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Abstract: Industrial separations of near-azeotropic chemicals, species with very similar boiling 

points, are energy- and capital-intensive. Adsorption-based processes can energy-efficiently 

separate near-azeotropic mixtures provided suitable adsorbent materials can be found. Among 

the full diversity of industry-relevant molecules millions of these mixtures exist, meaning that 

discovery of mixture-specific adsorbents by direct experiment is infeasible. We show that vast 

numbers of adsorbents and adsorbing molecules can be explored in a powerful way by coupling 

atomistic simulations with machine learning. This concept is demonstrated by describing the 

adsorption of ~54,000 industry-relevant chemicals in an experimentally-derived set of thousands 

of metal-organic framework materials. Our results identify thousands of near-azeotropic 

mixtures that can be efficiently separated using adsorption and open possibilities for creating 

adsorption processes for complex mixtures with many components.  
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Introduction  

Chemical separations are integral to the chemical industry. Industrial practice is dominated 

by methods like distillation that use phase changes, so chemical separations use vast amounts of 

energy 1. Distillation of near-azeotropic mixtures is particularly energy- and capital-intense. 

Adsorption-based separations are one alternative to distillation, provided that suitable adsorbent 

materials can be developed. Although multiple factors affect performance of adsorption 

processes 2-3, a central quantity of interest is the adsorption isotherm, defining the equilibrium 

uptake of species of interest in an adsorbent. A comprehensive survey of experiments found ~104 

single-component isotherms 4. Mixture isotherms, however, are more important in assessing 

chemical separations. The number of mixture isotherms that have been experimentally measured 

is small; at best there are dozens of extant examples 4-5. The sparsity of this data is illustrated by 

noting that collections of thousands of crystalline adsorbent materials 6-7 and billions of distinct 

molecules 8 are available.  

Metal-organic frameworks (MOFs) are crystalline nanoporous materials composed of metal 

nodes coordinated to bi- or multi-functional organic linkers. MOFs exhibit high porosity and 

surface area 9. More importantly, many of their properties can be varied by the diverse 

combinations of metal nodes and organic linkers that are available. As a result, MOFs have 

attracted considerable attention as sorbents for adsorption-based separation processes. 

To date, two main categories of computational techniques have been used to study the 

adsorption in MOFs; molecular simulations and machine learning. The first category includes 

ab-initio quantum chemical approaches10, Monte-Carlo simulations 11-12, molecular dynamics 

methods11, and hybrid molecular simulation methods10. Quantum chemical approaches normally 

lead to more accurate results but molecular simulations methods are typically far faster, making 
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them more suitable for high throughput studies13. Although multiple studies have used molecular 

simulations in high throughput computational screening of MOFs for CO2 capture14, H2/N2 

separation15
 , CO2/H2 separation 16, H2/CH4 separation17, separation of hexane isomers18 , and 

capture of toxic chemicals capture19-20, there are limitations to using “computational brute-force” 

tool in large-scale high throughput computational screening of sorbents for adsorptive separation, 

particularly when millions of molecule/MOF systems are involved. A second category of 

computational approaches to predicting adsorption in MOFs and similar materials relies on 

machine learning models. Recent reports have used this approach for high-throughput screening 

of MOFs for H2 storage21-22, CH4 adsorption capacity23, CO2 capture24-25, N2 capture24, and 

methanethiol/ethanethiol adsorption26. These models are promising, but their application has 

been limited to a single molecule or pair of molecules.  In addition, most of these examplesthey 

have correlated adsorption loading with a limited number of mostly geometrical descriptors of 

MOFs, although there have been several studies that have included energy-based or chemical 

descriptorswhich limits their prediction quality. Here we introduce a far richer set of descriptors 

that should be useful in many contexts and also tackle the task of making predictions for a large 

and diverse collection of adsorbing molecules.   

Below we consider ~24,000 molecules relevant to the chemical industry that contains ~107 

near-azeotropic binary mixtures 27. If a set of ~104 sorbents is considered, the complete set of 

possible binary separations include >1011 binary adsorbed mixtures. This large set of mixtures 

and adsorbents can be termed “adsorption space” 28. There is no feasible way to fully explore 

adsorption space by direct experiments. We show below, however, that this task can be 

accomplished by combining detailed molecular simulations of adsorption with machine learning 

(ML) techniques. 

Commented [CHBE1]: Add refs here 
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Materials and Methods 

We tackled the task of efficiently predicting adsorption isotherms for a wide range of 

molecules in metal-organic frameworks (MOFs), a diverse class of crystalline nanoporous 

adsorbents. Numerous studies have shown that molecular simulations can reliably predict 

adsorption of small molecules (e.g., CO2, CH4) in MOFs 29. Tang et al. recently used Grand 

Canonical Monte Carlo (GCMC) simulations to calculate single-component adsorption isotherms 

of 24 molecules in 471 MOFs at 300 K 28. For the vast majority of these isotherms, no 

experimental data of any kind is available. We used 9,615 isotherms from 460 MOFs from Tang 

et al. as the basis for this study (see section S.1.1 for more details).  

To apply ML techniques to molecular adsorption, a rich set of descriptors associated with 

the adsorbates and adsorbents must be available. Molecular descriptors play a fundamental role 

in the development of structure-property relationships in chemistry 30, pharmaceutical science 31, 

environmental science 32, and materials science 33. To date, however, the range of descriptors that 

have been explored in studies of nanoporous crystalline materials such as MOFs has been 

limited. Considerable attention has been paid to macroscopic geometrical descriptors for these 

materials, including the pore-limiting diameter (PLD) 34,  largest cavity diameter (LCD) 34, 

volumetric and gravimetric surface areas (VSA and GSA) 34, pore volume (vp) 34, and void 

fraction (vf) 12, 35. It is unlikely, however, that these quantities include enough information to 

describe the full diversity of molecular adsorption that can exist. To address this shortcoming, we 

developed a set of thousands of descriptors of crystalline porous materials by adapting methods 

that have been previously developed for molecular systems (see S.1.2 for details). A key step in 

this process was adapting molecular descriptors to extended materials such that the results are 
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intensive with respect to periodic boundary conditions. Feature reduction methods were used to 

reduce this large number of descriptors to those that most strongly differentiate between MOFs, 

leading to a set of 25 adsorbent descriptors (see S.1.3). 

Although very large numbers of molecular descriptors are available, we chose to use only a 

small set of descriptors for adsorbing molecules that are rooted in the law of corresponding 

states. Specifically, we used the critical temperature, Tc, the critical pressure Pc, and the acentric 

factor, ω.  The models of Gharagheizi et al. 36 were used to predict the Tc, the Pc and the ω for 

each molecule. Using these models rather than experimental data has the advantage that our 

calculations can readily be extended to arbitrary molecules. A comparison between the predicted 

Tc, Pc and ω and the actual values reported is in Figure S1. 

 

Results and Discussion 

The adsorption isotherms from Tang et al. define ~43,000 distinct data points with non-

negative heats of adsorption. We used multiple regression genetic programing (MRGP) 37 to seek 

a model that uses the 28 descriptors listed in Table S1 to predict the adsorbed amount for each 

molecule (see section S.1.4.1 for details) after randomly splitting the underlying dataset into a 

training set, validation set, and test set. The resulting model, Eq. (S1), uses 14 descriptors (3 

molecular descriptors, 11 MOF descriptors). This model, while simple to evaluate numerically, 

does not have a simple form that is identifiable in terms of “classic” isotherms derived from 

physical principles. The predictions of Eq. (S1) are compared to the underlying GCMC data in 

Figure 1. The quality of fit is very similar for the training, validation and test sets, giving a 

heuristic sense that the fitting is robust. Figure 2(b) shows the differences between the model 

predictions and GCMC data are approximately normally distributed with a standard deviation of 
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1.55 mol.kg-1. This difference is less than ±1 mol.kg-1 for 72 % of all data points and only 5 % of 

the data points show a deviation more than ±3 mol.kg-1. Similar behavior can be seen in the 

histogram of percentage error (Figure S.12).  

 

Figs 1. (a) A comparison between the model predictions of Eq. (S1), qpred, and GCMC 

simulations, qsim, for 9,615 adsorption isotherms in MOFs at room temperature from Tang et al. 

and (b) the distributions of deviations between model predictions and the GCMC simulations. 

The training set, validation set and test set used in developing Eq. (S1) are shown in separate 

colors.  

 

It is important to compare our model with other means of efficiently predicting adsorption 

isotherms. Tang et al. 28 proposed a physically-motivated approximation to estimate adsorption 

isotherms in MOFs with significantly less computational effort than a direct GCMC simulation. 

Specifically, they assumed that each isotherm can be approximated by a Langmuir isotherm, an 

(a)  (b) 
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approach that only involves two parameters, the Henry’s constant and the saturation loading. 

They then used a series of physical descriptors to estimate saturation loadings and a single 

GCMC simulation to directly measure the Henry’s constant for each molecule/MOF pair of 

interest. This approach requires far more computational resources than Eq. (S1) because a 

molecular simulation must be performed for every adsorbate/adsorbent pair of interest.  

 

Developing Eq. (S1) also made no a priori assumptions about the functional form of the 

isotherms. The predictions of Eq. (S1) are compared to the prior approach of Tang et al.28 in 

Table 1 and Figure 2. In terms of R2 and RMSE, the performance of the model is better than the 

approach proposed by Tang et al.. Figure 2(a) shows a cumulative probability plot of the relative 

error of predictions from our ML-based model (dashed red line) and the previous model of Tang 

et al.28 (blue line) compared to the original GCMC simulations. The probability of observing a 

relative error of <30% (an uncertainty range that is not uncommon in replicate experimental  

isotherm measurements of adsorption in MOFs38) using our simulation-free model and the model 

of Tang et al. (which uses one GCMC simulation per isotherm) is 0.59 and 0.75, respectively. 

 

Table 1- A comparison between the model predictions and the corresponding GCMC 

simulations and also the estimations based on the physically-motivated model proposed by Tang 

et al.28. N is the number of independent adsorption state points considered. 

Statistical parameter training set validation set test set overall Tang et al.28 

R2 0.828 0.822 0.811 0.824 0.803 



 

 

9 
 

RMSE 1.536 1.594 1.557 1.548 1.752 

N 30255 6482 6482 43219 43219 

 

 

 

 

 

 

 

Figure 2. (a) Cumulative relative error associated with Eq. (S1) (dashed red line) compared with 

the original GCMC simulations of Tang et al. and the model of Tang et al. 28 (dashed blue line) 

compared with the original GCMC simulations of Tang et al.. The cumulative error associated  

with a model combining Eq. (S1) and Eq. (S2) is shown as a solid red curve. The solid green 

curve shows the cumulative error associated with comparing Eqs. (S1) and (S2) to the set of 

1425 GCMC simulations described in the text that were not included in the work of Tang et al. 

or in the development of our ML-based model. The dotted black curve shows the cumulative 

error associated with comparing Eqs. (S1) and (S2) to the set of 1092 (out of 1425) GCMC 

simulations described in the text that neither their molecules nor their MOFs were included in the 

work of Tang et al. or in the development of our ML-based model. (b) A comparison between 

the predicted adsorption isotherms in 9,615 molecule-MOF pairs and the corresponding GCMC 

simulations. Each pixel represents a molecule/MOF system, color coded by R2. White indicates a 

(b) (a)  Tang et al.

Eq. (S1) 

Eqs. (S1) and (S2) 

New GCMC simulations 

New GCMC simulations 
For new molecule/MOFs 
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system where no significant adsorption occurs in GCMC. Molecules in the figure are arranged 

vertically in order of decreasing average R2, and MOFs are arranged from left to right in order of 

decreasing average R2. 

 

An interesting feature of Figure 2(a) is that for a small fraction of cases, Eq. (S1) performs 

very poorly. For example, 7% of the comparisons using Eq. (S1) show a relative error larger than 

10, a level of error so large as to make the prediction lack even qualitative value. To explore the 

origins of these effects, Figure 2(b) compares all the 9,615 adsorption isotherms predicted by Eq. 

(S1) with their corresponding GCMC simulations. Figure 2(b) suggests there is some underlying 

structure to the ability of Eq. (S1) to make accurate predictions. For example, the predictions for 

thiophene and toluene, the only cyclic molecules in our data set, are systematically less accurate 

than the other molecules. The existence of systematic structure in the model performance can 

also be seen in Figs. S3-S6, which replot the data from Figure 2(a) with several alternative 

orderings. These figures hint that Eq. (S1) is less accurate for MOFs with high density (Figure 

S3), for MOFs with small PLDs (Figure S4) or for MOFs with low pore volumes (Figs. S5 and 

S6). 

In order to improve our model’s reliability, we sought an approach to predict the model’s 

applicability domain (AD) without increasing numerical cost. In general terms, a model’s AD is 

the space for which the model can make reliable predictions. Unfortunately, there is no widely-

accepted mathematical algorithm for determining an AD 39. To estimate the AD of Eq. (S1), we 

defined “reliable predictions” as the predictions within ±20% of the corresponding GCMC 

simulation. This definition defines an integer variable that is 1 (0) for reliable (unreliable) 

predictions. We used MRGP to develop the classification model given by Eq. (S2) for this 
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variable (see S.1.4.2 for details). As with Eq. (S1), using Eq. (S2) requires no information other 

than the MOF and molecule descriptors; no GCMC or other molecular simulation data is needed. 

Applying Eq. (S2) shows that Eq. (S1) is predicted to be reliable for 44% of the 43,219 

individual state points and 33% of the 9,615 complete adsorption isotherms for which we have 

GCMC data. For these cases, the model predicts an adsorption loading within ±1 mol.kg-1
 71% 

of the time. Figure 2(a) shows a cumulative plot of relative error that indicates for cases 

classified as reliable by Eq. (S2), Eq. (S1) has a 76% probability of generating data with a 

relative error less than 30%. Figure 2(b) shows that Eqs. (S2) and (S1), which do not require any 

molecular simulation data, make predictions with comparable accuracy to the carefully tuned 

physical model of Tang et al. which requires at least one GCMC calculation for every 

adsorbate/adsorbent example. 

The approach described above opens possibilities for screening adsorption-based 

separations on a scale that has not been previously possible. To demonstrate this concept, we 

considered a library of 54,000 organic molecules of interest to the chemical industry 27 and a set 

of >4,700 MOFs from the CoRE MOF database 6. We restricted our attention to molecules with 

freezing point below 300 K (as predicted by the model of Gharagheizi et al. 40). The resulting set 

of 23,923 molecules and their predicted bulk properties are given in Data S4 (see S.1.5 for more 

details). We computed the full set of 5,009 descriptors for 4,763 MOFs, even though only a 

subset of these descriptors is used in our model. This data is available in Data S5, and a list of 46 

MOFs from the CoRE database that was excluded is given in Table S5.  In all, this approach 

includes 1.12×108 molecule/MOF systems. We applied Eqs. (S1) and (S2) to predict the 

adsorbed amount in each case at the vapor pressure of the adsorbing molecule at 300 K. Our 
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classification model predicts that Eq. (S1) is reliable in 8.46 % of these examples, that is, for 

9.54×106 distinct molecule/MOF systems.  

It is important to evaluate our model’s accuracy for examples unrelated to the data used to 

train and validate the model. To this end, we performed GCMC simulations for 475 

molecule/MOF systems that included 37 molecules that were not included in the work of Tang et 

al. and 158 distinct MOFs, only 36 of which appeared in the work of Tang et al. (see S.1.6 for 

details). Figure 2(a) shows the relative error of the predictions from Eqs. (S1) and (S2) for these 

new GCMC simulations (solid green line). Our simulation-free model shows a relative error 

<30% 73% of the time, compared to 76% of the time for the training data of Tang et al.. This is a 

powerful indication that our simulation-free approach can accurately predict adsorption 

isotherms for a diverse range of adsorbates and adsorbents.   

Having established that our ML-based model gives useful predictions, we turned to finding 

specific MOFs to separate near-azeotropic binary mixtures of a diverse range of molecules. We 

define two molecules to be near-azeotropic if their boiling points differ by less than 5 K. Among 

the 2.86×108 binary mixtures possible from the molecules listed in Data S4, there are 1.02×107 

near-azeotropic pairs. We analyzed 4.8×1010 near-azeotropic adsorbed mixtures/MOF 

combinations. In each case we calculated the single component adsorption uptake of each 

molecule at its bulk phase vapor pressure, then used the ratio of these uptakes as a proxy for the 

ability of a MOF to separate a molecular pair. We found 6.2×108 examples for which our 

classification model (Eq. (S2)) predicts that Eq. (S1) is reliable and the predicted ratio of single 

component loadings exceeds 1.2. Details are given in Data S6. Of the 1.02×107 near-azeotropic 

pairs, at least one MOF for which this loading ratio >1.2 was identified for 8.8×105 pairs. 

Significant attention is paid to individual materials capable of separating individual near-
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azeotropic pairs of commercial interest 41-43. Our results greatly expand the range of examples 

that can be considered for these problems.  

Specific examples of MOFs for separation of near-azeotropic pairs are shown in Figure 3. 

In each temperature range, a set of 30 molecules is shown, and the pairs for which the proxy 

quantity defined above is >1.2 are illustrated for two specific MOFs. This proxy is clearly only 

approximate. More detailed information about mixture adsorption could be obtained for specific 

examples in a numerically efficient way by using the single component isotherms from Eq. (S1) 

in conjunction with Ideal Adsorbed Solution Theory 44. More precise information could be found 

by performing mixture GCMC calculations for examples of special interest.  
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Figure 3. 14 examples of selecting MOFs for room temperature separation of near-azeotropic 

binary mixtures. The format of (c)-(h) mimics (a), which highlights adsorption of the 30 

molecules listed in two MOFs, FAFMAC and OFFEREX, which show adsorptive separation 
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using the metric defined in the text for 80% and 72% of the mixtures. (b) A summary of physical 

properties of the MOFs shown in the figure. In (c)-(h), the MOFs shown have adsorptive 

separations for (c) 72% (FORWAL) and 72% (PUWCEP), (d)  63% (YICREI) and 62% 

(AVOSIO), (e)   68% (DOTTUC) and 58% (YICREI), (f) 67% (PUWCEP) and 75% 

(LAVTEJ01), (g) 70% (PARKUQ) and 70% (YEMJAC), and (h) 59% (BORBEQ) and 63% 

(AVOSIO) of the mixtures defined by the 30 molecules shown for each temperature. 

 

Conclusion 

We have introduced a highly numerically efficient model for single component adsorption 

of arbitrary molecules in MOFs at room temperature using ML methods. This model makes 

predictions at the same level of precision as detailed molecular simulations using generic force 

fields (FFs) in defect-free models of crystals that are assumed to be rigid during adsorption. 

Although there is considerable evidence that this level of precision yields practically useful 

information 45, opportunities clearly exist to extend our ideas to situations where generic FFs are 

likely to be inadequate (e.g. open metal sites and/or materials that undergo significant 

adsorption-induced deformation). There is also likely to be considerable scope for improving 

upon the set of descriptors we have introduced for MOFs; we speculate that better descriptors 

exist that would improve the quality of both our adsorption isotherm model and classification 

model. Despite these caveats, our work demonstrates an exciting capability that extends the 

ability to make predictions about adsorption-based separations far beyond the scope of previous 

activities in this important area.  
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The supporting information is available free of charge on the ACS Publications website. 

Materials and methods, Figures S1 to S10, Tables S1 to S6, numerical values of descriptors for 

460 MOFs, the descriptors suggested to MOFs, the ML model predictions, the 23,923 molecules 

and their predicted properties, list of 875,591 near-azeotropic pairs, new GCMC simulations, and 

Modified RASPA source code.   
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