/H, selectivities, CH, working capacities, and
regenerabilities. The structural properties of the top-performing
synthesized COFs were analysed in detail and a hypoCOF
database composed of 69 840 materials was filtered to identify
7737 hypothetical materials having similar structural features
to the top-performing synthesized COFs. GCMC simulations
were performed to evaluate the CH,/H, separation performance
of these hypoCOFs and used as the target data to develop ML
models that can accurately predict the CH,/H, separation
performance of all 62 085 unseen hypoCOF materials within
seconds. ML models were shown to successfully identify the top
adsorbent materials and many hypoCOFs were shown to
outperform both synthesized COFs and MOFs in PSA and VSA-
based CH,/H, separation. Our results will be useful not only to
completely reveal the separation potential of the whole hypo-
COF materials space but also to accelerate the experimental
efforts towards the design and discovery of new high-
performing COF adsorbents.
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