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SPECIAL TOPIC — AI + Physical Science

Machine learning-based prediction for stability of
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Tuning the stability of hydrogen species on metal-doped CeO2 surfaces is a crucial aspect in the rational design of
more efficient CeO2-based catalysts. However, traditional theoretical and experimental approaches are limited in their
capacity to explore the complex chemical space arising from doping and defect introduction. To address this limitation,
we establish a comprehensive dataset using high-precision density functional theory (DFT) calculations for the CeO2(111)
surfaces doped with 43 different metals, encompassing three types of surface structures and five representative hydrogen
adsorption configurations. A multi-level feature engineering strategy is then employed, combining elemental properties and
multi-center smooth overlap of atomic positions (SOAP) features. The ensemble ExtraTrees regression model can achieve
reliable prediction of adsorption energies (R2 = 0.89, RMSE = 0.55 eV), and its robustness is assessed through repeated
cross-validation. Shapley additive explanations (SHAP) analysis shows that model predictions rely mainly on the principal
component of local geometric features. Analysis across principal component intervals indicates that the SOAP-derived
features differentiate coordination symmetry, anisotropy, and cooperative effects, and reveal their influences on adsorption
energies. The results of principal component analysis (PCA) and cross-validation suggest that representing samples within a
physicochemical feature space provides a more nuanced understanding of microenvironmental effects on hydrogen stability
compared with the traditional configuration-based approaches. This study provides a data-driven framework for high-
throughput screening and mechanistic exploration of structure–property relationships in complex multi-component oxide
catalysts.

Keywords: machine learning, CeO2, surface hydrogen species, smooth overlap of atomic positions, density
functional theory

PACS: 68.43.–h, 82.20.Wt, 71.15.Mb, 68.43.Fg

DOI: 10.1088/1674-1056/ae3132 CSTR: 32038.14.CPB.ae3132

1. Introduction

The efficient activation and selective transformation of
hydrogen molecules (H2) is a fundamental scientific is-
sue in catalysis and energy materials science. The re-
lated processes range from traditional technologies such
as Haber–Bosch ammonia synthesis[1,2] and petroleum
hydrodesulfurization,[3,4] to emerging methods such as CO2

reduction to hydrocarbons[5,6] and selective hydrogenolysis of
lignin.[7,8] The reaction kinetics and product distribution are
primarily influenced by two factors: (i) the energy barrier
for heterolytic dissociation of H2 molecules at catalysts; and
(ii) the adsorption strength, migration, and conversion dynam-
ics (proton/hydride transfer) of active hydrogen species (H∗)
on the surface.[4,5,9] Therefore, the rational design of catalysts
that simultaneously exhibit high activity, stability, and selec-
tivity remains a significant challenge.

Cerium dioxide (CeO2) is widely used in heteroge-

neous catalysis due to its excellent oxygen storage capac-
ity and thermal stability, which largely derive from the re-
versible Ce3+/Ce4+ redox couple.[10–13] Its surface plays a
key role in facilitating the dissociation of H2 to form hy-
droxyl (O–H), cerium hydride (Ce–H), and other active hydro-
gen species.[14–18] For optimal catalytic activity, the adsorp-
tion strength of these intermediates must be precisely tuned
in accordance with the Sabatier principle.[19–22] Furthermore,
metal doping enables additional atomic-scale modulation of
CeO2’s electronic structure and defect chemistry. For exam-
ple, dopant atoms can alter the oxygen vacancy formation
energy and influence the distribution of active sites on the
surface.[15,17,23–26] However, the high-dimensional chemical
space arising from multiple dopants and their complex in-
teractions with the host lattice greatly complicates the map-
ping between structure and performance, rendering both ex-
perimental and density functional theory (DFT)-based first-
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principles methods costly and less efficient.[22,27–30] There-
fore, addressing the challenge posed by a multidimensional
parameter space under the constraints of limited computa-
tional resources remains a key bottleneck in rational design
of CeO2-based catalysts.

Machine learning (ML) and other data-driven approaches
have become important tools in catalyst design,[27,31–35]

achieving notable progress in predicting catalytic prop-
erties, identifying active sites, and elucidating reaction
mechanisms.[36–40] For example, Esterhuizen et al.[41] de-
veloped interpretable ML models that provide mechanistic
insight into structure–performance relationships in heteroge-
neous catalysis. Tejaswini et al. [42] investigated the hydrogen
adsorption energy on conventional transition metal dichalco-
genide (TMD) monolayers with the general formula MX2 and
on Janus-type TMD monolayers with the formula MXY , re-
vealing that the adsorption sites, hydrogen coverages, and
built-in electric fields can significantly affect the activity of the
hydrogen evolution reaction. Xu et al.[43] proposed a physics-
inspired machine learning model capable of accurately pre-
dicting the adsorption enthalpy and binding modes of com-
plex adsorbates on the surfaces of transition metal catalysts.
In general, these examples demonstrate the effectiveness of
machine learning methods for predicting catalytic properties.
To address the aforementioned challenges in exploring com-
plex doped CeO2 systems, we therefore employed ML-based
methods in this study.

Herein, we constructed an extensive dataset based on
high-precision DFT calculations to examine hydrogen adsorp-
tion on CeO2(111) surfaces doped with 43 different metals,
encompassing three types of surface structures and five repre-
sentative adsorption configurations. We then constructed and
optimized an ExtraTrees ensemble regression model using fea-
tures that integrate local atomic environments and intrinsic el-
emental properties. This model allowed for efficient and ac-
curate prediction of hydrogen adsorption energies. Further-
more, interpretability methods such as Shapley additive expla-
nations (SHAP) revealed the key physical factors governing
the stability of hydrogen species, thereby facilitating the ratio-
nal design and data-driven high-throughput screening of com-
plex multi-component catalysts, and enabling deeper analysis
of structure–property relationships.

2. Methodology
2.1. DFT calculations

All spin-polarized DFT calculations in this study were
performed using the Vienna Ab initio Simulation Package
(VASP). The projector augmented wave (PAW) method was
used to treat the electron–ion interactions, and the exchange–
correlation effects were described by the Perdew–Burke–

Ernzerhof (PBE) functional within the framework of the gen-
eralized gradient approximation (GGA). The on-site Coulom-
bic interaction correction (DFT+U) was applied to appropri-
ately account for the strong correlation of Ce 4f electrons.
Consistent with previous studies on CeO2-based systems, the
effective Hubbard U parameter was set to U = 5.0 eV, which
has been shown to yield accurate results for the atomic, elec-
tronic, and catalytic properties of CeO2 bulk and surface
structures.[44,45] The full details of DFT computational set-
tings, convergence criteria, and surface model construction are
provided in the supporting information.

The hydrogen adsorption energy (Eads) on the metal-
doped CeO2(111) surface was defined as

Eads =−(E(2H/M-CeO2)−E(M-CeO2)−E(H2)), (1)

where E(2H/M-CeO2) is the energy of the surface with two
adsorbed H atoms, E(M-CeO2) is the total energy of the clean
doped surface, and E(H2) is the total energy of a gas-phase H2

molecule. In this convention, a more positive adsorption en-
ergy (Eads) indicates a more exothermic and thus more stable
adsorption state.

2.2. Machine learning model construction
2.2.1. Dataset construction and feature engineering

The dataset was generated based on DFT calculations of
the CeO2(111) surfaces doped with 43 different metal ele-
ments. Considering the possible conditions of the surface in
practical applications, three primary structure types were sys-
tematically constructed: the pristine doped surface (pristine),
the surface with an oxygen vacancy (Ov-surf), and the surface
with a sub-surface oxygen vacancy (Ov-sub). In combination
with the most common hydrogen adsorption sites, five rep-
resentative surface configurations were also constructed (see
Fig. 1(a)) to systematically explore the effects of defects and
adsorption locations. Figure 1(b) displays two representative
adsorption geometries optimized by DFT. For each case, pref-
erence was given to configurations in which one H atom is
adsorbed at a metal site or vacancy and another at a surface
oxygen site, thereby covering the main active centers. If such
a configuration was unstable, a dihydroxyl adsorption motif
was selected instead. In total, 215 distinct DFT-calculated ad-
sorption energies were collected, serving as the basis for sub-
sequent modeling. As shown in Fig. 1(c), while all the five
configurations exhibited similar trends in adsorption energies
for the pristine surface, clear periodicity and group-dependent
differences emerge among various dopants. In particular, the
transition metals (such as Fe, Co, Ni) generally gave more pos-
itive adsorption energies, favoring hydrogen stability, whereas
the main group and certain p-block elements gave adsorption
energies near zero or negative, indicating weaker adsorptions.
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Fig. 1. Atomic structures and DFT results for metal-doped CeO2(111) sur-
faces: (a) atomic models of three fundamental metal-doped CeO2(111) sur-
face structures (pristine surface, surface with a surface oxygen vacancy, and
surface with a subsurface oxygen vacancy), combined with five representa-
tive hydrogen adsorption site configurations (top view); (b) DFT-optimized
local atomic geometries of two typical hydrogen adsorption environments
(top view); (c) distribution of hydrogen adsorption energies for different
dopant metals on the pristine surfaces.

In order to transfer complex atomic structures into high-
quality features suitable for machine learning, we developed a
systematic feature engineering workflow that integrates both
local atomic environments and elemental properties, as de-
tailed below. To quantitatively describe each structure, we ap-
plied a systematic feature engineering approach that integrates
both atomic-level and local environment information. For each
key atom (M, O, Ce), 9 fundamental physicochemical features
— including Pauling electronegativity, atomic radius, and first
ionization energy — were extracted to characterize elemental
properties (see Table S1 in the supporting information for the
full descriptor list and values). To comprehensively describe
the local geometric environments, a multi-center smooth over-
lap of atomic positions (SOAP) framework was adopted,[46]

whereby the SOAP features were calculated for the dopant
metal atom both before and after hydrogen adsorption, as well
as for the adsorbed hydrogen atoms themselves. The construc-
tion, parameterization (e.g., cutoff radius rcut = 6 Å, nmax = 4,
lmax = 6), and detailed theoretical background of the SOAP
descriptor are described in the supporting information. Given
the high dimensionality introduced by this multi-center SOAP
method, we further adopted a physics-guided principal compo-
nent analysis (PCA) strategy: the SOAP features were grouped
by atomic pairings (such as M–O, M–Ce, and O–H), and each
group was independently reduced via PCA, retaining compo-
nents that together explained over 90% of the total variance
(see supporting information for further benchmarking and im-
plementation details).

The final feature vector for each sample comprised
both elemental and PCA-reduced multi-center SOAP features,
which ensured high information density and accurate struc-
tural representation.

2.2.2. Model training and performance evaluation

The dataset, consisting of 215 samples, was randomly di-
vided into training and test sets in an 8:2 ratio. The train-

ing set was used for model fitting and hyperparameter op-
timization. The test set was reserved exclusively for unbi-
ased final model evaluation. Several standard regression algo-
rithms were evaluated, including linear models, Support Vec-
tor Regression (SVR), RandomForest, AdaBoost, XGBoost,
and ExtraTrees. Model performance was assessed using the
coefficient of determination (R2) and root mean squared error
(RMSE), calculated as follows:

RMSE =

√
1
n ∑

n
i=1 (yi − ŷi)

2, (2)

R2 = 1− ∑
n
i=1 (yi − ŷi)

2

∑
n
i=1 (yi − ȳ)2 . (3)

3. Results and discussion
3.1. Model performance

With the features obtained via PCA dimensionality re-
duction, we systematically evaluated 13 regression algorithms
— including ExtraTrees, XGBoost, RandomForest, and SVR
— through five-fold cross-validation. Model performance
was assessed using R2 and RMSE on an independent test set
(Fig. 2(a)). ExtraTrees exhibited the highest predictive accu-
racy among all tested models, with R2 = 0.89 and RMSE =

0.50 eV, outperforming SVR (R2 = 0.64, RMSE = 0.90 eV)
and XGBoost (R2 = 0.86, RMSE = 0.56 eV). Parity plots for
representative data splits (Fig. 2(b)) demonstrated good agree-
ment between the ExtraTrees predictions and the DFT- calcu-
lated reference values (test set R2 = 0.89, RMSE = 0.55 eV),
indicating satisfactory generalization ability. In order to sys-
tematically assess model robustness and reduce the impact of
random data splits, we performed 100 rounds of random re-
sampling cross-validation, with the resulting prediction distri-
butions shown in Figs. 2(c) and 2(d). Across different data
partitions, ExtraTrees consistently yielded R2 values around
0.85 and RMSEs below 0.6 eV, demonstrating reliable model
performance. Detailed specifications of the ExtraTrees model,
including the optimization of key hyperparameters, cross-
validation protocols, and the complete training workflow, are
provided in the supporting information. Accordingly, Extra-
Trees was selected as the primary model for adsorption energy
prediction and subsequent mechanistic analysis.

A detailed comparison of adsorption energy prediction
accuracy with representative studies in related fields is pro-
vided in the supporting information (Table S2). The results
indicate that the performance of our ExtraTrees model is com-
parable to those reported for similar systems, confirming that
the proposed approach achieves a competitive level of accu-
racy.
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Fig. 2. Performance evaluation and generalization testing of regression models for hydrogen adsorption energy prediction: (a) Five-fold CV
performance comparison of 13 regressors; (b) ExtraTrees parity plot (DFT versus model prediction based on a representative fold); (c) R2

distribution for ExtraTrees over 100 random splits; (d) RMSE distribution for ExtraTrees over 100 random splits.

3.2. Feature importance and model interpretation

SHAP is a method for interpreting machine learning mod-
els by quantifying the contribution of each input feature to the
model’s predictions.[47] In this work, the SHAP analysis indi-
cated that the model’s predictions of hydrogen adsorption en-
ergies are primarily influenced by the SOAP-based geometric
feature (2H/H OCe/01), which reflects the local environment
of H, O, and Ce atoms. This feature had the highest SHAP
value among all input features (Fig. 3(a)). It should be noted
that higher values of this feature (2H/H OCe/01) are gener-
ally associated with lower SHAP values, which correspond to
weaker hydrogen adsorption, whereas lower feature values are
linked to higher SHAP values and greater adsorption stabil-
ity. Compared with the conventional features such as elec-
tronegativity and atomic radius, the SOAP-based geometric
features ranked higher in importance, highlighting the impor-
tance of the three-dimensional structural information. A base-
line model built solely on the elemental properties (electroneg-
ativity and radius) exhibited no predictive capability (R2 ≈ 0),
confirming that the SOAP features are crucial for represent-
ing the adsorption energetics (see Fig. S3, supporting infor-
mation).

Furthermore, the inverse mapping of the most impor-
tant SOAP-based feature back to the original SOAP com-
ponents revealed that its contribution is distributed relatively
evenly among the top ten contributing components, which
span angular momentum numbers l = 0 to 4 and several ra-
dial basis functions (n = 0 to 3). Figure 3(b) shows that
the weights of the SOAP components are concentrated in the

low-to-intermediate angular range and the lowest radial or-
ders, implying that the most relevant structural correlations
are those describing short- to medium-range distortions of
the Ce–O framework. The low-l components capture sym-
metry breaking associated with oxygen vacancies or dopant-
induced relaxation, consistent with the Ce3+/Ce4+ redox flex-
ibility. The intermediate-l components encode directional Ce–
O–M bond correlations reflecting anisotropic d/f–2p interac-
tions. Radially, the dominant low-n terms correspond to in-
teractions within the first few coordination shells (≈ 3–5 Å),
aligning with the spatial extent of vacancy-induced pertur-
bations. Overall, this pattern indicates that both short-range
geometric distortions and medium-range angular correlations
are the key physicochemical features governing adsorption on
doped CeO2 surfaces. This indicates that the model can in-
tegrate multi-scale directional and spatial information to cap-
ture geometric effects on the adsorption structures. The even
distribution of PCA weights confirmed that multiple geomet-
ric features may jointly contribute to the predictions, which
reflects the diversity of local atomic environments. Thus, the
key physical features used by the model are not isolated chem-
ical or structural factors, but comprehensive geometric repre-
sentations that encode both interatomic distances and spatial
arrangements over different length scales. These results sug-
gest that the stability of hydrogen species on the metal-doped
CeO2(111) surfaces is strongly governed by the fine local geo-
metric environment and cooperative multi-atom effects, rather
than by singular atomic attributes or simplified configuration
classifications.
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Fig. 3. Feature importance of principal components and PCA decom-
position: (a) SHAP feature importance ranking for hydrogen adsorption
energy prediction; (b) weights of the top 10 SOAP components in the
most important principal component (2H/H OCe/01).

To elucidate the relationship between machine learning
features and actual surface structural distortions, we selected
the representative structures corresponding to both high and
low values of the most significant SOAP feature. The dis-
placements of O and Ce atoms, as well as the coordination
modes of H adsorption centers, were visualized in the hexag-
onal plane (Figs. 4(a) and 4(b)). For structures with high val-
ues of the most important SOAP-based feature — such as
Os Ov-sub1 (feature value = 8.18) and Tc Ov-sub2 (feature
value = 7.82) — the hexagonal adsorption center exhibits pro-
nounced distortion, characterized by uneven vertex distances
and significant local atomic displacements, indicating strong
local anisotropy. SHAP analysis further indicated that these
structures exhibit lower predicted adsorption energies, con-
sistent with their reduced hydrogen adsorption stability. In
contrast, the two adsorption structures with low values of this
SOAP-based feature — Zn Ov-sub1 (feature value =−15.64)
and Mg pristine (feature value = −15.90) — exhibit nearly
regular hexagonal coordination and high symmetry, closely re-
sembling the ideal structure of pristine CeO2(111). These con-
figurations are indicative of highly stable predicted hydrogen
adsorption and are characterized by relatively high adsorption
energy values.

Further analysis in Fig. 4(c) compared structures with
mildly distorted (feature value = 3.07) and strongly distorted

(feature value = −7.09) coordination geometries and system-
atically related the most important SOAP-based feature val-
ues to the degree of coordination distortion. Both quantitative
and visual analyses confirmed that the value of this feature
reliably reflects the extent of coordination environment dis-
tortion: greater distortion (higher feature values) corresponds
to weaker (more negative) adsorption energies, whereas struc-
tures closer to the ideal configuration (lower feature values)
are associated with stronger (more positive) hydrogen adsorp-
tion energies.

CeO2

3.07

-7.09

8.18 7.82

-15.64 -15.9

(a)

(b)

(c)
Os-Ov sub1 Tc-Ov sub2

Mg-pristineZn-Ov sub1

Fig. 4. Relationship between SOAP feature values and local coordina-
tion environment at hydrogen adsorption centers: (a) high SOAP feature
value representative of distorted structure; (b) low SOAP feature value
representative of symmetric structure; (c) structures with mild (top) ver-
sus severe (bottom) distortion.

Overall, these structural comparisons visually elucidate
the physical significance of the SOAP-based features and
demonstrate that anisotropic coordination plays a significant
role in determining hydrogen adsorption stability. This pro-
vides compelling evidence of structure–property correlations,
supporting the rational design of catalysts.

3.3. Comparison of feature space and configuration-based
classification

To assess the predictive ability of the configuration labels
regarding hydrogen adsorption stability, we initially applied
two-dimensional PCA to visualize the SOAP features of all
samples (Fig. 5(a)). This analysis revealed substantial overlap
among different intuitive configurations in the feature space,
reflecting similar local atomic environments. These findings
indicated that relying solely on configuration labels may be
insufficient for distinguishing essential differences in adsorp-
tion behaviors.

To further evaluate the generalization capability of the
configuration-based classification, a leave-one-configuration-
out (LOCO) cross-validation experiment was conducted
(Fig. 5(b)). In this approach, each configuration was used
in turn as the test set, while the remaining classes served as
the training data. The results revealed substantial variation
in predictive performance: high accuracy (R2 > 0.65) was
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achieved for Ov-surf1, Ov-sub1, and Ov-sub2, while perfor-
mance dropped sharply for Ov-surf2 (R2 = 0.08). This indi-
cated that the configuration-based labels alone are insufficient
to reliably capture the hydrogen adsorption stability across all
surface types.

In addition, kernel density estimation (KDE) was per-
formed to analyze the distributions of key SOAP features
across the different configurations (Figs. 5(c) and 5(d)). The
most important feature (2H/H OCe/01) showed considerable
overlap among all configurations (Fig. 5(c)). In contrast, while
the distribution of another key feature (2H/H OO/01) for Ov-

surf2 overlapped significantly with the other configurations,

it also exhibited a distinct region unique to this configuration

(Fig. 5(d)). This uniqueness may account for the poor predic-

tive performance for this configuration.

Overall, classifying samples according to their positions

in high-dimensional feature space can more accurately reflect

the physicochemical factors underlying hydrogen adsorption

strengths. Notably, clear separation in feature distributions

may provide valuable guidance for model generalization, data

set construction, and optimization strategies.
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Fig. 5. Influence of feature space and configuration-based classification on hydrogen adsorption energy prediction: (a) two-dimensional PCA
visualization of SOAP features for all configurations; (b) leave-one-configuration-out cross-validation performance (R2 and RMSE) grouped
by configuration (five-fold CV); (c) kernel density estimation (KDE) distribution of the most important feature (2H/H OCe/01); (d) KDE
distribution of the second most important feature (2H/H OO/01).

4. Conclusion

By integrating DFT calculations with machine learning
methods, we systematically evaluated hydrogen adsorption on
the CeO2(111) surfaces doped with 43 different metals and
adopting a range of surface configurations. By employing both
atomic features and multi-center SOAP environment features,
we designed an effective approach for dimensionality reduc-
tion and feature integration. The ExtraTrees regression model
achieved high accuracy and satisfactory generalization, while
SHAP analysis showed the significant importance of the lo-
cal three-dimensional structure. Our analysis revealed that the
higher and lower values of the most important SOAP feature
correspond to structures exhibiting coordination distortion and
high symmetry, respectively. This relationship may transcend
conventional defect types and dopant categories, directly cap-
turing the essential impact of the local geometry on adsorp-
tion stability. Furthermore, cross-validation and distributional
analyses suggested that the high-dimensional physical features
can facilitate the understanding of catalyst structure–activity

relationships and provide practical technical pathways and the-
oretical guidance for the machine learning-driven rational de-
sign of complex oxide-based catalysts.
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