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Design, System, Application
Nanoporous materials, with metal-organic frameworks (MOFs) as their flagship, are promising to 
harness control of adsorption phenomena, and in turn achieve breakthroughs in a number of 
engineering applications. With a design space spanning trillions of materials variations, machine learning 
(ML) adsorption models are crucial to identify optimal designs with suitable adsorption properties for a 
target application, and to derive data-driven design rules that can further support material development 
via rational design. But training ML adsorption models comes with its own challenges, some of which 
can be alleviated with the use of physics-based materials representations. This kind of representation 
offers advantages such as compatibility with (easier to generate and potentially more informative) 
artificial training datasets, model applicability beyond a material subclass, and resilience to instances of 
flawed chemistry-adsorption relationships in the data. However, current physics-based nanomaterial 
representations tend to require specialized expertise for their creation and/or are prone to raising 
training scalability issues. The work herein demonstrates two-dimensional interaction parameter 
histograms (2D-IPHs) as simple, yet informative, material representations that can facilitate the 
data-efficient, scalable training of ML models that are crucial to screen and obtain data-driven 
molecular design rules for these materials.
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ABSTRACT
Machine-learning (ML) adsorption models are essential to computationally screen nanoporous materials, such as metal-organic 
frameworks (MOFs). Physics-based MOF representations offer advantages for the training of these ML models such as compatibility 
with artificial training datasets, model applicability beyond MOFs, and resilience to chemistry-related inaccuracies in the data. However, 
emerging physics-based MOF representations tend to require specialized expertise for their creation and/or are prone to raising training 
scalability issues. Here, we demonstrate two-dimensional, interaction-parameter histograms (2D-IPHs) as physics-based MOF 
representations that are simple, scalable, and informative for adsorption learning. The construction of 2D-IPHs simply needs statistics 
of the distance of adsorption sites to their closest pore wall atom, along with its interaction parameters. Demonstrating scalability, 2D-
IPHs facilitated the use of a multi-million-point, multi-molecule dataset to yield a model that predicts adsorption isotherms for unseen 
small, non-polar, near-spherical molecules (R2 = 0.97 - 0.99 for H2, CH4, C2H8, N2, Ar, Xe, and Kr). Demonstrating informativeness, 
2D-IPHs facilitated training from multi-thousand-point, single-molecule datasets to yield models for: i) full adsorption isotherm 
prediction for small, high-quadrupole and non-spherical molecules (R2 = 0.98 for CO2 and C3H8), and ii) Henry’s constant prediction 
for small, molecules of varied adsorption dependence on dispersion and electrostatic interactions (R² = 0.76 - 0.90 for, CO2, H2O, and 
NH3 and N2). Moreover, training with 2D-IPHs tended to be robust to training dataset trimming, at least until running into obvious data-
scarce scenarios. Even so, in data-scarce scenarios, the use of 2D-IPHs with techniques such as single feature stacking (SFS) and transfer 
learning (TL) led to significant (even if not total) recovery in model accuracy. Nuances regarding SFS and TL, and the practical screening 
performance of the models trained herein, are also discussed in this work.

1. INTRODUCTION
Harnessing control of adsorption in nanoporous materials could 
make a myriad of engineering applications possible.1,2 Through 
judicious selection of their constituent building blocks, metal-
organic frameworks (MOFs) are promising nanoporous 
materials to harness this control.3,4 However, one bottleneck is 
having to identify, among trillions of possibilities, the precise 
building block combination that engenders a desired adsorption 
behavior.5 Exploring all this combinatorics solely by 
experiments is intractable, making the prediction of adsorption 
properties of a prospective MOF by computation necessary.6 To 
this end, the virtually instantaneous inference of machine 
learning (ML) models is extremely appealing for high 
throughput adsorption predictions.7,8 Thus, there are sustained 
efforts to develop ML models that can be trained efficiently to 
gain broad adsorption prediction capabilities in MOFs.9–15 

Central to the development of ML adsorption models 
is the development of MOF representations to be used as 
inputs.16 Some representations have relied on feature 
engineering, with the effort in input preparation expected to be 
compensated with the ability to learn with simpler models 
and/or smaller datasets.17–19 One prominent example is atomic 
property-weighted radial distribution functions.17 Other 
representations have sought to minimize input preparation 
effort, in which case larger datasets and/or more complex 
models are needed, so that the model “extracts” the features 
itself.7,13,20 Examples include, but are not limited to, 

representing MOFs (or their building blocks) as graphs, directly 
converting material atoms and bonds into graph nodes and 
edges, respectively.21–23 Then, each node and/or edge have been 
usually described either by a list of “periodic table” properties 
(e.g., electronegativity) of the atom(s) associated with it or by 
their chemical identity (e.g. via one-hot encoding12,21,24,25). Such 
representations have been used to predict MOF properties via 
graph neural networks (GNNs) or variations thereof.26–29 

Complexity aside, most MOF representations have the 
model learn a relationship between adsorption and material 
chemistry,11–13,16 which is then exploited to perform predictions 
for new MOFs. However, since ML adsorption models can only 
be as accurate as the data they are trained on, concerns on the 
validity of this learned relationship linger due to the common 
use of generic force fields to generate training adsorption data 
via molecular simulation. Although new force fields can be 
reparametrized to correct faults in extant training data,30,31 and 
∆ML approaches—that focus on learning and correcting model 
errors—can be used to reduce the demands for new data, the 
use of chemistry-based representations does not allow to bypass 
the need for additional model training efforts. Furthermore, 
representations directly tied to chemical identity may make 
adsorption property predictions impossible when encountering 
unseen chemical moieties, fundamentally impairing the utility 
of the corresponding models for out-of-distribution predictions.
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A strategy to bypass the above issues is to use physics-
based MOF representations, where models learn the 
relationship between the property of interest and chemistry-
agnostic parameters.10,20,32–35 The “energy histograms” 
introduced by Snurr and coworkers are notable examples of 
physics-based representations.10,20,35 These authors used this 
representation to teach models to predict adsorption based on 
the distribution of adsorption site energies. An appealing aspect 
of energy histograms is their compatibility with simple ML 
architectures (and benefits derived therein), but drawbacks 
include their specificity to a particular adsorbate probe 
(although some histograms can be transferable between 
molecules if these are significantly similar20,35), and the 
significant simulation expertise needed for their creation. 
10,20,32–35 The interaction parameter-embedded cubic grids 
introduced by Lin and coworkers33,34 are also notable physics-
based representations. These grids have been used as input to 
models that learn to predict adsorption based on the Lennard 
Jones (LJ) potential parameters ε and σ and coulomb charge q 
of each grid point.32,33 The philosophy of this representation 
arguably follows that of work in other areas that uses ML to 
solve complicated simulation models by using the simulation 
model parameters as input.36 Appealing aspects of these grids 
are their relative ease of construction and parameter assignment 
(which does not require simulation expertise), and their non-
specificity to a particular adsorbate. Arguably, the greatest 
drawback of these grids is their matching with complex ML 
architectures such as 3D-CNNs that may rapidly become 
prohibitive for training as either the size of the grid or the 
dataset increases.8 

The above works demonstrate that physics-based 
representations can yield models with adsorption property 
prediction accuracies that are practical for materials screening. 

However, the noted drawbacks can hinder ML democratization, 
potentially limiting the widespread use of the above models and 
approaches for screening of materials for adsorption 
applications.  Accordingly, in this work, we propose the use of 
2D-histograms encoding information of MOF LJ and Coulomb 
interaction potential parameters (2D-IPHs) as a simple, 
scalable, physics-based MOF representation that can be 
generated with minimal simulation expertise, and that is highly 
conducive to adsorption learning by ML models. We envision 
2D-IPHs to facilitate model development without the need for 
significant simulation expertise,10,20,32–35 extensive 
computational resources,8 or specialized ML-oriented feature 
engineering pipelines. This representation was introduced in 
earlier work37 in a less demanding context, where it was used 
as input for surrogate ML models guiding the “active search” 
of MOFs. Building upon that foundation, in this work we 
demonstrate 2D-IPHs to be sufficiently informative in broader 
and more demanding adsorption prediction tasks. Indeed, to 
illustrate the suitability, versatility and robustness of this MOF 
representation, we demonstrate its performance as input to 
models that predict either full adsorption isotherms or 
adsorption Henry’s constants. Additionally, we illustrate the 
suitability of the representation for some emerging approaches 
for data-efficient ML model training such as single-feature 
stacking (SFS), and inductive transfer learning (TL).

2. COMPUTATIONAL METHODS
2.1. MOF selection. The MOFs selected for this work are a 
subset of the larger MOFMinE database.38 This database 
features 1,036,252 MOFs constructed using ToBaCCo-3.0,39,40 
combining 27 inorganic nodular building blocks, 14 organic 
nodular building blocks, 19 base edge building blocks (with 13 
functionalized variations for each of the latter) into 1,393 
topologies (a sample of building blocks is shown in Fig. 1a). 

Figure 1. Overview of building blocks and properties in the MOF sets used to train models to predict adsorption loadings and Henry’s coefficients 
(KH). a) Representative building blocks (BBs) in the MOFMinE database. The top panel shows a sample of inorganic building blocks, while the bottom 
panel shows a sample of nodular (left) and edge (right) organic building blocks. b) Comparison of the structural and compositional distributions between 
datasets: the 1,036,252 MOFs in MOFMinE (blue), the 39,950 MOFs used to train models to predict KH (KH dataset, green), and the 3,029 MOFs used 
to predict adsorption loadings (adsorption dataset, red). The top panel reports textural properties, and the bottom panel shows the distribution of metals 
based on the 14 most-common metals in MOFMinE.
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Upon generation, all MOF structures were optimized using an 
iterative procedure. First, only atomic positions were relaxed, 
followed by a second relaxation of both atomic positions and 
unit cell parameters. Optimizations used molecular mechanics 
with UFF4MOF41 interaction parameters as implemented in 
LAMMPS (29 Oct 2020).42 For Henry’s constant calculations, 
39,950 MOFs (henceforth referred to as the KH subset) were 
randomly drawn from the MOFMinE database. These MOFs 
reflect the distribution of both textural properties and chemical 
distribution present in the full MOFMinE dataset. (Fig. 1b). For 
adsorption loading calculations, the selected MOFMinE subset 
simply corresponds to 3,029 MOFs used in earlier works 
(henceforth referred to as the adsorption subset).13,37,43 This 
MOF subset in many ways reflect the distribution of both 
textural and chemical distributions of the full MOFMinE 
dataset, except that it focuses more on MOFs with surface areas 
in the ~2000 to ~4000 m2/g range and MOFs with Cu, Zn, Cr 
and Zr nodes (Fig. 1b).
2.2. Adsorption interaction parameters. CH4, C2H6, C3H8, N2 
and CO2 were modeled by TraPPE parameters,44–47 which are 
known to reproduce vapor-liquid equilibrium curves for these 
molecules. Xe and Kr were modeled following a single sphere 
model with Lennard-Jones parameters reported by Snurr and 
coworkers,48 which have been broadly used to study their 
adsorption-based selectivity.43,48 Ar was modeled as a single 
sphere as well, and the parameters used were reported by 
García-Pérez et al.49 H2 was  modeled following the well-
known dispersion attraction-driven sorption study by Darkrim 
and Levesque.50 Feynman-Hibbs corrections51,52 were used for 
this molecule. H2O was modeled by TIP4P parameters, which 
provides good experimental agreement of the O-O interactions 
between water molecules.53,54 Adsorption data for alchemical 
adsorbates was taken from previous work,13 where they were 
modeled as one or three-site molecules (reminiscent of three-
site models under the TrAPPE force field), with σ and ε LJ 
parameters, and charge and bond lengths in the 3.0-4.5 Å, 15-
250 K, 0.0-0.9 e and 1.0-2.0 Å ranges, respectively. The range 
for each parameter was selected to be broad, yet physically 
reasonable, based on the typical values of parameters in real 
molecules (Fig. 3d). The specific combinations of parameters 
in alchemical species can be found in a previous work.13 MOF 
atoms were assigned σ and ε parameters based on UFF4MOF, 
and charges based on the DFT-calculated charges on their 
building blocks, according to the MBBB method.55 Cross-
interactions for adsorbate-adsorbate and adsorbate-MOF cases 
were modeled using Lorentz-Berthelot mixing rules. No 
interactions between MOF atoms were calculated as these 
atoms remained fixed during simulations. Cutoffs of 12.8 Å 
were used for both LJ and Coulomb potentials. Electrostatic 
interactions beyond the cutoff were modeled using Ewald 
summation (with a precision of 10⁻⁶). No tail corrections were 
used for LJ potentials. 
2.3. Simulations of adsorption loadings. Simulated 
adsorption loadings were taken from extant datasets or obtained 
here using grand canonical Monte Carlo (GCMC) with the 
RASPA.2.0 code.56 These simulations model the MOF as being 
in contact with an adsorbate reservoir at fixed chemical 
potential. At least 5,000 initialization cycles followed by 1,000 
data collection cycles were used. Each cycle corresponds to N 
Monte Carlo trial moves (i.e., translation, insertion/deletion, 

and rotation), where N for each cycle is set as the highest 
number between 20 and the number of adsorbates in the 
simulation cell. Metropolis-Hasting acceptance criteria were 
used to accept or reject these moves.57,58 For translation and 
rotation, these criteria involve the energies of the adsorbed 
phase configurations. For insertion/deletion, these criteria also 
involve the chemical potential and, in turn, fugacity of the 
reservoir,59 which was directly set at desired values generally 
ranging from 0.01 to 100 bar. 
2.4. Henry’s constant calculations. Henry’s constants (KH) for 
H2O, NH3, CO2, and N2 were calculated at 298 K using the 
Widom insertion method. Briefly, the molecule of interest was 
inserted, deleted, and then reinserted 10,000 times at random 
points within the MOF unit cell, collecting the adsorption 
energy (∆U) upon each insertion. Assuming an ideal 
Rosenbluth weight equal to one, then KH is calculated as:

𝐾𝐻 =
𝛽
𝜌𝑓

< 𝑒(―𝛽𝛥𝑈) > (1)

where 𝜌𝑓 is the density of the MOF, 𝛽 denotes the inverse of 
RT, and the angular brackets indicate an average quantity. Note 
that KH [mol kg-1 Pa-1] indicates the inherent affinity of a 
molecule to a MOF but it is also the slope of the adsorption 
isotherm at sufficiently small pressures (i.e., dilute adsorption 
conditions).
2.5. 2D interaction-parameter histograms. As schematized in 
Fig. 2a, to construct 2D-IHPs we first generate an evenly 
spaced grid of points within the MOF unit cell, with each point 
intended to represent a potential adsorption site. The spacing 
between grid points along lines parallel to the unit cell vectors 
is 1 Å. Thus, the shape and symmetry of the grid is consistent 
with the shape and symmetry of the MOF unit cell. Note that 
while the use of cubic grids of fixed extent “sampled” from the 
MOF regardless of unit cell characteristics is common with 
sophisticated model architectures such as 3D-CNNs,34 we 
prefer our grid approach because it prevents information loss 
for non-cubic unit cells, among other previously mentioned 
advantages. For each grid point, we then identify the 
corresponding closest MOF atom, while considering periodic 
boundary conditions. As noted in previous work, if done by 
brute force, this identification can become intractable for large 
unit cells, so it can be aided by approaches such as KD trees.37 
Each grid point is “embedded” with the distance (d) to the 
closest MOF atom, as well as the non-bonded interaction 
parameters (i.e., σ and ε LJ parameters and Coulombic partial 
charge q).

The above embedding is motivated by the hypothesis 
that the adsorption energy of each grid point (adsorption site) is 
greatly influenced by the characteristics of the closest MOF 
atom. The adsorption energy of each site depends on the 
particular ε-d, σ-d, and q-d combination associated with it. 
Thus, analogous to how Snurr and coworkers10,20 build energy 
histograms by counting the frequency that certain adsorption 
energy values occur, we build three 2D-IPHs for each MOF by 
counting the frequency that certain ε-d, σ-d, and q-d 
combinations occur. The number of bins for each parameter is 
fixed to ensure same dimensionality regardless of the MOF size 
(74 x 20 = 1480 for each 2D-IPH; see example in Fig. S1). To 
obtain a vectorial representation compatible with multilayer 
perceptrons (MLPs), each 2D-IPH was "flattened" by 
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concatenating their rows, and the flattened 2D-IPHs were in 
turn concatenated as well. We found that this simple flattening 
led to models that were as good as (or better than) those 
obtained by preceding the flattening with the application of 
convolutional layers.
The “as is” flattened representation consists of a vector with 
4,440 components stemming from the 1,480 bins for each of the 
three 2D-IPHs, but depending on the size of the dataset, one 
may decide to reduce the size of this representation. When such 
reduction was opted in this work, representation components 
were removed based on their variance across MOFs. The 
rationale is that components that barely vary across MOFs are 

less likely to “explain” differences in adsorption behavior and 
impact model performance. The variance threshold can be 
modulated depending on how much representation-size 
reduction is targeted. For instance, we did not implement this 
reduction when working with the multi-thousand-points dataset 
in Section 3.3, but we did when working with the multi-million-
points dataset in Section 3.1, using a standard deviation 
threshold of 0.032 that reduced the representation to 44 
features. Notably, we found this simple procedure to result in 
models as good as (or better) than those relying on PCA or 
autoencoder approaches.

Figure 2. a) Representation of the workflow for constructing the 2D interaction-parameter histograms (2D-IPHs). A uniform grid is generated in the 
MOF unit cell, and for each grid point the distance to the nearest MOF atom is computed and stored together with the corresponding non-bonded 
interaction parameters (partial charge (q) for Coulombic interactions and the Lennard-Jones parameters (ε, σ) for dispersion interactions). For each 
MOF, three 2D-IPHs are built (one for each non-bonded interaction parameter considered) as a function of distance (d). These histograms are then 
flattened and concatenated to form the final MOF representation used for both KH and adsorption loading predictions. b) Schematic of the global 
textural descriptors complementing the 2D-IPH MOF representation for adsorption loading prediction models.

2.6. Machine learning model training. All models trained in 
this work are based on MLP architectures purposely kept at 
moderate complexity, and developed using Python 3.10.2, 
TensorFlow 2.15.0, and Scikit-learn 1.5.2, unless otherwise 
specified (Supporting Information). The choice for MLPs 
was made purposefully to assess the practical informativeness 
of the proposed 2D-IPHs MOF representation when used with 
a highly expressive type of model. The models used the 
flattened histograms as input, in some cases along with select 
(experimentally obtainable) MOF textural features (Fig. 2b). 
One can think of textural features as globally descriptive, and 
of the histograms as more locally descriptive (i.e., distributions 
of local interaction environments) features. All features were 
normalized or standardized based on training-set statistics.

The models for adsorption loading prediction and for 
KH prediction tasks were trained using mean absolute error 
(MSE) as the loss function. As one of the measures to prevent 
overfitting, model training considered dropout rates in each 
trained layer ranging from none to 30%. As needed, early 
stopping based on validation loss, with patience of 20 epochs 
and restoration of the best weights, was used as well. 
Hyperparameter exploration for all models was done via Keras 
Tuner Bayesian optimization to minimize validation mean 
absolute error (MAE) over model complexity, dropout, 

regularization, learning rate, and activation using 40 trial per 
model. All adsorption prediction results are reported on the 
same test set of MOFs, corresponding to 1,029 MOFs randomly 
drawn from the 3,029 MOFs in the adsorption subset. Likewise, 
KH prediction results are reported on the same test set of MOFs, 
corresponding to 7,990 MOFs randomly drawn from the 39,950 
MOFs in the KH subset. To prevent data leakage, these test sets 
remained unobserved during all corresponding hyperparameter 
exploration and training processes. Further implementation 
details, including the data distribution used for each training 
approach and performance comparison of different 
representation variants for each prediction task are provided as 
Supporting Information. Note that the physics-grounded 
nature of the 2D-IPH representation makes it amenable to 
feature importance analyses, where individual features can be 
traced back to specific interaction parameter–distance 
combinations, offering a path to rationalize MOF design (e.g, 
conceiving chemical moieties that are describe by desirable 
interaction parameters). However, given the scope of the work 
herein such interpretability studies have been reserved for 
subsequent studies.

3. RESULTS AND DISCUSSION.
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3.1 General adsorption model. The dominant approach to ML 
adsorption prediction has been to train a model based on an 
adsorption dataset for a specific adsorbate (usually at a specific 
condition).9,17,60,61 Given that datasets are harder to generate for 
some adsorbates than for others, a more data-efficient approach 
to adsorption model training could be based on the aggregation 
of datasets for different adsorbates (even at different 
conditions) into a larger “master” adsorption dataset. This 
approach enables training more “general” ML adsorption 
models that can predict adsorption even for previously unseen 
adsorbates—based on what the model has learned from other 
adsorbates. This approach arguably returns to the philosophy of 
early 20th century analytical adsorption models (e.g., 
Langmuir,62,63 BET,64 and so forth65), as it uses adsorbent and 
adsorbate properties, as well as thermodynamic conditions as 
input (Fig. 3a). 

Pursuing this approach, Sholl and coworkers66 used a 
large diverse dataset of hydrocarbon-based CHNOPS 

adsorbates and MOFs for training, to develop a general 
isotherm equation (via multiple regression genetic programing) 
to predict single-component adsorption isotherms across this 
family of adsorbates in MOFs. These authors used counts of 
chemical moieties as part of the input. In the same general 
model spirit, Anderson et. al.13 developed a MLP model to 
predict full isotherms for small, near-spherical, non-polar 
molecules. Although these authors used physics-based 
representation for the adsorbate, their MOF representation was 
still chemistry-based, similar to the atom type-based 
representation proposed by Fanourgakis et al.67. Notably, the 
nature of their adsorbate representation enabled the introduction 
of “informative” alchemical adsorbates in their dataset to 
facilitate learning. Intriguingly, Froudakis and coworkers68 
have shown this “alchemical” strategy can be similarly 
beneficial when applied to the adsorbent, adding to the 
desirability of a physics-based representation for MOFs. 

Figure 3. General adsorption model training and predictions. a) Overview of the general adsorption model workflow, indicating model inputs. b) 
GCMC simulations (left) provide adsorption data across MOFs, adsorbates, and fugacities, which are partitioned (right) into training and validation 
sets for alchemical adsorbates and a test set for real molecules, the latter which is reserved for prediction evaluation. c) Parity plots comparing general 
model predictions versus GCMC values for multiple real molecules. R2 values and mean absolute error (MAE) are presented for each real molecule 
tested. d) Visualization of the adsorbate representation space obtained by principal component analysis (PCA; left) of the adsorbate descriptors (top 
right), and the contributions of those descriptors (bottom right) to the PCA components. Gray points in PCA visualization correspond to alchemical 
adsorbates (training), while colored points indicate real adsorbates (test). The outlined region highlights the adsorbate representation domain spanned 
during training.

Moreover, such physics-based representation types also open 
the door to using the models beyond MOFs.20 

Accordingly, here we leverage the ~5 million-point 
Anderson et al. GCMC dataset13 to train a general adsorption 
model that completely relies on physics-based representations, 
by using our proposed 2D-IPHs to represent the MOFs. We 
maintained these authors’ dataset partition philosophy where no 

MOF, fugacity, or adsorbate seen in the training and validation 
datasets is seen in the test set. Importantly, real molecules are 
only ever seen in the test set (Fig. 3b), which enables for 
assessment of model “zero-shot-like” predictive capability. A 
variance cutoff equal to 0.032 was used to reduce the 
histograms, resulting in a 44-component feature vector. 
Showing that 2D-IPHs lead to scalable model training, a variety 
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of models were readily trained, where the best model had an 
architecture of a multilayer perceptron with two hidden layers 
containing 128, and 256 nodes, respectively.

For the targeted molecules CH4, C2H6, N2, H2, Ar, Xe 
and Kr, the new model reached prediction accuracy 
characterized by R2 values higher than 0.97 and mean absolute 
error (MAE) values corresponding to ~6–8% of the mean 
GCMC adsorption loading for six molecules, and ~22% for H₂ 
(Fig. 3c). These accuracy levels are consistent with state of the 
art accuracy for adsorption models in MOFs, independently of 
the MOF representation used.20,69,70 Fig. 3c shows that 
predictions closely follow the parity line across the explored 
loading range for all seven molecules, with no obvious loading-
dependent deviation from parity. Given the interest in 
predicting full isotherms, this observation is desirable as it 
reflects good predictions for low and high fugacity, which 
correlate with low and high loadings, respectively. 
Although parity plots give a sense that the ML model performs 
well, we believe it is always desirable to test models in the 
context that they are practically used in high-throughput 
computational screening (HTCS). In this context, one usually 
wants to use the ML model to identify a small subset of 
promising MOFs in which more refined (thus more costly) 
evaluation would be performed. For instance, one may desire to 
identify the top-100 from ML, hoping that evaluation with, say, 
GCMC confirms that these MOFs were truly outstanding. 
Accordingly, one desires strong numerical prediction to be 
accompanied by strong ranking fidelity, which is the case with 
the model herein. As shown in Table 1, the top-n MOFs (from 
the test set) identified by the general model for H₂ and CH₄ 
adsorption at a fugacity of 100 bar substantially overlap with 
the corresponding GCMC-derived top-n sets. The overlap was 
97+% for the top-100 (about 90th percentile of the test set), and 
stayed at 90+% even for the top-20 (about 98th percentile of the 
test set). These adsorption cases were presented here for their 
relevance to the practical context of screening MOFs for H₂ and 
CH₄ storage, respectively. 

Table 1. Number of MOFs in the ML top-n set that are in the actual 
(i.e., GCMC) top-n set, with the top-n sets constructed based on MOF 
H2 and CH4 adsorption loadings at a fugacity of 100 bar.  

Adsorbate n = 100 n = 50 n = 20

H2 97 50 19
CH4 97 49 19

The real molecule prediction performance facilitated 
by the alchemical approach can be understood from Fig. 3d, 
which provides a low-dimensional view of the adsorbate 
representation space through principal component analysis 
(PCA) of the four descriptors used in the general model (i.e., 
effective Lennard–Jones diameter (σeff), effective Lennard–
Jones well depth (εeff), partial charge (q), and bond length rbond). 
Fig. 3d shows that the seven real adsorbates considered in this 
section project themselves within the representation space 
spanned by the alchemical species, making the prediction of 
their adsorption properties closer to an interpolation exercise at 
which ML is known to excel. With the first two principal 
components (PC1 and PC2) accounting for 64.23% of the total 
variance in the adsorbate feature space, and PC1 and PC2 

dominated by rbond (41.5%) and εeff (84.1%), respectively, one 
can infer that the current real molecule predictions of the 
general model largely stems from its learning of how adsorbate 
size (as captured by rbond) and the strength of its predisposition 
to adsorb (as captured by εeff) impact adsorption in a given 
adsorption environment.
3.2 Single-feature stacking. Although the training approach in 
Section 3.1 is geared towards a “general model,” the 
applicability of the model therein is at this point still restricted 
to the types of adsorbates appearing in the Anderson et al. 
training dataset.13 Namely, small, near-spherical, non-polar 
adsorbates. This occurs partly because these are the types of 
adsorbates that are fully described by the adsorbate features 
shown in Fig. 3d. For instance, the general model 
underestimates C3H8 loadings, presumably because it 
overestimates the volume of this molecule, which it 
(incorrectly) assumes to be spherical.13 On the other hand, the 
general model underestimates CO2 loadings, presumably 
because the adsorption of the alchemical molecules used for 
training seem not to be as influenced by electrostatic 
interactions, preventing the model from learning the impact of 
MOF charges on adsorption. Indeed, while CO2 is non-polar, it 
has a significant quadrupole beyond what is seen in the 
alchemical molecules in the training set, and therefore not 
learned by the general model.

The above plays into a scenario sometimes 
encountered in ML, where an extant (primary) model is not 
sufficiently accurate for a prediction task but could aid to more 
efficiently train a new (secondary) ML model. This way, in an 
approach known as single feature stacking (SFS), the data 
burden for the secondary model may be reduced by using the 
prediction from the primary model as one of the inputs. 
Specifically, the (incorrect but informative) prediction of the 
primary model is used as an input feature for the secondary 
model, which is then trained to carry the desired task (Fig. 4a). 
Analogous ideas have been explored in other fields such as 
quantum chemistry, where ML models trained on low-fidelity 
calculations of a property (e.g., energy) are used as input to train 
ML models using scarcer high-fidelity data. For instance, 
Moharreri et al.71 used a sequence of ML models trained to 
output molecular energy at lower levels of theory as input for a 
ML model to ultimately predict molecular energy at the 
B3LYP/aug-cc-pVTZ level.

Accordingly, we decided to test SFS for molecules that 
fall outside the scope of the general model trained in Section 
3.1 (here used as the primary model) such as the 
abovementioned C3H8 and CO2. The secondary model uses the 
general model predictions and the MOF histogram features as 
input. As SFS may be unnecessary in data-abundant scenarios, 
we examined the efficacy of SFS as a function of data 
availability. Specifically, by comparing the performance of the 
SFS model against a model trained from scratch using the same 
dataset. In this section, full (100%) data availability 
corresponds to datasets consisting of at least 12,353 GCMC-
calculated adsorption loadings for each of CO2 and C3H8, 
spanning fugacities from 0.01 bar to 100 bar. Data partition 
closely resembles that used in Section 3.1, with the MOFs 
following the same splitting as in Fig. 3b, and fugacity partition 
detailed in Table S2. 

Page 7 of 17 Molecular Systems Design & Engineering

M
ol

ec
ul

ar
S

ys
te

m
s

D
es

ig
n

&
E

ng
in

ee
ri

ng
A

cc
ep

te
d

M
an

us
cr

ip
t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

1 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/3
/2

02
6 

5:
19

:5
2 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

DOI: 10.1039/D6ME00034G

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6me00034g


7

The performance of the scratch models was relatively 
stable for C3H8 and CO2 cases as the data availability was 
reduced from 100% to 30%. A noticeable decline in 

performance was then apparent when data availability fell to 
10% (1,235 data points for training), more pronounced for C3H8 
case (Fig. 4b). 

Figure 4: ML prediction for CH4 and CO2 adsorption loading using single-feature stacking (SFS). a) Schematic of the SFS approach. Predictions from 
the general (primary) model are used as an additional input feature to train a specialized (secondary) model for the target adsorbate, which still uses 
2D-IPHs as part of the inputs. b) R² values (bars) and mean absolute error (MAE; lines) for model predictions as a function of the fraction of single-
adsorbate training data used to train scratch (orange) and SFS (blue) models for CO₂ and C₃H8 (100% = 12,533 datapoints). c) ML prediction versus 
GCMC adsorption loadings for CO₂ (top) and C₃H8 (bottom). The “as is” general (primary) model (gray points) is used as reference in each plot.  The 
results for the scratch model predictions (right plots) and the SFS model predictions (left plots), when trained on 10% of the available data (i.e., 1,253 
data points) are shown colored by point density. R2 values and MAE are reported as insets.

Table 2. Number of MOFs in the ML top-n set that are in the actual 
(i.e., GCMC) top-n set, with the top-n sets constructed based on MOF 
CO2 and C3H8 adsorption loading at a fugacity of 1 bar. Results 
presented as a function of data (%) availability for training.

CO2

Model Data (%) n = 100 n = 50 n = 20

SFS 100 54 23 4
Scratch  50 17 5

SFS 50 52 24 4
Scratch  40 18 5

SFS 30 35 12 2
Scratch  36 15 4

SFS 10 35 18 3
Scratch  29 12 2
C3H8

Model Data (%) n = 100 n = 50 n = 20
SFS 100 80 36 13

Scratch  58 21 6
SFS 50 78 37 10

Scratch  69 26 8
SFS 30 86 39 9

Scratch  68 27 8

SFS 10 71 30 8
Scratch  31 7 1

Still, even at this data availability level, the scratch models for 
both CO2 and C3H8 maintained R2 values above 0.94, 
establishing that the 2D-IPHs preserve sufficient MOF 
information useful for adsorption loading predictions, even in 
data-limited scenarios. Nevertheless, the SFS models exhibited 
greater robustness to data scarcity, and tended to outperform the 
corresponding scratch models, although more clearly so with 
respect to MAE (especially in the C3H8 case), and at 10% data 
availability (i.e., 1,235 data points). For the sake of 
visualization, parity plots for the predictions for C3H8 and CO2 
scratch and SFS models at 10% data availability are shown in 
Fig. 4c. The improvement of both scratch and SFS model over 
the general model (gray points) is evident. However, the 
differences between the SFS and scratch models are more 
visually subtle despite a 14-35 % improvement in MAE by the 
SFS over the scratch models (for CO2 and C3H8, respectively). 
Thus, as done with the general model in Section 3.1, we decided 
to compare the SFS and scratch models in a practical screening 
scenario.

For the practical screening performance, we quantified 
the ability of the models to recover top-performing MOFs for 
CO₂ and C3H8 adsorption at 1 bar. This low-pressure condition 
is more challenging than the high-pressure condition used in 
Table 1, but may be relevant to bridge CO2 capture and 
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compression steps in some configurations for direct-air capture 
(DAC),72 and to design C3H8 separation from light hydrocarbon 
streams. Table 2 shows that across all data availability levels, 
SFS models consistently identify a larger fraction of the true 
high-performing MOFs than the corresponding scratch models. 
This behavior is better observed for C3H8 where, for instance, 
even at 100% data availability, the SFS model captures 38% 
more top-100 MOF than the corresponding scratch model—the 
SFS model recovers 80% of the top-100 MOFs). Across all data 
availability levels for this molecule, the SFS model recovers 
~52%, ~122% and ~214% more MOFs from the top-100, top-
50, and top-20, respectively. These results demonstrate that 2D-
IPHs-based SFS improves not only pointwise predictive 
accuracy but also ranking robustness, a key criterion in 
hierarchical HTCS applications where identifying a small 
subset of top candidates is often more important than 
minimizing global error metrics. For CO2, the advantage is 
more modest since SFS recovers ~14% and ~25% more top-
performing MOFs at top-100 and top-50, respectively, with no 
consistent edge at top-20. This contrast suggests that CO2 
adsorption presents a more tractable learning problem than 
C3H8 adsorption, at least at the conditions and data levels 
examined here. 
3.3. Henry’s constant prediction. KH has been used for 
screening materials based on affinity to molecules of interest.73 
Usually as an early filter in hierarchical HTCS, leveraging their 
low calculation cost compared to adsorption simulations.74–78 
However, while KH calculations are less computationally 
intensive, obtaining KH is not a trivial exercise once the number 
of MOFs start to surpass a few hundred thousands. An 
important consideration given the overwhelming size of the 
MOF design space. Notably, in ML endeavors, KH has been 
most commonly used as part of ML inputs for adsorption 
loading prediction,79,80 with studies demonstrating that its use 
can substantially improve prediction accuracy.80 However, 
fewer ML efforts have focused on the prediction of KH 
itself.33,81,82 The challenge with ML KH prediction is that KH is 
a dilute regime property, and at this regime adsorption is 
controlled by finer structural and chemical 

Fig. 5. ML predicted versus simulated Henry’s constant (KH) values 
for CO2, H2O, N2, and NH3. Color indicates the point density within 
each dataset. Models were trained to predict log10(KH), thus R2 values 
and mean absolute error (MAE) of log10(KH) are reported as insets in 
each plot.

details of the MOF pores rather than by more “summarizing” 
features such as pore volume or surface area. Based on all the 
above we considered KH prediction a good test for the 2D-IPHs 
MOF representation. Given the much more tractable dataset, for 
the 2D-IHPs of the MOFs in the KH dataset, we used the 
complete (flattened) 2D-IHPs as input to the model. Our best 
model architecture, shared by the scratch and TL models, 
consisted of a MLP with three hidden layers with 128 nodes 
each. Further details on the MLP training can be found as 
Supplementary Information. 

The ML model predictions on the 7,990 MOFs in the 
test set for this task are summarized in Fig. 5 for N2, CO2, H2O 
and NH3. These molecules are expected to pick up on different 
aspects of the 2D-IPHs as they provide different levels of KH 
dependence on dispersion and electrostatic interactions. For 
instance, due to their different quadrupole/dipole moments, 
dependence on electrostatics is low for N2, middle for CO2, and 
high for H2O and NH3. As KH spans values across a wide range 
of orders of magnitude, we focused on the prediction of log(KH) 
as usually done in the literature.33,81,83 The mean absolute error 
(MAE) for log(KH) for these molecules ranged from 0.07 to 
1.11, the ratio between the mean absolute deviation to the mean 
(MAD) and MAE ranged between 2.4 and 3.8, whereas R2 
ranged from 0.76 to 0.90. 

The best KH predictions were achieved for the N2 
model (R2 = 0.90, MAE = 0.08 , MAD/MAE = 3.8). This 
observation is consistent with persistent findings that 
adsorption behavior can be more easily learned and predicted 
for molecules in which this phenomenon is primarily dominated 
by dispersion interactions.81,83 The models developed for NH3, 
H2O, and CO2 exhibit comparable predictive performance 
based on the abovementioned metrics, which is consistent with 
the added role that electrostatic interactions play in the 
adsorption of these molecules. As hinted above, NH3 and H2O 
possess dipole moments that N2 does not, and while CO2 also 
lacks a dipole moment, its quadrupole moment is almost double 
that of N2. 

To place the predictive performance of our KH models 
in context, we compare against representative studies in the 
literature. Such inspection shows that KH prediction appears to 
be an inherently more demanding regression task than high-
pressure adsorption loading prediction. Similar to us, Lin and 
coworkers33 also worked with single-molecule datasets based 
on calculated (log of) KH’s in a distribution of 15,415 materials 
(MOFs and zeolites). These authors used (ε, σ, q)-embedding 
3DCNN material representations as model input, yielding a 
root-mean squared error (RMSE) of 0.88 and 0.28 for CO2 and 
CH4, respectively, these results are consistent with our 
observations that predictions involving electrostatics are more 
difficult. While recognizing that we used a larger dataset, we 
note that the RMSE for our KH prediction models in the CO2 
and N2 cases are lower at 0.53 and 0.12. In this case, we 
compare N2 with CH4 due to their similar characteristics (small, 
non-polar, near-spherical). In a different approach to predict 
(log of) KH in 45 hydrocarbon-based CHNOPS adsorbates, 
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Sholl and coworkers81,83 used multi-molecule datasets and 
combined four atomic-property radial distribution functions 
(AP-RDF) with energy-histograms (or variations thereof) 
generated with a CH4 probe to represent the MOF. These 
authors leverage the adsorbate aggregation approach (see 
Section 3.1), worked with different molecules to us, and we 
cannot decouple the importance of the (chemistry-based) AP-
RDFs from that of the energy histograms in their models. 
However, their range of R2 values (0.67 to 0.97) is comparable 
(if with a higher upper bound) to ours (again, 0.76 to 0.90). 
Similar to our observations, their prediction accuracy depended 
on the characteristics of the molecules. Based on the above 
observations, the 2D-IPH-leveraging models herein appear 
competitive with current approaches in the field for KH 
prediction.

We believe the above highlights the informativeness 
of the 2D-IPHs despite their simplicity. But as done in 
preceding sections, we now contextualize the performance of 
the models trained herein in practical terms. We find that if 
these models were to be used in a hierarchical screening to 

identify presumed top MOFs based on their affinity for these 
molecules, one would find that the top-800 MOFs according to 
the ML model would contain between 569 and 709 MOFs (71% 
to 88%) of the true top-800 (Table 3). This top MOF 
identification performance follows the decreasing order N2, 
H2O, NH3, CO2 once again being higher for the molecule whose 
adsorption is largely controlled by dispersion interactions. The 
top-800 roughly corresponds to the 90th percentile for the 
7,990-MOF test set for KH, which makes this identification 
endeavor analogous to finding the top-100 for the 1,029-MOF 
test for adsorption. When going for a more stringent effort, such 
as identifying the 97th percentile (top-200) MOFs, the 
identification success rate remains above 50% even for the 
worst case (CO2). Overall, the numbers in Table 3 indicate top-
n recovery performances comparable or better than those 
reported in Table 2 for low-pressure CO2 adsorption. 
Accordingly, the 2D-IPHs facilitate models promising for 
hierarchical MOF screening based on adsorbate affinity for the 
MOF.

Figure 6. ML prediction of the (log of) Henry’s coefficient (log10(KH)) for multiple molecules using transfer learning (TL). a) Schematic of the inductive 
TL strategy using the prediction of a source task (e.g., NH3; top) to predict a target task (e.g., H2O; bottom). b) R2 values (bars) and mean absolute 
error (MEA; lines) performance for TL models using CO2, N2, and NH3 as source molecules to predict H2O, relative to scratch models trained directly 
on H2O data under varying levels of data availability. Schematic representation of the source-target pairs is included. c) Relative change in R2 between 
TL and scratch models for each source-target molecule pair as a function of source molecules.  Error bars represent the standard deviation of the metric. 
d) Comparison of predictive performance for H2O, CO2, and N2 using NH3 as source molecule, showing R2 values (bars) and mean squared error (MSE; 
lines) for TL (green) and corresponding scratch (orange) models. Panels c and d are results for 3% of the original training dataset, hence corresponding 
to 958 MOFs.

Table 3. Number of MOFs in the ML top-n set that are in the actual 
(i.e., simulation) top-n set, with the top-n sets constructed based on 
MOF Henry’s constant. 

Adsorbate n = 800 n = 400 n = 200

N2 709 335 158

H2O 649 291 120

NH3 607 265 116

CO2 569 245 104

3.4 Transfer learning. An emerging approach to facilitate 
data-efficient training of ML models to predict adsorption is 
transfer learning (TL).84–86 Previous works indicate that the 
choice of MOF descriptors can either facilitate or hinder TL,85,87 
thus we considered a TL exercise as another good test for the 
2D-IPHs MOF representation. Thus, in this section, we explore 
TL, each time from one of the models trained in Section 3.3 to 
predict log(KH) for one of N2, CO2, H2O and NH3 to new models 
to predict log(KH) for the remaining three molecules. We 
performed inductive TL by having the source and target models 
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share the same configuration of nodes and layers, as well as 
having the target model retain the same weights and biases as 
the source model in some layers (Fig. 6a). This is an exercise 
colloquially referred to as “freezing layers.” We found that 
freezing just one layer yielded significantly better target models 
than when freezing two or three layers (see Section S5). This 
observation illustrates that while freezing layers is what enables 
knowledge transfer, the target models still need to be given 
sufficient “breathing room” (i.e., retrainable layers) to readapt 
to the new (target) task. 

As brought up for SFS, data-abundant scenarios can 
make TL unnecessary, so we examined TL at different data 
availability levels ranging from 100% to 1% with respect to the 
data available in Section 3.3. For all data availability levels, a 
baseline for comparison was established by training a 
corresponding model from scratch. For all molecules, the 
behavior of the scratch models was qualitatively similar as data 
availability decreased. Namely, accuracy declines slowly 
initially, and then rapidly once below a certain critical data 
availability level. For instance, for H2O, this critical level is 
~10% of the original data (~3,196 MOFs), below which R2 for 
scratch models started to significantly drop below ~0.8 (Fig. 
6b). For all molecules, with data availability above the critical 
level, TL only yielded models that at best (with a suitable source 
task) had comparable accuracy to the corresponding scratch 
model. This observation is consistent with the increasingly held 
view that when data is abundant, sophisticated ML approaches 
are not necessary to achieve high predictive performance.88–90 

With a suitable source task, however, TL can make the 
target models quite resilient to declines in data availability, 
resulting in significant impact on model accuracy as data 
becomes scarce. For instance, with KH prediction for NH3 as the 
source task, the target models for KH prediction for H2O show 
an R2 declining only from ~0.79 to ~0.77 as data availability 
decreased from 100% to 1% (~318 MOFs). Thus, at the latter 
data availability level TL clearly outperforms the scratch 
model, whose R2 was only ~0.57 (i.e., 26 % less than 

Table 4.  Number of MOFs in the ML top-n set that are in the actual 
(i.e., simulation) top-n set, with the top-n sets constructed based on 
MOF Henry’s constant for N2, CO2, H2O and NH3. Results for the 
scratch and TL models at 3% data availability (958 MOFs) and NH3 
Henry’s constant prediction as the source task (except when NH3 was 
the target task, in which case H2O Henry’s constant prediction was 
used instead).

Model Data (%) n = 800 n = 400 n = 200

NH3 → H2O 3
624 274 110

Scratch  
576 252 102

H2O → NH3 3
592 246 105

Scratch  
530 191 78

NH3 → CO2 3
496 207 92

Scratch  
500 192 75

NH3 → N2 3
586 247 111

Scratch  
626 278 125

with TL) (Fig. 6b). Reflecting the importance of the source 
task, less resilience for the target models for KH prediction for 
H2O was achieved with KH prediction for CO2 and N2 as the 
source tasks. To the point that TL from KH prediction for N2 to 
prediction for H2O never yielded a target model outperforming 
the scratch (Fig. 6b).

Examining what constitutes a suitable source task, we 
find two factors to be at play: i) the inherent informativeness of 
the source task (i.e., how much information the source task 
forces the model to extract from the histograms), and ii) the 
similarity of the target and source tasks (i.e., to what extent they 
demand the same kind of information from the histograms). 
Regarding “i”, comparing the average R2 improvement for 
target models with respect to the corresponding scratch models 
reveals the prediction of KH for NH3 to be the most inherently 
informative task (see Fig. 6c for the 3% data availability case). 
To be sure, the average R2 improvement can vary significantly, 
and all source tasks can have target tasks for which they yield a 
positive average R2 improvement. However, only the prediction 
of KH for NH3  leads to clearly positive average improvement in 
R2. Further cementing the importance of inherent 
informativeness, note that it is dramatically more effective to 
do TL from NH3 to N2 than from N2 to NH3 (Table S12 – S13), 
even though task similarity is identical in both cases. 
Interestingly, this is the case even though the source models to 
predict KH for NH3 generally have lower R2 than the source 
models to predict KH for N2. We believe this is consistent with 
NH3 adsorption being more complex than N2 adsorption, and 
thus forcing the source model to extract more information out 
of the histograms. 

Regarding “ii”,  notice that while prediction of KH for 
NH3 is the most informative task, it is more successful the more 
similar to it the target task is. For instance, at 3% data 
availability, the most successful target models are for the 
prediction of KH for H2O and CO2 (Fig. 6d). The target model 
for the prediction of KH for H2O (CO2) attained an R2 of 0.79 
(0.64), corresponding to a 13 % (16 %) improvement over the 
corresponding scratch model. This observation can be 
understood based on NH3, H2O and CO2 adsorption all being 
greatly driven by electrostatic interactions. Note that while the 
target model for the prediction of KH for N2 may have somewhat 
higher R2 (0.68) than for the CO2 case, this is simply due to the 
prediction of KH for N2 being a simpler task, with the N2 scratch 
model still outperforming the TL model in this case.  

We end with a practical test for the TL models. 
Specifically, assessing the ability of these models to identify the 
top-n performing MOFs across different tiers (n = 800, 400, and 
200) as done in Section 3.3. Following up from Fig. 6b-d, we 
focus on TL models at 3% data availability, using NH3 KH 
prediction as the source task (except when  NH3 KH prediction 
was the target task, in which case H2O KH prediction was the 
source task) (Table 4). Trends on top-n identification 
performance agree with those for R2 and MAE, as performance 
was better the more similar the source and target tasks were. 
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Accordingly, the best TL performances were for the NH3 → 
H2O and H2O → NH3 TL scenarios (7 to 26% more top-n MOFs 
detected than the scratch model for n=800, 400, 200). In 
contrast, in the NH3 → N2 case, the TL model never 
outperformed the scratch model. As for absolute identification 
efficacy, the use of TL across cases listed in Table 4 resulted in 
success rates for top-800 identification ranging from 62% to 
73% across the studied adsorbates. For the more stringent top-
200 identification, this success rate ranged from 46% to 56%. 
As with R2 and MAE, we find the best TL scenarios to 
significantly slow down the decline in model performance. For 
instance, for the NH3 → H2O and H2O → NH3 TL models, the 
top-800 identification success rate was kept in the 74-78% 
range, whereas for the models at full data availability (Section 
3.3) was a somewhat higher 76-81%. For the more stringent 
top-200 identification case, the analogous success numbers are 
53-55% for TL vs. 58-60% for models at full data availability.

CONCLUSIONS
Here we demonstrated that two-dimensional interaction-
parameter histograms (2D-IPHs) provide a simple, inexpensive, 
physics-based MOF representation for adsorption learning. 
These 2D-IPHs capture the distributions of adsorption sites, 
when the latter are characterized by their electrostatic and 
dispersion interaction potential features. Physics-based MOF 
representations offer a pathway toward adsorption models that 
are transferable across materials, can exploit alchemical 
datasets, and are more resilient to inaccuracies in molecular 
simulation models used to generate data. Across  a variety of 
prediction tasks, 2D-IPHs consistently enabled models to 
accurately learn adsorption properties, and gain hierarchical 
screening-relevant, ranking fidelity. For instance, 2D-IPHs 
facilitated a model for prediction of full adsorption isotherms 
for multiple unseen real molecules within the small, non-polar, 
near-spherical class. Then, for adsorbates that fall outside the 
scope of the above model, 2D-IPHs supported efficient 
specialization of a new model through single-feature stacking. 
Additionally, 2D-IPHs facilitated prediction of Henry’s 
constants across molecules spanning dispersion- and 
electrostatics-dominated adsorption, while also showing the 
facilitation of inductive transfer learning when training data 
were severely limited. 

Taken together, these results indicate that 2D-IPHs 
present highly appealing features such as: i) scalability as 
indicated by its application to large MOF unit cells and 
multimillion-point datasets; ii) applicability across adsorption 
regimes ranging from the dilute regime to the pore saturation-
regime as indicated by prediction for both Henry’s constants 
and full adsorption isotherms; and iii) effectiveness with data-
efficient training strategies (here assessed in single feature 
stacking and transfer learning scenarios), and iv) simplicity, 
which may increase 2D-IPHs appeal to the broader adsorption 
community, including experimentalists. Accordingly, we 
anticipate that this representation will be valuable to develop 
computational material discovery pipelines for adsorption-
based application, not only for MOFs, but also for other 
nanoporous materials. Furthermore, we envision that 
improvements to the 2D-IPHs can be done while retaining the 
same construction philosophy, such as the parameter-gradient 
statistics analogous to the energy-gradients statistics that have 

been used to improve the informativeness of energy histogram 
representations.

SUPPORTING INFORMATION

The Supporting Information is available free of charge.
Additional details on computational infrastructure and data 
availability, machine learning architectures and training 
protocols; data processing and hyperparameter exploration; 
model selection and reproducibility procedures; fugacity grids 
used for GCMC simulations; supplementary learning curves; 
optimal network configurations; and complementary analyses 
for adsorption loading, KH prediction, single-feature stacking, 
and transfer-learning studies. (PDF)
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Data availability
The data supporting this article have been included as part of the supplementary information (SI):

Supplementary Information: Additional details on machine learning architectures and training protocols; 
data processing and hyperparameter exploration; model selection and reproducibility procedures; 
fugacity grids used for GCMC simulations; supplementary learning curves and parity plots; optimal 
network configurations; and complementary analyses for adsorption loading, KH prediction, single-feature 
stacking, and transfer-learning studies. (PDF)

Additional codes and files to reproduce results can be found at 
https://osf.io/vu3hn/overview?view_only=cc825a2815bd43529214c8c32be82519 

Page 17 of 17 Molecular Systems Design & Engineering

M
ol

ec
ul

ar
S

ys
te

m
s

D
es

ig
n

&
E

ng
in

ee
ri

ng
A

cc
ep

te
d

M
an

us
cr

ip
t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

1 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/3
/2

02
6 

5:
19

:5
2 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

DOI: 10.1039/D6ME00034G

https://osf.io/vu3hn/overview?view_only=cc825a2815bd43529214c8c32be82519
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6me00034g

