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A B S T R A C T

Zeolites are indispensable heterogeneous catalysts in industrial chemical processes, valued for their strong 
Brønsted acidity, well-defined microporous frameworks, and tunable pore structures. Their catalytic activity 
arises primarily from Brønsted acid sites (BAS), typically present as bridging hydroxyl groups (Si–OH–Al). Under 
aqueous reaction conditions, these protons interact dynamically with water and alcohol molecules, leading to 
complex solvation and protonation behavior within confined pores. In this study, we investigate the protonation 
equilibrium occurring between ethanol and water at the BAS of acidic zeolites under varying hydration levels, i. 
e., C2H5OH–(H2O)n, n = 1–4. Local structure was analyzed through an adaptive-learning global optimization 
algorithm, while enhanced sampling molecular dynamics simulations with Well-Tempered Metadynamics 
(WTMetaD) and machine learning interatomic potentials (MLPs) provide free-energy surfaces (FES) at variable 
hydration levels. The results reveal a strong dependence of proton localization on the degree of hydration. In 
presence of just 1 water molecule, the proton resides predominantly on ethanol; with 2 water molecules, it shifts 
toward water, and starting at 3, it becomes delocalized over the water cluster. These findings underscore the 
critical role of solvation in modulating acid site behavior and suggest that a minimum of three water molecules is 
necessary to fully stabilize the proton on water within the zeolite framework. This solvation threshold has sig
nificant implications for catalytic processes, particularly in biomass conversion reactions where alcohol pro
tonation is a key step in dehydration mechanisms.

1. Introduction

Zeolites are crystalline microporous aluminosilicates comprising a 
three-dimensional framework of corner-sharing SiO4 tetrahedra. Upon 
substitution of silicon by trivalent atoms, most commonly aluminum, 
introduces a net negative charge in the lattice which is typically 
balanced by extra framework cations. When this charge is compensated 
by protons, Brønsted acid sites (BAS) comprising —Si–(OH)–Al moieties 
are formed. These protonic sites serve as the primary centers for proton 
donation and are responsible for the strong acidity of zeolites [1]. In 
addition to their exceptional catalytic activity, zeolites offer advantages 

like well-defined confinement effects, high thermal stability, shape- 
selectivity, and tunable adsorption. Owing to these properties, zeolites 
are extensively used as solid acid catalysts in processes such as hydro
carbon cracking, alcohol dehydration, isomerization, alkylation, aldol 
condensation and esterification [2–12].

More recently attracted growing attention for the catalytic conver
sion of biomass-derived alcohols which represent renewable and car
bon–neutral alternatives to fossil feedstocks [13–17]. Fermentation of 
lignocellulose biomass yield complex aqueous mixtures of linear, cyclic, 
and aromatic alcohols [13,15]. In such water-rich environments, the 
nature of BAS is significantly altered due to solvation of BAS by water 
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leading to the formation of protonic species, hydronium ions 
(H3O+(H2O)n), confined within the zeolite nanopores. This trans
formation has been characterized by various techniques such as 
extended X-ray absorption fine structure, 27Al magic-angle spinning 
nuclear magnetic resonance (NMR) spectroscopy and vibrational spec
troscopic studies [18–26]. The confined water solvation microenviron
ment in zeolites not only changes the nature of catalytically active site 
but also strongly affects the reactivity and selectivity [27–29]. Analo
gous effects have been observed in self-assembled supramolecular sys
tems [30–35]. Consequently understanding the solvation structure of 
water and its role in proton transfer at BAS has attracted intense research 
interest over the past two decades, with numerous experimental and 
theoretical studies focusing on the question: How many water molecules 
are needed to drive the transfer of proton from BAS to adsorbed water 
molecules [27,36]?

At low hydration levels (i.e., one water molecule per BAS), both 
quantum mechanical (QM) calculations [37,38] including Hartree–Fock 
(HF), Møller–Plesset perturbation theory of second order (MP2) [39], 
and density functional theory (DFT) as well as spectroscopic in
vestigations [20,26,40,41] have consistently shown that water forms a 
hydrogen-bonded complex with the BAS rather than undergoing full 
proton transfer [25,37]. The presence of this neutral adduct is strongly 
supported by experimental vibrational signatures, particularly the 
infrared (IR) bands observed at ~2800 and 2400 cm− 1 [26,37,38] and 
further corroborated by inelastic neutron scattering (INS) studies [41]. 
Similar adsorption behaviors are observed in anhydrous single [42] or 
double alcohol adsorption [43] at the BAS. Further computational 
studies showed the neutral complex as a local minimum on the potential 
energy surface under these low hydration conditions [21,37,38].

As the hydration level increases to two water molecules per BAS, the 
picture becomes more ambiguous. A combined powder neutron 
diffraction and infrared spectroscopy study suggested the coexistence of 
both neutral and protonated water complexes [20]. Earlier static DFT 
calculations [37,38] and ab initio quantum chemical simulations [44]
proposed that water dimers may possess sufficient proton affinity to 
form protonated ion-pair complexes. However, subsequent Car- 
Parrinello molecular dynamics challenged this notion, suggesting that 
a minimum of three water molecules is required to stabilize 
H3O+(H2O)2, as the first thermodynamically stable protonated cluster 
[21]. These studies also reflect that both the neutral water dimer and the 
ion pair structure are energetically competitive, but the relative stability 
of protonated water dimer was highly sensitive to the functional choice 
and simulation conditions [38,45–51]. Nonetheless, finite-temperature 
molecular dynamics (MD) simulations [47,50,52], along with 
enhanced sampling MD [49], have demonstrated increase in proton af
finity of water cluster with the number of water molecules [53–55], 
highlighting the thermodynamic favorability of larger hydrated proton 
clusters.

Recent spectroscopic studies, including high-resolution NMR and 
2D-IR provide compelling evidence for proton transfer at elevated hy
dration levels. For water loadings between 2 and 9 molecules per BAS, 
Lercher and co-workers identified a signature 1H NMR resonance at 9 
ppm, consistent with the presence of hydrated hydronium ions [56]. 
This observation aligns with an earlier theoretical predictions, which 
reported a chemical shift of 9.5 ppm shift for protonated water dimers 
[57]. Metadynamics simulations [58,59] using Voronoi tessellation- 
based collective variables (CV) [49,60,61] across various zeolite 
frameworks have further illuminated the that at low hydration (≤2H2O 
per BAS) the proton remains shared between the BAS and a water 
molecule, whereas at higher hydration (3–8H2O per BAS) it becomes 
fully solvated within water clusters. This transition demonstrates a shift 
in the nature of the acid site in zeolites from a localized, framework 
bound proton donor site to a dynamic, delocalized proton reservoir. 
Such confined hydronium ions exhibit markedly different catalytic 
behavior compared to traditional aqueous acid solutions [62,63]. For 
instance, the hydrated hydronium ions in the zeolite pores enhance 

cyclohexanol dehydration rates by two orders of magnitude compared to 
the rates in aqueous solution due to enthalpic and entropic stabilization 
of reactive intermediates [64–67]. Similarly, confinement-induced 
structural reorganization of water, particularly into 3D-hydrogen- 
bonded clusters in larger cages and 1D-oligomeric chains in narrower 
channel [68,69] can increase turnover rates by as much as 400-fold in 
reactions such as alkene epoxidation due to significant entropic gains 
[70]. Comparable enhancements are observed in the O-demethylation of 
guaiacol, where under-coordinated hydronium ions confined within 
zeolite boost reaction rates. These solvation confinement effects extend 
beyond oxygenates, in hydrocarbon transformations like cumene deal
kylation [71] water has been shown to increase reactivity by entropi
cally stabilizing transition state despite elevating activation enthalpies. 
Other studies have shown that alcohol–water–proton clusters form 
extended hydrogen-bonded networks which directly impacts transition 
state stabilization and catalytic rates [72–74]. Nevertheless, the influ
ence of hydration on catalysis within zeolites is nuanced and not uni
formly advantageous. In certain cases, water can inhibit catalytic 
activity. The dehydration of 1-propanol proceeds more slowly in hy
drated environments due to preferential stabilization of the reactant 
relative to the transition state [75,76]. Similar trend is observed in 
alkane C–H bond activation, where higher water loadings (>2–3 H2O) 
diminish reaction rates [77]. The formation of such hydrated ionic 
species within confined micropores can also limit substrate adsorption 
due to steric constraints, ultimately diminishing overall turnover rates. 
In parallel, polar aprotic solvents have demonstrated the ability to 
modulate proton availability, enhancing catalytic performance by 
selectively stabilizing protonated intermediates over high-energy tran
sition states particularly in biomass conversion processes [78,79].

Overall, when aqueous solution of biomass-derived alcohols come in 
contact with BAS under confined environments, a complex network of 
solvation effects emerges. The interplay of acid strength, hydration 
level, type of substrate, and confinement within the microporous 
framework led to nontrivial protonation equilibria and reaction path
ways [80]. This complexity raises a fundamental question that remains 
largely unexplored: How does the thermodynamics of protonation by 
the BAS evolve with increasing hydration in the presence of C2+ organic 
alcohols?

Addressing this question requires a molecular-level understanding of 
solvation dynamics and proton delocalization. The evolution of the 
catalytic active site from a static BAS proton source to a dynamic, 
reactive interface, challenges conventional ab initio static models which 
fail in capturing the highly intricate solvation dynamics of the delo
calized proton. Ab initio molecular dynamics (AIMD) provides a valuable 
tool to address this challenge by accounting for thermal motion and 
explicit solvent interactions at the atomic level. However, AIMD suffers 
from inherent timescale limitations, which hinder its ability to capture 
rare events such as proton transfer or slow equilibrium transitions that 
are essential for understanding catalytic mechanisms.

To overcome these limitations, enhanced sampling methods such as 
Well-Tempered Metadynamics (WTMetaD) [59] are effective to accel
erate sampling across high free energy barriers and explore the relevant 
configurational space. Despite their utility, these simulations remain 
computationally demanding when used in combination with QM force 
evaluation. To alleviate the computational burden while retaining QM 
accuracy, we adopt graph neural network (GNN) [81] based machine 
learning potentials (MLPs) as a powerful surrogate [82–85]. By learning 
the underlying potential energy surface from high quality reference data 
obtained from DFT-based enhanced sampling in zeolites at finite tem
perature, MLPs enable large-scale simulations ensuring exhaustive 
sampling. The key advantage of this approach lies in the substantial 
computational acceleration it offers.

Using this approach, we carried out enhanced sampling WTMetaD 
simulations to investigate the protonation equilibrium of ethanol in H- 
ZSM-5 in the presence of varying water content. Free energy surfaces 
(FES) reveal a strong dependence of proton location on water loading: At 
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1 water molecule adsorption (C2H5OH–H2O), the protonation equilib
rium is shifted towards alcohol, at two water molecules (C2H5OH– 
(H2O)2), the proton is likely to sit between ethanol and water, whereas 
at 3 content (C2H5OH–(H2O)3) it starts resembling more the bulk solu
tion conditions, the proton is delocalized in the water cluster with a 
much lower probability of sitting on the ethanol OH group. This 
behavior underscores the central role of the micro-hydration environ
ment in dictating proton transfer thermodynamics and thus modulating 
catalytic activity. Such detailed understanding of water–substrate–acid 
site interactions is essential for elucidating reaction mechanisms and 
guiding the rational design of zeolite-based catalysts for sustainable 
biomass conversion.

2. Methods

2.1. PES exploration via RANGE

A potential energy surface (PES) exploration was performed using 
RANGE [86] to identify the most favorable interaction configurations of 
one ethanol molecule with one, two, or three water molecules in the H- 
ZSM-5 zeolite pore near the BAS. For each case, the pore space near the 
BAS site was first identified, and an ethanol molecule, along with one, 
two, or three water molecules, was placed in the BAS region. RANGE 
then guided the placement of the molecules and systematically searched 
for low-energy configurations that a standard optimization process 
could have missed. The Universal Force Field (UFF) [87] was used with 
RANGE for a preliminary geometry optimization, followed by a full 
geometry optimization using the MACE force field (the pretrained 
MACE-MPA-0 foundation model) [88] for on-the-fly optimization with 
RANGE. The MACE force field was chosen because of its accuracy 
against DFT calculated energies and atomic forces that demonstrated the 
fidelity of the force field. (see Fig. S5 of Supplementary Information (SI) 
for additional details).

For each system (one ethanol molecule with one, two, or three water 
molecules, respectively), a minimum of 20,000 structures were 
explored, and the resulting structures were ranked by their energies. The 
1,000 lowest-energy configurations were further grouped by their 
structural similarities to the ground-state configuration (the lowest en
ergy) using the positions of C, H, O, and Al atoms in the BAS, ethanol, 
and water. The cosine similarity [89,90] was used with a threshold of 
0.1 to define a group. Configurations in the same group have closer 
similarities and indicate similar adsorptive configurations. Representa
tive structures from each group then demonstrate different adsorption 
configurations of ethanol and water molecules at the BAS. These 
representative structures were further re-optimized by DFT (same set
tings as in Section 2.2) to obtain refined geometries and energies at the 
DFT level. They were also compared with the annealed AIMD structures, 
see Section 2 of SI, to show the larger variety of adsorptive configura
tions beyond the sampled structures by AIMD thermal annealing simu
lations. This comparison allows for an evaluation of alternative methods 
of low-computational cost, such as a global optimization procedure, to 
explore the potential energy surface and generate a good initial 
configuration before starting more costly AIMD, which can factor in 
both energy and entropy. We note that one could still use a Boltzmann 
weighing factor or simple harmonic corrections on top of the energies of 
individual configurations to recover thermal approximations to free 
energy, however the reliability of this approximation will largely 
depend on the degree of anharmonicity of the system [91].

2.2. MLP-driven WTMetaD simulations

To accurately capture the dynamics of proton transfer among the 
BAS, ethanol and water, including thermal effects such as entropy and 
anharmonicity, WTMetaD simulations were performed. As with all 
metadynamics simulations, defining suitable CVs is essential for effec
tively enhancing sampling of rare events such as proton transfer [58,92]. 

Two in-house designed CVs [49,60,61] previously demonstrated to be 
highly versatile for proton transfer reactions, were used to describe 
proton transfer dynamics between BAS, ethanol, and water as well as 
diffusion of protonated species inside the zeolite cavities.

The first CV, Sp, identifies the location of the excess proton. Voronoi 
tessellation based on the oxygens atoms of BAS, ethanol, and water 
partitions the system into polyhedra centered on protonation sites which 
represent the spatial region closest to the given protonation site [60]. 
Hydrogen atoms are initially assigned to these sites in their neutral 
configurations: one to the BAS (defined by the four acidic oxygens 
adjacent to Al), one to ethanol, and two to water. Sp, thus serves as a 
protonation state variable that distinguishes between protonated 
ethanol, water, and BAS species. Specifically, Sp approaches 0 when the 
excess proton resides on the BAS within the zeolite framework, 1 when 
ethanol is protonated, and 3 when protonated water dominates. (see 
CV1 in Section 4.1.1 of the SI for detailed explanation). The second CV, 
Sd, derived via Harmonic Linear Discriminant Analysis (HLDA) [93,94]
determines the overall distance between the proton donating and 
accepting site, typically the BAS and the protonated ethanol or water 
molecules. This CV enhances sampling of proton diffusion by tracking 
spatial delocalization of the protonated entities within the zeolite pores 
(see CV2 in Section 4.1.2 of SI). Together, these CVs provide a clear and 
continuous description of proton transfer and diffusion within the 
confined ethanol–water mixtures in zeolites.

To generate a reliable MLP using MACE [81] suitable for running 
long-timescale WTMetaD simulations, we initiated our workflow with 
short ab initio WTMetaD simulations across a series of ethanol–water 
mixtures, C2H5OH–(H2O)n, n = 1– 3 (~60 ps each) after proper equili
bration. Details of the system setup and equilibration are provided in 
Section 1 of the SI. These initial DFT-WTMetaD simulations were carried 
out with the Perdew-Burke-Ernzerhof (PBE) [95] exchange–correlation 
functional within the generalized gradient approximation (GGA) using 
with Grimme’s semiempirical D3 dispersion [96] correction. To ensure 
computational efficiency during the initial exploratory metadynamics 
simulations, we employed the DZVP-MOLOPT basis set [97], the cor
responding Goedecker–Teter–Hutter (GTH) pseudopotential [98–100], 
a plane wave cutoff of 280 Ry and a standard SCF convergence thresh
olds of 10− 6 Hartree. The primary objective at this stage was to sample 
diverse regions of the proton transfer free energy landscape rather than 
to achieve highly accurate energy/force estimates. All configurations 
selected for training the MLP were subsequently re-evaluated at higher 
accuracy, using PBE + D3 with the TZVP-MOLOPT basis set, a higher 
plane-wave cutoff tighter SCF convergence threshold, as described 
below. All DFT calculations were performed using the CP2K code [101]
patched with PLUMED [102], an open source plugin for enhanced 
sampling. The initial set of ab initio enhanced sampling simulations 
sampled multiple proton transfer events between the BAS and sur
rounding ethanol or water molecules, effectively exploring the relevant 
regions of the free energy surface and generating chemically meaningful 
configurations for training the MLP.

Crucially, the fidelity of MLPs depends on a training dataset that 
sufficiently captures the chemical and conformational diversity of the 
system, especially in solution-phase environments characterized by 
flexible solvent networks and dynamic proton transfer events. To ensure 
diversity and avoid redundancy in the training dataset, we employed a 
descriptor-based selection strategy using the Smooth Overlap of Atomic 
Positions (SOAP) descriptor [103] for screening DFT trajectories. SOAP 
encodes both geometric and chemical features of local atomic environ
ments in a rotationally and translationally invariant manner making it 
ideal for identifying unique configurations. Taking inspiration from the 
work of Zhang et al. [104] we quantified structural similarity between 
configurations based on their SOAP kernel values. A new configuration 
was included only if its maximum kernel similarity to existing entries in 
the training set was below a predefined threshold. This approach yielded 
an initial dataset of 1906 configurations. SOAP descriptors were 
computed using the DScribe library [105] with a 6 Å radial cutoff, and 
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expansion parameters nmax = 12 and lmax = 8, focused on the environ
ments surrounding the BAS, ethanol, and water molecules.

The final reference energy and force labels for the selected configu
rations were calculated using the PBE + D3 [95] dispersion correction 
[106,107] and TZVP-MOLOPT basis set with a plane-wave cutoff of 800 
Ry and SCF convergence threshold of 10− 8 Hatree. These high-fidelity 
data points formed the foundation for training the initial MLP (see 
Section 3 of the SI for training details).

To systematically improve the MLP and enrich the training dataset, 
we implemented an active learning framework. The initial MLP was 
used to perform exploratory MLP-driven WTMetaD simulations across 
different ethanol–water mixtures. Configurations showing poor predic
tion confidence were selectively identified using a Query-by-Committee 
(QBC) criteria [108]. This involved training an ensemble of MACE 
models and quantifying uncertainty based on the maximum standard 
deviation in predicted atomic forces across the ensemble. SOAP simi
larity matrices-based screening was applied to filter out configurations 
with high structural overlap relative to existing training data. These 
newly selected set of high-uncertainty configurations were recomputed 
with DFT to obtain accurate energy and force labels for MLP retraining. 
After two iterations of the active learning loop, the dataset expanded to 
3076 structures, spanning a broad chemical space.

The final MLP achieved force RMSE of 11.9 meV/Å and energy per 
atom RMSE of 0.3 meV on the validation set and demonstrated excellent 
stability in long-timescale simulations. This trained MLP was subse
quently used to perform WTMetaD simulations under the canonical 
(NVT) ensemble at 300 K, extending sampling to longer timescales (up 
to ~4 ns) and broader configurational spaces for systems containing 1–4 
water molecules per ethanol molecule. Results for the system with four 
water molecules are presented in Section 4.2 of the SI. Additional 

simulations on pure ethanol and pure water were also performed to 
establish baselines for evaluating protonation equilibria in the absence 
of co-solvents. All MLP-driven WTMetaD simulations were performed in 
LAMMPS [109] patched with PLUMED [102].

This integrated approach combining global optimization with MLP- 
accelerated enhanced sampling enables the exploration of protonation 
phenomena with unprecedented accuracy and efficiency. It provides 
valuable mechanistic insights into the behavior of acid zeolites in 
aqueous environments, while simultaneously validating a hierarchical 
computational protocol for complex reactive systems.

3. Results

3.1. PES exploration using RANGE

The PES exploration using RANGE is illustrated in Fig. 1. For all three 
systems with one, two, or three water molecules, RANGE effectively 
sampled a wide variety of structures across a broad energy range. By 
analyzing the 1,000 lowest-energy configurations in each case, we 
identified several representative structures from the MACE scan of PES, 
followed by DFT refinement. Below, we discuss the minima found within 
~10 kJ/mol from the ground state for each system.

For the 1 H2O case (red in Fig. 1), the global minimum corresponds to 
a protonated ethanol molecule in a Zundel-like configuration with the 
H2O closing a ring with two hydrogen bonds with the BAS. Further, we 
identify the closest local minimum where only the protonated ethanol 
interacts with the BAS through only one hydrogen bond, with an energy 
of +8.6 kJ/mol. Another local minimum (at +10.1 kJ/mol) involves a 
protonated water directly bound to the BAS. Overall, the protonated 
ethanol is favored over the protonated water, consistent with their gas- 

Fig. 1. Structural search for the most favorable binding configurations of one ethanol molecule with one, two, or three water molecules in the pore space near the 
BAS site of H-ZSM-5 zeolite. The left column shows the energy profiles of the 1,000 lowest-energy structures, with the inset displaying the full energy landscape. The 
right column presents representative structures further refined by DFT and their relative DFT energies with respect to the global minimum.
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phase basicity. Given that the 20,000 structures of a system of approx
imately 300 atoms were sampled in a matter of hours, these results 
suggest that RANGE is an effective tool for configurational sampling of 
large model systems and identifies low-energy adsorptive configurations 
without prior assumptions.

For the 2 H2O case (green in Fig. 1), the global minimum finds two 
water molecules bound to the BAS (Zundel), with the ethanol hydrogen- 
bound to the protonated water. A local minimum at only +4.2 kJ/mol 
arises when only the protonated ethanol directly binds to the BAS, with 
the proton shared between ethanol and one water molecule, and the 
second water molecule is hydrogen-bound to the first water. Another 
higher local minimum at +6.5 kJ/mol occurs with a protonated water 
bound to both ethanol and the other water, and all hydrogen-bound to 
the BAS. Finally, a third local minimum at +9.5 kJ/mol is found with 1 
hydrogen bond to the BAS, the other water and the ethanol. Overall, at 
this hydration level, ethanol and water compete for the BAS H, which 
underscores the importance of the reaction environment in determining 
the relative basicity of the sites.

In the 3 H2O case (blue in Fig. 1), the global minimum corresponds to 
all three water molecules bound to the BAS and the ethanol, which 

bridges a protonated water and another water molecule. The closest 
local minimum (at +7.4 kJ/mol) involves an Eigen-like H3O+ hydrogen- 
bound to two waters and the ethanol molecule. Two other local minima 
(+9.3 kJ/mol and +14.6 kJ/mol) involve only the protonated water 
bound to the BAS, with ethanol binding to either another water or the 
protonated water. A higher-energy local minimum (+19.5 kJ/mol) in
volves a protonated ethanol bound to two water molecules that are 
bound to the BAS. In summary, these structures indicate a stronger 
preference for protonated water over protonated ethanol.

Overall, the global optimization with RANGE demonstrates a robust 
exploration of the complex PES for ethanol adsorbed near the BAS of H- 
ZSM-5 pores at different hydration states. The lower-lying configura
tions demonstrate a shift of the preferred protonation state from ethanol 
to water as the number of water molecules increases from one to three. 
In addition, compared to the adsorption configurations obtained from 
AIMD thermal annealing simulations (see Fig. S1 in Section 2 of the SI), 
the RANGE search identifies a broader set of low-energy configurations 
that are not readily captured by the AIMD annealing approach. Notably, 
the computational cost of the RANGE search is less than 10 % of that of 
the AIMD annealing simulations, highlighting the efficiency of the 

Fig. 2. a) Free energy surfaces representing the protonation equilibrium of ethanol and water by BAS proton computed via statistical reweighting of enhanced 
sampling simulations. The surfaces are plotted along two collective variables: Sp, which describes the position of the excess proton, and, representing Sd the distance 
between the proton carrier and the BAS. b) Representative structures from a collection of snapshots extracted by FESTA for each free energy basin. Labeled hydrogen 
bond lengths are in Å. Atom color coding: aluminum (blue), oxygen (red), hydrogen (white), carbon (grey). For clarity, the silicon and oxygen atoms of the zeolite 
framework are shown in a transparent representation. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)
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approach to quickly assess a PES. However, this search by RANGE does 
not consider temperature effects, and it is purely enthalpy-driven, 
neglecting entropic effects.

3.2. WTMetaD simulations

3.2.1. Protonation of ethanol and water: baseline cases
To better understand the distinct protonation behavior of ethanol 

and water, we first calculated their protonation thermodynamics when 
interacting individually with the BAS. Using our trained MLP, we carried 
out WTMetaD simulations of the isolated protonation of ethanol and 
water by the BAS proton. The simulations employed CVs that capture 
both the protonation state of the adsorbed species at the BAS and the 
distance between the proton carrier and the BAS site. In this setup, only 
two configurations are possible: proton shared between BAS and water, 
or between BAS and ethanol. Accordingly, Sp is defined that Sp =

0 corresponds to the proton located at the BAS, and Sp = 1 corresponds 
to complete protolysis of ethanol or water, as shown in the FES for both 
cases (Fig. 2a).

Our results for the single water adsorption case are consistent with 
the previous computational and experimental studies, which have 
shown that a neutral adsorption complex at the BAS is the thermody
namically favored species, rather than a protonated water (H3O+) 
[56,110]. The proton from the BAS is not sufficiently stabilized by a 
single water molecule; thus, proton transfer does not occur. This is 
supported by the absence of a minimum corresponding to protonated 
water in FES. These findings reinforce the established understanding of 
the protonation state of BAS and an adsorbed water molecule under low 
hydration conditions.

In contrast, the case of a single ethanol at the BAS reveals distinct 
structural characteristics. The FES indicates that protonated ethanol is 
energetically more favorable than protonated water, with a notable 
energy difference (Fig. 3), similar to the results obtained by RANGE. 
Additionally, the energy barrier for ethanol protonation is substantially 
lower (~5 kJ/mol) than for water. This suggests that, under single- 
molecule adsorption conditions, ethanol’s structural properties such as 
its ability to better accommodate the proton and stabilize the resulting 
cation outweigh the proton affinity of water clusters due to polarization. 
This can also be inferred from the slight difference in the average 
hydrogen-bond distances between ethanol (or water) and BAS proton in 
minima A of the FES surfaces shown in Fig. 2a. The structures corre
sponding to the minima A characterized by Sp = 0, Sd = 0 were in both 
the system with only water and only ethanol were extracted with our 
recently developed code FESTA (Free Energy Surface Trajectory Anal
ysis) [111]. It is an automated tool that efficiently identifies relevant 
free energy minima using a connected-component labeling algorithm 
and extracts representative trajectory frames via a Shapely-polygon- 
based analysis. This approach enables the systematic extraction of 
structures corresponding to FES minimum from enhanced sampling 

simulations. The hydrogen bond between ethanol oxygen and the BAS 
proton is shorter (1.47 Å) than that between water oxygen and the BAS 
proton (1.64 Å). This mechanistic distinction is crucial for understand
ing the initial steps of catalytic reactions in zeolites and explain the 
observed differences in protonation behavior between water and alcohol 
under low-coverage conditions.

3.2.2. Protonation of ethanol–water mixtures
To elucidate the nature and protonation thermodynamics of ethanol 

at the BAS sites in the presence of water we employed WTMetaD for 
C2H5OH–(H2O)n, n = 1–4 (see Section 4.2 of SI for the n = 4 case). These 
simulations used the same two CVs discussed in Section 2.2. The first, Sp, 
distinguishes the protonation state of ethanol, water and BAS species: Sp 
= 0 when proton resides on BAS oxygens in the zeolite framework, Sp =

1 when proton is transferred to ethanol, and Sp = 3 when water is pro
tonated. Sd quantifies the distances between the proton carrier and the 
BAS site.

3.2.2.1. System I: C2H5OH–(H2O). In this competitive case of ethanol 
and one water molecule, i.e., C2H5OH–(H2O), our WTMetaD simulations 
show the proton predominantly localizes on ethanol (Fig. 4a-I). This 
preference is attributed to the greater stability of one protonated ethanol 
compared to protonated water molecule, also established above in 
thermodynamics analysis of protonation cases of individual water and 
ethanol at BAS.

Because of the similar modes of interaction between ethanol and 
water with the zeolite BAS proton, this suggests that co-adsorbed 
ethanol and water molecules can form a protonated cluster, similar to 
the protonated complex formed by two water molecules at the BAS site. 
To gain detailed structural insight into such mixed protonated cluster of 
ethanol and water, we employed FESTA code for the extraction of 
structures corresponding to FES minimum from WTMetaD simulations.

The extracted structures at the FES minima in Fig. 4a-I reveal crucial 
structural characteristics: In minimum A (see Fig. 4b, Structure IA), the 
proton resides on ethanol, yielding protonated ethanol that interacts 
with water through hydrogen bonding while maintaining contact with 
the BAS site oxygens. This arrangement closely parallels the equilibrium 
AIMD structure shown in Fig. S3i-a in SI, where protonated ethanol is 
stabilized by hydrogen bonds to both water and the BAS.

In minimum B (Fig. 4b, Structure IB), the excess proton is taken by 
water, while it forms hydrogen bond with ethanol and BAS oxygens. In 
some configurations within this basin, the proton appears partially 
shared between ethanol and water while water and ethanol are 
hydrogen-bonded to BAS oxygen giving rise to Zundel-like arrangement. 
The average O⋅⋅⋅O distance between ethanol and water is 2.5 Å, sup
porting the interpretation of a shared proton which is stabilized by 
cooperative hydrogen bonding between BAS, ethanol and water mole
cules. These structural observations underscore the complexity of proton 
localization in mixed solvent-zeolite systems and highlight the signifi
cance of both thermodynamic stability and hydrogen-bond network 
geometry in governing proton dynamics at the molecular scale. They 
also align with AIMD results (shown in Section 2 in the SI), which show 
protonated ethanol as the dominant species but allow for interconver
sion with protonated water through dynamic hydrogen-bond networks.

3.2.2.2. System II: C2H5OH-(H2O)2. At two water loading level, 
C2H5OH-(H2O)2, the excess proton shows a slight preference for water 
over ethanol. However, interestingly the FES shows two distinct meta
stable minima in the region associated with ethanol protonation at Sp =

1 (Fig. 4a-II). We hypothesized that these two regions arise from struc
turally different hydrogen bonded configurations of protonated ethanol. 
To investigate this, we collected configurations from the WTMetaD 
enhanced sampled trajectory specifically at Sp = 1, which corresponds to 
ethanol protonation. We then employed SOAP descriptors to charac
terize the local atomic environments of ethanol and water oxygens as 

Fig. 3. Free energy profiles for the protonation equilibrium of ethanol and 
water by the BAS proton plotted along only the protonation state CV, Sp. These 
profiles show the preference of proton at the BAS in single substrate adsorption.
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Fig. 4. a) Free energy surfaces for the protonation equilibrium of ethanol by BAS proton with increasing hydration level calculated from statistical reweighting of the 
simulations two collective variables: Sp, representing the proton location, and Sd, representing the distance of the proton carrier from the BAS site. b) Representative 
molecular structures (selected from a collection of snapshots corresponding to the free energy minima) are extracted by FESTA method combined with SOAP de
scriptors. All bond lengths shown are in Å. Atom color coding: aluminum (blue), oxygen (red), hydrogen (white), carbon (grey). For clarity, the silicon and oxygen 
atoms of the zeolite framework are shown in a transparent representation. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)
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well as the BAS site. To reduce the dimensionality of the descriptors we 
applied kernel Principal Component Analysis (kPCA) [112]. For the 
selected centers, a cut-off of 3.7 was used, with nmax and lmax values set 
to 12, 12 respectively. By projecting the first two kPCA eigenvectors of 
the Sp = 1 structures against the collective variable Sd (which measures 
the distance of protonated ethanol from the BAS), we observed two well- 
separated structural clusters as shown in Fig. 6. These clusters represent 
two distinct metastable states of protonated ethanol, differing in the way 
the protonated ethanol forms hydrogen bonds with the BAS and sur
rounding water molecules.

In minimum A (Fig. 4b, Structure IIA), ethanol is protonated and 
hydrogen-bonded to two water molecules, forming a CH3OH2

+ Eigen-like 
species. At the same time, the water molecules are hydrogen-bonded to 
BAS oxygens, resulting in a multifaceted hydrogen-bonding network. In 
contrast, minimum B (see Fig. 4b, Structure IIB) features protonated 
ethanol forming a hydrogen-bonded complex with only one water 
molecule and the BAS.

Finally, the stable minimum corresponding to water protonation (Sp 
= 3) involves structures where the protonated water forms hydrogen 
bonds with a neighboring water molecule, ethanol, and the BAS. This 
arrangement produces a characteristic Eigen-type H3O+ cluster (see 
Fig. 4b, Structure IIC).

3.2.2.3. System III: C2H5OH–(H2O)3. Finally, upon increasing the water 
loading to three molecules C2H5OH–(H2O)3 the protonation equilibrium 
shifts entirely toward water as depicted in the free energy profiles in 
Fig. 5. No metastable states corresponding to protonated ethanol are 
observed in the FES (Fig. 4a-II) at this level of hydration. This result 
indicates that, within the zeolite confinement, a minimum of three water 
molecules is sufficient to fully stabilize the excess proton in water, 
forming hydronium ion clusters. Consequently, the competition be
tween ethanol and water for the proton becomes unidirectional, with 
water dominating. These water clusters likely act as dynamic catalytic 
centers, where the hydronium ion plays a central role in mediating re
actions involving alcohol and water.

Interestingly, the FES at this hydration level exhibits two distinct 
minima associated with water protonation, mirroring the dual minima 
previously observed for ethanol protonation at two-water loading. To 
probe the molecular origin of these two states, we employed FESTA 
[111] to extract representative configurations for each minimum. 
Structural analysis revealed that the two minima differ in the specific 
interaction between the protonated water cluster and the surrounding 
ethanol molecule, consistent with AIMD simulation results shown in 

Fig. S1 of SI. In the dominant configuration of basin A (see Fig. 4b, 
Structure IIIA), the protonated water forms an Eigen-like structure, 
where the hydronium ion (H3O+) is solvated by two water molecules 
and one ethanol molecule, creating a cluster analogous to H3O+⋅(H2O)3.

In contrast, minimum B exhibits greater configurational diversity. 
However, the most representative configuration shown in Fig. 4b, 
Structure IIIB features protonated water hydrogen-bonded to one water 
molecule, ethanol, and the BAS. Either the water or ethanol is further 
hydrogen-bonded to another water molecule, which in turn connects to 
the BAS. Other observed motifs include hydronium bound to one water 
and one ethanol or solvated by two water molecules alone. Despite these 
variations, all identified motifs fall within the Eigen-type classification 
of hydrated proton clusters, which is consistent with the known pref
erence for Eigen-like configurations in both gas-phase, protonated water 
clusters and bulk aqueous environments. These results indicate that 
ethanol, under these hydration conditions, can participate in hydrogen 
bonding with the hydronium ion in a manner similar to water. In 
C2H5OH–(H2O)3, the system approaches bulk-like hydration behavior 
[47,49,52], wherein water effectively sequesters the excess proton to 
form stable hydronium ion clusters, with ethanol serving as an addi
tional solvating partner rather than a proton acceptor. To confirm this 
trend, we extended our analysis to four water molecules, C2H5OH– 
(H2O)4 (see FES in Fig. S8 of SI). The results of WTMetaD simulations for 
this loading of water are fully consistent with C2H5OH–(H2O)3 case, 
showing only the evidence of water protonation. This confirms that 
beyond three water molecules, the protonation equilibrium is shifted 
entirely toward water, with ethanol contributing solely as a secondary 
solvation partner. Together, these findings support the conclusion that a 
minimum of three water molecules is sufficient to achieve complete 
protolysis of water and full stabilization of the excess proton within the 
zeolite confinement. In all systems including, the baseline (ethanol-only 
or water-only) systems and the mixed ethanol–water simulations, we 
observed proton shuttling events involving the BAS, water, and ethanol 
molecules. In the pure systems, the proton intermittently transfers be
tween the BAS and the adsorbate. In the mixed systems, particularly at 
higher hydration levels (≥2 H2O per ethanol), the proton becomes 
increasingly delocalized across the hydrogen-bonded network. This 
leads to frequent shuttling between water and ethanol molecules.

This study sheds light on the correlations between the nature of 

Fig. 5. Free energy profiles for the protonation equilibrium of ethanol with 
increasing water loading. The profiles were obtained through statistical 
reweighting of WTMetaD simulations along the collective variable Sp, which 
characterizes the location of the excess proton. These profiles illustrate the 
shifting protonation preference from ethanol to water as a function of hydra
tion level.

Fig. 6. Projection of the kernel Principal Component Analysis (kPCA) eigen
vectors for structures corresponding to ethanol protonation in (C2H5OH– 
(H2O)2). The projections are plotted against the distance between the proton
ated ethanol and BAS. This analysis highlights the presence of distinct structural 
clusters underlying the two metastable states observed in the FES for ethanol 
protonation.
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zeolite/water/alcohol interfaces and catalytic activity, providing ther
modynamic and structural insights into the amphiphilic interactions 
that govern reactivity in confined microporous environments. The 
delocalization of protons at BAS to in water clusters is not only a 
fundamental acid–base phenomenon but also directly influences cata
lytic reactivity. Proton mobility and the formation of extended hydro
nium–solvent clusters alter the accessibility and lifetime of reactive 
intermediates, which are central to alcohol dehydration and related 
transformations. By elucidating the conditions necessary for their for
mation, this study lays the foundation for quantitatively linking solva
tion structure to catalytic function under realistic, solvent-rich 
conditions. Previous kinetic studies in both gas and aqueous phases have 
shown that water, even as a co-solvent, can either inhibit or promote 
reactivity depending on its interaction with the solvated proton and the 
transition state structure. Here, we combine state-of-the-art enhanced- 
sampling simulations with machine-learning and data-analysis tools to 
investigate the activated free-energy landscape of proton transfer in 
alcohol–water–zeolite systems at molecular detail. Our approach en
ables a quantitative characterization of the energetic and structural re
quirements for proton transfer including the identification of a critical 
hydration number of three water molecules and reveals the role of 
ethanol as a base under confinement, a phenomenon that has not been 
systematically explored using free-energy calculations.

Our work establishes a direct connection between proton localiza
tion, solvation structure, and the dynamic identity of the active species 
as hydration increases in the presence of ethanol. Whereas previous 
studies have typically focused on adsorption [113,114], diffusion 
[115–118], or static energetics of protonated clusters, we provide a 
unified, dynamical picture linking the evolving solvation environment 
to catalytically relevant proton-transfer events. These findings establish 
a foundation for extending solvent-mediated proton transfer concepts to 
a broader range of alcohols and zeolite frameworks, offering insights 
into acid catalysis under realistic aqueous–organic conditions and 
enabling predictive understanding of reactivity in other biomass-derived 
alcohol systems.

4. Conclusion

In this work, we provide a molecular-level understanding of the 
mechanism, energetics and thermodynamics of protonation equilibria in 
ethanol–water mixtures confined within the pores of H-ZSM-5 zeolite. 
Studies of the local ground state structures based on a global optimi
zation method show that in minimally hydrated systems the BAS 
generally retains the proton, although several low-lying alternative 
configurations (within 20 kJ/mol) exist where ethanol/water moiety is 
protonated. With increasing hydration, the proton is progressively sta
bilized away from the BAS, but the BAS still plays a role in stabilizing the 
solvated proton/ethanol/water moieties. In general, based on the 
ground state energetics, protonation of ethanol is becoming accessible 
even at the 1H2O hydration state through proton equilibrium. Inclusion 
of thermal effects in enhanced molecular dynamics simulations is 
marked by frequent proton exchange between BAS, ethanol, and water. 
Ethanol protonation becoming dominant at one-water loading high
lights the critical contribution of entropy and collective hydrogen-bond 
dynamics. WTMetaD using MLP provides a comprehensive free energy 
perspective. Compared with the limiting cases of only ethanol or water, 
where the proton is firmly bound to the BAS, mixed ethanol–water 
systems show competitive protonation. In the presence of one water 
molecule, ethanol acts as the stronger base; however, upon adsorption of 
two or more water molecules, the equilibrium shifts toward protonation 
of water clusters, which increasingly exhibit bulk-like solvation 
behavior. Equilibrium AIMD trajectories benchmark the trained MLP 
demonstrating that this method can effectively capture the nuanced 
interactions of water–ethanol clusters at a fraction of the computational 
cost whilst significantly improving the sampling and having a significant 
impact on the relative free energetics. Using machine learning with 

generalized chemical environment descriptors, we characterize the 
structures of the main free energy basin. The analysis identifies key 
structural fingerprints of metastable protonated states, highlighting 
complex hydrogen-bonded networks of BAS, ethanol, and water, where 
ethanol directly contributes to the formation of Eigen-like structures.

In summary, this study highlights the protonation behavior of alco
hol–water mixtures in the confined environment of acidic zeolite 
nanopores. These findings are highly relevant for understanding the 
initial steps of alcohol reactivity at zeolite–water interfaces, which play 
a crucial role in many catalytic processes of industrial and environ
mental importance. Although the global optimization process is only 
considering the energy surface, it still captures the additional pertinent 
structures, determined as higher-lying minima. Using a global optimi
zation approach of low computational cost, we can obtain a quick 
overview of the relevant structures that dominate chemical reactivity, 
which is naturally addressed by the appropriate collective variables used 
with the WTMetaD approach.
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