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Abstract

The catalytic formation of C1 oxygenates depends strongly on the local geometry and
electronic structure of oxide—metal boundary motifs, yet the structural diversity of these interfacial
sites makes rational catalyst design difficult. In this work, a descriptor-guided computational
framework was developed to identify active boundary motifs for selective C1 oxygenate formation
over oxide-decorated copper surfaces. A dataset containing 124 oxide—Cu interfacial
configurations was constructed by varying oxide nuclearity, metal-oxygen coordination,
interfacial oxygen vacancy density, and exposed Cu facet. Density functional theory calculations
were performed to obtain adsorption energies of CO.*, HCOO*, H,COO*, CH;0*, CO*, and
H.O%*, together with 214 transition-state barriers along methanol and CO formation pathways. The
results show that the adsorption energy difference between HCOO* and CO* is a reliable
selectivity descriptor, with a Pearson correlation coefficient of 0.81 for methanol selectivity
predicted by microkinetic modeling. Motifs with partially reduced ZrOx and TiOx clusters on
stepped Cu surfaces showed the most favorable balance between CO; activation and intermediate
hydrogenation, reducing the HCOO* hydrogenation barrier by 0.28-0.44 eV compared with flat
Cu(111). A gradient-boosting regression model trained on geometric and electronic descriptors
predicted methanol formation barriers with a mean absolute error of 0.067 eV. Microkinetic
simulations at 240 T and 30 bar further indicated that boundary motifs with moderate
oxophilicity could increase the methanol-to-CO rate ratio by more than one order of magnitude.
This study provides a transferable descriptor framework for screening oxide—metal catalytic
ensembles and highlights the importance of interfacial site diversity in controlling C1 oxygenate
selectivity.
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1. Introduction

CO; hydrogenation to methanol provides a promising route for carbon utilization and

renewable-energy storage by converting CO, and green H; into a transportable liquid product.
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Methanol is widely used as a fuel, hydrogen carrier, solvent, and chemical feedstock and can also
serve as an intermediate for the production of olefins, hydrocarbons, and other value-added
chemicals. Cu-based catalysts remain among the most extensively investigated systems for
methanol synthesis because Cu efficiently activates H» and enables hydrogenation reactions under
comparatively moderate temperatures and pressures. Nevertheless, the catalytic behavior of
practical Cu-based materials cannot be explained by metallic Cu alone. Increasing evidence
indicates that methanol formation is strongly associated with oxide—Cu interfacial regions, where
oxide-derived sites facilitate the adsorption and stabilization of CO.-derived intermediates while
neighboring Cu atoms provide activated hydrogen [1,2]. Oxides such as ZrOy, ZnOy, TiOy, and
CeOy can modify the local electronic structure of Cu, generate coordinatively unsaturated sites or
oxygen vacancies, and alter the adsorption strengths of key C; intermediates. These interfacial
effects are particularly important because CO. hydrogenation involves competition between
methanol synthesis and CO formation through the reverse water—gas shift pathway. Excessively
weak adsorption may limit CO; activation, whereas overly strong adsorption can stabilize formate,
methoxy, CO, or oxygen-containing species and slow their subsequent conversion or removal. An
effective interface must therefore provide a suitable balance between CO- activation, hydrogen
transfer, intermediate stabilization, and product desorption rather than simply maximizing
adsorption strength [3,4].

The atomic structure of the oxide—Cu boundary is consequently a major factor controlling
activity and selectivity. Recent ensemble-based calculations on inverse ZrO,/Cu catalysts have
shown that catalytic performance cannot necessarily be represented by a single optimized
active-site geometry. A broad set of interfacial configurations accessible under reaction conditions
displayed markedly different reactivities, and only a limited subset remained highly active
throughout the complete methanol formation pathway [5]. The analysis further showed that states
formed after methoxy production can strongly influence the overall turnover rate and that
structural evolution of the interface may shift the catalyst population from more active toward less
active configurations, establishing a direct connection between interfacial flexibility, reactivity,
and deactivation [6,7]. This observation is important because oxide clusters supported on Cu are
unlikely to remain as one rigid idealized structure during reaction. Their coordination environment
can change with adsorbate coverage, hydrogenation state, vacancy formation, and interaction with
the underlying metal. Related studies have also demonstrated pronounced structure sensitivity in
other Cu—oxide systems. Isolated Cu—O units associated with ZrO; can favor methanol formation,
whereas local structures containing stronger Cu—Cu interactions may promote CO production [8,9].
Changes in oxide dispersion, interfacial coordination, and metal oxidation state have similarly
been associated with altered methanol selectivity in Cu/TiOz, Cu—In,O3, CuZn—-CeOy, and
CuZn/ZnZrOy catalysts [10,11]. Taken together, these results suggest that nominal catalyst
composition or total Cu surface area alone is insufficient to describe catalytic performance. The

detailed geometry, coordination, and electronic environment of individual oxide—Cu boundary



motifs must also be considered. Density functional theory (DFT) has provided substantial insight
into these structure—reactivity relationships by resolving elementary steps that are difficult to
distinguish experimentally. Proposed pathways for CO, hydrogenation include formate, carboxyl,
dioxymethylene, formaldehyde, methoxy, and CO-derived intermediates, and their relative
importance varies with oxide identity, Cu facet, oxygen-vacancy concentration, hydrogen
coverage, and local coordination. Calculations on oxide clusters supported on TiO,, for example,
have demonstrated that different interfacial sites may separately control CO; adsorption, H:
activation, and subsequent hydrogenation steps [12,13]. Studies of Cu/ZnO and chemically
modified Cu surfaces have likewise related changes in coordination and charge distribution to the
activation barriers governing methanol and CO formation [14,15]. Such results emphasize that
adsorption thermodynamics alone does not completely determine catalytic performance. A
structure that binds a desired intermediate favorably may still exhibit a large kinetic barrier for its
hydrogenation, while another structure with apparently less favorable adsorption may provide a
lower-energy transition state and a higher turnover rate. Surface coverage introduces an additional
complication because adsorbate—adsorbate interactions and competitive adsorption of H.O, CO,
and oxygen-containing intermediates can alter both reaction energies and accessible active-site
configurations under realistic conditions. Despite this progress, most atomistic studies examine
only a small number of manually selected surfaces or interface geometries. Idealized Cu facets
decorated with one oxide cluster size, one vacancy configuration, or one metal-oxygen
coordination environment are often used as representative models. Such an approach is suitable
for clarifying individual reaction mechanisms but provides only limited information about the
broader structural diversity of oxide—Cu catalysts. It also makes systematic comparison difficult
because oxide size, oxygen coordination, vacancy density, exposed Cu facet, and interfacial
geometry are frequently changed independently across different studies. The resulting calculations
therefore offer detailed mechanistic information for specific structures but do not readily reveal
transferable structural rules for identifying active motifs. The ensemble behavior reported for
inverse ZrO,/Cu further strengthens this concern by showing that even chemically similar
interface configurations can exhibit substantially different catalytic behavior [16]. A broader
structural dataset is needed to determine whether common geometric or electronic characteristics
can distinguish active methanol-forming interfaces from structures that favor CO formation or
become kinetically trapped by strongly adsorbed intermediates. Descriptor-based modeling and
machine-learning approaches provide a practical route for addressing this structural complexity.
Previous models have incorporated catalyst composition, reaction conditions, adsorption energies,
atomic charges, coordination numbers, and other physicochemical variables to predict methanol
activity or identify promising catalyst compositions [17,18]. These approaches can reduce the
computational cost of exploring large materials spaces and can reveal nonlinear relationships that
are difficult to identify from individual DFT calculations. However, many existing models are

constructed from bulk catalyst properties or experimentally measured performance and therefore



do not explicitly resolve individual oxide—Cu boundary sites. Models based primarily on
adsorption energies face an additional limitation because adsorption descriptors represent
thermodynamic stability rather than the kinetic accessibility of the full reaction sequence. Similar
adsorption energies may correspond to substantially different transition-state barriers, and a
descriptor correlated with CO. activation may not necessarily distinguish methanol formation
from competing CO production. Reliable screening of interfacial active motifs therefore requires
closer integration of structural descriptors, adsorption thermodynamics, elementary-reaction
barriers, and reaction kinetics. Microkinetic analysis is particularly useful in this context because
it translates elementary energetics into predicted turnover rates and selectivities under specified
reaction conditions and can test whether a proposed descriptor remains meaningful after coverage
and kinetic competition are considered.

In this work, a descriptor-based computational framework is developed to systematically map
active motifs on oxide-decorated Cu surfaces and to establish quantitative relationships between
interfacial structure, elementary reaction energetics, and methanol selectivity. A dataset containing
124 oxide—Cu interface structures is constructed to cover variations in oxide cluster size, metal—
oxygen coordination number, oxygen-vacancy density, and exposed Cu surface geometry,
including both flat and stepped Cu facets. Adsorption energies are calculated for CO.*, HCOO¥*,
H.COO*, CH3z0*, CO*, and H.O*, providing a consistent description of the principal adsorbed
states involved in methanol synthesis and competing CO formation. To move beyond
adsorption-energy screening, 214 transition-state barriers are further determined for elementary
steps along the relevant methanol and CO pathways. Geometric and electronic characteristics of
the interface are then used as input features for a gradient-boosting regression model to determine
which local structural variables most strongly govern adsorption and activation energetics. The
predicted relationships are subsequently evaluated through microkinetic simulations at 240 <C and
30 bar so that candidate descriptors can be tested against reaction rates and product selectivity
rather than adsorption thermodynamics alone. Particular attention is given to the energy difference
between HCOO* and CO* as a potential selectivity descriptor, because these intermediates
represent competing tendencies toward oxygenate retention and CO formation. ZrOx, TiOy, and
other oxide motifs are compared across different Cu environments to determine how oxide
chemistry and surface geometry jointly regulate CO; binding, intermediate hydrogenation, and CO
release. By combining systematic interface sampling, transition-state calculations,
machine-learning analysis, and microkinetic validation within a common dataset, this study aims
to bridge the gap between detailed mechanistic calculations on individual structures and efficient
screening of structurally diverse oxide—Cu interfaces. The resulting framework is intended to
identify physically interpretable boundary motifs that achieve balanced CO; activation, rapid
hydrogenation of methanol-forming intermediates, and suppression of competing CO formation,
thereby providing atomistic design principles for more active and selective Cu-based methanol

synthesis catalysts.



2. Materials and Methods

2.1 Model Dataset and Structural Space

A dataset of 124 oxide—Cu boundary structures was prepared to cover different interfacial
sites. The models included ZrOy, TiOy, CeOy, ZnOy, and MgOx clusters on Cu(111), Cu(100),
Cu(211), and Cu(221) surfaces. Each oxide cluster contained one to six metal atoms. The
structures differed in cluster size, metal-oxygen coordination, oxygen-vacancy content, and Cu
coordination. Each slab contained four Cu layers. The bottom two layers were fixed during
optimization. A vacuum space of 16 A was added along the surface-normal direction. The dataset
included flat and stepped Cu surfaces, stoichiometric oxide clusters, partly reduced clusters, and

vacancy-rich interfaces.

2.2 Computational Design and Control Models

The 124 structures were grouped by oxide type, Cu surface, oxide reduction state, and
boundary shape. Bare Cu surfaces were used as control models. Stoichiometric oxide clusters
were compared with reduced clusters to examine the effect of oxygen vacancies. Flat Cu(111)
surfaces were compared with stepped Cu surfaces to test the role of low-coordination Cu atoms.
Other control models had similar oxide sizes but different metal-oxygen coordination. These
models were used to separate the effect of local structure from that of oxide composition.
Methanol and CO formation routes were studied on all suitable models. The main steps included
CO; activation, formate formation, formate hydrogenation, dioxymethylene formation, methoxy

formation, CO production, water release, and methanol desorption.

2.3 DFT Calculations and Quality Control

Spin-polarized density functional theory calculations were carried out with the
projector-augmented-wave method and the PBE functional. The D3 correction was used for
dispersion forces. The plane-wave cutoff was set to 500 eV. A 3x3x1 Monkhorst-Pack grid was
used for the main cells. Electronic energies were converged to 10™ eV. Atomic positions were
optimized until the force on each free atom was below 0.02 eV A", Transition states were located
with the climbing-image nudged elastic band method. Each transition state was checked by
frequency analysis and had one imaginary frequency along the reaction path. Key adsorption
energies and reaction barriers were recalculated with a denser kkk-point grid. Energy changes
below 0.03 eV were accepted as converged. Duplicate structures were removed by comparing

bond lengths and coordination numbers.

2.4 Descriptor Processing and Model Equations
Adsorption energies were calculated from the energies of the adsorbed system, clean surface,

and gas-phase molecule:
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The selectivity descriptor was defined as the adsorption-energy difference between HCOO*
and CO*:

AE)=E 4s(HCOO™)-E,4(CO")

The geometric descriptors included Cu coordination number, oxide cluster size, metal—-
oxygen coordination, vacancy density, interfacial bond length, and Cu step density. The electronic
descriptors included Bader charge, d-band center, work function, and local magnetic moment. All
variables were standardized before model training. Features with correlation coefficients above
0.95 were reduced to limit repeated information. Pearson correlation analysis was used to compare

each descriptor with methanol selectivity and reaction barriers.

2.5 Machine-Learning and Microkinetic Analysis

Gradient-boosting regression was used to predict methanol formation barriers from the
geometric and electronic descriptors. The dataset was divided into training, validation, and test
sets at a ratio of 70:15:15. Five-fold cross-validation was used to tune the model settings. Model
accuracy was measured by mean absolute error, root mean square error, and the coefficient of
determination. Microkinetic simulations were carried out at 240 <C and 30 bar with an H2/CO;
molar ratio of 3. The kinetic model included adsorption, desorption, hydrogenation, reverse water—
gas shift, methanol formation, CO formation, and water removal. Steady-state surface coverages
were obtained by solving the coupled rate equations until all coverage changes were below 107°
s7!. Sensitivity tests were performed for temperature, pressure, oxide type, and vacancy density.

Models that failed site or elemental balance were removed from the final analysis.

3. Results and Discussion

3.1 Descriptor Mapping of Oxide—Cu Boundary Sites

The 124 interface models showed large differences in adsorption behavior. Oxide type alone
did not explain these differences. Oxide size, vacancy content, Cu coordination, and metal—-oxygen
bonding also affected the binding of Ci species. The adsorption-energy difference between
HCOO* and CO* showed the strongest link with methanol selectivity, with a Pearson correlation
coefficient of 0.81. Sites that stabilized HCOO* relative to CO* generally favored methanol
formation. Strong CO* binding promoted the reverse water—gas shift route. However, overly
strong HCOO* binding slowed later hydrogenation steps. The best sites therefore showed
moderate HCOO* binding rather than the strongest adsorption. Partly reduced ZrOy and TiOy
clusters on stepped Cu surfaces fell within this range, as shown in Fig. 1. Liang et al. (2026) also
found that small ZrO, domains on Cu formed active boundary sites for CO hydrogenation. Shaik
et al. (2025) reported that small metal groups near oxide defects improved formate hydrogenation.
The present study extends these findings by comparing several oxide types under the same
calculation method [19,20].
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Fig. 1. Oxide—Cu boundary sites, adsorption-energy differences, and HCOO* hydrogenation

barriers.

3.2 Reaction Barriers on Flat and Stepped Cu Surfaces

Stepped Cu surfaces showed lower reaction barriers than flat Cu(111) when suitable oxide
clusters were present. Low-coordination Cu atoms improved H: splitting, while nearby oxide sites
stabilized oxygen-containing intermediates. Partly reduced ZrOx and TiOy sites lowered the
HCOO* hydrogenation barrier by 0.28-0.44 eV relative to Cu(111). This decrease came from the
shorter distance between Cu-bound H and the oxygen atoms of HCOO*. The oxide clusters also
stabilized H,COO* without binding CHsO* too strongly. In contrast, vacancy-free clusters
showed weak CO; activation. Highly reduced clusters bound some intermediates too strongly.
MgOx sites favored carbonate-like species but showed high barriers for later hydrogenation. ZnOx
and CeOx sites gave middle-range behavior that depended on local coordination. Yang et (2026)
also showed that direct Cu—ZrO; contact was needed for selective methanol formation. The
present results further show that the shape and reduction state of this contact control the reaction
barrier [21].

3.3 Prediction of Methanol Formation Barriers

The gradient-boosting model predicted the DFT barriers with a mean absolute error of 0.067
eV. This error was smaller than the barrier differences among the main groups of boundary sites.
The model could therefore separate less active structures from ZrO,—Cu and TiO,—Cu sites with
lower barriers. Both geometric and electronic features were needed for accurate prediction.

Models based only on oxide type or Cu surface gave lower accuracy because structures with the



same composition often had different coordination and charge. The agreement between the DFT
and predicted barriers is shown in Fig. 2. Wu et al. (2026) used machine learning to predict
methanol yield from catalyst composition and reaction conditions. The present model works at the
atomic scale and predicts elementary reaction barriers from local site features. It can therefore
reduce the number of costly transition-state calculations during catalyst screening.
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Fig. 2. Predicted reaction barriers and methanol selectivity at oxide—Cu boundary sites.

3.4 Microkinetic Selectivity and Catalyst Design

Microkinetic simulations at 240 <C and 30 bar showed that the descriptor map could separate
methanol-forming sites from CO-forming sites. Boundary sites with moderate oxygen affinity
increased the methanol-to-CO rate ratio by more than ten times compared with Cu(111). These
sites adsorbed CO. strongly enough to form HCOO* but did not trap HCOO*, H,COO*, or
CH3O*. Sites with very strong oxygen affinity accumulated stable oxygen-containing species and
slowed product release. Weak sites gave low HCOO* coverage and allowed CO formation to
compete. The best performance came from low-coordination Cu atoms next to partly reduced
ZrOy or TiOx clusters. These sites combined H> splitting on Cu with CO; activation and C;
hydrogenation at the boundary. This result agrees with earlier studies showing that methanol
formation requires close contact between Cu and oxide sites [22,23]. It also explains why oxide
loading alone cannot predict activity. A small oxide cluster with suitable coordination can be more
active than a larger cluster with poor boundary structure. The HCOO*—CO* adsorption-energy
difference can therefore be used for early screening, while machine-learning and microkinetic

models can be used for later checks.



4. Conclusion

Analysis of 124 oxide—Cu boundary structures identified the site features that control C1
oxygenate selectivity. The adsorption-energy difference between HCOO* and CO* was closely
related to methanol selectivity, with a Pearson correlation coefficient of 0.81. Partly reduced ZrOy
and TiOx clusters on stepped Cu surfaces gave the best balance between CO; adsorption and
intermediate hydrogenation. These sites lowered the HCOO* hydrogenation barrier by 0.28-0.44
eV compared with Cu(111). The gradient-boosting model predicted methanol formation barriers
with a mean absolute error of 0.067 eV. This accuracy shows that local geometric and electronic
features can be used to screen active boundary sites. Microkinetic simulations at 240 <C and 30
bar showed that sites with moderate oxygen affinity increased the methanol-to-CO rate ratio by
more than tenfold. The results link boundary structure with adsorption strength, reaction barriers,
and product selectivity. This method may help screen oxide—metal sites for methanol synthesis
and other C1 conversion reactions. However, the calculations used fixed surface structures and a
limited group of oxides. Further work should examine surface changes during reaction, higher

intermediate coverage, larger oxide clusters, and experimental tests of the predicted sites.
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