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Abstract

Adsorption-based techniques for gas separation using nanoporous materials are

widely used and hold a promising future, but systematic identification of the best-

performing materials for a given application is still an open problem. For that task, we

need to estimate selectivity at different operating conditions (temperature, pressure)

on a large set of nanoporous structures. To this aim, we have developed a machine

learning-assisted screening process based on a fast grid calculation of interaction ener-

gies, in addition to newly designed geometrical descriptors to predict ambient-pressure

selectivity. As a proof of concept, we tested our methodology for the separation of a

20-80 xenon/krypton mixture at 298K and 1 atm in the nanoporous materials of the

CoRE MOF 2019 database. Based on a standard train/test split of the dataset, our

model is promising with an RMSE of 2.5 on the ambient-pressure selectivity values of

the test set and 0.06 on their base-10 logarithm. This method can thence be used to

pre-select the best performing materials for a more thorough investigation.
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1 Introduction

Gas separation and purification are essential processes since they provide key reactants and

inert gases for the chemical industry, as well as medical or food grade gases. Among them,

we can find easily extractable or synthesizable molecules such as nitrogen, oxygen, carbon

dioxide, noble gases, hydrogen, methane, or nitrous oxide. Moreover, gas separation is crucial

in mitigating negative environmental impact at the end of industrial processes, such as

facilities emitting green house gases (e.g. concrete or steel plants) or treating radioactive off-

gases like 85Kr. Cryogenic liquefaction or distillation is currently the mainstream technique

to achieve industrial gas separation, while adsorbent beds made of nanoporous materials

(activated alumina or zeolites) are mostly used as a less energy-intensive pre-purification

system.1

A wider use of nanoporous materials could reduce the energy consumption of current

separation processes since adsorption is way less energy intensive than liquefaction.2 For

instance, some prototypes involving beds of nanoporous materials have been developed for

xenon/krypton separation to avoid employing cryogenic distillation.3 For the process to be

viable, materials need to perform even better and many studies focus on synthesizing ever

more selective materials by leveraging all chemical intuitions around noble gas adsorption

properties.4–6 In order to speed the discovery process of novel materials with key proper-

ties, computational screening can identify factors explaining the performance and pre-select

candidates for further experimental studies. As recently conceptualized by Lyu et al., a syn-

ergistic workflow combining computational discovery and experimental validation can push

material discovery to the next stage.7,8 But to efficiently guide experimental discoveries,

computational chemists are facing two major challenges: generating reliably more structures

and evaluating them with fast and accurate models.

The number of nanoporous materials is potentially unlimited; for the metal–organic

frameworks (MOFs) alone, over 90,000 structures have been synthesized9 and 500,000 com-

putationally constructed10–12. To deal with this ever-increasing amount of structures, we
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need to design more efficient screening procedures as well as faster performance evaluation

tools. To go beyond the time-consuming calculations over the whole dataset, computational

chemists developed funnel-like screening procedures to reduce the need for expensive simula-

tions and introduced machine learning (ML) models to replace them with faster evaluation

tools.13 To further improve the selectivity screening for Xe/Kr separation, we will need to

design better performing structural and energy-based descriptors.

Simon et al. published one of the first articles on an ML-assisted screening approach

for the separation of a Xe/Kr mixture extracted from the atmosphere.14 Their model’s per-

formance was highly relying on the Voronoi energy, which is basically an average of the

interaction energies of a xenon atom at each Voronoi node.15 To rationalize this increase in

performance, we regarded this Voronoi energy as a faster proxy for the adsorption enthalpy.

By comparing it to the standard Widom insertion, we found that although it is faster, it is

less accurate; and we developed a more effective alternative, the surface sampling (RAESS)

using symmetry and non-accessible volumes blocking.16 Recently, Shi et al. used an energy

grid to generate energy histograms as a descriptor for their ML model, which gives an exhaus-

tive description of the infinitely diluted adsorption energies,17 but can be computationally

expensive.

All the approaches described above can have good accuracy in the prediction of low-

pressure adsorption (i.e., in the limit of zero loading) but are not suitable for prediction

of adsorption in the high-pressure regime, when the material is near saturation uptake.

While this later task is routinely performed by Grand Canonical Monte Carlo (GCMC)

simulations, there is a lack of methods at lower computational cost for high-throughput

screening. To better frame our challenge, in this work we are essentially trying to predict the

selectivity in the nanopores of a material at high pressure, where adsorbates are interacting

with each other, while only having information on the interaction at infinite dilution. The

comparison between the low and high pressure cases gives key information on the origin of

the differences of selectivity. For instance, we previously showed that selectivity could drop
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between the low and ambient pressure cases in the Xe/Kr separation application, and it was

mainly attributed to the presence of different pore sizes and potential reorganizations due

to adsorbate–adsorbate interactions.18

In this article, we combined a grid-based approach with core components of our previ-

ously developed RAESS algorithm16 to design a new adsorption energy sampling technique.

Moreover, a statistical characterization of the pore size and energy distributions has been

performed to inform the model on a potential selectivity drop. By combining these two ap-

proaches, we propose a set of useful ML descriptors for fast and accurate ambient-pressure

selectivity prediction, and we highlight its performance on the case of xenon/krypton sepa-

ration in the CoRE MOF 2019 database19.

2 Methods

2.1 The machine learning model

We chose to use eXtreme Gradient Boosting (XGBoost) as the machine learning framework

for our predictive model because of its accuracy, efficiency and simplicity of use. Its perfor-

mance has long been proven since 17 out 29 Kaggle challenge winning solutions were based

on this algorithm in 2015. The XGBoost system is highly scalable and parallelized, which

gives very fast model training.20 Compared to more standard tree-based algorithms such

as random forest (commonly used in the field14), the boosting component of the algorithm

means that it learns from previous mistakes and puts higher weights on the problematic data

points, hence improving the accuracy of the final ML model.

In the next sections, we introduce new descriptors for nanoporous materials, as well as new

concepts of feature engineering based on energy and pore size histograms. The ML features

presented have been selected by progressively filtering out the less influential ones on the

accuracy of the final model, see the complete list in Table S1-3 of Supporting Information (SI).

The influence or importance are defined later in a section dedicated to the interpretation of
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the model. The hyperparameters of the model were fine-tuned using random search to design

the best performing final model. Finally, the influence of the pre-selected descriptors on the

final model is interpreted using a unified approach.

2.2 Target variable

We want to predict the Xe/Kr ambient-pressure selectivity faster than standard techniques.

To obtain reference values (ground truth), we used the Raspa2 software21 to run grand

canonical Monte Carlo (GCMC) calculations of 20-80 Xe/Kr mixtures at 298K and 1 atm

on our cleaned database. The van der Waals interactions are described by a Lennard-Jones

(LJ) potential with a cutoff distance of 12Å. The LJ parameters of the framework atoms

are given by the universal force field (UFF),22 and the guest atoms (xenon and krypton)

have their LJ parameters taken from a previous screening study.23 The study only focuses

on a given Xe/Kr composition usually obtained by cryogenic distillation of ambient air1 as

a first step towards predicting other mixtures at different physical conditions (e.g. Xe/Kr

mixtures out of nuclear off-gases). In the broader scope, this methodology could be adapted

to the desired application with some tweaks on the descriptors calculation (e.g. CO2/CH4

separation).

We decided to use a logarithmic transform of the selectivity instead of the raw value

because we are more interested in the order of magnitude of the selectivities than to predict

the higher values of selectivity — an ML model that predicts selectivity values can lower

down the errors by focusing the prediction more on the higher values than the lower ones. By

focusing on the logarithmic transform of the selectivity, we can better separate the different

orders of magnitude of the selectivities. This approach distributes more evenly the efforts

on all the different values of selectivities. Moreover, this logarithmic transform is related to

a thermodynamic quantity that we elaborate later in the section 2.6.3; it can therefore be

easily compared with the energy descriptors we introduced in this article.
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2.3 Database and data preparation

To test our methodology on a set of realistic MOFs, we chose to screen the 12,020 all-solvent

removed (ASR) structures of the CoRE MOF 2019 database19. After removing the disordered

and the non-MOF structures as well as the ones with a large unitcell volume of 20 nm3, we

obtained a set of 9,748 structures. Then we analyze the string information given by the

Zeo++ software24 to reduce the number to 9,177 by removing the structures that are not

tridimensional, where solvents are still detected (wrongly classified in all-solvent removed),

or where the metal is radioactive or fissile (e.g., Pu-MOF TAGCIP25, Np-MOF KASHUK26,

U-MOF ABETAE27 or Th-MOF ASAMUE28) — this can be a source of risks in a nuclear

waste processing plant. Furthermore, we added a condition on the largest cavity diameter

(LCD) to keep only the structures that can accept a xenon molecule: 8,529 structures have

a LCD higher than 4Å (approximately the size of a xenon molecule). This is equivalent to

removing the structures with very unfavorable adsorption enthalpies, that are not promising

for our adsorption-based separation (see previous work16).

Then, the descriptors summarized below (and fully detailed in Supporting Information)

were calculated on this restrained dataset. At this stage, 370 structures failed to be calculated

in GCMC and 82 have no standard deviation for the pore distribution (skewness and kurtosis

cannot be retrieved). A final dataset of 8,077 structures was therefore used to perform our

ML-assisted method of screening the Xe/Kr adsorption selectivity. Based on this final set,

20% were randomly used for the test set and 80% were used to train our model. The goal is

to learn from the training set a relationship between the descriptors and the target ambient-

pressure selectivity in order to evaluate the performance on the test set. A CSV file of training

and test sets can be found in the data availability section.

2.4 Geometrical and chemical ML descriptors

Looking at a number of different research papers on supervised ML for the prediction of

adsorption properties,14,29–32 we see that some descriptors are recurrent: 1) geometrical de-
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scriptors obtained by software like Zeo++24 such as the surface area (SA), the void fraction

(VF), the largest cavity diameter (LCD) and the pore limiting diameter (PLD); and 2) phys-

ical and chemical descriptors such as the framework’s density, the framework’s molar mass,

the percentage of carbon (C%), nitrogen (N%), oxygen (O%), hydrogen but also halogen,

nonmetals, metalloids and metals, and the degree of unsaturation. Although these descriptors

are very versatile and used in many ML models, they however fail to provide specific infor-

mation for our ML task. As shown by Simon et al., energy descriptors are greatly influential

in ML models for selectivity prediction.

The geometric analysis of the crystalline porous materials is typically based on the van

der Waals (vdW) radii predefined by the Cambridge Crystallographic Data Centre (CCDC).

This force field-independent choice can create a gap between the geometrical descriptors and

the thermodynamic values obtained through molecular simulations. Inspired by a recent work

on the comparison of PLDs and self-diffusion coefficients,33 we defined a list of vdW radii

to be read by the Zeo++ software (more details in https://github.com/eren125/zeopp_

radtable). In this study, all Zeo++ calculations use an atomic radius that corresponds to

the distance where the LJ potential reaches 3𝑘B𝑇/2, for 𝑇 = 298K.

The SA exposed to different probe sizes (1.2Å, 1.8Å and 2.0Å) were tested. The probe

occupiable volume was chosen to measure the void fraction (VF) for different adsorbent by

using probe sizes of 1.8Å (close to the radius of krypton) and 2.0Å (close to that of xenon).

This definition of the pore volume was found to be in better agreement with experimental

nitrogen isotherms.34

Because our goal is to predict the difference between the low-pressure selectivity and the

ambient-pressure (for a given gas mixture composition), some of these descriptors have very

little importance, and the key factor is the difference of accessible volume and the affinity

of the remaining pore volume with xenon, compared to krypton. The intuition developed in

the previous study sketched the role of a diverse distribution of pores with different xenon

affinities.18 For all these reasons, from all the “standard” descriptors taken from the literature,
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we kept only the following 7 descriptors: C%, N%, O%, LCD ("D_i_vdw_uff298"), PLD

("D_f_vdw_uff298"), SA for a 1.2Å probe ("ASA_m2/cm3_1.2") and VF for a 2.0Å probe

("PO_VF_2.0"). We also built a new descriptor ∆VF void fraction values, the difference

of volumes occupiable by xenon (2.0Å) and by krypton (1.8Å). All these descriptors along

with other pore size distribution based geometrical descriptors are presented in detail in the

Table S1 of the Supplementary Information (SI).

2.5 Pore size distribution

To generate a histogram of pore sizes (or pore size distribution, PSD), Monte Carlo steps are

used to measure the frequency of every accessible pore sizes binned by 0.1Å.35 This histogram

can then be used to generate descriptors based on statistical parameters that describes the

overall location, the dispersion, the shape and the modality of the distribution. In addition to

the mean and standard deviation of the distribution, we introduced two additional moments:

the skewness (𝛾) corresponds to the third standardized moment and measures the asymmetry

of a distribution; and the kurtosis (𝑘), being the fourth standardized moment, measures the

relative weight of the tails of the distribution. Knowing the importance of characterizing the

number of different pore sizes suspected to be at the origin of the selectivity drop observed,

we tried to find a simple descriptor to measure the number of modes in the distribution. The

Sarle’s bimodality coefficient, BC = (𝛾2 + 1)/𝑘, represents a simple quantification of how

far we are from the unimodality based only on skewness and kurtosis.36 Finally to further

measure the diversity of pores, we introduced an effective number 𝑛eff = 𝑁2/
∑︀

𝑛2
𝑖 of pore

sizes, where 𝑁 is the total number of points in the histogram and 𝑛𝑖 the number of points

associated with the 𝑖th bin. This number is very similar to a statistical number widely used

in other scientific fields: in political science it is used to measure the effective number of

political parties,37, in ecology the inverse Simpson’s index evaluates the species diversity in

an ecosystem,38 or in quantum physics the inverse participation number measures the degree

of localization of a wave-function.39 This effective number of pore sizes gives an idea of the
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diversity of pore sizes (considering a binning of 0.1Å). A high effective number would mean

that multiple pore sizes are highly represented in the structure; this descriptor gives an idea

of how scattered the pore sizes are. All these descriptors carries information on the form of

the PSD needed to figure out the loading and selectivity situation in the framework near

saturation uptake, which is crucial to predict the ambient-pressure selectivity.

2.6 Energy-based descriptors

2.6.1 Grid calculation

Inspired by our recent work on a faster way of calculating the low-pressure adsorption en-

thalpy and Henry’s constant,16 we designed an approach based on symmetry-respecting

grids. These were generated using the Gemmi project’s C++ library,40 using an algorithm

implemented with the following steps. First, we loop over the framework atoms and the grid

points around a sphere of radius 0.8× 𝜎𝑔−ℎ, where 𝜎𝑔−ℎ is the distance at which the LJ po-

tential energy between the guest atom 𝑔 and the host atom is zero. The LJ potential energy

between the guest molecule and the closes host atom is calculated and only the grid points

with an energy lower than a predefined threshold (here set to 100 kJmol−1) are considered

“unvisited” and will be recalculated in the following loop, the others are considered blocked

by the framework and will be considered already “visited”. This first loop over the framework

atoms aims at filtering out the grid points that are blocked by the framework, and we will

refer to this preliminary filtering step as “blocking” in the Table 1. Then, a second loop over

the “unvisited” grid points is performed — at each increment, if the point is “unvisited” we

calculate the interaction energy between the guest and all the host atoms within the cut-

off, then the symmetric images of this point are filled with the same energy value and are

considered “visited” by the algorithm. This symmetry-aware grid exploration allows the al-

gorithm to divide the time required by the average number symmetry images — this module

will be referred to as “symmetry” in the Table 1. By combining both the “blocking” of the

high energy grid points and the “symmetry” based calculation of the interaction energies, we
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built a “fast” version of the grid calculation algorithm that can compete with our previously

developed rapid surface sampling method (RAESS).

To highlight the improvement in performance in this procedure: the average void fraction

for a 1.2Å probe radius is equal to 0.16 and the average number of symmetric images is

equal to 5.8 on the CoRE MOF 2019 database (most MOFs present symmetry operations).

On average, the “blocking” procedure means that only ∼16% of the grid points really need to

be calculated. The “symmetry” procedure means only ∼17% of points need to be considered,

and the combination of both reduces the number of useful points to only 2.7% of the grid.

This leads to a significant reduction in the CPU time of the calculation, as shown in Table 1.

Table 1: Performance comparison of the new grid method to other standard techniques used
to calculate the adsorption enthalpies. The RMSE is calculated by comparing to the values
given by a 100k-steps Widom insertion considered as the ground truth. The associated cal-
culations are performed on the CoRE MOF 2019 database with a single Intel Xeon Platinum
8168 core at 2.7 GHz.

Energy sampling Average CPU RMSE on adsorption
method time (s) enthalpy (kJmol−1)

Grid – naive – 0.1Å 71.3 0.025
Grid – blocking – 0.1Å 18.8 0.026
Grid – symmetry – 0.1Å 16.8 0.024
Grid – fast – 0.1Å 4.8 0.023
Grid – fast – 0.3Å 0.16 0.22
RAESS16 0.34 0.34
Widom41 (12k cycles) 150 0.01

From the energy values of this grid, we can now calculate many useful descriptors that

are used in our final model. A fully detailed description of these descriptors as well as their

labeling names are given in the Table S2 of the SI.

2.6.2 Single component thermodynamic values

From these host–guest interaction energies, we can calculate different thermodynamic quan-

tities corresponding to different statistical averaging. For instance, the Henry’s constant 𝐾H
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corresponds to the average of the Boltzmann factors ⟨exp(−ℰint/𝑅𝑇 )⟩, while the adsorption

enthalpies is the Boltzmann average of the interaction energies — all these concepts have been

used and summarized in our previous paper on the surface sampling of energies to determine

adsorption enthalpy and Henry’s constant.16 The adsorption Gibbs free energy ∆ads𝐺 can

then be deduced from the Henry’s constant since ∆ads𝐺 = −𝑅𝑇 ln (⟨exp(−ℰint/𝑅𝑇 )⟩), and

finally the adsorption entropy is naturally derived from the Gibbs energy: ∆𝐺 = ∆𝐻−𝑇∆𝑆.

2.6.3 Exchange equilibrium and selectivity

The exchange equilibrium corresponds to what occurs in the competitive adsorption process

between two adsorbate molecules of a mixture. Adsorption sites can be either occupied by

adsorbate A or adsorbate B, leaving the other in the gas phase. This equilibrium can be

modeled by the equation A(ads) + B(gas) = A(gas) + B(ads), and the equilibrium constant

corresponds to the selectivity 𝑠A/B = (𝑞A𝑦B)/(𝑞B𝑦A). The exchange Gibbs free energy is then

simply derived from the selectivity:

∆exc𝐺
A/B = −𝑅𝑇 ln 𝑠A/B (1)

which is consistent with the relationship between selectivity and Henry’s constant at low-

pressure. According to Hess’s law, the exchange enthalpy is simply the difference between

the adsorption enthalpies ∆exc𝐻
A/B = ∆ads𝐻

A − ∆ads𝐻
B. Finally the entropic term −𝑇𝑆

can also be obtained for our exchange equilibrium −𝑇∆exc𝑆 = ∆exc𝐺 − ∆exc𝐻. We used

these formulas to calculate the Gibbs free energy of the most influential descriptor, the

xenon/krypton exchange equilibrium at infinite dilution ∆𝐺
Xe/Kr
0 and most of the energy

descriptors presented in Table S2.
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2.6.4 Learning from higher temperature thermodynamics

The adsorption enthalpy of xenon at 298K is very different from the adsorption enthalpy

of xenon at ambient pressure given by GCMC calculations. However, when exploring the

behavior at higher temperature (such as 900K), we can find a better correlation with this

xenon adsorption enthalpy as we can see in the Figure S1. The 𝑅2 coefficient of determination

increases from 0.80 to 0.92, which indicates a better consideration of the ambient-pressure

enthalpy using higher temperature averaging. For this reason, we used this temperature

to calculate the adsorption Gibbs free energy of xenon and krypton and also the Xe/Kr

exchange Gibbs free energy. Differences between the 298K and 900K temperatures were then

computed for the Xe/Kr exchange Gibbs free energies ∆exc𝐺
Xe/Kr(298K)−∆exc𝐺

Xe/Kr(900K),

enthalpies and entropies. We added these differences as descriptors, because they can inform

the model on the energy differences between the low and ambient pressure cases which yields

to better predictions.

2.6.5 Statistics on the energy distributions

Inspired by the thermodynamic averaging, we introduced other statistical transformations

of the Boltzmann weighted energy distribution, like its standard deviation. To describe the

multi-modality of the energy distribution we also introduced the Boltzmann weighted skew-

ness and kurtosis; the Sarle’s bimodality coefficient of Boltzmann weighted interaction ener-

gies can then be deduced from them. We can also retrieve statistical measures from the grid

values of interaction energy as descriptors, without weighing by Boltzmann factors, to give

a richer description of the distribution. For instance, the mean and standard deviation have

been calculated for xenon and krypton.

2.7 Hyperparameter fine-tuning

We used the training data to perform a random search of hyperparameters, with 5-fold

cross-validation to evaluate the root mean squared errors (RMSE) of the model. The range
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of search explored for each hyperparameter is made available in the SI. After this search, a

set of optimal hyperparameters were identified, that give an average RMSE of 0.36 kJmol−1;

we used it to build our final model. A convergence plot of the model performed using 5-fold

cross-validations is given in Figure S6. Given this configuration, the model is tested on the

prior defined test-set and interpretation tools are used to better understand the structure-

property relationships in play.

2.8 Interpretation of the final model

The final model is trained on the predefined training set using XGBoost with the fine-tuned

hyperparameters. By testing it on the test set, we measure the accuracy of our approach,

however, it is interesting to extract chemical insight into the hidden relationship between the

predicted value and the descriptors, to better understand the thermodynamic origins of the

performance. In this work, we used the Shapley values,42 a game theory concept developed

by Shapley in 1953, to measure the contribution of each descriptor in the predicted value.

This tool is used locally to understand for a given structure how their characteristics had

contributed to the prediction. To draw structure-property relationships, we would need to

use a global interpretation methods such as the SHapley Additive exPlanations (SHAP)

method thoroughly detailed in the online book Interpretable Machine Learning of Christoph

Molnar.43 The SHAP tool developed by Lundberg and Lee44 is based on a faster algorithm

adapted to tree-based ML models like gradient boosting, TreeSHAP, and integrates useful

global interpretation modules like SHAP feature importance and dependence plot.

3 Results & Discussions

3.1 From infinite dilution to ambient pressure

The low-pressure selectivity provides a first intuition of the selectivity at higher pressure,

as demonstrated in our previous work showing a correlation between the selectivity at both
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pressures.18 If we adopt the Gibbs free energy formalism (Equation ?? ), which correspond to

a logarithmic transform of the selectivity values, this correlation is confirmed and highlighted

on Figure 1. We can also note that although a majority of structures have similar selectivity

in both pressure conditions, a handful of structures experience a selectivity drop at higher

pressure. The zero-loading selectivity is always higher or similar to the ambient-pressure

one, it gives therefore a solid ground on which to build an efficient prediction model. The

second ingredient for a good prediction model is to build explanatory descriptors related to

this selectivity drop phenomenon. One of the main causes to the selectivity drop being the

presence of bigger pores that are less attractive xenon, therefore additional information on

the pore size distributions or the energy landscape would be helpful for this task.
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Figure 1: Comparison between the Gibbs free energy of exchange at low pressure ∆𝐺0 and
ambient pressure ∆𝐺1 labeled by the relative distance between them. This plot is equivalent
to a logarithmic plot of the selectivities at these two pressure conditions.

To incorporate information on the pore size diversity of the materials, we carried out

statistical measurements on the PSD. By analyzing them, we detected explanatory factors at

the origin of the observed selectivity drop. A high degree of multi-modality in the distribution

would mean a diverse set of pores, which can lead to a selectivity drop if the pores are

significantly different one from another. The more distant is the average pore size from the

largest cavity diameter the higher the chance of observing a selectivity drop, because a big

difference between the pore sizes bring about a lower selectivity. All these statistics are
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designed to give as much knowledge as possible on a hypothetical selectivity drop and on

the quantitative estimation of its magnitude.

To better quantify the change of selectivity, it could be interesting to give statistics on the

distribution of interaction energies for xenon and krypton calculated by our grid algorithm.

These statistics include moments of different orders (up to 4) of the energy distribution,

which informs on the adsorbate–adsorbent interaction energies in the nanopores at higher

loading. The shape of the energy distribution can help assess quantitatively the change in

selectivity. We can consider this as a way of compressing the whole energy distribution into

a few statistical values, which is a standard method used in the field of data science to tackle

distribution data. The same approach has also been applied to the Boltzmann weighted

distributions to generate temperature specific descriptors for the energy distributions.

By using different temperatures, we noted that the infinite dilution adsorption enthalpies

at higher temperatures can be better correlated to the adsorption enthalpy at ambient pres-

sure. The minimum error was found for the adsorption enthalpy at 900K, which gives an

RMSE of 1.76 kJmol−1 instead of 2.87 kJmol−1 for the 298K case. This new type of descrip-

tor is very interesting since it better performs around the high selectivity region, where the

standard Boltzmann average at 298K loses its accuracy (see Figure S1). As we can see in

the Figure S7, the exchange free energy at 900K and the excess of free energy compared to

the 298K case are the second and third most influential descriptors of our ML model. They

are complementary to the exchange free energy at 298K to predict selectivities at higher

pressures.

By combining the above-mentioned features with more standard geometrical descriptors,

we trained an ML model for the ambient pressure selectivity that identifies the origins of the

selectivity drop and gives promising prediction results.

By combining the above-mentioned features with more standard geometrical descriptors,

we trained an ML model for the ambient pressure selectivity that identifies the origins of the

selectivity drop and gives promising prediction results.
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3.2 ML model performance

In this section, we present the performance of the ML model that learned the joint effects of

all the newly introduced descriptors to detect and evaluate the observed drop between the

easily accessible low-pressure selectivity and the more computationally demanding ambient-

pressure selectivity. A GCMC simulation of a 20-80 xenon/krypton gas mixture takes in

average 2.400 s per structure on the CoRE MOF 2019 database, while our grid-based ad-

sorption calculation only takes about 5 s per structure (on a single Intel Xeon Platinum 8168

core at 2.7GHz). To compute all features needed for our prediction, we would need less than

a minute per structure, which is way faster than the 40 minutes required for a GCMC cal-

culation. The ML-based approach has a very clear speed advantage over standard molecular

simulations. But to be a good substitute, it needs to keep a good level of accuracy on an

unseen set of structures.
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Figure 2: Scatter plot of the exchange free energy predicted by the model. There is a good
agreement between the predicted and true values. On the test set, there is an RMSE of
0.37 kJmol−1 and an MAE of 0.21 kJmol−1. This plot is equivalent to the scatter plot be-
tween the logarithm of the ambient-pressure selectivities (see Figure S5 of the SI). The
corresponding errors for the ambient-selectivity are 2.5 and 1.1 for respectively the RMSE
and MAE of the selectivity, and 0.065 and 0.038 for the RMSE and MAE of its base-10
logarithm.
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We defined a set of 80% randomly chosen structures out of the final dataset to train

and fine-tune the parameters of our model. A randomized search over a range of maximum

depths, learning rates, sizes of feature samples used by tree and by level, sizes of data sample

and alpha regularization parameters has been performed and a set of hyperparameters have

been chosen to minimize the average RMSE computed using a 5-fold cross-validation. The

ranges used in the randomized search as well as the final hyperparameters set are given in SI.

By using this parameterization, our XGBoost model has an RMSE of 0.37 kJmol−1 and an

MAE of 0.21 kJmol−1 on the exchange Gibbs free energies of the test set of 1,616 structures.

If we convert back these results to the selectivity values, the RMSE on the selectivity values

would be 2.5 and 0.07 on the logarithm base 10 of the selectivity, which means that the

order of magnitude of the selectivity is known with a very good accuracy. To prove that

this good performance is not fortuitous, we used a 5-fold cross-validation procedure on the

whole dataset and found an average RMSE of 0.36 kJmol−1 with a standard deviation of

0.01 kJmol−1, which is consistent with the performance given by a standard train/test split.

This method can later be used in a screening procedure that relies on cheap descriptors to

skim off obviously undesirable structures to only keep the promising structures for the final

ML model evaluation. For this is the reason, as previously explained in the methods, only

the 3D MOF structures with an LCD above 4Å are kept because they have a positive xenon

affinity, which is a necessary condition for a good Xe/Kr selectivity. Our model being very

good at predicting the ambient pressure selectivity of structures with good xenon affinity, the

proposed screening procedure, illustrated Figure 3, would include (i) a check of the nature of

the structure to ensure it is a 3D MOF structure, (ii) then a filter on the LCD value (above

4Å), (iii) a pre-evaluation of the Xe/Kr selectivity at infinite dilution using the grid-based

method, and (iv) finally the ML evaluation to keep only structures above a certain threshold

of ambient-pressure selectivity (e.g. 30). We could eventually evaluate more thoroughly the

top structures using GCMC simulations, ab initio calculations or adsorption experiments.
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Figure 3: An illustration of the screening procedure that could be used to find highly selective
materials.

3.3 Opening the black box

To better understand the intuition behind this selectivity drop, we used the SHAP43,44 library

of interpretation models to draw relationships between the descriptors and the predicted

ambient-pressure selectivity. This code library is based on the calculation of Shapley values42

that measure the contribution of each descriptor to the prediction to locally interpret our

ML model. This interpretation model untangles the interdependence between the descriptors

to extract an individual contribution. To go beyond the local interpretation, we can rapidly

compute the Shapley values for the whole dataset using faster algorithms;44 scatter plots of

the contribution as a function of the descriptor values called SHAP dependence plots can

then be drawn to make a more global interpretation of our ML model. Knowing a descriptor

value, we could then infer, with a certain level of uncertainty, how it changes the final

predicted value, which highlights unknown structure–property relationships. Finally, we can

use the mean absolute Shapley values of each feature on the training set to measure the

feature importance (see Figure S7 and S8).
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3.3.1 Global interpretability

To rank the descriptors according to their average impact on the magnitude of the model

output, we can use the mean absolute Shapley values of each descriptor. The importance plot

associated with these values are presented in Figure S8. Even if the low-selectivity exchange

Gibbs free energy has a SHAP importance value way above the others, it only serves as a

baseline where a correlation close to the one presented on Figure 1 can be reached; the other

descriptors play a major role in moving the outliers of the figure closer to the diagonal line.

Energy descriptors play a major role in the model’s prediction, and the geometry-based new

descriptors, while playing a more secondary role, are key in evaluating the gaps between the

low-pressure case with the ambient-pressure one that we are interested in. To dig deeper into

the mechanisms that allow the model to predict the selectivity with a very good accuracy

— the RMSE and MAE on the test set’s selectivity being respectively 2.5 and 1.1 — we are

now going to look into the SHAP dependence plots of each interesting descriptor that plots

the contribution to the predicted value as a function of the actual descriptor value.

To make a global interpretation, we applied the partial dependence module provided by

the SHAP library on our model. Although other methods to compute dependence plots exist

(e.g. partial dependence plots),43 we can keep a good level of consistency between our global

and local interpretations by using the same underlying theory. The SHAP dependence plots

of all the descriptors of the Figures S9 and S10, these plots have a rather distinct form,

directions and shape, which is encouraging for the interpretability of our model. By looking

at the profile of the dependence plots, we can extract valuable information on how the ML

model predicts the ambient-pressure selectivity.

The most important descriptor is obviously the exchange free energy "G_0" associated

to the low-pressure selectivity, its contribution has a very strong positive linear correlation

(see Figure 4), which gives a base value on top of which the other contributions will either

reduce the free energy (more selective) or increase it (less selective). The model can be

interpreted as the combination of a baseline combined with smaller tweaks that estimate

19

https://doi.org/10.26434/chemrxiv-2023-q841f ORCID: https://orcid.org/0000-0001-5318-3910 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2023-q841f
https://orcid.org/0000-0001-5318-3910
https://creativecommons.org/licenses/by/4.0/


the magnitude of the deviation from the ideal low dilution case. For instance, the next two

descriptors "G_900K" (900K low-pressure exchange free energy) and "G_Xe_900K" (900K

low-pressure xenon adsorption free energy) continue to build up the baseline by providing

information on the low-pressure selectivity, but they start giving a glimpse of deviations

needed to differentiate between the structures experiencing a drop with the ones that keep

their selectivity. As we can see in the SI (Figure S1 and S2), the thermodynamic quantities

at high pressure is closer to the 900K case than to the ambient temperature one, these

two descriptors inform naturally on the selectivity at higher pressure. For "G_900K" (see

Figure 4), blue points (corresponding to a "G_0" of around −8 kJmol−1) can have either

negative or negligible contributions depending on the value; values below −4 kJmol−1 give a

negative contribution with a linear relation, whereas values between −4 and 5 kJmol−1 give

constantly almost zero contributions. This type of domain differentiation illustrates how the

model can identify structures with a selectivity drop based on the values of a descriptor. We

will see more telling examples of how the contribution to the selectivity values are determined

using the values of the remaining descriptors.

The U-shape of some SHAP dependence plots can highlight optimal values for the as-

sociated descriptors. For instance, the optimal value of "D_i_vdw_uff298" is around 5.1

(see Figure 4) and the optimal average of pore sizes is around 5.6. These optimal values

match with the physical need of having pores of the size of a xenon to be more attractive

to it, which was identified in several papers in the literature. We can note that these values

are a bit higher than the ones mentioned in the literature due to the different definition

of the atom radii.33 Moreover, values of "delta_G0_298_900" between 4 and 6 kJmol−1

(see Figure 4) have a higher chance of giving a negative contribution, which means a lower

ambient-pressure selectivity. These sweet spots constitute valuable hints to tell the truly se-

lective materials from the others. Some SHAP dependence plots have a rather linear domain

for the most selective structures (in blue) — the difference of pore volumes between Xe and

Kr sized probes "delta_VF_18_20" have a good linear contribution (see Figure 4), which
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means that the lower the more selective the structure will be. The same can be said for the

standard deviations of the PSD "pore_dist_std" and of the Boltzmann weighted krypton

interaction energies distribution "enthalpy_std_krypton". The optimal values for these de-

scriptors are zero, the closest to zero it is the more negative the contribution will be and the

more selective the structure at ambient pressure.

Sometimes the optimal values are not around well-identified values but are contained

within larger domains with threshold values separating them. For instance, the difference

between the LCD and the average pore size "delta_pore" has a threshold value around

0.3Å below which the contribution for the most selective structures (blue) is negative (see

Figure 4); even though no clear correlations can be found, we can at least find a threshold

value (about 0.23) below which there is higher probability of having a high ambient-pressure

selectivity. The same type of domain splits can be found for the average of krypton interaction

energies distribution "mean_grid_krypton" (at around 15), the Boltzmann weighted xenon

interaction energies distribution "enthalpy_std_xenon" (at around 2.5), the difference of

exchange entropic term between the ambient temperature "delta_TS0_298_900" (at around

3) and high temperature and the effective number associated to the PSD "pore_dist_neff"

(at around 2.3). These domains separate structures that are selective at low pressure, which

is key to telling apart the structures with a selectivity drop at ambient pressure from the

ones without.

3.3.2 Local interpretability

To put into practice our previous analysis, let’s look at some archetypal structures and

how the model predicted the selectivity based on the descriptor values. We chose two MOF

structures from the test set, their CSD code being respectively VIWMIZ and BIMDIL. Both

structures are selective at low pressure but the first one decreases in selectivity while the

other maintains it at ambient pressure. It will be interesting to see what the model does to

tell apart these two completely different behaviors.
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Figure 4: Some SHAP dependence plots that are analyzed in the main article. The 18 top
descriptors’ SDPs can be found in the SI.

VIWMIZ is part of the highly selective structures that experience a selectivity drop at

ambient pressure. If we convert back the free energy values to selectivity values, its selec-

tivity is 62.8 at infinite dilution and 14.5 at ambient pressure. The ML model manages to

give a close prediction of 12.0 for the ambient-pressure selectivity based on the given values

of the descriptors. If we only look at "G_0", it has one of the most negative values, which

explains the rather high negative contribution of −1.81. However, the −0.57 contribution of

"G_900K" is rather low compared to other materials (see Figure 4), since a value of −4.05

is not the most negative considering all structures. On the other hand, the remaining de-

scriptors have values in the domain of positive contributions, which lead to the drop of the

selectivity. For example, the difference of pore sizes "delta_pore" has a value of 1.38Å (above

the threshold of 0.23Å), which contributes +0.25 to the predicted selectivity and is consis-

tent with the value ranges of the associated dependence plot. By reporting the values to the

dependence plots, the same analyses can be made on the other positive contributions of the

Figure 5: "pore_dist_std" is above the threshold of 0.4, "enthalpy_std_krypton" is above

2.5 kJmol−1, "pore_dist_neff" is above 2.3, "delta_TS0_298_900" is below 3 kJmol−1 and

"enthalpy_modality" is around 0.75 where positive contributions are more commonly ob-
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served. However, the "delta_G0_298_900" value is a bit too close to its optimal value,

which explains its negative contribution in this particular prediction. The rest of the fea-

tures have almost negligible contributions and are detailed in the Figure S11. By analyzing

the contributions of each descriptor to the prediction given by our model, we can understand

the underlying features of the VIWMIZ structure that explains the selectivity drop at higher

pressure. The shape of the xenon and krypton energy distributions ("enthalpy_std_krypton"

and "enthalpy_modality") and of the PSD ("pore_dist_std" and "pore_dist_neff" ) as well

as the void fraction difference "delta_pore" are key descriptors at the origin of the lower

selectivity at ambient pressure compared to the ideal infinite dilution case. Intuitively, one

can easily understand that effective number of pores exceeding 2 can mean the presence of

different pore sizes, which is consistent with the presence of pores that are less attractive to

the xenon and leads necessarily to less selectivity. The previous statement is also very much

consistent with a high standard deviation of the PSD or the Boltzmann weighted krypton

interaction energy distribution. One can also conceive that a much larger difference between

the average pore size and the LCD could mean a high disparity in pore sizes that leads to

the presence of larger pores more and more loaded as the pressure rises. The entropic term is

however way more complex to interpret and opens unexplored ways of tackling the problem

of selectivity drop at higher pressure unraveled by our previous study18.
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Figure 5: Main contributions of the descriptors on the selectivity prediction of two archetypal
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The second structure BIMDIL is also among the most selective with a selectivity at

low pressure of 41.0, while maintaining it to 41.2 at ambient pressure. The model manages

to predict this stability of the selectivity by giving a value of 40.0. Consequently, the first

contribution of "G_0" is among the most negative ones and set a baseline of −2.4 for the

upcoming contributions. The contributions of "G_900K" and "G_900K" are not the highest

possible but they continue to lower down the value of the predicted selectivity. It is the joint

contributions of the other descriptors that will really discriminate between the two structures

and decide why this one will keep its selectivity. Unlike the previously analyzed structure,

this one has a "delta_pore" value below 0.3Å, which explains the negative Shapley value

it has for our prediction. The contribution of "delta_G0_298_900" that was only a little

negative for the other one, is now playing a major role since it is right within the range of

between 4 and 6 kJmol−1 (see Figure 5). We can also verify that "pore_dist_std" is now

below the threshold instead of being above for the other structure. We can confirm that the

other contributions are also following the rules implied by the SHAP dependence plots, no

apparent anomalies are detected, and the joint efforts of all the descriptors tend to give a

lower free energy value, which leads to the conservation of the selectivity value at higher

pressure. The set of descriptor values is clearly very different from the previous structure,

many values are in opposite contribution domains, which explains how the model manages

to disentangle the highly selective structures to find out the ones that would keep their

selectivity at higher pressure.

These two examples allow us to understand a bit more how the model tells apart the

structures that will lose selectivity at higher pressure from the ones that will not. Most

of the dependence plots can give very strong association between the descriptors and their

effects; the outliers are rare enough that the inner logic of our model can be understood.

As developed previously, the first three descriptors set a baseline on few information on

the eventual drop of selectivity; then the other descriptors contribution is either positive,

negligible or negative depending on the domain of values the descriptor is in. For instance,
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the average pore size and the largest cavity diameter need to be around very specific values

to maximize the chance of keeping the selectivity at higher pressure, which was highlighted

by previous works that emphasize on the importance of pore sizes close to the size of xenon

for Xe/Kr separation.14,18 The difference of entropy between the ambient temperature and

900K is surprising descriptor that separates selective structures depending on whether its

value is within a given range. The difference of void fraction occupied by xenon and krypton

is also very interesting since it affects the selectivity differently depending on whether it is

highly selective or not, and the contribution is more or less proportional to its value. Different

ways of measuring the disparity of the PSD and interaction energy distribution are key in

sorting highly selective structures (in blue on the dependence plot Figure 4) between the

ones maintaining their performance and the ones decreasing in selectivity. Among others, we

can find the difference between the average pore size and the LCD, as well as the standard

deviation of the PSD or of the Boltzmann weighted energy distribution that would behave

very differently according to the domain in which the value lies. The SHAP dependence

plots, partially plotted in the main text and entirely available in the SI, are very valuable

reading grid to understand the mechanisms behind our ML model and more broadly to what

it understood from the origins of Xe/Kr separation.

4 Conclusions and perspectives

In order to better understand separation processes inside nanoporous materials, we per-

formed a machine learning prediction of Xe/Kr ambient-pressure selectivity that is faster

than standard GCMC calculations. For MOF structures of the CoRE MOF 2019 database,

a xenon/krypton selectivity evaluation would take less than a minute, while an equivalent

GCMC calculation takes around 40min. Unlike most of the selectivity predictions of the

literature, we chose to predict a selectivity in the logarithmic scale, because it focuses more

on the order magnitude than the exact value of the selectivity of highly selective materials.
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Moreover, the conversion to an exchange Gibbs free energy allows a more thermodynamic

approach based on enthalpy, entropy and free energy values. The challenge was then to pre-

dict a free energy equivalent of the ambient-pressure selectivity by using the low-pressure

selectivity along with key energy, geometrical and chemical descriptors. The final, fully op-

timized ML model performs very well with an RMSE of 0.36 kJmol−1, which corresponds to

a 0.06 RMSE on the base-10 log of the selectivity.

One of our more specific goals was to uncover underlying reasons of a selectivity drop at

high pressure observed on some highly selective materials at low pressure. Previous studies

found that a high diversity of pore sizes and channel sizes that favor adsorbate reorganizations

could be at the origin of this phenomenon.18 By applying interpretability tools, we found

quantitative factors that explain the conservation or the drop of the selectivity for highly

selective materials. Depending on energy averaging at 900K, on statistical characterizations

of the energy or pore size distributions, and on the difference of volumes occupiable we have

a structure either with a selectivity similar to the low-pressure case or that is less selective

at higher pressure. All the quantitative rules are contained in a complex ensemble of decision

trees constructed by our XGBoost model, and they can be extracted to build rule of thumbs

in order to back our intuition on the Xe/Kr selectivity in MOF structures.

The final ML model can be used in a well-designed workflow to find the best performing

materials. For instance, we could filter out the structures with pores that cannot fit a xenon

in, then we could use a first calculation of the low-pressure selectivity to filter out the selec-

tivity below a given threshold. Finally, we can use the model to remove the structures that

would experience a selectivity drop. We tested our methodology on the Xe/Kr separation

as proof of concept since it is one of the simplest adsorption systems (monoatomic species

with no electrostatic interactions). A similar approach can be generalized to other separa-

tion applications by calculating the infinite dilution energies with a more standard method

(e.g. Widom’s insertion) and by adjusting the descriptor definitions to fit the adsorbates of

interest.
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This study ambitions to add new descriptor ideas to help the development of ever more

efficient screening methodologies to find the best materials for target applications. However,

like many other studies on the topic, this one also relies on a few strong assumptions — the

simulations are performed in rigid frameworks with non-polarized classical force fields. As

suggested in the literature, the most selective materials ever synthesized for Xe/Kr separa-

tion are all based on the effect of open-metal sites that uses the difference of polarizability

between the two molecules to efficiently separate them.5,6 Moreover, the structures can be

made flexible using flexible force fields with adapted simulation methodologies45 or by us-

ing multiple rigid simulations of snapshots from NPT simulations46. It would be possible

to improve the simulations at the cost of CPU times, if we coupled it with a reduction of

simulation time like the one presented in this article. The quest of ever-faster evaluation

tools will allow us to investigate more complex properties and uncover structures with ever

more interesting characteristics.
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