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S1 Molecular dynamics

Molecular dynamics simulations were performed in the NVT ensemble using the Atomic

Simulation Environment (ASE) version 3.23.0. [1] Reactive neural network potentials for

water-loaded acidic zeolites [2] with a radial cutoff of 6 Å and created by the SchNet-

Pack 1.0.0 [3] package, were employed as interaction potentials. These potentials provide

DFT-level accuracy while offering a computational speed-up of approximately 1000×

compared to traditional ab initio calculations. [2] A Nosé-Hoover thermostat was used

to maintain the temperature at 350 K. The simulations were run for 1 ns with a timestep

of 0.5 fs, saving every 100th structure for subsequent structural analysis or chemical shift

predictions.

Energy convergence for each MD simulation was verified through visual inspection of

energy versus time plots. An example of energy equilibration is shown in Figure S1.

Figure S1: The energy as a function of time (red) is shown for MLIP MD simulations
conducted at 350 K for the RTH zeolite with a Si/Al ratio of 31 and five water

molecules per unit cell. A moving average with a window of 5 ps is applied to smooth
the energy profile (yellow).

The stability of the MLIP and the ASE driver for MD simulations was tested against

Born-Oppenheimer ab initio molecular dynamics (AIMD) simulations in our previous

work, demonstrating an excellent match between the two methods. [4]



S2 DFT NMR calculation

DFT NMR calculations were performed using CASTEP with the PBEsol functional.

The convergence test for the RTH and Al(acac)3 is in Figure S2.

Figure S2: Benchmark of plane-wave energy cutoff (left) and k-point spacing (right) for
single-point shielding calculations of RTH with the aluminum atom at the T1 site (top)

and Al(acac)3 (bottom).

For RTH, plane-wave energy cutoff of 700 eV and a Monkhorst–Pack k -point grid of

2× 1× 2 was employed. For the reference compound Al(acac)3, a finer k -point sampling

of 0.05 and cutoff of 1000 eV was utilized to ensure full convergence of the shielding

tensor calculations for precise referencing of the chemical shieldings. A 10 ps AIMD of

Al(acac)3 was performed, from which 100 frames were extracted and recalculated using

DFT to obtain a time-averaged shielding value of 552.8 ppm. This value was used as the

reference shielding for the conversion from shielding to chemical shift.

To assess the impact of MD sampling and the accuracy of the kernel ridge regression
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(KRR) model, 50 snapshots were extracted from a 1 ns MD trajectory and evaluated using

DFT. These same configurations were also evaluated using the KRR model to directly

compare with the DFT results. Furthermore, KRR results are compared with the 2p-

LASSO method, introduced by Lei et al.[5], which predicts chemical shifts as a function of

both T–O–T angles and Al–O bond lengths, and with the correlation based solely on the

T–O–T angle proposed by Lippmaa.[6] The outcomes are summarized in Table S1. The

mean absolute error (MAE) between the DFT and KRR predictions over the 50 frames

is 0.33 ppm for 27Al and 0.31 ppm for 29Si, demonstrating the high accuracy of the KRR

models. The MAE between the MD-averaged KRR prediction and the average over the

50 KRR-evaluated snapshots is 0.34 ppm for 27Al and 0.14 ppm for 29Si, indicating that

the selected subset of 50 frames effectively captures the structural variability of the full

trajectory. However, the standard error of the mean estimated from the autocorrelation

function is 0.7 ppm for 27Al and 0.4 ppm for 29Si, whereas the statistical error of the 1 ns

MD average is only around 0.05 ppm for both types atoms, underscoring the robustness

of the machine learning approach. Moreover, the range of chemical shifts over the 50

frames exceeds 10 ppm for each T site, highlighting the strong sensitivity of the chemical

shift to dynamical effects. For a single locally optimized structure, the 27Al chemical

shifts are 61.2, 58.0, 59.8, and 56.8 ppm for T1, T2, T3, and T4, respectively. This

clearly demonstrates the necessity of dynamical sampling, in agreement with our previous

works.[4, 5]

Table S1: Comparison of predicted 27Al chemical shifts (in ppm) using different ap-
proaches, KRR, 2p-LASSO,[5] and Lippmaa[6] refers to the prediction based on MD-
averaged structures with their respective methods, DFT (50) is the average from 50
frames with direct DFT calculation, and KRR (50) refers to kernel ridge regression ap-
plied to the same 50 frames and errors obtained using the autocorrelation function.[7]

T-site KRR 2p-LASSO Lippmaa DFT (50) KRR (50)
T1 59.9 ± 0.04 58.9 ± 0.03 58.9 ± 0.03 59.2 ± 0.6 59.8 ± 0.6
T2 58.6 ± 0.04 59.1 ± 0.04 59.1 ± 0.04 59.2 ± 0.7 58.7 ± 0.6
T3 57.4 ± 0.05 58.1 ± 0.05 58.9 ± 0.05 56.7 ± 0.7 56.6 ± 0.7
T4 61.8 ± 0.03 62.4 ± 0.04 61.8 ± 0.04 62.4 ± 0.6 62.2 ± 0.6
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S3 KRR training

Both 27Al and 27Si chemical shift prediction models using Kernel Ridge Regression (KRR)

implemented in the scikit-learn 1.1.3 Python package [8] were trained on SOAP descrip-

tors generated with DScribe 1.2.2 [9]. The following SOAP hyperparameters were applied:

species = 1 8 11 13 14

r_cut = 5.

n_max = 6

l_max = 6

sigma = 0.5

average = "off"

SOAP descriptor averaging was disabled to ensure that the predictions were based on

individual atomic environments rather than the entire structure. This approach allows

for the development of more generalized predictive models.

The KRR models were trained using isotropic chemical shieldings calculated with the

CASTEP software. [10] These calculations employed the PBEsol exchange-correlation

functional [11] and the GIPAW method, [12] with a plane-wave energy cutoff set to 700

eV. The same approach was employed in our previous works. [4, 5]

The predicted shielding values must be converted to chemical shift values for com-

parison with experimental data. This transformation is performed using simple linear

regression based on reference experimental chemical shift values.

The prediction of the NNP-KRR model was compared with a set of DFT chemical

shift calculations on two hundred structures uniformly sampled from the MD trajectories,

using the CASTEP software,[10] for the purposes of verification (Figure S3).

S3.1 27Al KRR

The 27Al KRR model was adopted from our previous work on the zeolite MFI. [4] This

model was trained using a database comprising of approximately 2000 zeolite structures

obtained from AIMD simulations conducted at various temperatures. The database in-
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Figure S3: Correlation of the 27Al and 29Si chemical shift predicted by the KRR and the
DFT method.

cludes zeolites with diverse topologies, varying Si/Al ratios, and different chemical compo-

sitions. In total, the training dataset contains over 4000 unique aluminum environments.

For further details, we refer the reader to our prior publication. [4]

Before applying the 27Al KRR model, it is essential to compare the structural parame-

ters of the RTH zeolite with those in the training database to ensure that the predictions

do not involve significant extrapolation. Such extrapolation has been observed to yield

unrealistic chemical shifts, as seen in the case of zeolites TON and MTT. [4] The selected

structural parameters for comparison include the Al-O bond length, the average Al-O-Si

angle, and the O-Al-O angles. These parameters have been identified as the most critical

for predicting 27Al chemical shifts. [5] As shown in Figure S4, all structural parameters

fall within the range provided by the database, with none being extrapolated.

To calculate the chemical shift from the chemical shielding, Al(acac)3 was used as a

reference. This compound serves as a solid-state reference in experimental measurements

and has a chemical shift of 0.03 ppm. [13] The chemical shielding of Al(acac)3 was

determined to be 552.8 ppm based on 20 ps AIMD simulations. [5] The slope between

the chemical shift and shielding was assumed to be -1. For more details, refer to our

previous work. [4, 5] Thus, the chemical shielding σ is transformed to chemical shift δ

6



Figure S4: Structural comparison between the KRR training database and RTH is
presented for the Al-O-Si angle (top), Al-O bond lengths (middle), and O-Al-O bond
lengths (bottom). The structural parameters for RTH were derived from MLIP MD
simulations at 350 K, with a Si/Al ratio of 31 and five water molecules per unit cell.

using following equation:

δ(27Al) = −1 · σ(27Al) + 552.8 ppm (S1)
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S3.2 29Si KRR

The 29Si KRR model was trained using subsampled AIMD simulations of various zeolites

(MOR, CHA, ABW, FER, and LTA) at different Si/Al ratios and water loadings at a

temperature of 300 K.

The same training workflow was applied as in training the 27Al KRR model, which

is described in detail in our previous work. [4] The regularization parameter λ that

produced the best-performing models was 4 · 10−6. The test MAE is 0.4 ppm, similar to

the 27Al KRR model (0.5 ppm). The R2 score exceeds 0.99, demonstrating an excellent

correlation with the reference DFT data.

To convert the predicted 29Si shielding σ(29Si) from the KRR model into the 29Si

chemical shift δ(29Si), a calibration equation must be determined. For this purpose, 1 ns

molecular dynamics simulations of five siliceous structures (FER, TON, CHA, cristobalite,

and α-quartz) were performed using MLIP. The chemical shielding was then calculated

with the trained KRR model.

A comparison between the KRR predicted shielding and experimental chemical shifts

[14–17] is presented in Table S2. The data was fitted using linear regression, yielding the

calibration equation:

δ(29Si) = −0.9173 · σ(29Si) + 287.47 ppm, (S2)

which serves as a reference for converting chemical shielding into chemical shift.

S4 Computational models and zeolite samples

The siliceous RTH (Si-RTH) models were obtained directly from the IZA database. [18]

The Al-RTH models were generated by replacing one silicon atom with aluminum. A

proton was added to an oxygen atom neighboring the aluminum atom, acting as a charge-

compensating cation and creating a Brønsted acid site (BAS). Furthermore, five water

molecules were initialized to allow immediate access to both the aluminum and the hy-

drogen atom. The unit cell dimensions of Al-RTH were determined by X-ray diffraction
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Table S2: 29Si shieldings and chemical shifts for siliceous structures. Experimental 29Si
chemical shifts for FER [14], TON [15], CHA [16], cristobalite [17], and α-quartz [17]
were taken from the corresponding literature.

Structure Si type σ(KRR) [ppm] δ(exp) [ppm]

FER

Si1 439.4 -116.5
Si2 435.1 -112.3
Si3 437.0 -111.9
Si4 437.0 -117.2
Si5 440.9 -116.2

TON

Si1 436.4 -113.1
Si2 434.7 -112.8
Si3 434.5 -110.9
Si4 436.7 -114.3

CHA Si1 435.6 -111.4

Cristobalite Si1 433.8 -108.5

Quartz Si1 428.9 -107.1

(XRD) of the experimental sample with Si/Al ratio of 28 (Table S7).

Each aluminum atom can adopt four possible BAS configurations. Two BAS config-

urations per T-site were tested, chosen based on the orientation of the hydrogen atoms

pointing towards the RTH pore channels. The chemical shift differences between the var-

ious starting BAS configurations were found to be less than 0.2 ppm for 27Al and 0.1 ppm

for 29Si in Al-RTH, indicating that the initial configurations have minimal impact on the

chemical shifts using the machine learning approach.

The models were created to reproduce the experimental conditions. The chemical

composition of the zeolite samples and their XRD patterns are shown in Table S3 and

Figure S5.

Table S3: Table of chemical composition of RTH samples.

Sample Si/Al Al/u.c. OSDA/Al

RTH16 16 1.1 27
RTH28 28 2.0 39

RTH-SiO2 ∞ - -
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Sample Si / Al Al /u.c. OSDA/Al

RTH16 16 2.0 1.0

RTH28 28 1.1 1.8

RTHSiO2 ꝏ -- --

5 10 15 20 25 30 35 40

2θ (º)

EPA-RTH28

RTH28

EPA-RTH16

RTH16

P-RTHSiO2

RTHSiO2

Figure S5: XRD patterns of RTH samples.

S5 27Al MQMAS NMR

The 27Al MQMAS NMR spectra of the RTH16 and RTH28 samples are in Figure S6.

The 27Al sheared MQMAS NMR spectra of the RTH16 and RTH28 samples (Figure 2)

exhibits two resonances in the isotropic chemical shift dimension. Both signals lie close

to the F2=F1 diagonal, indicating that second-order quadrupolar broadening is minimal

at 750 MHz for all T-sites. The spread along the isotropic axis reflects a distribution

of chemical environments. Notably, the lower chemical shift peak exhibits a broader

distribution, consistent with its assignment to three distinct T-sites (T1–T3), whereas

the correlation peak centered at 64 ppm corresponds to Al at the unique T4 site.

The 27Al MQMAS NMR spectrum in Figure S7 was fitted assuming a Czjzek dis-

tribution[19] to extract the isotropic chemical shifts and compare them with theoretical
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Figure S6: 27Al MQ-MAS NMR measured at 750 MHz of the two RTH samples with
Si/Al ratios a) 28 and b) 16.

calculations, all collected in Table 2.

S6 2D recoupling NMR experiments

Figure S8 presents the 29Si-29Si DQ-SQ MAS NMR spectra at different coupling times,

demonstrating that 4 ms is the best recoupling time to observe only the nearest-neighbour

(NN) silicon, since increasing the recoupling time shows up new signals corresponding to

the next-nearest-neighbour (NNN) silicon.

Figure S9 shows an unmodified overlay of Figure 5. The 27Al chemical shifts are

higher than the center of the peak due to the quadrupolar nature of the nucleus. To

improve the clarity and understanding of the plot, the 27Al chemical shifts were adjusted

by a constant amount of 1.3 ppm and 0.5 ppm for 29Si to align with the experimental

peaks. The offset is likely caused by imperfections in the shielding-to-shift conversion,

inaccuracies in the DFT calculations used to train the KRR model or non optimal unit

cell. However, since the chemical shift is a relative metric, applying a constant shift does

not affect the model’s accuracy or its ability to predict experimental measurements.

To investigate the effect around (57,-113) ppm peak, the transfer of magnetization

(i.e., the intensity of the cross peak) was calculated for multiple silicon atoms near the

aluminum atom. For each T-site, at least five silicon atoms were considered: four silicon
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Figure S7: 27Al MQMAS of RTH28 sample at 750 MHz and fitted a) 1+1, b) 2+1 and c)
3+1 Czjzek distribution curves. RMSEs were calculated from pointwise residuals within
the fit window.

atoms were directly adjacent to the aluminum atom, and one silicon atom across the 4

ring in RTH (1 silicon atom in between), approximately 4.5 Å away from the aluminum

atom. For T3, a silicon atom across a 6 ring, less than 5 Å from the aluminum, was also

considered.

Numerical simulations of 29Si-27Al magnetization transfer efficiency of D-HMQC ex-

perimental using SR421 recoupling element were performed using Simpson 4.2.1.[20, 21] All

simulations were conducted at a spinning rate of 10 kHz and a magnetic field of 750 MHz,

and pulse length matching those used experimentally, and employing 2145 ZCW orienta-

tions for powder averaging.[22–24] Input files comprised isolated dipolar-coupled 29Si-27Al

pairs and were constructed with Soprano and Simpyson,[25, 26] considering the spin sys-

tem 27Al’s CQ and ηQ parameters obtained from CASTEP calculations. Quadrupolar

effects were included up to second order. To avoid carrier-frequency sensitivity losses
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Figure S8: 2D 29Si-29Si DQ-SQ MAS NMR spectra at a) 4 ms, b) 6 ms, and b) 8 ms of
recoupling time for the sample RTH-SiO2.

characteristic of symmetry-based schemes, we omitted chemical shift information in the

simulations.

The simulated recoupling efficiencies for all T sites as a function of mixing time are

shown in Figure S10. As expected for a dipolar-based magnetization transfer, the effective

recoupling scales with 1
r3

, and thus NN (r ≈ 2.5−3.5 Å) builds up rapidly at short mixing

times, whereas NNN transfer is only appreciable at longer mixing times for 29Si-27Al pairs

across 4 ring, ≈ 4.5 Å, while those across 6 rings remain too weak to be detected under

our experimental conditions. We verified the robustness of these trends by a grid search

over experimentally relevant parameter ranges for hydrated RTH, by considering Al-Si

distances between 2.0 and 6.0 Å, 27Al’s CQ from 1.0 to 4.0 MHz and ηQ from 0 to 1.

We confirmed that across all this space SR421-based D-HMQC provided consistent higher

transfer efficiencies for NN over NNN, with only the short 4-ring NNN contributing at

longer mixing times, Figure S11 and S12.
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Figure S9: Overlay of unmodified predicted chemical shifts and experimental 2D
29Si-27Al (D)-HMQC MAS-NMR spectrum of the RTH28 zeolite at 750 MHz.

To achieve a semi-quantitative interpretation of the 2D 29Si-27Al D-HMQC spectra,

correlation-peak intensities must be corrected for distance-dependent recoupling effi-

ciency. For simulating this effect, we extracted, from long ML-MD trajectories, the

minimum, average, and maximum Al–Si distances for NN and NNN of each T site, and

constructed 29Si-27Al pairs spanning 20 distances across each range and considering a CQ

of 2.0 MHz resembling those determined experimentally. This simulation suggests that

at 1.8 ms the 4-ring NNN signals are around 35% of the NN intensities.

S7 Water loading and Si/Al ratio

S7.1 Water loading

Aluminosilicate zeolites are hygroscopic, with water molecules typically present in their

pores. The water content in individual zeolites can vary, making it necessary to investigate

different levels of water loading to ensure that its effect on both 27Al and 29Si chemical

shifts is negligible.

To demonstrate the robustness of our chemical shift predictions and the effect of two
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Figure S10: The calculated transfer of magnetization for all T-sites (RTH31 with 5
water molecules per unit cell) for multiple silicon atoms with varying mixing times is
shown. Blue, orange, green, and red represent silicon atoms adjacent to aluminum.
Purple represents silicon atoms located across a 4 ring within 4.5 Å, while brown

represents silicon atoms across a 6 ring within 5 Å.

experimentally obtainable parameters on the chemical shifts, multiple modified models

were tested. First, different water loadings were examined around the experimentally

observed 4 wt%, which corresponds to 4.5 water molecules per unit cell in the RTH

zeolite. A range of water loadings (3, 4, 5, 6, and 7 water molecules per unit cell) was

tested, corresponding to 2.7, 3.6, 4.4, 5.3, and 6.2 wt%. The 27Al and 29Si chemical shifts

based on the water loading are presented in Table S4 and Table S5, respectively.

For 27Al chemical shifts, water loadings greater than 3 water molecules per unit cell

result in nearly constant values, varying by only 0.3 ppm. A slight decrease is observed

with higher water content, a trend also noted for MFI in our previous work, which is at-

tributed to proton and water dynamics. [4] At higher water loadings, the proton becomes
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Figure S11: Effect of 27Al CQ on magnetization transfer efficiency at distinct mixing
times and Si-Al distances ranging from 2.5 to 6.0 Å.
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Figure S12: Effect of 27Al ηQ on magnetization transfer efficiency at distinct mixing
times and Si-Al distances ranging from 2.5 to 6.0 Å.

fully solvated, leading to a more symmetrical aluminum environment and sharper exper-

imental peaks. However, the water molecules continue to interact with the framework,

highlighting the importance of explicitly modeling the water molecules within the zeolite

channels. The 29Si chemical shift appears to be unaffected by water content.
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Table S4: 27Al chemical shifts in ppm at RTH31 with different water loading.

Water (wt %) Al-T1 Al-T2 Al-T3 Al-T4

3 (2.7) 60.2 58.4 57.3 62.3
4 (3.6) 60.0 58.6 57.6 61.9
5 (4.4) 59.9 58.6 57.4 61.8
6 (5.3) 59.8 58.3 57.5 62.0
7 (6.2) 59.8 58.4 57.4 61.8

Table S5: 29Si chemical shifts averaged over T-sites in ppm at RTH31 with different water
loading.

Water (wt %) Si-T1 Si-T2 Si-T3 Si-T4

3 (2.7) -114.7 -112.8 -112.5 -107.0
4 (3.6) -114.7 -112.8 -112.5 -107.0
5 (4.4) -114.7 -112.8 -112.5 -107.0
6 (5.3) -114.7 -112.8 -112.5 -107.0
7 (6.2) -114.8 -112.7 -112.4 -107.0

S7.2 Si/Al ratio

Interpreting NMR spectra should primarily be performed on samples with a high Si/Al

atomic ratio, as aluminum pairing can significantly affect the 27Al chemical shift in a

non-systematic manner,[4, 27] due to the flexible nature of the zeolite framework near

aluminum atoms. Two Si/Al ratios were tested: 63 (RTH63), which was modeled by

creating a supercell along the z direction, and 15 (RTH15), modeled by adding a second

aluminum atom to the unit cell. In total, four aluminum pairing configurations with

varying Al-Al distances were tested per T-site.

The chemical shift of the RTH with a Si/Al ratio of 63 is shown in Table S6. The 27Al

chemical shift does not significantly change compared to the models with a Si/Al ratio

of 31.

For RTH15, the change from RTH31 was more significant, with an average deviation

of 0.5 ppm (Table S6). However, some trends remained consistent even at lower Si/Al

ratios, such as T4 exhibiting the highest chemical shift. This consistency is observable

in the 1D 27Al MAS NMR spectra (Figure 4a). However, changes in chemical shift of up

to 4 ppm have been observed in zeolite MFI [4], indicating that these aluminum pairs

should be modeled explicitly rather than assuming that the trends remain constant.
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The same analysis is not applicable to 29Si chemical shifts, as these shifts vary signif-

icantly depending on the distance to aluminum atoms. However, as shown in Figure 4b,

the 29Si peaks are broader due to the higher aluminum content.

Table S6: 27Al chemical shifts at different Si/Al ratios (31, 15, and 63). For models with
Si/Al ratio of 15, four different pair configurations were tested with different distance
between aluminum atoms.

T-site δ(27Al-31) [ppm] δ(27Al-15) [ppm] d(Al-15) [Å] δ(27Al-63) [ppm]

T1 60.1

60.1 7.1

59.559.7 7.3
59.8 9.7
60.0 9.1

T2 58.6

59.9 5.0

58.759.1 4.9
59.8 7.3
59.3 4.2

T3 57.4

57.4 9.7

57.457.3 9.7
57.2 9.5
57.2 9.7

T4 61.8

61.4 6.8

61.363.8 8.4
62.1 4.9
61.5 6.6
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S8 Aluminum distribution

To estimate the volume of different peaks in the (D)-HMQC spectra (Figure 5), inte-

gration of the 1D projection was performed, as shown in Figure S13. This integration

provides an approximation of peak intensities, visualized in Figure S14. A more rigorous

approach would involve deconvoluting the peaks into a predefined number of components.

However, given that the (D)-HMQC experiment is not explicitly quantitative and decon-

voluting the silicon projection would require a high number of peaks, a simpler integration

method was chosen. Despite its limitations, this approach should provide a reasonable

estimate of the tentative aluminum distribution. Future work will focus on a more de-

tailed analysis, incorporating full shielding and EFG tensor predictions to improve the

accuracy and quantitative reliability of these results.

29Si sum projection under 57 ppm (F2)  29Si sum projection under 61 ppm (F2)  

-126-123-121-118-115-113-110-108-105-102-100-97-94 -126-123-121-118-115-113-110-108-105-102-100-97-94

4244464850525456586062646668707274

27Al total projection

T4: 14% 

T1, T2, T3: 86% 

NN: 16%  
NN: 58% 
NNN: 12% 

Total: 86%Total: 14%
NN: 2.7%  
NN: 8.4% 
NNN: 2.9% 

a)

b) c)

δ(29Si) [ppm]

δ(27Al) [ppm]

δ(29Si) [ppm]

Figure S13: Integration of the projections of: a) 27Al (total projection), b) 29Si
projections at 61 ppm in F2 of the 29Si-27Al (D)-HMQC NMR spectrum and c) 29Si

projections at 57 ppm in F2 of the 29Si-27Al (D)-HMQC NMR spectrum

Figure S14 shows the peak volumes and their composition in the (D)-HMQC spec-

tra. The theoretical dipolar coupling intensities from Figure S10 determine the relative
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intensities of the observed peaks. For example, the cross-peak corresponding to the

next-nearest-neighbor silicon to aluminum in the T1 position at a recoupling time of 1.8

ms should have around 40 % of the intensity of correlation peaks arising from nearest

neighbor should be approximately. Using this information in combination with the peak

compositions from Figure S14, a system of four equations was constructed to determine

the distribution across the four T-sites.

T1 T2 T3T4

δ(27Al) [ppm]

2×(T2-NNN)
2×(T3-NNN)
Intensity: 12%

4×(T1-NN)
3×(T2-NN)
2×(T3-NN)
1×(T1-NNN)
Intensity: 58%

4×(T4-NN)
Intensity: 11%

1×(T2-NN)
2×(T3-NN)
Intensity: 16 %

δ(
29

Si
) [

pp
m

]

2×(T4-NNN)
Intensity: 3%

Figure S14: (D)-HMQC spectra divided into 5 peaks with their relative intensities and
their composition predicted by the KRR.

0 t1+ 0 t2+ 0 t3+ (4TNN
4 + 2TNNN

4 ) t4 = 14

0 t1+ (2TNNN
2 ) t2+ (2TNNN

3 ) t3+ 0 t4 = 12

(4TNN
1 + 1TNNN

1 ) t1+ (3TNN
2 ) t2+ (2TNN

3 ) t3+ 0 t4 = 58

0 t1+ (1TNN
2 ) t2+ (2TNN

3 ) t3+ 0 t4 = 16

(S3)

The relative occupancies obtained by solving these equations are 15 %, 64 %, 8 %,

and 14 % for T1, T2, T3, and T4, respectively. The results clearly indicate that T2 is
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the most populated aluminum site, while T3 and T4 are the least populated.

S9 Unit cell effect

NMR is highly sensitive to the local atomic environment, making the choice of unit cell

parameters crucial, as they directly influence chemical shifts through changes in T–O–T

angles and bond lengths. In this study, we considered three types of unit cells: (a)

the reference unit cell from the IZA database [18], (b) a relaxed unit cell obtained via

DFT using the PBE functional with a plane-wave energy cutoff of 700 eV, where atomic

forces were converged to 10−3 eV/Å, and (c) an experimental unit cell derived from XRD

measurements. The unit cell parameters are in Table S7.

Table S7: Unit cell parameters for different structural models. IZA refers to the unit cell
from the IZA database. Al–T indicates water-loaded structures relaxed with aluminum
substituted at a specific T-site. Experimental corresponds to the unit cell of the zeolite
sample used in this study.

Unit cell a [Å] b [Å] c [Å] α [◦] β [◦] γ [◦] Volume [Å3]

IZA 9.76 20.53 10.00 90.0 96.9 90.0 1988.9
Al-T1 9.74 20.56 9.97 92.2 97.1 91.5 1979.9
Al-T2 9.75 20.72 9.97 90.0 97.2 89.7 1998.7
Al-T3 9.71 20.70 9.99 90.0 97.4 90.6 1991.8
Al-T4 9.73 20.59 9.88 89.3 96.7 90.7 1966.8
Experimental 9.73 20.71 9.88 90.0 96.6 90.0 1979.2

The 27Al NMR chemical shifts predicted using the machine learning approach for dif-

ferent structural models are summarized in Table S8. Across all considered unit cells, the

T-sites can be grouped into two categories: T1, T2, and T3 exhibit similar chemical shift

values, whereas T4 consistently shows significantly higher shifts. Notably, the experimen-

tal and relaxed structures yield the same relative ordering of T-site shifts. In contrast,

the IZA-based model presents a reversed ordering between T1 and T2. This discrepancy

likely arises from the IZA unit cell being optimized for purely siliceous RTH zeolites,

making it less suitable for aluminum containing frameworks. The differences in absolute

chemical shift values between the relaxed and experimental unit cells highlight the sensi-

tivity of NMR parameters to subtle variations in atomic structure. Such variations may

contribute to systematic offsets between predicted and experimentally measured shifts.

As chemical shift is inherently a relative quantity, this offset does not affect the reliability
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of the proposed predictive method.

Table S8: Predicted 27Al NMR chemical shifts (in ppm) for different T-sites. Results
are compared across three structural models: IZA unit cell, relaxed structures, and the
experimental unit cell.

T-site IZA [ppm] Relaxed [ppm] Experimental [ppm]

T1 59.2 58.6 59.9
T2 60.4 57.4 58.6
T3 57.9 56.3 57.4
T4 63.7 63.2 61.8

The overlays of predicted chemical shifts from the three models with the experimental

2D 29Si-27Al (D)-HMQC MAS-NMR spectra are presented in Figure S15. Although the

absolute chemical shift values differ, the relative composition of the individual peaks

remains qualitatively consistent. The aluminum distribution for different unit cells is

summarized in Table S9. While the absolute values vary, T2 is consistently the most

populated T-site, with occupancies exceeding 40 % across all unit cells, making this

prediction robust regardless of the unit cell choice. Similarly, T1 shows a consistent

occupancy around 30 %. In contrast, T3 and T4 are the least populated sites, with

occupancies under 25 %, which would be expected of a random aluminum distribution.

While these aluminum distributions are approximate, the machine learning approach

provides reliable estimates of the aluminum distribution. The accuracy of this method

could be further enhanced by incorporating tensorial predictions, which would allow for

the prediction of peak shapes and quadrupolar broadening.

δ(27Al) [ppm]

δ(
29

Si
) [

pp
m

]

δ(27Al) [ppm]

δ(
29

Si
) [

pp
m

]

δ(27Al) [ppm]

δ(
29

Si
) [

pp
m

]

a) b) c)

Figure S15: Overlay of predicted chemical shifts and experimental 2D 29Si-27Al
(D)-HMQC MAS-NMR spectra for a) IZA, b) relaxed, c) experimental unit cells. The
predicted chemical shift values were uniformly offset by a constant to align with the

experimental values.
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Table S9: Aluminum distribution across different T-sites for various structural models.
Values represent the percentage of aluminum at each T-site for the IZA, relaxed, and the
experimental unit cells.

T-site IZA [%] Relaxed [%] Experimental [%]

T1 32 15 15
T2 51 65 64
T3 1 0 8
T4 16 20 14

S10 Exchange-correlation functional effect

In order to determine the role of the exchange-correlation functional on the calculated

chemical shifts, we generated an optimised model of RTH31 for which a single Al is

located in the T1 site, and calculated the chemical shifts for Al atoms in each of the four

inequivalent positions, with a selection of GGA and meta-GGA functionals. It is observed

that while the absolute positions of the peaks vary significantly among functionals, the

spacing between peaks, and therefore the peak patterns are very similar across the set,

which correlation coefficients above 0.99. Therefore, after applying a scalar offset that is

specific to a given functional, each of the tested functionals give the same predictions.

Table S10: Chemical shifts calculated for the optimised unit cell of RTH31 with Al in
the T1 site, as a function of DFT exchange-correlation functional.

ISIF3 (T1) PBE PBEsol rSCAN r2SCAN

750eV 750eV 750eV 750eV
T1 57.1 57.7 52.4 52.0
T2 57.4 58.0 52.7 52.3
T3 54.3 55.0 50.0 49.5
T4 61.7 62.2 56.4 55.9
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