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One of the main limitations in supporting experimental characterization of Al siting/pairing
via modelling is the high computational cost of ab initio calculations. For this reason, most
works rely on static or very short dynamical simulations, considering limited Al pairing/
siting combinations. As a result, comparison with experiment suffers from a large
degree of uncertainty. To alleviate this limitation we have developed neural network
potentials (NNPs) which can dynamically sample across broad configurational and
chemical spaces of sodium-form aluminosilicate zeolites, preserving the level of
accuracy of the ab initio (dispersion-corrected metaGGA) training set. By exploring
a wide range of Al/Na arrangements and a combination of experimentally relevant Si/Al
ratios, we found that the 2>Na NMR spectra of dehydrated high-silica CHA zeolite offer
an opportunity to assess the distribution and pairing of Al atoms. We observed that the
2Na chemical shift is sensitive not only to the location of sodium in 6- and 8MRs, but
also to the Al-Si,—Al sequence length. Furthermore, neglect of thermal and dynamical
contributions was found to lead to errors of several ppm, and has a profound influence
on the shape of the spectra and the dipolar coupling constants, thus necessitating the
long-term dynamical simulations made feasible by NNPs. Finally, we obtained
a predictive regression model for the *Na chemical shift in CHA (Si/Al = 35, 17, 11) that
circumvents the need for expensive NMR density functional calculations and can be
easily extended to other zeolite frameworks. By combining NNPs and regression
methods, we can expedite the simulations of NMR properties and capture the effect of
dynamics on the spectra, which is often overlooked in computational studies despite its
clear manifestation in experimental setups.
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1 Introduction

In aluminosilicate zeolite solid acid catalysts, the nature (Brgnsted vs. Lewis),
activity and selectivity of active site is intricately related to the position of Al atoms
within the framework and the distribution of non-framework cations, both of
which evolve during operation. Depending on the Al siting among inequivalent
framework sites, and on the relative positions of Al atoms to one another, the acid
site may be placed in a particular environment that can be utilized to direct the
mechanism and selectivity of catalytic reactions.’ Although numerous studies
have attempted to elucidate the Al distributions by combining experimental
methods, namely solid-state NMR, FTIR and UV/vis of Co**-exchanged zeolites,**
along with the support of computational calculations, we have yet to find
a definitive way to identify the siting and pairing of Al atoms in zeolites.

In general, solid-state NMR spectroscopy is a promising technique as it
provides direct information about the chemical environment surrounding both
framework atoms, such as '70, 2°Si, 2’Al, as well as extraframework atoms, such as
"H, **Na, etc.®” In siliceous zeolites, >**Si NMR can be used to identify the topology
of different frameworks.® In aluminosilicate zeolites, >°Si NMR is often used to
identify changes in the amount of neighbouring Al atoms, as these gives rise to
different 2°Si chemical shifts. Unfortunately, defective species such as SiOH
groups result in ?°Si resonances in the same region of Si atoms surrounded by Al
atoms, thus hindering the identification of Al pairs.>' *’Al solid-state NMR is
routinely used to detect the coordination of Al species (4-, 5- or 6-coordinated) and
provides information about the decomposition of the framework under reactive
or hydrolytic stress, by tracing the formation of extraframework Lewis acid sites,
and extended framework Al species.''*> However, from the perspective of pin-
pointing the precise location of Al within zeolite frameworks, 1D *’Al is limited by
quadrupolar broadening, which can be overcome in multiple-quantum magic-
angle spinning (MQMAS) experiments. Although some studies have combined
MQMAS experiments with computational calculations to predict the >’Al isotropic
chemical shift at various T sites,'®"” these studies are generally unable to repro-
duce the dynamical effects that significantly impact the observed chemical shift,
that lead to the overlap of >’Al resonances arising from crystallographically
inequivalent sites."®

Multinuclear experiments have been applied to narrow down Al locations,
notably the application of ?’Al and **Na NMR, which combines signals from
framework Al sites with those of Na counter-cations to obtain additional struc-
tural information. Previous studies showed that >*Na NMR can provide infor-
mation about the Na and Al siting on dehydrated CHA™ and FER.* The position
of both Na and Al atoms was studied on MOR with different Si/Al ratios using 2D
D-HMQC **Na->’Al experiments, which allow an increase in the resolution of >’Al
dimension and observe Al species that are not observed in 1D >’Al experiments.**
All the aforementioned studies used **Na MQMAS to remove the quadrupolar
broadening inherent to 1D **Na experiments and retrieved information about the
*Na isotropic chemical shift, quadrupolar coupling constant (Cq) and the
asymmetric parameter (q): values that combine to predict the position and shape
of the spectrum, and can be readily compared with those obtained from DFT NMR
calculations. However, such calculations are generally limited by the high cost of
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ab initio calculations, and thus only consider either static structural models or
short molecular dynamics simulations up to tens of picoseconds, to explore
a limited number of relevant Al/Na configurations.

Given that real experimental NMR spectra are measured generally around
room temperature and signals are an average of data collected over a timescale of
us-s,* static and short MD calculations represent a significant simplification of
the real NMR measurements. In a recent work, we demonstrated the importance
of operando modeling in predicting the *’Al chemical shift of zeolites, as thermal
vibrations of the lattice, the sequence length (1) in Al-Si,-Al of the calculated
model and the simulation timescale all had non-trivial effects on the chemical
shift.’® In the case of an extraframework cation, such as Na®, this effect is likely to
be exacerbated, owing to its larger mobility, when compared to framework Al
atoms.>

The cost of accurate NMR modelling on realistic models is primarily due to two
factors: the need for long timescale dynamical simulations, and the large number
of NMR calculations required to obtain time-averaged results. Combining MD
calculations with NMR calculations requires several orders of magnitude more
computing power than to perform a single NMR calculation on a single optimized
structure.* In this regard, machine learning has recently revealed itself to be
a useful tool to improve computational efficiency in materials science,* including
in NMR simulations.?*?® In particular, reactive neural network potentials (NNPs),
developed to reproduce density functional accuracy in zeolites,**"** offer a solu-
tion to the problem of high computational cost of dynamical sampling, enabling
us to systematically search the Al and Na distributions in zeolites and to perform
long molecular dynamics simulations to fit the experimental conditions. Such
potentials have been shown to accurately describe reactive processes in zeolites,
including hydrolysis, cation migration,*® water*> and encapsulated metal cluster
diffusion®* and even the dynamic stability of the frameworks under various
conditions/reactions.*

A further means to simplify the calculation of NMR properties is to relate some
simple geometrical descriptors to the observable of interest. This has been
successfully applied to the *’Al isotropic chemical shift (is,) in low silica
aluminosilicate zeolites,* but has been shown to be a poor predictor in high silica
frameworks.'®*>*” Similarly, several works have suggested an empirical correla-
tion between **Na d;s, and Na coordination numbers and Na-O distances in
crystalline and amorphous materials.**** Koller et al. connected the experimental
**Na chemical shifts (6is,) of sodium silicates and sodalites with the total valence
of the oxygen atoms around the Na cation and Na-O distances.** Charpentier
et al.** obtained an empirical linear function of Na-O average distance and
coordination numbers from a dataset with around twenty points of sodosilicates
materials, which predicted **Na d;,, with errors less than 10 ppm. Establishing
a linear correlation between *’Na d;5, and local structural descriptors across
a large zeolite dataset can streamline the prediction of time-averaged isotropic
chemical shifts, eliminating the need for computationally expensive NMR ab
initio calculations. Least absolute shrinkage and selection operator (LASSO) can
be used to identify important factors structural descriptors that correlate linearly
with the di50. In a recent study, we showed that a two-descriptor correlation
accurately predicted the *’Al d;,, of high silica zeolites, with a precision of
approximately 1 ppm with respect to DFT calculations.'®*
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In this study, we developed a general NNP for Na-form zeolites, to explore
stable Na configurations of the various Al distributions within the dehydrated
high silicon CHA framework (Si/Al = 35, 17 and 11). Numerical simulations of the
NMR spectra were performed using NMR parameters obtained from DFT calcu-
lations, taking into account the effects of temperature, dynamics, and the influ-
ence of Na/Al configurations, by averaging over configurations sampled via NNP-
MD. The scheme of the modeling process is shown in Fig. S1.T These calculations
show that a great deal of information is contained within the combined **Na->"Al
solid-state NMR, which can be used to rule out Al distributions and identify Na
locations, from a combination of chemical shift, Cq, 1, and homo- and hetero-
nuclear dipolar couplings. Furthermore, using the dataset from NNP-MD,
a multivariate linear regression was conducted to establish a connection
between **Na 0y, and several structural descriptors. Combining the NNP and the
LASSO regression, a double ML approach for the **Na NMR i, and >’Al NMR 0,
prediction was built, which provides a way to simulate the time-averaged NMR
properties of zeolites efficiently.

2 Models and methods
2.1 Model

Models of dehydrated zeolite CHA in the sodium form, with Si/Al ratios of 35, 17
and 11 (CHA(35), CHA(17) and CHA(11) respectively), with a unit cell containing
36 T sites were used. The lattice parameters were optimized for each Si/Al ratio for
a representative low-energy Na/Al configuration, and then kept fixed for all
subsequent Na/Al configurations throughout the study. For CHA(35) the lattice
parameters are a = 13.785 A, b = 13.702 A, ¢ = 14.795 A, o = 89.802°, § = 90.164°
and vy = 120.190°, for CHA(17) they are a = 13.830 A, b = 13.633 A, ¢ = 14.886 A,
o« = 89.803°, 6 =90.346° and y = 120.158°, and for CHA(11) the optimized values
are @ = 13.949 A, b = 13.680 A, ¢ = 14.944 A, o = 89.532°, 8 = 90.250° and y =
121.380°.

Since all T sites of siliceous CHA are symmetry equivalent, CHA(35) has
a single Al environment, and three low energy Na" configurations for isolated Al
sites, one six-member ring geometry (SII) and two different eight-member ring
sites (SIII and SIIT') (Fig. 1 and S2t). The complete set of Al configurations is
considered systematically in CHA(17), under the restriction that they obey Low-
enstein's rule.*® It should be noted that it has been suggested that this rule may
not be obeyed in dehydrated H-CHA,* but is maintained under hydrated condi-
tions*”® and in CHA in the Na-form.* CHA(17) structures are sorted by the
minimum Al-Si,-Al (n = 1, 2, 3, 4) sequence length in the configuration, and are
named I, I, ITI, and IV, respectively. There are 9 cases with the Al-Si;-Al sequence,
named as I(A)-I(I), 12 cases with the Al-Si,-Al sequence named as II(A)-II(L), 8
cases with the Al-Siz-Al sequence named as III(A)-III(H); and 2 cases with the Al-
Sis—Al sequence named as IV(A) and IV(B). For each Al configuration, various
possible Na location combinations were considered via an automatic generation
scheme (Section 2.3) and were supplemented by relevant additional combinations
of 6MR and 8MR site pairs for Na ions. Only the Na configurations found to be
within 20 kJ mol™* of the lowest energy structure for a given Al distribution are
considered for NMR property calculations. Two additional cases, II(A) and II(B),
with energies of 22 and 28 kJ mol ', were considered to evaluate specific Al
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SIIP’: SMR

IVA) 11I(E)

Fig. 1 Model for the 36 T site CHA zeolite used in this work. Labels for configurations in
the CHA(17) model are given. The Al configurations are named with I/11/111/IV(X), where |, II,
[l and IV are used to denote the shortest Al-Si,—Al sequences with n =1, 2, 3 and 4,
respectively, and X are letters to distinguish the different sites with same n. The yellow balls
denote the possible locations of Na*, SIl is on the 6MR window and SlII is on the 8MR
window as defined in the previous work.>°

configurations exhibiting distinctive dynamic behaviours (II(A) with Al-Si,-Al
sequence in 6MR and II(B) with Al-Si,-Al sequence in one d6r) (Fig. S37). Na*
configurations are named by their relative energy within that Al distribution, e.g.
I(A)1 denotes the lowest energy case of I(A) Al configuration. In each specific case,
the location of Na" is denoted as 6MR(mAl): Al-Si,-Al or 8MR(mAl): Al-Si,-Al,
where m is the number of the Al substituted sites in the 6MR and 8MR and n
defines the Al sequence length.

Additionally, fifteen CHA(11) configurations were built to extend the analysis
to lower Si/Al ratios. These configurations allow for additional Na distributions
and Al sequences, including 6MR(3Al): Al-Si-Al-Si-Al, SMR(3Al): Al-Si-Al-Si-Al
and 8MR(3Al): Al-Si,~Al-Si-Al. Lastly, two MOR zeolite models with Si/Al = 11 and
7 were adopted to test the generalization to another framework (Fig. S47).

2.2 Neural network potential

The development of robust NNPs for Na-aluminosilicate zeolites requires
a structurally diverse dataset. In our previous studies,* we created a database for
protonic aluminosilicate zeolites that covers the breadth of zeolite frameworks,
Si/Al ratios and water loadings for training of general NNPs for this material class.
Here, the same computational approach was employed to extend the DFT dataset
to Na-containing zeolites. First, 10 pure silica zeolites and a silica bilayer were
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used for construction of 132 initial structures (see Table S1t) varying in Si/Al and
water loadings (using Materials Studio version 2022). The chosen silica zeolites
(bilayer) were previously selected to encompass structurally distinct atomic
environments across existing and hypothetical silica frameworks.”?® All initial
configurations underwent equilibration through short (10 ps) AIMD runs
(PBE+D3(B]J) level) at three different temperatures (1200, 2400, 3600 K), employing
the Nosé-Hoover thermostat, a 1 fs time step and with hydrogen replaced by
tritium.

Subsequently, the AIMD trajectories were subsampled using Farthest Point
Sampling (FPS) together with the smooth overlap of atomic positions (SOAP)**
kernel as a similarity metric to reduce redundancy of similar atomic environ-
ments in the structure set. The FPS-selected subsets were then used for single-
point calculations at the SCAN+D3(BJ) level. Additionally, 210 lattice deforma-
tions were applied to the 132 generated initial structures by 70 different lattice
vector perturbations (see also ref. 29 for details) at three different strain rates
(1.5%, 3%, and 4.5%). These deformations sampled -close-to-equilibrium
configurations and were also applied to 12 Na-alumino(silicate) and Na-oxide
polymorphs such as NaOH and Na,O (see Table S27).

Training and inference of the NNPs employed the SchNetPack python
package® along with the atomistic simulation environment (ASE).** The SchNet
architecture NNPs** used six interaction blocks, a feature vector size of 128, and
utilized 60 Gaussians for the expansion of pairwise distances with a cutoff radius
of 6 A. This set of parameters has been demonstrated for several related datasets
to yield accurate NNPs.>*>** We re-trained the ensemble of six NNPs previously
developed for H-aluminosilicates using the herein extended Na-aluminosilicate
database. The dataset was partitioned into training (80%), validation (10%),
and test sets (10%) using random splits. The ADAM optimizer with a batch size of
four structures was utilized to minimize the mean squared error of energy per
atom and forces. Furthermore, we used a dynamic learning rate strategy, reducing
the learning rate (from 10™* to 3 x 10~°) by factor 0.75 if the validation loss did
not lower within three epochs.

The resulting NNPs showed energy and force root mean square errors (RMSE)
of 5.3 meV per atom and 188 meV A™* for the database test set, respectively. These
errors are similar to other rotationally invariant NNPs which allow DFT quality
predictions as demonstrated earlier.”>*> To ascertain the NNP accuracy for MD
simulations performed in this work, we recalculated energies and forces at the
SCAN+D3(B]J) level for structures taken from various MD trajectories. Firstly, we
used CHA(11), CHA(17), and CHA(35) resembling the structures present in the
training database as test cases within the training domain (in-domain tests).
Additionally, to assess the generality of the NNPs, we considered zeolite frame-
works not included in the DFT database for out-of-domain tests. We conducted
additional MD simulations for FER (Si/Al = 35) and MOR (Si/Al = 7 and 11) at 350
K for 1 ns. We also examined the NNP performance for a cubic unit cell of FAU (Si/
Al = 3) containing 100 water molecules as a test for a water-loaded zeolite. Finally,
100 uncorrelated configurations (50 in the case of FAU) were subsampled from all
MD trajectories (taken at least every 10 ps) for SCAN+D3(B]) single-point calcu-
lations to determine energy and force errors. Generalisation tests of the NNP
predictions of static DFT energetics were performed for selected cases which span
pore-size, ring diameters, unit cell volume and Si/Al (CHA(11,17,35), MOR(7,11),
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FER(35), FAU(3)), showing energy and force errors within 4.2 meV per atom and
72 meV A" in all cases. This high degree of transferability is necessary for
comparisons across environments and topologies. The AIMD simulations and
SCAN+D3(BJ) single-point calculations for dataset creation and NNP testing used
VASP with an energy cutoff of 400 eV, standard PAW potentials and k-point grids
with a linear density of at least 0.1 per A™*.

2.3 Configuration generation

The aluminosilicate configurations were identified using a Python workflow that
used a step-wise approach to sample the energy landscape. In this study, the
configurations used correspond to various Si/Al ratios in a 36 T-site 1 x 1 x 1
sodium cation-compensated CHA unit cell. In the first iteration of this method, all
symmetry-unique Al configurations were generated for a single aluminium atom.
However, in the case of 1 defect in CHA there is only one unique T-site, so
enumerating multiple Al positions is unnecessary. Next, for each potential Al
location, possible sodium positions are generated by triangulating the initial
positions using the position of neighbouring oxygen atoms. All possible permu-
tations are then locally relaxed, using the NNP at constant volume (fixed cell
parameters).

The sodium positions were generated using a normalised vector sum that
places the sodium 2.5 A from each oxygen in the tetrahedron with a bias ﬂvards
th_e) edges. For each oxygen atom associated with an Al site, the vectors AlO and
SiO were calculated. Here AlO corresponds to a vector from the aluminium atom
to the given oxygen atom, and SiO is a vector from the silicon atom bonded to the
same oxygen atom being considered. From this the position of the Na* ion was
determined by taking a normalized sum of the two vectors and multiplying by
a scaling factor, the resulting projection vector P was then added to the Al position
thereby defining the Na position.

AlO + SiO

Fonsx MOHSO (1)
—_—
‘AIO + SiO'

This algorithm only produces 4 positions per Al site, thus making it very
computationally efficient.

2.4 Density functional subsampling and molecular dynamics

Initial optimization of the unit cells was performed using the VASP 5.4 code,**>°
employing a 700 eV wavefunction cutoff with PAW potentials®” and the Perdew,
Burke, Ernzerhof exchange-correlation functional,®® with Grimme's D3 disper-
sion correction with Becke Johnson damping.” Energy and force convergence
criteria were set to 10 ° eV and 102 eV A~*, respectively, while the Brillouin zone
was sampled at the Gamma point.

Time-averaged structural, energetic and NMR data for each structure were
generated via molecular dynamics simulations in the canonical (NVT) ensemble
with the NNPs, using the ASE®® software package. Simulations were performed,
starting with the geometries generated in the structure generation step, with
a duration of 1 ns per run, at a temperature of 350 K with a Nosé-Hoover
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thermostat and a timestep of 0.5 fs, to obtain well-equilibrated trajectories.
Snapshots along the MD trajectory were saved every 100 steps (50 fs).

Further subsampling of 100 configurations equally spaced along each trajec-
tory (every 10 ps) was performed to generate a representative, uncorrelated dataset
for calculation of time-averaged NMR properties at the DFT level. Magnetic
shielding and electric field gradient tensors were calculated using the gauge-
including projector augmented-wave method,*® as implemented in CASTEP
version 18.1.°* We used the PBE functional revised for solids (PBEsol)** and ‘on
the fly’ ultrasoft pseudopotentials.®® An energy cutoff of 700 eV was used to
converge the energies to within 107® eV per atom and the Brillouin zone was
sampled at the Gamma point.

Values of time-averaged magnetic shielding ocae, Cq and nq were calculated
from the tensors averaged over the 100 structure dataset. Conversion of the
calculated average >’Al chemical shielding (o) to isotropic chemical shift (6is,)
was performed using the standard linear regression relationship (eqn (2)), using
the coefficients derived in previous work for high-silica aluminosilicate CHA.*®

Siso = — L. 110eue + 609.72 )

**Na magnetic shieldings were converted to 0, using the following linear
regression (Fig. S51):

biso = —0.860¢a1c + 476.68 3)

This linear regression was constructed by considering five reference compounds
with known isotropic chemical shifts Na,CrO, (—20.0 and —13.9 ppm), Na,SO,
(—8.5 ppm), NaCl solid (7.2 ppm), a-Na,Si,Os (17.4 ppm) and Na,SiO; (15.5
ppm),* spanning over a >*Na chemical shift range typical of Na-zeolites. Further
discussion of the choice of reference and role of energy cutoff in the calibration of
shielding to shift can be found in the ESI (Section 5).}

2.5 Spectral simulations

>Na and >’Al spectral simulations were performed using Simpson version
4.2.1.°%% All simulations were performed at a spinning rate of 40 kHz and
a magnetic field of 36 T, except for the variable magnetic field simulation in
Fig. S13.1 The powder pattern of each spectrum was obtained using 3384 Euler
angles by considering 376 a—( pairs using the ZCW algorithm,**® and 9 y angles.
The 0caie; Cq and nq parameters used to define the simulation spin system were
obtained from CASTEP NMR calculations and converted using the Simpyson
python package. All spectra were obtained by considering only the central
transition.

Recoupling numerical simulations were performed at a spinning rate of 20
kHz and a magnetic field of 23.5 T, using 143 «—@ pairs as implemented in ZCW
algorithm,®%® and 15 v angles. >*Na->’Al D-HMQC recoupling simulations were
performed using SR4; recoupling scheme,® which has been used to recouple
other quadrupolar pairs.”” Recoupling efficiency loss from frequency offset
sensitivity was avoided by omitting chemical shift information in the simulation
of recoupling curves.
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2.6 LASSO regression

Linear regression was adopted to correlate the **Na chemical shielding ¢ with
geometrical descriptors, employing structural features selected by LASSO. The
LASSO regression was based on 6232 DFT values of **Na ¢ from MD trajectories of
CHA(17). It should be noted that cutoffs to define the coordination sphere of Na in
the structural features were set as 3.5, 4.0, and 5.0 A for O, Al, and Si, respectively.
Calculations of structural features and LASSO regression used ASE® and Scikit-
learn,” respectively. Full details are provided in the ESI (Section 5).f Additionally,
validation tests of the *>’Al chemical shifts prediction formula from LASSO anal-
ysis in previous work'® were performed in the present Na-CHA models. The result
reveals that this formula retains a high precision for the prediction of >’Al
chemical shifts with a mean absolute error of 1.25 ppm (Fig. S77).

3 Results

3.1 Generation of the dataset

In order to determine the **Na chemical shifts in CHA, we selected an experi-
mentally relevant high-silicon model, CHA(17), which contains two Al atoms per
unit cell, allowing Al to either form pairs or remain isolated. As it is understood
that the Al distribution in zeolites is not simply under thermodynamic control, we
cannot rule out Al pairing possibilities based on energetic stability.'®”> Hence, all
possible Al distributions were considered within the 36 T site model of CHA(17)
described in Section 2.1. For each Al distribution, a number of Na locations were
produced, via the configuration generation scheme in Section 2.3.

The Na/Al configurations which remained after applying a cutoff filter for
energy of 20 k] mol~" were considered to be thermally accessible.”*”® We sup-
plemented this dataset with configurations for the CHA(35) model, which
contains only one fully isolated Al atom per unit cell, and a subset of possibilities
from CHA(11), with 3 Al atoms per unit cell (see ESIt Section 2 for details). Upon
determination of each Na/Al configuration and Si/Al ratio, static DFT calculations
of the >®Na NMR parameters were performed and are shown in Fig. 2 and 3.

3.2 Static NMR shifts

Beginning with the single CHA(35) model, there are three significantly contrib-
uting locations for the Na ion: above the face of a 6MR (SII), with preferential
bonding to the oxygen atoms which make up the AlO, tetrahedron, and two,
nearly isoenergetic locations in the 8MR site (SIII and SIIT'), which are higher in
energy by 8.2 and 9.1 k] mol " (Fig. S2t). Na occupation of other sites is ener-
getically uncompetitive and is discussed in the ESI Section 2.1.f The *’Na
chemical shifts of isolated Na atoms in CHA(35) can be clearly separated into 6MR
(—8.5 ppm) and 8MR (—21.5/—21.1 ppm) sites, as previously reported by Zhao
et al.™ However, the competing 8MR locations, which are nearly-isoenergetic, can
be separated neither by their chemical shift nor by Cq/nq, showing a difference of
0.1 MHz and 0.1 from static calculations (Table S67), respectively.

Considering the CHA(17) model, the possibilities for Na location become more
complex, as we must consider the proximity of the Al atoms to each other, and the
distortions to the framework. From Fig. 2 it is clear that groupings of **Na
chemical shifts can be isolated based on three factors. First, whether the Na atom
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Fig. 2 DFT ?*Na chemical shifts calculated from all low energy local minima for CHA(X),
(X = 35, 17) (shown in Fig. S2 and S3+).

lies in the 6MR (65, = —15 ppm) or the 8MR (6;5, = —15 ppm). Second, how many
Al atoms are in the ring to which the Na is associated, 6MR(nAl) and 8MR(nAl),
where n = 0, 1, 2. Third, how distant the Al atoms are, which is characterised by
the length n of the shortest sequence Al-Si,~Al. With these three features,
patterns emerge which may be used to narrow down the possible Al distributions
observed experimentally.

We note several features which emerge from this analysis. Na atoms at SMR
sites are always more shielded (more negative ¢) than those at 6MR sites. While
the other modifying factors broaden the chemical shift range, we can still identify
23Na chemical shift ranges, 6MR sites between 0 and —15 ppm, and 8MR sites
from —15 to —27 ppm, with no significant overlap.
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Increasing the number of Al atoms in the ring to which the Na ion is bound
leads to greater deshielding, and generates separated blocks of **Na chemical
shifts that can be used to identify Al distributions. For example, the 6MR(1Al)
configurations form a broad block, centred at —7.9 ppm, which is close to the
value observed for the comparable 6MR(1Al) configuration for CHA(35) (—8.5
ppm). The 6MR(2Al): Al-Si;-Al configurations form a block centred at —3.9 ppm,
which is a measurable difference in chemical shift. The same effect occurs for
6MR(0Al) configurations, which are centred at —12.3 ppm and can therefore be
expected to be distinguishable from 6MR(1Al) and 6MR(2Al) configurations.

The third modifier, the Al-Si,-Al sequence length, is the most subtle effect. We
establish that for Al distributions in which the Al atoms do not share a double six
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ring (dé6r), a sequence length of Al-Si;-Al is sufficiently long that they can be
considered isolated. This was verified for both the **Na and ?’Al chemical shifts,
and agrees with prior works by Dédecek on the >’Al NMR.” It is worth noting that
when both Al atoms share a d6r this rule is not followed. This can be seen clearly
for the peak at —25.5 ppm for the 8MR(2Al): Al-Si;-Al configuration, which is
shifted with respect to the isolated 8MR(1Al) shifts of around —21 ppm in
CHA(35). There is a general tendency towards increased shielding upon length-
ening the sequence, which is most closely followed by those configurations which
do not share a dé6r (see ESI Fig. S37 for details).

Overall, we can conclude that the **Na chemical shift can provide considerable
predictive information about the Al distribution and pairing beyond just the
location of Na ions in 6- or 8MR positions.

In order to extend this analysis beyond high-silica models, we considered
a subset of low-energy configurations for CHA(11). This model contains three Al
sites per unit cell and thus generates additional possibilities for Na/Al environ-
ments. Fig. 3 shows the static chemical shift predictions for these configurations,
from which it is clear that the trends observed for CHA(17) continue to be valid for
higher Al content. Na atoms at the 6MR sites are less shielded than the 8MR sites,
with no overlap between the two sets. The position of a configuration within the
6MR block is defined by the number of Al atoms in the dér, in accordance with the
CHA(17) findings. The 6MR(3Al) configuration has the lowest >*Na chemical shift,
followed sequentially by 6MR(2Al), 6MR(1Al) and 6MR(0Al) sites. For 8MR sites,
the analysis is complicated by the wide variety of sequence length combinations
available. However, trends can be observed within structural classes. For example,
in the 8MR(2Al): Al-Si,—Al class, the longer the sequence length 7, the further the
**Na peaks are shifted to lower *’Na chemical shifts. Thus overall, the detailed
structure of the chemical shifts reveals trends which may be used to isolate or rule
out Na and Al configurations in Na-CHA.

3.3 Effect of dynamics

Having generated a large dataset of thermally accessible Na configurations for all
CHA(35) and CHA(17) Al distributions, we next considered the effects of
dynamics. The motions of the framework and the counterion that occur on the
timescale of data collection may lead to a variety of effects which can manifest
themselves as a change to the spectrum. Firstly, local thermal fluctuations may
change the bond lengths and angles, along with other features that govern the
value of the chemical shift. Secondly, the localization of thermal energy into
vibrational modes of Na ions may drive reactive transformations, in which the ion
moves between thermally accessible sites on a timescale shorter than the NMR
acquisition time. Finally, the position and shape of the peaks may vary, due to
changes in magnetic shielding and electric field gradient tensors that result from
the previous effects.

We tested these dynamic effects via long (1 ns) equilibrium molecular
dynamics simulations applied to a representative subset of the CHA(17) Na/Al
distributions, within 20 k] mol " of the ground state, for all Al-Si,-Al sequence
lengths, and energy barriers of some cases are calculated with the NNP NEB
(nudged elastic band) method to understand their dynamic behaviors. Thus,
structures involving both 6MR and 8MR initial positions for Na are included. The
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isotropic chemical shifts and quadrupolar parameters (Cq and 7q) were calcu-
lated as averages over the simulations, generated from 100 snapshots via DFT, to
reproduce the averaging effects observed in NMR experiments.

Fig. 4 shows the simulated static and dynamically averaged spectra for
a selection of low-energy configurations. Further configurations and analysis are
to be found in the ESI (Table S7 and Fig. S87). Several effects are immediately
apparent from these spectra. Firstly, the chemical shift varies between static and
dynamic spectra. The change in chemical shift on moving from the static calcu-
lation to the dynamic one is usually within 3 ppm, and in most cases is to the left,
implying a deshielding effect of temperature (350 K) and time averaging.
However, there are exceptions, such as in the case of configuration II(A)2, where
two Al substitutions in a 6MR and one Na' at the 6MR(Al-Si,-Al) and one at the
6MR(0AL) in the same dé6r. Therefore, it cannot be assumed that dynamical effects
lead to a simple systematic change to the chemical shift, which would allow for
a uniform correction to the shift. The same finding is true for both the quad-
rupolar coupling constant, Cq, and the asymmetry parameter, 7. In general, the
value of Cq increases, but there are exceptions, including II(A)2 and one of the
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Siso1 = -9.1 ppm biso1 = -5.2 ppm bisor = -7.6 ppm bisor = -9.8 ppm
co1 = 4.0 MHz Cor = 4.4 MHz co1 = 3.7 MHz Co1 = 3.9 MHz
Nor = 0.6 Nor = 0.3 Nor = 0.3 Nor = 0.4

Sisoz = -6.1 ppm Sisoz = -20.8 ppm Siso2 = -5.9 ppm Sisoz = -16.1 ppm
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MD: MD: MD: MD:
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Fig. 4 Simulated 2>Na NMR spectra for selected configurations. Static spectra (blue) and
dynamical (orange) averages are presented in each case, along with the isotropic chemical
shift as markers, and Cq/nq parameters as insets. (Top) Configurations drawn from the Al—
Si;—Al sequence, (middle) configurations drawn from the Al-Si,—Al sequence length,
(bottom) configurations drawn from the Al-Siz—Al sequence length.
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sodium ions in I(C)1 and I(C)3. Over the full dataset, including those configura-
tions not included in Fig. 4, the average change in Cq is 0.2 MHz, and the average
change in 74 is 0.1. Hence, the static local minimization does not give a precise
measure of these parameters at thermal equilibrium.

The combination of d;5,, Cq and 7nq gives rise to the overall position and shape
of the spectrum. In Fig. 4 we can characterize the effect of dynamics on the
spectrum into three main classes. First is the class in which neither the shape nor
the position of the peak changes significantly. Configurations I(F)1, III(F)1 and
III(E)1 belong to this class. Second is the class in which the position of the peaks
does not change much, but the shape of the spectrum does change. We assign
configurations II(D)2, I(E)1, III(F)3, III(A)2 and II(A)2 to this class. Third is the
class in which both the spectral shape and peak positions change significantly.
This class includes I(C)1, I(C)3, II(B)3 and II(F)5.

We can interrogate the behaviour of the zeolites during the dynamical simu-
lation to understand the nature of these three classes. In the first class, we
observed that over the entire length of the molecular dynamics run, neither Na
ion in the unit cell moved away from the initial position. The only fluctuations are
short-ranged thermal vibrations, but no long-distance migrations occur. These
configurations are invariably those in which both sodium ions lie in 6MRs, which
for sequence length Al-Si;-Al and Al-Siz-Al tend to be the global minimum
structures. In these specific cases depicted here, I(F)1 is the global minimum for
the Al distribution I(F), in which Al atoms are in adjacent dérs, one on the top face
and the other on the bottom. This allows for both sodium ions to adopt 6MR sites
(above and below, respectively), and this configuration outcompetes the next local
minimum I(F)2, in which one sodium ion lies in an 8MR site which contains both
Al atoms. Interestingly, despite their close energetic and geometric similarity,
these two configurations do not interconvert on the 1 ns timescale. The reason for
this lack of interconversion was determined via nudged elastic band (NEB)
calculation, to be a relatively high activation barrier (see Fig. S107). For configu-
rations ITI(F)1 and ITI(E)1, both Al atoms are separated by three silicon atoms, and
are in different dé6rs. As was observed in the static calculation of chemical shifts in
Section 3.2, such configurations reproduce the **Na and *’Al chemical shifts of
CHA(35), which means neither the Na nor the Al atoms interact with or influence
each other. As a result, they can be considered isolated. This is the reason there is
little change in the spectrum from static to dynamic calculation. The small
changes observed are due solely to the effects of thermal fluctuations of the
system. The same finding is observed for the spectra of the configuration with the
longest sequence IV(A)I and IV(A)3, in which the spectral shape, chemical shift
and Na positions do not change significantly over the simulation (ESI Fig. S87).

In the second class, the chemical shifts do not change greatly. However, the
shape of the spectra changes, owing to the effect of dynamics on the nature of the
local minima adopted by the Na ions. In particular, configurations in which both
6MR and 8MR sites are adopted by sodium appear in this class. II(D)2, I(E)1, III(F)
3 and ITI(A)2 all have such an arrangement of Na ions, and II(A)2 wherein one Na
cation occupies a 6MR(0Al) site. Significant changes to both Cq and 74 are
observed for both Na ions in these configurations. Hence, the static prediction is
poor for such systems, despite the ions remaining in their initial local minima
throughout the simulation. Configurations II(D)2 and the ground state II(D)1 are
close in energy, and they are related by a simple rotation of one Na ion from the
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top face of a 6MR to the nearby 8MR site. Nevertheless, the interconversion is not
observed on the 1 ns timescale, which again, was found to be due to a high
activation barrier (see Fig. S107). The changes in spectral shape are primarily
apparent in the Na ions at the 8MR, likely due to their higher degrees of freedom
for thermal vibrations and movements. In contrast, in configuration I(E)1, the Na
ion at the 6MR exhibits the most significant modification in spectral shape.
Interestingly, in configuration III(F)3, changes in both peak shapes are observed
even though both Na ions remain in their original local minimum at the 6- and
8MRs throughout the MD simulation.

Hence, one cannot conclude that Cq or 7 varies in a particular way for
particular locations of sodium ions, and thus we are unable to make predictions
about the effects of temperature and dynamical averaging in class two configu-
rations. In configuration III(A)2, the 6MR Na ion moves across the d6r from one
face to another, and remains there for around 30% of the trajectory time, while
the 8MR Na ion remains in 8MR. Although the dynamic process averages different
6MR Na configurations, the chemical shift changes only slightly, however, the
asymmetric parameter nq changes considerably, probably due to the change of
der face.

The final example in this class is II(A)2, which is an outlier among the
considered configurations. Both sodium ions lie in 6MR sites, on the top and
bottom faces of the same dé6r. However, both Al atoms lie on the bottom face.
Thus, one sodium ion is at a 6MR(2Al): Al-Si,-Al site and the other is at
a 6MR(0Al) site. As observed in Section 3.2, these two configurations are on
average, the most deshielded and shielded 6MR configurations, respectively. The
6MR(0Al) sodium lies at —11.9 ppm in the static calculation, and at —13.3 ppm
from the dynamic calculation, and is therefore near to overlapping with the
positions of 8MR sites. This configuration is not the most stable II(A) configu-
ration, which has one 6MR and one 8MR sodium, but is only 22 kJ mol " higher.
Interestingly, the configuration does not convert to the ground state II(A)1 on the
timescale of the simulation, and thus represents a kinetic trap. Such configura-
tions can be found at other Si/Al ratios, and appear to vary in relative stability to
the global minimum, with Si/Al. The higher the Al content, the more stable the
6MR(0Al) configuration is, and at CHA(11) it is within 9 k] mol™" of the global
minimum. This suggests that such configurations may play a role in the kinetics
and the spectra of Na-CHA (ESI Fig. S177).

The third class involves cases in which the sodium cations change locations on
the timescale of the simulation, leading to a dynamical average of all NMR
parameters that is a combination of contributions from multiple states. In the
coupled cases of I(C)1 and I(C)3, we see large changes to the shape and position of
peaks. I(C)1 is the global minimum, in which both Na ions adopt 6MR(1Al) sites,
on either face of the same dér, giving rise to one broad, overlapping band in the
static spectrum. I(C)3 consists of one 6MR(1Al) site and one 8MR(1Al) site, and
therefore has a large separation between peaks in the static spectrum. Both
configurations are connected by a simple rotation of one Na' cation from the 6MR
to the 8MR site which is observed to have a fairly low barrier, as depicted in
Fig. $10.1 During the simulation, I(C)1 and I(C)3 configurations interchange, with
1(C)1 (0 k] mol ") adopted more commonly than I(C)1 (15 kJ mol ') (the trajectory
is shown in ESI Fig. S97). It is notable that despite the relatively large energetic
difference between the configurations, both are occupied during the simulations,
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suggesting a low interconversion barrier and a highly dynamic situation, in which
the final, equilibrated spectrum is a weighted average of the two configurations.
Indeed, while the simulation timescale is insufficient to fully equalize the I(C)1
and I(C)3 spectra, the dynamical spectra are more similar than the static ones.
The resulting changes to the calculated chemical shifts are large, with up to
11 ppm difference between the static and dynamic values. In addition, the Cq
value of the mobile Na ion decreases considerably, the same behaviour is
observed for I(A)1 and I(G)1 (Fig. S81).

I1(B)3 and II(F)5 are similar, but less extreme examples. In II(B)3, the config-
uration is relatively high in energy, at +22 k] mol ™', and contains a 6MR and an
8MR Na ion. It converts to the ground state II(B)1 configuration during the
simulation, with both Na ions in a 6MR(1Al) configuration (see Fig. S107), but
requires 750 ps to achieve this transition. Hence, it is unusually dynamically
stable. For II(F)5, the sodium ions adopt a 6MR and an 8MR site, which is
19 kJ mol™' higher in energy than the ground state (II(F)1). It also shows
a surprising degree of dynamical stability. Over the course of the simulation, it is
converted into another sub-optimal II(F)3 configuration, but does not reach the
ground state in 1 ns. This slow interconversion may lead to contributions to the
spectrum from energetically unfavourable minima.

In general, the various effects of dynamics on the locations and spectral
characteristics of the sodium ions are manifestations of the interaction between
nearby aluminium/sodium atoms. When the Al-Si,—Al sequence is long (n = 3),
the sodium atoms are not in contact with each other, and they cannot influence
each other's motion, and their spectra replicate isolated configurations in high Si/
Al ratios. The exception to this is when n = 3 and both Al atoms share a d6r. When
the sequences are shorter (n =< 3), analysis is more complex, as there is interaction
between aluminium atoms, but the mobility of the Na ion is dependent on the
particular arrangement of Al and the identity of the ring to which the Na ion
belongs.

3.4 Dipolar coupling

Most studies rely on the calculation of d;s, as the only metric of comparison with
experimental results. As we have shown above, C, and 7q are very important in
describing the shape of the resonances and can aid in the identification of species
present in a particular zeolite studied experimentally. Another parameter that can
be experimentally extracted but is often overlooked is the interatomic distance,
which can be easily compared with computational models. Although magic angle
spinning averages out the dipolar coupling, which is proportional to 7 ?, one can
reintroduce it using recoupling methods and retrieve information about inter-
atomic distances.”®”® Even though such recoupling methods are most commonly
used to recouple spin-l or spin-l-quadrupolar pairs,®** one can find some
examples of studies looking at the recoupling of quadrupolar-quadrupolar
pairs,”*® including zeolites.*

Fig. S14-S167 show the *’Na-*’Al heteronuclear, *’Na->*Na and *’Al-*’Al
homonuclear dipolar coupling of the models obtained from static and dynamical
calculations. The dipolar coupling between >’Al->’Al pairs obtained from both
static and dynamic calculations show good agreement with each other, which is
expected as the framework Al atoms do not move much during dynamical

This journal is © The Royal Society of Chemistry 2025 Faraday Discuss., 2025, 255, 46-71 | 61


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4fd00100a

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

Open Access Article. Published on 03 2024. Downloaded on 2026/4/3 03:25:16.

(ec)

Faraday Discussions Paper

simulations. On the other hand, the dipolar couplings obtained from static or
dynamical calculations for **Na->*Na pairs show a variety of results, as trajecto-
ries wherein Na atoms are very mobile show either an over/underestimation of the
dipolar coupling when compared to static calculations. Our results suggest Al-
Si;-Al moieties give rise to >”Al->’Al dipolar couplings above 40 Hz, while for pairs
in the same 4MR (I(C) and I(G) structures) the couplings are above 90 Hz. On the
other hand, our data suggests that longer Al-Si,—Al cannot be distinguished by
solely analysing the recoupling between Al pairs.

The **Na NMR spectra obtained from Models II(A)2 and II(D)2 exhibit two
resonances around —5.7 and —13.3 ppm, and —7.6 and —19.8 ppm, respectively.
These resonances correspond to distinct Al and Na sitings. However, both models
produce similar spectra, indicating that using only 1D spectra to determine the
siting and pairing of Al can be ambiguous. We performed numerical simulations
to predict the magnetization build-up curves of a recoupling experiment involving
23Na->"Al pairs. Fig. 5 shows that for model II(D)2, the magnetization of both Na
atoms increases rapidly. However, in the case of model II(A)2, only the Na; atom,
which is situated close to two Al atoms, shows a rapid magnetization build-up. On
the other hand, the magnetization of the Na, atom, located at the siliceous
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Fig.5 Computed 2>Na—2’Al recoupling build-up curves and respective structures.
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6MR(0Al), increases more slowly and only achieves high magnetization transfer at
higher mixing times. These results suggest that recoupling methods can be used
to identify Na-Al connectivities, which can help confirm or rule out particular Na/
Al arrangements.

3.5 Physical interpretation of >*Na chemical shift

Another application of machine learning and dynamical simulations is for
generating insight into the physical origins of chemical shifts. LASSO regression
was used to generate a linear relationship between **Na chemical shift and a set of
local structural features (Fig. 6).

We trained the LASSO model on the dynamical data generated from the
CHA(17) configurations in the previous section, as described in the Models and
methods section. Of an initial set of 25 parameters (Table S37), only seven were
required to fit the shifts with a mean absolute error (MAE) of around 2.5 ppm, and
a high Pearson correlation coefficient of 0.88. By systematically reducing the
number of parameters, LASSO aims to avoid overfitting, while maintaining
physical interpretability that is not present in more sophisticated regression
schemes, such as Kernel Ridge Regression.

0 =cp* ¢;CNnao *+ 2CNnaoal + 3CNNa-si + c4dnao
+ €5dminNa—0 T C6@minNa_si T €700 _Na_0 (4)

The final regression formula is given in eqn (4). The surviving parameters are the
coordination number between Na and O (with a cutoff of 3.5 A), the coordination
number between Na and O atoms that are adjacent to Al, the coordination
number between Na and Si atoms (with a cutoff of 5.0 A), the average distance
between Na and coordinated O atoms (with a cutoff of 3.5 A), the minimum
distance between Na and O atoms, the minimum distance between Na and Si
atoms and the average O-Na-O angle. Coefficients are ¢, = 383.674, ¢c; = —5.954,
€, = —2.065, c; = —0.789, ¢, = 40.138, ¢5 = 45.785, ¢ = 11.556, ¢; = —0.196.

Our results show the most important features are those related to Na-O
distances and O-Na-O angles (Fig. S6¢t). This is in agreement with the findings of
Charpentier et al.*> who showed a good correlation between Na-O distance and
**Na chemical shift of various materials. It is worth noting that some features in
the LASSO regression are not necessarily linearly independent, such as coordi-
nation number Na-O and average distance Na-O, and thus may be interrogated to
reduce the dimensionality. Further discussion of the effect of cutoff distances and
changing the feature space size can be found in the ESI Section 5.1 Nevertheless,
as the features in eqn (4) are all readily available from a molecular dynamics
simulation, we have chosen to keep this seven parameter fit. Smaller parameter
sets increase the error, while larger sets reduce the error, but at a risk of over-
fitting. It is worth noting that the Na-Al distance does not feature in eqn (4), nor
do any parameters pertaining to the framework itself, such as Al-O bond lengths
or O-Al-O angles.

Fig. 6b shows that the LASSO model trained on CHA(17) data can be applied to
CHA structures with lower and higher Al content with no significant loss of
precision. This generalization test shows that the parameters that control the
chemical shift do not change between Si/Al = 35 and Si/Al = 11. In order to test
the transferability of this expression to other topologies, we considered zeolite
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Fig. 6 (a) Validation of the LASSO regression model against the training set of 2°Na
chemical shifts of CHA(17) configurations. (b) Generalization test of the LASSO model
against CHA(35) and CHA(11) configurations. (c) Performance of the retrained model
against MOR(11) data.

MOR. Mordenite is another industrially important zeolite, which can be prepared
in sodium form at similar Si/Al ratios to CHA. However, it has a more complex
pore structure, with both 8 and 12 rings and side pockets. We have found in
previous work that the conclusions about >’Al chemical shifts drawn from CHA,'
which is a simple, rigid framework, do not necessarily translate to MOR, hence
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this is a stern test of the regression model. The same parameterization, with the
same coefficients as for CHA gave an unsatisfactory result for a combined dataset
of MOR(7) and MOR(11), with an R* coefficient of 0.70 and an MAE value of
4.63 ppm (shown in Fig. S6ff). However, refitting the coefficients of the LASSO
model, while keeping the features identical, recovered a good linear fit, as shown
in Fig. 6c. This result suggests that while the particular regression for one zeolite
does not straightforwardly translate to another, the features included in the fit are
good for other topologies, and essentially capture the underlying relationship
between structure and chemical shift.

4 Discussion
4.1 Machine learning

The neural network potentials developed within this work can accelerate the
sampling of configurations while retaining the level of accuracy of the ab initio
training set. We utilise NNPs for the initial sampling of configurations via an
unbiased structure generation approach, which allows us to be near-exhaustive
for high silica CHA but may also be extended to the more complex environ-
ments at lower Si/Al, where exhaustiveness with DFT rapidly becomes unfeasible.
This is found to be necessary, owing to the large number of energetically
competitive local minima of Na siting for a given Al distribution. This problem is
compounded by a large number of Al distributions, of which an incomplete
subset may not be chosen a priori, as total electronic energy is known in general
not to be the primary governing factor for the adoption of a particular Al distri-
bution in zeolites. We also apply the NNPs directly for long molecular dynamics
simulations. In this case, the simulation of long timescales was found to be
crucial, as it drove changes in Na location, and in less dynamical structures, the
equilibrium bond lengths, which in turn affects the dis, Cq, 71q, and dipolar
couplings that can be used for experimental verification of zeolite structure. The
inclusion of thermal vibrations and the shift from potential to finite temperature
free energy surface must therefore be taken into account when comparing
calculated and experimental parameters. We further observe that these effects
may be an additional tool for the identification of Al/Na distributions.
Transitions between Na local minima were often found to occur on a timescale in
the hundreds of picoseconds. This means the length of simulation available to ab
initio dynamics (tens of ps in CHA) would provide a misleading expectation of
dynamical stability of certain minima, for example, II(A)3 configuration changed to
II(A)1 after about 0.5 ns, and II(B)3 changed to II(B)1 in about 0.75 ns (Fig. S10%). In
addition, it is not clear from the static relative energies alone, whether a configuration
is dynamically stable or not. In several cases, two nearly iso-energetic minima inter-
convert slowly, while more energetically separated structures swap on a shorter
timescale, owing to the low barrier pathways that exist between them. As a result, long
dynamics are invaluable, for which the acceleration provided by NNPs is essential.

4.2 Effect of model choice

Zeolites represent a diverse class of materials, characterized by a wide range of
topological motifs, including different-sized pores and channels, as well as
distinct elemental composition. These features contribute to the unique
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properties of zeolites, such as shape-selectivity, reactivity and dynamics. Hence,
any computational model should aim to reproduce experimental data with high
fidelity across a wide range of zeolite motifs. Our NNPs have demonstrated their
capability to describe both the structural and dynamical behaviour of various Na-
zeolites, spanning from fully siliceous frameworks to the Lowenstein rule-limited
ratio of 1.

For derived relationships, such as the LASSO regression for **Na chemical
shifts, such a high degree of generalization may not be assumed. We found in our
generalization tests that the fit for CHA(17) may be extended to CHA(11) and
CHA(35) without loss of precision. Nevertheless, at lower Si/Al, other factors may
become significant. For example, Na-Al distances are reduced, Na-Na interac-
tions may become relevant as the unit cell becomes crowded and the optimal unit
cell shape and volume will vary. The high quantity of Al atoms will cause more
significant distortions of the framework, which in turn will be highly distribution-
dependent. In our tests, LASSO regressions re-trained on alternative frameworks
show good transferability of the features, but require new coefficients to give
optimal linear fits.

In addition to the Si/Al ratio, the length of the Al-Si,-Al sequence plays
a significant role in the **Na chemical shifts. This was previously found for >’Al in
CHA and MOR," and is noted in this work to be a useful descriptor for the **Na
chemical shifts, given a particular Na configuration. The importance of sequence
length is further illustrated by comparing the **Na chemical shifts calculated for
periodic models with cluster models and experimental data previously reported
(refer to ESI Section 11} for more details).*

A further consideration for the model is temperature. We selected a tempera-
ture of 350 K, which aligns with typical conditions in experimental solid-state
NMR, accounting for the heating effects induced by magic angle spinning. In
CHA(17) we considered II(A)1 at 150, 350, and 550 K. Our simulations reveal that
higher temperatures lead to increased mobility of Na ions, in particular, those at
the 8MRs, consequently affecting the calculated 650, Cq and 7q (Fig. $127). In
principle, the activation energy for transitions and residence time profiles may be
obtained from a systematic comparison of MD trajectories at various tempera-
tures and becomes a feasible task with NNPs. Even though this was not within the
scope of the current work, future studies can explore the effect of temperature, as
a tunable parameter in MD simulations and experimentally, to identify Na/Al
siting.

4.3 %Al NMR

Solid-state NMR of the quadrupolar nucleus *’Al is a common approach for the
analysis of zeolite structure, particularly in the identification of coordination
environments, which can range from three to six around the Al centre, and which
is correlated with the type of acidity present. Thus, as a tool to understand
catalytic activity and selectivity, >’Al NMR is useful, particularly in combination
with MQMAS experiments, which suppresses the 2nd-order quadrupolar broad-
ening of the peaks, not averaged out in standard MAS experiments, and allows
direct access to isotropic chemical shifts. However, as a tool to determine the
siting or distributions of Al atoms among T sites in zeolites, it is less successful,
owing to the limited resolution of the >’Al chemical shift to T site location in
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zeolites. We calculated the *’Al solid-state NMR spectra for all CHA(17) configu-
rations considered in this work, and have extracted the chemical shifts, Cq and nq
values, which are given in the ESI (Fig. S11, Table S81). However, in agreement
with previous works, the position of ?’Al resonances do not show significant
changes with Al siting. The main effect of dynamics is to shift the peak position by
only a few ppm, in agreement with findings of Vanlommel et al.,** for models with
multiple Al atoms per unit cell. However, it remains difficult to separate Al
distributions by this method. Lastly, all simulations presented in this work use
fully dehydrated zeolites, known to produce NMR “invisible” aluminium species.
These species are often heavily distorted and thus appear as very broad reso-
nances that are hard to observe at modest magnetic fields (Fig. S137), however, at
higher magnetic fields one should be able to observe such resonances.

5 Conclusions

We have generated and verified a transferable machine-learning driven approach
for the analysis of Na/Al solid state NMR in zeolites, and applied it to the
industrially important small-pore zeolite CHA. Enhanced sampling of the low
energy configurations of Na/Al in CHA in the sodium form showed that a great
deal of information can be drawn from calculated **Na NMR chemical shifts,
which, in combination with asymmetry parameters and dipolar coupling
constants, may be used to significantly narrow down the possible Al and Na
distributions present in the sample. Three important factors were determined to
control the chemical shift: 6MR versus 8MR position of Na, the number of Al
atoms in the ring, and the length of the shortest Si,, sequence between Al atoms.
We also show the great importance of dynamic sampling, which affects the
position and shape of peaks in the NMR spectrum as well as the dipolar coupling
constants, and gives rise to an array of feasible ion migrations at a standard NMR
acquisition temperature. By characterising the features which control the chem-
ical shift, we have shown that a fitted polynomial of primarily Na-O distance and
O-Na-O angle parameters can be used in combination with inexpensive ML
simulations, to reproduce chemical shifts without the need for costly DFT
calculations in the future.
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