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Adsorption?

ABSTRACT: Hydroisomerization of alkane isomers is an
important step in the manufacture of current kerosene and
sustainable aviation fuels. Zeolites are used as acid catalysts in
this process. It is therefore important to have predictions of the
adsorption capacity or maximum loading of hydrocarbons in
zeolites. Here, a cascade model using machine learning models is
used to predict the maximum loading of alkane isomers in zeolites.
The cascade is composed of a gradient-boosted tree classifier stage
that predicts whether adsorption occurs and a regressor predicting
the value of the maximum loading. The final data set consists of 45
different adsorbates (both linear and branched alkanes up to C,4)
and 97 different zeolite structures, resulting in 4365 data points.
Descriptors include information on the geometry and topology of zeolite channels as well as the shape and size of the adsorbates.
Extra composite descriptors are also present to provide the physical basis for predictions. Multiple regressors of different natures are
considered: support vector regressors, gradient-boosted trees, extreme gradient-boosted trees, and the TabPFN pretrained model.
TabPEN yields the highest generalization performance and the lowest error. An interpretability analysis using SHAP reveals that the
most influential descriptors are physically meaningful, highlighting steric and volumetric constraints as the primary factors
controlling the prediction of gq,,,,. It is shown that despite both the classifier and the regressor being insensitive to random splits in
data, the regressor is prone to overfitting at low fractions of data withheld for testing. The cascade model is compared to an Artificial
Neural Network for training and resource efficiency. Despite training being longer for the neural network, the final model is lighter in
both memory and storage. This work is built on our previous research in predicting the Henry coefficients of long-chain alkanes in
zeolites. Using this previous model and the findings of this work, one could construct the adsorption isotherm for any alkane, thus
enabling the analysis of adsorption behavior of alkane mixtures using IAST.

Predicted qay

Actual g,

1. INTRODUCTION The most commercially viable way to make SAF is through
the HEFA pathway (Hydroprocessed Esters and Fatty Acids),’
in which natural oils and fats are transformed into usable jet
fuel. This pathway uses a 2-fold process of deoxygenation and
hydroisomerization.” The latter, also known as catalytic
dewaxing,8 transforms linear alkane chains into branched
isomers by means of a bifunctional catalyst composed of a

Climate change has been one of the most pressing issues in
recent years, being the subject of international agreements."
This is pushing fossil-fuel-dependent industries to research
more sustainable practices. For the aviation industry (which
accounts for about 2.5% of global carbon emissions”),

solutions to reduce the industry’s footprint without sacrificing metal (generally platinum) and a zeolite. Linear alkanes are
passenger demand are to either redesign aircraft components first delivered to the metal site, where their transformation into
or try and switch to a more environmentally friendly fuel.” One olefins occurs. These olefins then diffuse to the zeolite, where
such fuel is Sustainable Aviation Fuel (SAF)** produced from Bronsted acid sites are encountered, changing these olefins to
nonfossil or low-carbon feedstocks such as lipids® (e.g., used carbenium ions. Subsequent deprotonation is carried out,

cooking oil or animal fats), biomass-derived fuels,® or syngas

routes that qualify as SAF when combined with carbon capture Received: December 19, 2025
utilization and storage and when meeting lifecycle greenhouse Revised:  March 3, 2026

gas reduction and sustainability criteria (e.g., CORSIA® and Accepted: March 4, 2026
EU RED’). SAF promises to significantly reduce carbon Published: March 10, 2026
emissions while still being compatible with current engines and

fuel infrastructure (both for processing and distribution).’
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resulting in branched alkenes. By a final step of hydrogenation,
the alkenes are transformed into branched alkanes.” Making
alkanes undergo hydroisomerization offers multiple benefits
when looking at fuel performance. First, it improves cold-flow
properties (e.g.,, viscosity and freezing point).'® Second, it
increases the octane rating of the fuel, making it less prone to
ignite under compression.10

Despite the current understanding of hydroisomerization,
important knowledge gaps such as competitive adsorption or
optimal zeolite topology for a given process still need to be
addressed.'’ Carrying out experiments that can provide
sufficient information at the molecular level is difficult to set
up. Experimental adsorption studies of long-chain alkanes
typically focus on single-component systems; consequently, the
effects of competitive adsorption and desorption are frequently
not accounted for.'” As an alternative to adsorption experi-
ments, molecular simulations using Monte Carlo simulations in
the grand-canonical ensemble can be performed."” Despite
these advancements, a larger problem has yet to be addressed:
the large combinatorial space between alkanes and zeolites.
The International Zeolite Association (IZA) recognizes 261
synthesizable zeolite structures to date, and the number goes to
millions when considering hypothetical structures.'"” ® The
number of possible isomers also explodes for long-chain
alkanes.'” This renders current methods such as molecular
simulation very inefficient for screening purposes due to large
computational requirements. There is thus a need for a fast,
cheap, and reliable method to predict adsorption properties of
alkane isomers in zeolites. Recently, an effort has been made to
predict the Henry coefficient Ky that describes adsorption at
low pressures.'® If one assumes a single-site Langmuir-type
behavior, an expression for the full isotherm can be made with
both the Henry coefficient and the maximum loading."” In
more complex systems exhibiting multistep adsorption, the
intermediate-pressure regime may deviate from single-site
Langmuir behavior.””*" Nevertheless, Ky still captures the
correct zero-loading limit, and g, defines the maximum
loading. Even if inflection points in isotherms are not
reproduced, the two parameters provide a well-defined
thermodynamic envelope, binding the isotherm between its
low- and high-pressure limits. The isotherm also serves as input
for Ideal Adsorbed Solution Theory (IAST)**~** for studying
the adsorption properties of alkane mixtures.”” Therefore,
there is a need to have a way to compute the maximum loading
of long-chain alkanes in zeolites.

To address the problem of large combinatorial space,
Machine Learning (ML) algorithms have become increasingly
popular due to their data-driven approach. This allows one to
capture complex relations between a set of inputs (called
descriptors) and outputs (called targets), all while being
computationally less expensive than classical molecular
simulations or experiments. In recent years, ML algorithms
have been extensively used in research on adsorption in
microporous materials.”* > Some of the most prevalent uses
are as tools for High-Throughput Computational Screening
(HTCS) or Quantitive Structure—Property Relationships
(QSPR). As highlighted in the reviews by Altintas et al?
and Yang et al”® on the use of ML with Metal—Organic
Frameworks (MOFs), ML is capable of using data pertaining
to pore size and geometry to screen structures for the best
candidate if given a specific property. Xue et al.”’ used a
random forest model to find the most viable all-silica zeolites
for the separation of propane and propylene. An example of
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ML used for QSPR includes the analysis by Xiuying et al.”" to
find the governing structural parameters behind the adsorption
selectivity of CO, and N, in all-silica zeolites. Tatlier et al.*”
reported on the relation between the water uptake in zeolites
and the structural and chemical properties of the framework.
ML models can also be used to directly predict a large set of
diverse properties. Evans and Coudert’ used extreme
gradient-boosted trees to determine mechanical properties
such as the shear and bulk moduli of zeolites, providing insight
into which quantities impact these properties the most.
Another work is the one of Yu et al,** that predicts the
Henry coefficient of several small molecules such as hydrogen
and CO, in MOFs. Attempts to predict maximum loadings in
porous materials have been carried out in the past, albeit only
for small molecules such as methane, water, or carbon dioxide.
Some notable works include the work of Li et al,*® on
predicting the maximum loading of methane in coal, and Zhao
et al,>® who used an Artificial Neural Network using structural
and energy descriptors to predict maximum loadings of
propylene in zeolites. Some works also address the maximum
loading by predicting the entire adsorption isotherm, such as
that of Chakraborty et al.*”** on the full isotherms of methane,
CO,, and N, in zeolites. Despite the substantial amount of
literature available on the topic of adsorption in porous
materials, little research so far has been performed on using
such ML methods for large alkanes, both linear and branched,
in zeolites. One reason for this is the strong focus on gas
separation and filtration applications involving smaller
adsorbates (such as methane, water, and CO,) and the
complexity associated with large branched hydrocarbons.

In this work, a modeling framework using ML models to
predict the maximum loadings of both linear and branched
alkanes in zeolites is presented. The proposed approach uses
two models in a series arrangement (otherwise known as a
cascading model). This model splits the task of predicting
saturation loadings into two smaller tasks: a classification
predicting whether adsorption for a given alkane can fit into
the zeolite structure as a binary outcome. If adsorption can
occur, then a regression is made to estimate the value of the
maximum loading. The classification aspect is handled by a
gradient-boosting tree classifier (GBC).*”** This model is
based on a collection of decision trees in series, where the next
tree learns to correct the errors of the previous one.”” A
separate stage composed of a regressor assesses how much the
maximum loading is if adsorption indeed occurs. Multiple
models are considered, including support vector regressors
(SVR),*7* gradient-boosted tree regressors (GBR),**?
extreme gradient-boosted regressor (XGB),"* and the TabPEN
model,*’ which is a prefitted transformer model. Except for
TabPFN, all models are also sensitive to hyperparameters, such
as the learning rate (strength of error correction) for the GBC
or the & parameter (prediction tolerance) in the SVR. To
ensure the highest performance for any data set, hyper-
parameters are determined through Bayesian optimization."*

To generate training and testing data for maximum loadings,
the molecular simulation software RASPA2***® is used.
RASPA2 is open-source software designed to compute
adsorption and diffusion in porous materials such as zeolites
using force-field-based molecular simulation. To compute
adsorption isotherms, grand-canonical Monte Carlo (uVT)
simulations are performed using molecular interactions
described by the TraPPE*"** and TraPPE-zeo® force fields.
With these and the available Configurational-Bias Monte Carlo

https://doi.org/10.1021/acs.jpcc.5c08611
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(CBMC) allgorithmlg”48 to generate conformations of large
alkanes, RASPA2 provides accurate predictions for adsorption
isotherm data.*”*" In this work, only alkanes with up to 16
carbon atoms (both linear and branched) are considered, since
these are the largest alkanes encountered in kerosene.’”
Furthermore, only side groups going up to 3 carbon atoms
(i.e., methyl, ethyl, propyl, and isopropyl groups) are
considered. An important limitation of the analyzed zeolites
is that only full-silica frameworks are considered. This leads to
a final population of 45 alkanes and 97 zeolites, respectively,
resulting in a total of 4365 data points.

The paper is structured as follows. In Section 2, the methods
used to gather the necessary data (for both the individual
components and the maximum loading), to create the model,
and to evaluate its performance are explained. In Section 3, the
model’s performance, interpretability, and robustness are
discussed, and a comparison with a deep learning approach
is presented. In Section 4, concluding remarks are provided,
together with a description of possible improvements and
future work.

This article also contains Supporting Information. SII is a
pdf file containing the list of all zeolites and alkanes considered
in this work, as well as the optimal model hyperparameter
values and raw results of the robustness study. SI2 is an Excel
sheet acting as a log of all RASPA2 simulations (input data for
the ML models, results, and parameters). SI3 is a folder
containing all of the Python codes used for this work.

2. METHODOLOGY

2.1. Zeolite and Alkane Selection

The computational space for possible simulations is too large
for all of the possible alkane—zeolite combinations. As such,
some degree of filtering is needed to limit the number of
computations and make the simulations more manageable.
Alkanes for this work are selected from a database from
previous work.'® This includes a complete list of all isomers
from #n-C; to n-C,,. Since the primary focus of this paper is
SAF, the scope is restricted to alkanes containing up to 16
carbon atoms, corresponding to the largest molecules typically
present in kerosene. Furthermore, this work is limited to
alkanes with methyl, ethyl, propyl, and isopropyl side groups,
as larger groups will not be able to diffuse inside the zeolite
channels.”™ A base set of alkanes comprising linear alkanes
from methane to nonane, as well as some small isomers such as
isobutane, are selected to form a base set of selected molecules.
Larger alkanes and isomers are selected using a random
sampling method from a list of all hydrocarbons with a given
carbon number, with a bias favoring molecules that are more
different than the currently present ones. Each molecule was
represented as a feature vector x comprising the main-chain
carbon count, the total carbon number, the number of side
groups, and the fraction of carbons not included in the main
chain. For a candidate molecule A (represented by vector A),
its structural similarity to each alkane B (vector B) in the
molecular set was quantified using the Tanimoto distance”
defined as

A'B
AP + |IB|* — A'B

Di(A,B) =1 W

This is used to quantify how close two molecules are. Only
when the average distance Dy is above 0.3 for all of the already
selected alkanes, the molecule is added to the set. Otherwise, a
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new candidate is sampled from the database of all isomers.
This technique is used to bring the total number of selected
molecules to 47. The full list of alkanes can be found in the
Supporting Information.

The zeolite data is obtained by combining the IZA online
database,”® the iRASPA visualization software,”® and the
structures found in the Atlas of Zeolite Structures.”® From
these three databases, zeolite structures are selected on the
basis of three criteria:

Orthorhombic unit cells: To limit the computational load
and improve simulation speed, only orthorhombic unit
cells are considered. This is because using non-
orthorhombic cells requires intermediate stesps (such as
matrix inversions for computing distances” 49 and is
thus more computationally expensive.

Limited or no enclosed voids: In GCMC simulations, a
molecule is inserted where the volume allows it. This
means that a molecule can be inserted in a void that is
disconnected from the main channel system, which is
not physically possible in adsorption experiments.
Methods to block these pockets do exist, but it has
been chosen to exclude the most extreme cases, such as
CFl-type or IRN-type zeolites.

Nonzero accessible volume (AV): A subset of zeolite
structures lacks continuous channels or interconnected
pore networks, resulting in negligible accessible volume.
Since such frameworks do not support meaningful
transport or adsorption behavior, these are excluded
from further consideration.

Out of the 232 structures common to both databases, 97
satisfy the above requirements. The complete list of used
alkanes and zeolites can be found in the Supporting
Information.

2.2. Computing the Maximum Loading

The maximum loading of each alkane—zeolite combination is
determined by a two-step process. The first step addresses
whether adsorption of the alkane is possible in a given
framework. For this, the ZEO++ tool is used.’” Given a certain
probe radius for a given molecule, ZEO++ can determine
whether channels in the framework are accessible or not. If no
channels are accessible, it is because the minimum cross-
sectional size of the molecule (determined from the minimum
ellipsoid diameter obtained in RDKit’") cannot be accom-
modated by the restricting pore diameter (RPD) of the zeolite
channel. As such, the maximum loading q,,,, is set to zero. If
channels are accessible, ZEO++ generates a block-pockets file
to wall off possible inaccessible pockets in the structure. The
maximum loading is then computed in RASPA2 by using these
block pockets to prevent molecules from being generated in
inaccessible pockets. All Monte Carlo simulations are carried
out in the grand-canonical (uVT) ensemble at a fixed
temperature of 298 [K]. To ensure that maximum loadings
are encountered, all simulations are carried out at an external
pressure of 10'° [Pa]. An exception is made for simulations of
methane (10'* [Pa]) due to its smaller size. The high fugacities
are used only to approach saturation and do not represent
experimental conditions. In ref 59, it is explained that the
maximum loading for systems without hard-sphere interactions
should be defined operationally. The fugacity coefficient of the
simulations is set to one so that the imposed pressure is equal
to the fugacity. The TraPPE""*® and TraPPE-zeo" force fields
are used to describe the intramolecular bonded (bond,
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bending, and torsion) and nonbonded (Lennard-Jones)
interactions, as well as guest—guest and guest—host inter-
actions (Lennard-Jones). The zeolite structures are treated as
rigid since structural changes during adsorption processes have
a minor effect on adsorption.”” A cutoff radius of 12.8 [A] is
used for describing Lennard-Jones potentials, with tail
corrections applied.'” The alkanes are represented using the
united-atom approach (i.e., carbon and hydrogens are
represented as a single interaction site) and are inserted into
the system using the Configurational-Bias Monte Carlo
ealgorithm.l3’61 The ideal gas Rosenbluth weights of all the
considered molecules are computed in separate NVT
simulations. At high loadings, the acceptance probability of
insertion and deletion trial moves becomes very low. In such
cases, ensemble averages are no longer representative of the
maximum loading. Therefore, the mode of the maximum
loadings is used to have a representative result while still
retaining statistical robustness. To this end, simulations were
run for 2 X 10° Monte Carlo cycles. The number of trial moves
per cycle equals the number of molecules, with a minimum of
20. The number of trial positions in the CBMC algorithm is set
to 10.

A possible source of error is the size of the simulation box.
Molecular simulations can suffer from finite-size effects, in
which systems that are too small do not accurately depict the
thermodynamic limit. This is best explained by Figure 1.

(Gunax) = 1.00 [melee:]

|
--- (Gmax) = 1.50 [molee.]
|

Increasing number of unit cells

() = 1.33 [molee.]

Figure 1. Visual depiction of finite-size effects for the adsorption of
chain alkanes (red). As both the available space in the zeolite and the
size of the molecule are fixed, the maximum loading of possible
molecules physically fitting in the channel is capped to an integer
amount. This can result in situations where leftover volume may be
present, thus influencing the final average of the maximum as a
function of system size.

In a simulation box with a fixed number of unit cells through
which channels pass (depicted in black), the maximum loading
corresponds to the largest integer number of molecules
(approximately red rectangles) that can physically fit in the
channel. Since the domain is finite, there is a discrete number
of possible “slots” in which the molecule can be placed. This
has the consequence of artificially induced stepwise behavior in
the average loading as a function of system size, which can be
mitigated by adding more unit cells in the relevant direction.
For this reason, multiple simulation box sizes are used, starting
from the smallest possible cell until either a cap on the number
of unit cells or a maximum number of unit-cell expansions is
reached. This implies that the size of each simulation box is
proper for each alkane—zeolite combination. A complete
simulation log dictating simulation parameters (e.g., size of the
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simulation box, simulation time, convergence of finite-size
effects, etc.) and values of the resulting maximum loading is
available in the Supporting Information.

2.3. Descriptor Engineering and Preprocessing

To characterize different alkanes and zeolites, a set of
quantities is chosen to describe individual properties, as well
as interactions with each other. Since the maximum loading is
governed by physisorption, most descriptors used are geo-
metrical or topological in nature. In this study, zeolites and
alkanes are both characterized independently using 13
descriptors, with an additional 3 descriptors to introduce
physics in the data set. It is intuitive that the maximum loading
is dependent on the volume, surface area, and topological
properties of a given framework. Topological descriptors
include framework density (FD) and topological density on
10-membered rings (TD,y). To compute the volume and
surface properties of the zeolites, the framework is imported
into ZEO++."” Methane was selected as the probe instead of
helium to provide a more realistic estimate of the volumes and
surfaces available to the molecules, since the smaller diameter
of helium will incorrectly count hard-to-reach or inaccessible
pores. The void fraction was computed using RASPA2, where
methane molecules are inserted according to the Widom
particle insertion method."” Basic alkane descriptors are
computed using the Python RDKit toolbox.*® This includes
molecular descriptors, such as molar mass, number of side
groups of each type, total and main-chain carbon counts, and
molecular volume. As it is known that zeolites exhibit shape-
based selectivity,g’éz’63 an emphasis on shape-based descriptors
is made. This includes the acentric factor @, which is
computed by the method developed in the Supporting
Information of ref 64. Another essential descriptor codifying
the shape is the principal mass moments of inertia. Since
RASPA2 generates a Boltzmann distribution of conformers of a
molecule, the inertia tensor I can be built. From these, the
values of the principal mass moments of inertia can be
obtained by computing the eigenvalues of the tensor.

As mentioned earlier, the main reason molecules are not
adsorbed in the zeolite is because of steric hindrance. As such,
an essential dimension is an effective diameter for the
molecule. Consequently, a proxy is derived by encapsulating
the molecule within an ellipsoid to obtain an approximate of
the size. Since larger molecules tend to be more flexible, this
process is repeated for a large number of conformers created in
the ideal gas phase with RASPA2. The energies of each of these
conformers are computed using the UFF®® energy calculator in
RDKit so that results can be Boltzmann-weighted. The UFF
calculator computes the potential energy of an isolated
molecule. This method is used to obtain the minimum and
maximum diameters of the resulting ellipsoid, for which the
mol-ellipsoid package® is used.

To enhance the information given by the descriptors,
meaningful ratios can be formulated to emphasize interactions
between the two. One of these values is the roughness factor
RI of zeolite channels, defined as

A
COAV

)

in which AS and AV are the methane-probed available surface
and available volume inside the zeolite, respectively. The
motivation behind this is that dimples in the channels can
result in preferential adsorption sites for some molecules.
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Composite descriptors are also introduced to capture physical
and mutual interaction relationships, thus creating a hybrid
machine learning model that is physics-informed on top of
being data-driven.”® An example of this is the ratio y between
the minimum molecular diameter and the restricting pore
diameter

_ D Min

~ RPD ®)
This helps encode the main steric relationship directly in the

data, which would help the model understand it directly. It is

using the same reasoning that a packing factor between zeolite

and molecular volumes

AV

VM

bd

(4)

is introduced. As maximum loading is physisorption-depend-
ent, multiple layers of adsorbate can form, which means that
the volume relationship between adsorbate and adsorbent
becomes important since it constitutes a physical constraint. A
summary of all descriptors used for the models is shown in
Table 1.

Both the maximum loading and the descriptors naturally
span multiple orders of magnitude. This can result in skewed
distributions, which may result in weak performance from the
models due to the high variance.””®” This step is especially
necessary since SVM data needs to be scaled due to its reliance
on distances to target data points."" As such, a check of the
data spread needs to be carried out. This can be addressed by
making a probability distribution of the normalized values of
the maximum loading, as shown in Figure 2.

It is clearly observed that under nontransformed conditions,
the data presents a right-tail skew, i.e., most values cluster on
the lower end, with only a few reaching the high end. Since
unusually large values of maximum loadings can be observed
for special cases of methane in large-pore zeolites, and larger
molecules generally show lower loadings, a logarithmic
transformation is applied to compress the dynamic range of
the data. This operation reduces the relative influence of high-
capacity outliers while expanding the spread to smaller values,
thereby improving the sensitivity of the model for the full
range of maximum loadings.68 As such, the final transformation
carried out on the maximum loading is given by

o)

ol

1+ ==
9o )

with g, being a unit maximum loading at 1 [molec./m’] to
make the argument inside the logarithm dimensionless. This
results in a distribution that more closely resembles a bimodal
distribution, thus making it less prone to biases. This helps
preserve the physical meaningfulness of the zero values of
adsorption in the final data set. The same transformation is
carried out for highly skewed descriptors, such as the accessible
surface area and volume of the zeolite, as well as the principal
mass moments of inertia of the molecules.

G = logm(

2.4. Machine Learning Models

In the majority of the available literature, only a single ML
model is used to predict the selected target. However, early
attempts at using only a single model have resulted in overall
commendable performance, but with many data points that are
incorrectly predicted to be cases of positive adsorption, i.e.,
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Table 1. Table Containing All Zeolites, Molecules, and
Composite Descriptors Used in the Model”

Descriptor Category Symbol Units
Void fraction Zeolite ¢ [-]
Methane-accessible area Zeolite  ASA m?/ g
Methane-accessible volume Zeolite AV cm®/g
Overall accessible volume Zeolite  AccV %
Methane-nonaccessible area Zeolite NASA m?/g
Methane-nonaccessible volume Zeolite NAV cm®/g
Framework density Zeolite FD g/ cm?
Topological density (10- Zeolite TD,, -
membered rings)
Channel dimension Zeolite d A
Restricting pore diameter Zeolite RPD A
Largest cavity diameter Zeolite LCD A
Molar mass Zeolite MM g/mol
Gravimetric density Zeolite  p g/cm’
Molecular weight Alkane MW g/mol
Main chain length Alkane MCL # of carbons
Total carbon count Alkane TCC # of carbons
Side group composition Alkane  [ng, nc,, counts
ncs)
Mics
Acentric factor Alkane @ -
Molecular volume Alkane  Vy A3
Minimum ellipsoid diameter Alkane Dl\h,ﬁil A
Maximum ellipsoid diameter Alkane D}\\,IA;I A
Principal mass moments of Alkane PMI, i = amu-A?
inertia {12, 3}
Ratios of first and second PMI1
principal mass moments of Alkane —— [-]
inertia PMI2
Ratios of second and third PMI2
Princ.ipal mass moments of Alkane M [-]
inertia
Roughness index Composite  RI gsee eq [-]
2
Mol
% Composite X See €9 [-]
RPD
AV
ﬁ Composite ¥ 4()see €4 [-]

“Values of descriptors for the zeolites were obtained from refs >#>°°,

Values of descriptors for the molecules were obtained using the
RDKit library in Python.*® The definitions of RI, y, and ¥ can be
found in egs 2, 3, and 4, respectively.

Gmax > 0. To this end, the proposed model is a cascading ML
model, i.e, a model made up of two ML models placed in
series. The motivation behind this choice is physical. The first
model tries to predict whether adsorption is likely to occur as a
binary outcome. If it is, then the regressor will predict the
actual maximum loading. Otherwise, the maximum loading
dumax €an be set to 0. This means that the classifier is trained on
both data points of zero adsorption and nonzero adsorption,
while the regressor is trained on nonzero adsorption data
points only. Different models are considered for the second
step. These include (extreme) gradient-boosted trees, support
vector machines, and the TabPFN model. As all of these
models are already discussed in detail in the literature, only a
short summary is provided here.

Gradient-Boosted Trees (GBT)***’ are an ensemble of
decision trees that are trained sequentially. Since a singular
decision tree runs the risk of overfitting data, multiple trees are

https://doi.org/10.1021/acs.jpcc.5c08611
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Figure 2. Probability distribution of the (nonzero) values of the maximum loading (nontransformed g,,,, in blue, transformed q,,,, in yellow). The
blue distribution presents a right tail, which poses the risk of biasing. To deal with this, the yellow distribution is generated, resulting in much better

distributed data.

created. The algorithm works by making an ensemble of
decision trees, where an initial tree is trained, and each tree
made after this one tries to correct the residuals of the previous
one. When constructing the next tree in the ensemble,
pseudoresiduals, defined as the negative derivative of a
specified loss function evaluated on the current one, are
determined. A tree regressor is fitted on top of these
pseudoresiduals and is then added to the ensemble. The final
model prediction is thus a combination of the initial weak
performer added with contributions from each of the trees
trained on pseudoresiduals. A variant of this model is the
extreme gradient-boosted tree (XGB).** Traditional gradient
boosting is only considered at the first derivative of the loss
function. To strengthen the boosting, XGB determines the
next tree in the ensemble by minimizing an objective using not
only the first and second derivatives of the original loss
function but also a term penalizing the pseudoresidual tree
complexity (via L1 and L2 regularization). Support Vector
Regressors (SVR)*”*" work by optimizing a function across a
multidimensional space that does not deviate more than a
specified & margin, while minimizing model complexity. To
allow these models to not compute the mapping directly,
support vector regressors use kernel functions to represent the
nonlinear relationships. Unlike the GBT and XGB methods,
SVR is sensitive to data scaling due to its distance-based
method. TabPEN***’ is a Prior-Data Fitted Network trained
over millions of synthetic tabular tasks, over which it learns an
approximate to Bayesian inference. For regression tasks, it
outputs a point estimate of the value from a predicted
probability distribution of the target. This means that the
training data are merely used to allow the model to condition
the right prior. Because it is a pretrained model, it does not
need any hyperparameter tuning. Some of these models are
subjected to a set of hyperparameters that determine their
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training dynamics, whose combinations can result in better or
worse performance. To find an optimal set of hyperparameters,
Bayesian optimization70 is used. It aims to maximize a given
objective by means of a probabilistic surrogate and an
acquisition function, guiding the optimizer. During each
iteration, a value of the objective function is sampled at a
certain point, which helps in actively updating a map of the
optimization space by being fed to the surrogate. In parallel, an
acquisition function proposes a point that would result in the
where the objective is
resampled. This method is a common approach to optimizing
model hyperparameters,”’
optimization than random or grid search, with an accuracy

largest expected improvement,

as it offers a more informed
comparable to more complex methods, while still being
computationally light. For this work, both the optimization
of the classifier and regressor were given 150 iterations, with
10% dedicated to build the initial surrogate model. In this
work, all models are implemented by using Python. Both the
GBT and SVM are implemented using scikit-learn,”” XGB is
implemented using XGBoost,*” and TabPFN is implemented
through the TabPFN Python package.***

2.5. Analysis Metrics

To quantitatively assess model performance, several perform-
ance metrics need to be established.”” Since the cascade is a
combination of a classifier and a regressor, different sets of
metrics need to be defined. Classifier performance is usually
assessed using accuracy. For a set of outcomes made up of true
positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN), the accuracy is defined as

TP + TN
TP + TN + FP + EN

ACC

(6)
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Figure 3. (a) Finite-size effects for the adsorption of ethane in AET-type zeolite. As ethane is much smaller than the channels of AET-type zeolite,
the maximum loading changes only slightly as the simulation box increases. (b) Finite-size effects for adsorption of 2-methyl-4-ethyl-nonane in
SAF-type zeolite. Larger molecules in narrower channels show stronger variations before converging (here around ~1.65 molec./UC). The red line

shows a fit to eq 13.

This metric could be misleading if there is a class imbalance
in the data, which may not reflect poor prediction performance
on the minority class. For this purpose, the class-wise f;-score
is introduced. It represents how reliably a model can identify a
class without missing real cases or raising false alarms. It is

defined as

PXR
=2 X
h P+R (7)

with precision P and recall R, both given as

TP TP
p=——— R=——
TP + FP TP + FN (8)

It allows both minimization of the amount of false positives
(via precision) and maximization of the capture of true
positives (via recall). By averaging the score between classes, a

MACRO-,

L&

MACRO-f = < D i
c=1 (9)

is created, ensuring that the final metric of the dominant and
minority classes are fairly represented. In eq 9, N is the total
number of classes. This advantage makes the MACRO-f; score
a suitable choice as an objective function for Bayesian
optimization of the classifier. Performance of the regressor is
primarily assessed using the coefficient of determination (R?),
the mean absolute error (MAE), and the mean squared error
(MSE). For a set of true values y; with mean 7; and a set of
predictions J;, both having N samples, these metrics are defined

as

RR=1— Zil@ _yi)z
LG -3) (10)

1N
MAE = — ¥y — ji
PR

(11)

N

1
MSE=— ) (§ —»)

N§ ’ (12)

The mean square error is used as an objective function for
optimizing the regressor, as differences are punished more
severely while keeping the objective differentiable. To ensure a
robust and unbiased estimate, the selected objectives are the
result of a 5-fold cross-validation on the training set. This
procedure splits the training set into S subsets (”folds”). The
model is trained on 4 folds and tested on the fifth one. This is
repeated so that each fold is used as a test once, and the
average across all folds is reported.

3. RESULTS

3.1. Analysis of Finite-Size Effects

A closer look is taken at the simulation results with RASPA2 to
investigate to what extent finite-size effects are present. Two
typical examples are presented in Figure 3.
This figure shows the origin of finite-size effects and how the
final result of the maximum loading is influenced. Figure 3a
shows the finite-size effects of ethane in the AET-type zeolite.
Since ethane is small compared to the channel size, there is no
variability in the final result as more unit cells are added. In
sharp contrast, Figure 3b, which shows 2-methyl-4-ethyl-
nonane in SAF-type zeolite, demonstrates that the smallest
simulation box (4 unit cells) does not produce a representative
result. Since 2-methyl-4-ethyl-nonane is a relatively large
alkane and the SAF-type zeolite has short channel lengths
(8.3173 A unit cell dimension along the channel*®), a larger
number of unit cells is required to obtain a reliable ensemble
average, as demonstrated by the convergence of the maximum
loading with an increasing number of unit cells.

If one would use the principle behind Figure 1, then one
could be compelled to fit a function to see how many unit cells
in the channel direction are needed to obtain the result of an
infinitely large domain. This can be approximated using the
unit cell channel length L, the number of unit cells in the
channel direction x, and a fitted parameter a resembling
assumed constant size of the molecule. The resulting function

would be

https://doi.org/10.1021/acs.jpcc.5c08611
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Figure 4. Spearman Correlation Matrix between descriptors and q,,,,,. Despite the fact that the molecule and zeolite descriptors exhibit high internal
correlation with each other, it is clear that both are essential to predicting the maximum loading. Molecular descriptors appear to provide the
dominant contribution, while zeolite-based descriptors add complementary information. All descriptors in this matrix are defined in Table 1.

int(xL/a)

E(a; L/ x) - (13)
where the function int(x) rounds its argument to the lowest
integer in the limit of x = oo, E(a,L) = L/a, as expected. The
fit (eq 13) is applied to the data of Figure 3a and 3b, as shown
by the dashed red line. In Figure 3b, it can be seen that the
general trend is reproduced, but the nonlinearity introduced by
the numerator of eq 13 leads to visible instability in the result.
This illustrates the complexity of the problem at hand as well
as proves that the simple model of eq 13 is insufficient to
predict the maximum loading of hydrocarbons in zeolites. This
supports the use of machine learning for this specific task.

3.2. Correlation Analysis of Descriptors

To confirm the choice of descriptors, a correlation matrix can
be constructed. Using a correlation coefficient, one can assess
whether a feature influences the maximum loading or whether
it is strongly correlated with other features, thus making it
redundant. Because adsorption inherently exhibits nonlinear
behavior, the Spearman pg coefficient”® is used, as it can
capture monotonic nonlinear relationships and is more robust
to outliers than the Pearson correlation coefficient. A
correlation between the descriptors themselves, as well as
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with the maximum loading, is presented in Figure 4. Only
points with nonzero g, are considered for these correlations.

Selecting descriptors that are correlated to the target helps
the model capture clear, relevant patterns, possibly enhancing
the performance. However, correlated descriptors introduce
redundancy, as such features tend to provide overlapping
information. The latter may negatively impact the model
because of multicollinearity while also making the model more
complex by addition of a new dimension. The first cluster that
can be noticed is the one of zeolite descriptors in the top-left
(¢, ASA, AVA, AccV, FD, TD,,, d, RPD, LCD, p). From there,
it can be noted that volume- and topology-based descriptors
are moderately correlated to g,,,,. This means that despite not
solely determining q,,,, these descriptors still impose some
level of constraint. The void fraction, accessible area, accessible
volumes, framework density, topological density, and gravi-
metric density are highly correlated (pg > 0.9). This is
expected, as the descriptors are mutually dependent on each
other. These descriptors also moderately correlate to the
maximum loading, as larger channels increase volumes and
areas while driving densities down. It is important to note the
weak correlation between RPD and g, This is expected
because the steric exclusion effects are primarily handled in the

https://doi.org/10.1021/acs.jpcc.5c08611
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classification stage of the cascade model, which determines
whether adsorption can occur. The regression analysis
therefore focuses only on cases in which molecules already
fit inside the pore system.

Molecule descriptors exhibit stronger correlations to g, as
well as between each other, due to all descriptors being directly
related to the size and shape of the molecule. Shape-driven
descriptors (such as the principal moments of inertia and the
acentric factor) are highly correlated to the maximum loading,
hinting that shape-based selectivity may be inherently present
in the data set. Correlations involving the branching of the
alkanes are seen to be low to moderate, and as such are
expected to have limited impact. This is mostly because
descriptors pertaining to the size of the molecules already
include the information. Overall, it can be concluded from the
Spearman correlation matrix in Figure 4 that the extent of the
maximum loading is dependent on both zeolite and molecule
descriptors, although there seems to already be a dominance of
the latter in the final result. This is expected as these are known
samples that get adsorbed, so there is no “exclusion regime”
that needs to be defined with pore geometry, and as such will
operate more as a soft upper bound. This allows molecular
variation, which is expected to dominate here. It is also
observed that a lot of descriptors are correlated with each
other. This in itself is not fatal but indicates that some of these
descriptors may be removed if found to be of little importance
to the model prediction.

3.3. Model Performance and Outlier Analysis

Different metrics are relevant to assess the performance of each
stage of the cascade model. As such, each element of the
cascade is assessed individually. The classifier’s performance is
quantified by means of a confusion matrix and a performance
table. Regressor’s performance is addressed by means of parity
plots. All results are obtained using a fixed random seed and
with 20% of the data withheld for testing to obtain consistent
results.

The classifier confusion matrix and performance table
obtained from the classifier can be found in Figure S and
Table 2, respectively. As can be seen in the confusion matrix,
the classifier has excellent performance with near-perfect
accuracy. This can be attributed to Bayesian optimization
finding an optimal set of training hyperparameters. From Table
2, it can be observed that on a per-class basis, both have very
high precision and recall. Despite this, the former is higher for
adsorption cases, and the latter is higher for nonadsorption
cases. This suggests that the classifier is more conservative,
missing true adsorption cases (lower recall) rather than
predicting adsorption happens when it should not happen
(lower precision). This is further supported by the results in
the confusion matrix. It can also be observed that the f, scores
of both classes are very close to each other, hinting that the
model can predict both adsorption and nonadsorption cases
with comparable strength. As shown in Figure 5, only five
samples were incorrectly labeled. These are given in Table 3,
with their true and predicted labels.

Table 3 shows that there is not one molecule or zeolite
particularly prone to being mislabeled. Closer analysis of these
outliers reveals that UWY/4-isopropyl-3,4,4,5-tetramethyloc-
tane is missed by the classifier because it is the adsorbing
combination with the highest value of the minimum molecular
diameter-to-restricting pore diameter ratio y (~1.55). Since
the combination with the second-highest value, BEC/4-
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Figure S. Gradient-boosted classifier confusion matrix. Each cell
represents the number of samples. The low number of total
mislabeled points reflects near-perfect accuracy. The model is slightly
more prone to predicting zero adsorption for combinations that
would adsorb rather than incorrectly predicting adsorption where
none should occur. These values are used to compute the
classification performance metrics, namely accuracy, the class-wise
fi-score, and the MACRO-f; score using egs 6, 7, and 9, respectively.

Table 2. Summary Table of Classifier Performance Metrics
(eqs 6, 7, 8, 9) for Predicting Adsorption and
Nonadsorption Cases, Both Overall and Per-Class Basis”

Class Metric Value
Overall Accuracy 0.9938
Gmax = 0 Precision 0.9929

Recall 0.9982
fi-score 0.9955
Gmax > 0 Precision 0.9959
Recall 0.9840
fi-score 0.9899

“The high accuracy demonstrates that the model reliably predicts the
correct adsorption case. Class-wise precision, recall, and f; scores
show that the model is more likely to predict no adsorption when
adsorption should occur rather than vice versa.

Table 3. Incorrectly Predicted Alkane—Zeolite
Combinations (Test Set)

Predicted
Zeolite Molecule label True label
NES n-Butane Gmax > 0 Imax = 0
AFO  n-Nonane Gmax = 0 Gmax > 0
MRE  2-Methylpentane Gmax = 0 Gmax > 0
UWY  4-Isopropyl-3,4,4,5-tetramethyloctane Gmax = 0 Gmax > 0
VET  3-Ethyl-2,2,6-trimethyloctane Gmax = 0 Imax > 0

isopropyl-3,4,4,5-tetramethyloctane is correctly labeled, sug-
gesting that there is a threshold value of y in the model beyond
which adsorption is predicted as not happening. This is
grounded in physics, as the diameter-to-restricting pore
diameter ratio accounts for the steric hindrance of molecules
in the zeolite channels. A similar explanation applies to VET/
3-ethyl-2,2,6-trimethyloctane and AFO/n-nonane, which both
have the lowest values of the packing factor ¥ for adsorbing
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Figure 6. Parity plots for all four considered regressor models. (a) Support Vector Regressor, (b) Gradient Boosting Regressor, (c) Extreme
Gradient Boosting, and (d) Tabular Prior-data Fitted Network with their associated performance metrics. All models exhibit high performance,
though the very low maximum loading regime dominated by larger and more bulky molecules remains somewhat challenging. SVM lags behind
mostly due to the high dimensionality of the problem. GBR and XGB perform well, while TabPFN achieves the best performance by capturing

dependencies that the other models cannot.

cases, thus also hinting at the presence of a volume-based
threshold. As such, a possible strategy to improve the model
would be to generate more training data close to these islands
of data. For the regressor stage, each of the models is trained
and fitted to the maximum loadings obtained from RASPA2.
The parity plots for each of the regressors are presented in
Figure 6. This includes the respective values of R?%, MAE, and
MSE. In all plots, the ideal fit line (g, (predicted) =
(actual)) is depicted by using a red dashed line. A slight

Gmax
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overprediction at low maximum loadings is observed for all
models, visible in the lower-left region of the parity plots
(Figure 6). This region corresponds to highly confined zeolites
combined with large, branched alkanes, where adsorption is
determined by strong steric constraints. Under such con-
ditions, small variations in channel dimensions or molecular
shape can produce disproportionately large changes in the
number of accessible configurations, leading to a sharp
transition between fitting and not fitting of adsorbate
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Figure 7. (a) SHAP value distribution of the classifier. y and RPD dominate the outcome, showing that the model captures the steric hindrance in
the zeolite channels. Important molecule-based descriptors include PMII and Rgg,, indicating that the model accounts for diffusion limitations of
bulkier molecules. (b) SHAP value distribution of the regressor. Volume-based constraints dominate predictions via V., ¥, and p, with

contributions from molecular shape descriptors such as principal moments of inertia, @, and D] /Doy,

ol as well as Ryge.

molecules. Predictions become particularly sensitive to
uncertainties in geometric descriptors, such as ellipsoidal
diameters or restricting pore diameters. This behavior
resembles the activity-cliff effects reported in our previous
work on Henry coefficients.'® These confined systems
represent a small fraction of the data set and span a narrow
range of ¢, which increases mean absolute and mean square
errors, especially after the logarithmic transformation.

Out of all models, TabPEN performs the best, with the
highest R* and lowest errors (both MAE and MSE). This is
followed by XGB, GBT, and SVM. The SVM achieves decent
accuracy but is known to struggle with complex nonlinear
dependencies and high-dimensional feature interactions,
leading to systematic underprediction for larger or geometri-
cally intricate molecules. Since the tree-based models are
overperforming by some margin, it could also indicate that the
decision boundary the model needed to fit had overlap zones,
which is a known issue for SVRs.””*' The tree-based methods
(GBR and XGB), due to their boosting capabilities, can use the
residuals to create better trees. This explains the increased
performance, with XGB being slightly better due to the built-in
mechanisms that the GBR does not have (e.g, regularization
and depth-first pruning). Lastly, TabPEN exhibits the best
metrics due to its transformer-based architecture, allowing it to
capture more complex relationships that would otherwise not
be captured.

3.4. Model Interpretability

ML models are considered black boxes, as it is hard to
understand the decisions made by a model solely by looking at
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its parameters.”* This can be detrimental to the reliability and
scientific relevance of the model, as it may not confirm whether
the model has learned the intended pattern. SHapley Additive
exPlanation (SHAP) analysis can help confirm this.”> Based on
the Shapley values from game theory,74 this method offers a
way to quantify how much each feature contributes to the final
prediction of the model. It is important to note that the SHAP
values themselves carry no meaning, as only the sign of the
resulting values (whether it pushes the prediction up or down)
is of interest. The SHAP value distributions of both classifier
and regressor models are presented in Figure 7. These results
are both obtained by fixing the random seed and using the
GBT regressor, as it is the highest accuracy model that could
work with SHAP.

It is clear from Figure 7a that the classifier relies mostly on
steric constraints when predicting the likelihood of adsorption.
This is shown by the ratio between the minimum molecular
diameter and zeolite, with the restricting pore diameter y being
the most influential feature. High values of y (red) cluster in
the negative SHAP region, which shows the systematic
negative impact of molecules that are too large to fit in the
channel. This shows that not only did the descriptor work as
intended but also that the model itself is physically informed.
This is further confirmed by RPD being the second most
prominent descriptor, with larger values pushing the prediction
toward adsorption likelihood. The parameters ¥ and AV are
also shown to have a major impact. While secondary to y and
RPD, these descriptors have a major influence as they tell how
much the molecule can move once inside the pore network.
Certain molecule-based descriptors such as the first principal
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smaller, which may indicate overfitting.

mass moment of inertia PMI1 and side-to-total carbon count
ratio R also influence the prediction as each serves as a proxy
for the molecule’s bulkiness. However, the influence of these
descriptors is smaller than that of the zeolite-based descriptors
as steric constraints imposed by the channels dominate the
adsorption process. The remaining descriptors follow the same
logic of either representing the steric constraint imposed by the
channel (such as LCD, AV, NASA, TD,, and AccV) or the

overall size and bulkiness of the molecule (such as D™, D™

mol’ ~mol
PMI1 PMI Lo
d Té) Another observation is that as

@, Ny o S
descriptors become less important (and as distributions
narrow), their influence becomes less monotonic and
interpretable. This hints that the most important descriptors
are used early in the prediction process and impose clear-cut
boundaries. Less important descriptors are thus used for more
localized splits of the data.

The SHAP distribution for the regressor featured in Figure
7b shows that the leading descriptors are the molecule volume,
Vot and the ratio between the available zeolite volume and
molecule volume, ¥, meaning that the fundamental aspect
behind the prediction is the volume available for a given

molecule. This constitutes another steric constraint encapsu-
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lated by ¥ that proves that the regressor as well is physics-
informed. Notably, ¥ shows a context dependence: more
compact alkanes in larger channels tend to have higher
maximum loadings. A noteworthy element is the presence of
all three principal mass moments of inertia, the acentric factor,
both minimum and maximum diameters, as well as Ry,
meaning that the shape of the molecule also contributes to the
final result. This proves shape-based selectivity is also taken
into account to an extent. Indeed, the spreads indicate that
larger, bulkier, and less spherical molecules will also have lower
maximum loadings. Structural constraints given by the
accessible surface area, as well as topological and framework
densities, play a role, albeit minor compared to the previous
two. A last remark that can be made is about how the number
of side groups and their nature are being used by the models.
In the classifier, it can be observed that the side-to-main chain
carbon count Rgq, has some influence over the final prediction,
but other than the number of ethane groups, no side-group
counts are present. Moreover, the regressor stage completely
disregards the number of side groups but still uses the total
carbon count and Ry, for its prediction. This shows that when
computing the maximum uptake, the nature of the side groups
has little impact. This can be traced to the choice of
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descriptors: since molecular volume is already used, it
implicitly accounts for the side groups. As such, the latter is
used mostly in more localized splits.

3.5. Model Robustness

A critical aspect of the model to assess is its robustness, that is,
its resilience against changes in the descriptor set or
randomness in the data. In this work, three tests are carried
out to assess how performance changes as essential training
parameters are changed. Each component of the cascade is
evaluated using a single representative metric: the classifier is
assessed with MACRO-f; score and the regressor via R*. For
this test, TabPFN is used as the regressor, as it proved to be
the best performer, and interpretability is not an issue in this
context. The raw data for the study are present in the
Supporting Information.

A first robustness assessment revolves around changing the
random seed used to split the data set as well as initialize both
the model and the Bayesian optimizer. This assesses how
resilient the model is against initialization and random splits in
the data. This can also give a reasonable idea of what the
expected performance of the model would be across multiple
runs and whether the reported metrics are representative or
overly optimistic. To carry out this test, 30 random seeds are
generated via a random integer generator and fed to the model.

The box-and-whiskers plots in the left column of Figure 8
show that despite an outlier on the regressor end (from
random seed 210), both models of the cascade present
minimal variation. The random-seed average of the MACRO-f;
score is noted to remain steady for all random seeds, with an
asymptotic value of (MACRO-f}),, = 0.991. This can be
attributed to the Bayesian optimization step when training the
model, as it ensures that the best hyperparameters are used for
the model. While the random-seed average R* of the TabPFN
regressor initially dips during early iterations, it quickly
stabilizes to a final value of (R*),, = 0.955. This hints that
although some data splits may lead to more favorable
performance on the test set, the overall expected performance
is close to what was initially observed in Figure 6d. This
indicates that the cascade model is robust against data splits
and optimization initialization. A second assessment changes
the size of the testing set. Doing so provides insight into
whether the performance of the model is affected by the
availability of training data. To obtain a more representative
result, the average result across 15 random seeds is used. The
results are shown in Figure 8b. Split sizes range from 10% to
50% of all data available at 10% increments. Despite the
decrease in the MACRO-f, score as the test set grows,
performance is kept high. This indicates that the classifier itself
is robust against data set sizes. Furthermore, the low variance
in values across the random seeds further confirms the insights
from Figure 8a, showing that randomness has very limited
effect on performance. The regressor is observed to have more
variance across results, with the largest variance for a test data
set size of 10% of all data. Since the largest variances are noted
for the smaller test size fractions across random seeds, this
hints that the model may operate in a high-variance regime
consistent with overfitting, where the training data is very well
fitted but performance on the test set is not maintained. Since
TabPFEN is a transformer-based model with high representa-
tional capacity, this variance reflects sensitivity to training-set
composition rather than instability of the learning procedure.
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3.6. Machine Learning versus Deep Learning

The cascade model used previously is made up of classical ML
models. Increasing focus has been shifted toward using neural
networks as one can use inputs that would not be very hard to
code for regular ML, albeit at the cost of lower interpretability.
To this end, an Artificial Neural Network (ANN) is created as
a benchmark to see whether it can provide an alternative to the
current cascade model. The Artificial Neural Network used in
this study is implemented using PyTorch’® and is a fully
connected feed-forward network. The architecture of the
network comprises an input layer with the same dimensionality
as the number of descriptors, two hidden layers with 8 neurons
each, and an output layer with one neuron that predicts the
maximum loading as a continuous variable. Each of the hidden
layers employs ReLU activation functions. The model is
trained using the Adam optimizer with a learning rate of 0.001
[-] and MSE as the loss function. Training is performed across
10000 epochs. Despite the possibility to use the CUDA toolkit
on the ANN to accelerate training, it was decided to use CPU-
based training to keep the comparison fair, since scikit-learn
and XGBoost have very limited capability to move training to
the GPU. Training was done on a Dell Precision 5690 laptop
with an Intel Core Ultra 7 165H processor.

We investigate the deployability of such an alternative (i.e.,
the amount of time and computing power needed to train the
model) when compared to the current GBT classifier +
TabPFN cascade. The total training time, per-sample inference
time, and model size are considered. The results are presented
in Table 4. It is to be noted that the time spent on Bayesian

Table 4. Cascade and ANN Training Time, Per-Sample
Inference Time, and Model Size

Cascade model (GBC/

TABPEN) ANN
Training wall time [s] 0.6479/2.5151 18.8565
Training CPU time [s] 0.6406/0.7343 76.0625
Per-sample inference time 0.0024/6.3335 1.9377
[s/107]
Model size [MB] 0.1187/42.1429 0.0039
Used RAM [MB] 0.0078/248.2266 16.4531

optimization is omitted, as it is only done once and does not
contribute toward model runtime performance. It can be
immediately observed that the wall and CPU times for training
the cascade are lower than those for the ANN, thus indicating
that the former is cheaper to train. This is expected since the
training procedure of the neural network involves an active
step of optimization to find the ideal weights of the network,
while GBC is fast to optimize and TabPFN is already
pretrained.

The values for the inference time are seen to vary
substantially between the approaches. The GBC in the cascade
model is proven to be very fast, while TabPFN is much slower
due to its transformer-based nature, and the ANN has an
inference time between the two. However, it is to be noted that
unlike the ANN, TabPFN only has to work for samples that
have nonzero adsorption rather than on all samples. As such,
the cascade outperforms the ANN. It is also visible that the
cascade has a larger footprint in both the RAM and disk
memory. No matter the case, the values at this stage are still
very modest and as such do not. This does raise the possibility
of using a neural network to substitute the two-stage model.
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4. CONCLUSIONS

In this work, an ML framework was developed to predict the
maximum loading of alkane isomers in zeolites. The final
model relies on the combination of a gradient-boosted tree for
the classifier, determining if adsorption occurs, and a regressor
stage, predicting the actual maximum loading. Both take in
data primarily related to the molecule and zeolite size and
volume, with several topological descriptors as well as some
composite descriptors to enhance the interactions between the
two. The classifier labels the cases with almost perfect
performance, despite having a minor bias toward predicting
no adsorption in the case of doubt. Out of all considered
regressors, the TabPFN model performed the best. An
interpretability study was also carried out using SHAP values.
It was shown that both stages provide predictions that are in
line with the physics behind adsorption in zeolites, including
steric hindrance and shape-based selectivity. A robustness
study has been carried out on the GBT + TabPEN cascade,
which showed that the full model is robust against random
data splits, but the regressor performance varies a lot with too
little testing data, indicating possible overfitting. Finally, the
cascade model was compared to a neural network, which
showed that despite a lower training time and cost, the cascade
model is heavier on RAM and disk space due to the size of
TabPFEN. Future research on this topic may include addressing
the problem of the low-value maximum uptake regime, either
by altering the data set (either by adding more samples to the
full data set or by oversampling the problematic region when
creating the training set) or by reviewing the cascade model
(e.g, having two regressors handling smaller and larger
molecules, respectively). Another possible extension to this
work may be the inclusion of descriptors relating to the
channel connectivity, such as ones based on network science
(e.g., degree or betweenness centrality). As the data set grows
larger and the descriptors more complex, it may be wise to
consider transitioning to deep learning methods if the accuracy
is shown to improve.
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