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Abstract

Local electric fields (LEFs) govern field-assisted catalysis, but distinguishing the contributions of local
geometry and metal identity remains challenging because changing the metal inevitably alters the
equilibrium structure of the catalyst. Here we combine density functional theory (DFT) calculations with
interpretable machine learning to quantify the structural and elemental contributions to the LEF on
monometallic nanoclusters spanning nine transition metals, cluster sizes from 20 to 90 atoms, and external
electric fields from -0.5 to +0.5 V/A. A matched-site ALEF analysis shows that metal-substitution-
associated LEF variations are below 0.08 V/A and are explained predominantly by accompanying changes
in local geometry. Consistently, SHAP analysis of the absolute LEF identifies geometric descriptors as the
dominant predictors across the full dataset, whereas electronic contributions are secondary and are better
captured by higher-order band-shape descriptors than by the conventional d-band center. An XGBoost
model predicts the LEF with a test mean absolute error of 0.013 V/A, and symbolic regression further
reduces the relationship to a four-variable analytical equation with a test error of 0.031 V/A. These results
identify local geometry as the primary determinant of the LEF on transition-metal nanoclusters and provide

an interpretable framework for predicting local electric fields in field-assisted catalysis.
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1. Introduction

Electric fields (EFs) can alter chemical reactivity by interacting with molecular charge distributions and
dipole moments, thereby changing adsorption energies, activation barriers, reaction pathways, and
selectivity.!* Such effects have been demonstrated across a wide range of chemical and catalytic systems,
including electrostatic catalysis in single-molecule junctions,** electrochemical CO, reduction,® No/NH;
interconversion,® methane steam reforming,” and enzyme catalysis.® For example, electric fields on the
order of 0.6 V/A can alter the rate-limiting step of ammonia synthesis, ® while field-assisted methane steam
reforming can lower the required reaction temperature and suppress coke formation.” These studies

demonstrate the considerable potential of electric fields for catalyst design.

Among heterogeneous catalysts, transition-metal nanoparticles constitute one of the most important classes
of catalytic materials because they provide abundant active surface sites, tunable electronic structures, and
catalytic performance across a broad range of industrially relevant reactions. Their catalytic behavior is
highly sensitive to both metal identity and nanoparticle morphology, making them an ideal model system

for investigating electric-field effects.

For metal catalysts, however, the externally applied electric field (EEF) is not the quantity that directly
governs surface chemistry. Instead, reactions respond to the local electric field (LEF) experienced by
adsorbates at individual active sites. The LEF arises from the interaction between the applied field and the
local catalyst environment, where charge redistribution causes field enhancement at low-coordinated atoms,
edges, corners, and sharp tips.>® For example, finite-element modelling by Guo et al.'” demonstrates that
the local field at a metal-oxide nanograin increases sixfold as its tip angle narrows from 90° to 15°, and the
field near a gold nanostructure increases by an order of magnitude when a rounded tip is reshaped into a
sharp one.!! Consequently, nanoparticle morphology can amplify the local field by an order of magnitude,
allowing relatively modest external fields to produce substantial changes in reaction energetics.

Quantitative prediction of the LEF is therefore essential for the rational design of field-assisted catalysts.

Although both catalyst structure and metal identity influence the LEF, their individual contributions remain
unresolved because these two factors are intrinsically coupled. Changing the metal inevitably alters the
equilibrium structure of the nanoparticle through differences in lattice constants, bonding, and surface
energetics. As a result, comparisons between different metals simultaneously change both the electronic
structure and the local geometry, making it difficult to determine whether variations in the LEF originate
from intrinsic elemental electronic properties or from geometry induced by structural relaxation. This
coupling therefore raises a central mechanistic question: does changing the metal modify the LEF primarily

through intrinsic electronic differences, or indirectly through the accompanying changes in relaxed local



geometry? Resolving this question has important implications for catalyst design. If metal identity directly
controls the LEF, catalyst optimization should primarily focus on composition. Conversely, if geometry
dominates, engineering nanoparticle morphology becomes the more effective strategy for tuning local

electric fields.

Our previous density functional theory (DFT) study mapped the LEF across Ni nanoparticles!?> and
demonstrated that the local field is strongly influenced by the local geometric environment and nanoparticle
size.!*!5 However, because only a single metal was considered, the role of metal identity could not be

determined.

To distinguish structural and elemental effects, descriptors are needed that independently characterize the
geometric environment and the electronic structure of the catalyst. Geometric environments in
heterogeneous catalysis are commonly characterized using coordination-based descriptors such as

generalized coordination number (GCN), 31

whereas elemental electronic effects are often represented by
d-band descriptors, particularly the d-band center.!®!” More recent studies have shown that higher-order
characteristics of the d-band, including its width, skewness, and kurtosis, can capture additional information
beyond the d-band center alone.'!” Whether these geometric and electronic descriptors can isolate

structural and elemental contributions to the LEF, however, remains unknown.

Here, we combine DFT calculations with interpretable machine learning to determine how structural
geometry and metal-dependent electronic properties contribute to the LEF on transition-metal nanoclusters.
We first construct a site-resolved dataset spanning nine transition metals, twelve cluster sizes, and a broad
range of externally applied electric fields. We then introduce a matched-site ALEF analysis to quantify the
LEF variation associated with metal substitution and determine whether this variation is explained primarily
by the accompanying structural relaxation or by electronic descriptors. We subsequently test whether the
resulting physical hierarchy persists in absolute LEF prediction across the complete dataset using XGBoost
models and SHapley Additive exPlanations (SHAP)? analysis. Finally, symbolic regression®' is used to

determine whether the learned relationship can be reduced to a compact analytical expression.
2. Results and Discussion
2.1 Dataset, descriptors, and workflow

Figure 1 summarizes the dataset, descriptor framework, and overall workflow of this study. Figure la
illustrates a representative Nigy nanocluster under a uniform external electric field (EEF). The EEF is

applied along the z-direction (black arrows), and the nanocluster responds by generating local electric fields



(LEFs, blue arrows) at its surface. Because the local atomic environment varies from site to site, the LEF

is non-uniform across the nanocluster surface, even under a uniform applied field.

This work focuses on small metal nanoclusters because their catalytic surfaces consist of irregular, low-
symmetry atomic environments, where each adsorption site experiences a distinct local geometry and
therefore a distinct local electric field. Unlike extended surfaces and larger nanoparticles, which contain a
greater proportion of well-defined facet-like environments,*? nanoclusters in the 20-90 atom range exhibit
a rich variety of under-coordinated sites, edges, corners, and locally distorted environments. Quantifying
the LEF across these heterogeneous sites is therefore essential for understanding field effects at the

nanocluster scale.

The dataset comprises nine transition metals (Co, Cu, Fe, Ir, Ni, Pd, Pt, Rh, and Ru), each represented by
twelve nanoclusters containing 20-90 atoms. Every relaxed cluster was evaluated under eleven externally
applied electric fields ranging from -0.5 to +0.5 V/A in increments of 0.1 V/A. Only top adsorption sites
on the upper hemisphere of each cluster were considered so that the LEF is aligned with the applied field
(Figure 1a). The dataset is therefore organized at the level of individual adsorption sites rather than whole

clusters.

The Ir-aligned modeling dataset is summarized in Section S1 and Table S1. Structural-similarity filtering
is described in Section S2, Table S2, and Figure S1. Figure 1b shows the number of unique surface sites
retained after filtering. The number of distinct sites generally increases with cluster size, from only a few
sites for the 20-atom clusters to more than thirty sites for the 90-atom clusters, demonstrating that the
selected size range spans progressively richer local geometric environments while remaining within the
nanocluster regime. After base-cluster selection, structural-similarity filtering, descriptor-completeness

filtering, and Ir alignment (Sections S1 and S2), the final dataset contains 15,851 site-field records.

Each LEF record is represented by three physically distinct descriptor families (Figure 1c¢): global cluster
morphology, local site geometry, and elemental electronic structure. Global descriptors characterize the
overall morphology of the nanocluster and include quantities such as atom count, cluster diameter, tip height,
and surface-to-volume ratio. Local descriptors describe the adsorption-site environment, including the site
height above the center of mass, GCN, and distance from the cluster center. Elemental descriptors
characterize the electronic structure of each metal and include the s-, p-, and d-band centers, band fillings,
band edges, and higher-order band-shape descriptors such as skewness and kurtosis. In addition to the
commonly used d-band descriptors, we include s- and p-band descriptors because the electronic structure
of nanoclusters smaller than 2 nm differs substantially from that of extended slab surfaces, motivating a

broader description of their electronic structure (definitions in Section S3 and Tables S3 and S4; site-



resolved d-band center trends and representative s- and p-projected densities of states in Section S4

and Figures S2 and S3).%

The overall workflow is summarized in Figure 1d. DFT calculations first generate the site-resolved LEF
dataset across the nine transition metals, twelve cluster sizes, and eleven applied electric fields. The
resulting data are then used to train supervised machine-learning models that predict the LEF from the
geometric and electronic descriptors. SHapley Additive exPlanations (SHAP)? are subsequently employed
to quantify the LEF variation associated with metal substitution and determine the extent to which this
variation is explained by accompanying structural relaxation versus electronic descriptors. Finally,
symbolic regression with PySR?! reduces the learned relationship to a compact analytical equation for rapid
LEF prediction. The model-training and evaluation protocol is detailed in Section SS. With this site-
resolved dataset and descriptor framework established, we first address the central mechanistic question of
whether changing metal identity produces substantial LEF variation and, if so, whether that variation

originates predominantly from metal-dependent structural relaxation or electronic structure.
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Figure 1. Overview of the dataset, descriptor framework, and machine-learning workflow. (a) Schematic of a
representative Nigyp nanocluster under a uniform external electric field (EEF, black arrows), illustrating the site-
dependent local electric fields (LEFs, blue arrows) generated on the cluster surface. The red dashed line indicates the
plane through the center of mass, and only top adsorption sites on the upper hemisphere are included in the dataset.
(b) Number of unique surface adsorption sites retained after structural-similarity filtering for nanoclusters containing
20-90 atoms. (c) Three descriptor families used to characterize each adsorption site: global cluster morphology, local
site geometry, and elemental electronic structure. (d) Overall workflow. Site-resolved LEFs obtained from DFT
calculations are used to train machine-learning models, followed by SHAP analysis for descriptor interpretation and

symbolic regression (PySR) to derive a compact analytical equation for LEF prediction.



2.2 Quantifying the LEF variation associated with metal substitution via ALEF

To quantify the LEF variation associated with metal substitution, we introduce a ALEF formulation
referenced to Ir at corresponding adsorption sites. Direct comparison of LEFs across different metals is
complicated because changing the metal also changes the relaxed nanocluster geometry. We therefore
compare corresponding sites originating from a common structural topology at identical cluster size and
EEF. Metal identity is changed, while the resulting metal-dependent structural relaxation is retained and

quantified through the geometric descriptors. We define the matched-site LEF difference as:
ALEF(M) = LEF(M) — LEF(Ir) (1)

where Ir serves as the reference metal. Ir was selected because its DFT calculations converged reliably with
a magnetization of 0 uB. The choice of reference changes the numerical values of ALEF but does not alter
the purpose of the matched-site comparison. By comparing corresponding adsorption sites under identical
cluster size and applied-field conditions, the ALEF formulation removes variations arising from differences
in site identity, particle size, and external field, leaving the LEF variation associated with changing the

metal.

The ALEF model was constructed using the 90-atom nanoclusters at an applied field of +0.5 V/A,
comprising 180 site samples across the eight non-reference metals. The 90-atom clusters provide the largest
number of common adsorption sites among the metals (Figure 1b), enabling the broadest comparison of
equivalent local environments, while the strongest EEF maximizes the LEF response and improves the
resolution of the comparatively small differences associated with metal substitution. For this analysis, each
structural descriptor was expressed as its difference relative to Ir at the corresponding site, whereas the
elemental descriptors entered unchanged. An XGBoost regressor’* was trained on this subset. Because all
thirteen regression models exhibited comparable performance on this smaller dataset (Section S6 and
Figure S4), XGBoost was selected for consistency with the absolute-LEF analysis presented in Section 2.3.
The 180 samples were evaluated using an 80:20 random sample-level holdout split under the common

cross-validation protocol described in Section SS.

Figure 2a compares the predicted and DFT-computed ALEF. Both the training and test data follow the
parity line, with a train MAE of 0.0070 V/A and a test MAE of 0.0133 V/A, respectively. More importantly,
The DFT-computed ALEF spans only approximately -0.08 to +0.08 V/A, substantially narrower than the
approximately -0.5 to +0.5 V/A range of absolute LEFs represented in the complete dataset. This
comparison indicates that metal substitution contributes a comparatively limited fraction of the overall LEF

variation.



To determine what controls the remaining LEF variation associated with metal substitution, we next
examine the SHAP attribution of the ALEF model (Figure 2b). The five highest-ranked descriptors are
exclusively geometric: radial distance to the center of mass (R), the mean coordination number of the first-
shell neighbors ((CN),), the mean first-neighbor distance (#;), the tip height (h,;,), and the site height (h).
Although corresponding adsorption sites are compared at fixed cluster size and applied field, substituting
one metal for another changes the equilibrium bond lengths and local atomic arrangement, causing each
cluster to relax into a slightly different geometry. These element-induced structural relaxations are therefore

captured primarily by geometric descriptors, which dominate the ALEF prediction.

Electronic descriptors first appear below the dominant geometric descriptors and are represented mainly by
d-band shape quantities, including the d-band skewness (S;), lower and upper band edges (¢} and £¥), and
down-spin kurtosis (K}). One local geometric descriptor, the standard deviation of the first-neighbor
distances (oy, ), also appears among these lower-ranked features. Notably, the d-band center, which is
widely used as a single-parameter electronic descriptor in heterogeneous catalysis, does not appear among
the ten most influential descriptors. The same qualitative descriptor ranking is obtained for the 60-atom
clusters (Figure S5), where the radial distance from the center of mass again ranks first and electronic
descriptors appear only below the leading geometric descriptors. This agreement indicates that the

geometry-dominated elemental effect is not unique to the 90-atom clusters.

These results indicate that metal identity affects the LEF predominantly indirectly, by modifying the relaxed
local geometry. Consequently, morphology and local site geometry emerge as the primary candidate design
variables for controlling the LEF, while composition remains important insofar as it determines the relaxed

structure and secondary electronic characteristics.
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Figure 2. Quantifying the LEF variation associated with metal substitution using the ALEF formulation. (a)
Predicted versus DFT-computed ALEF for the 90-atom nanoclusters at an external electric field of +0.5 V/A. The
dashed line denotes perfect agreement between the model predictions and DFT calculations. (b) SHAP attribution for
the ALEF model, with descriptors colored by their feature values (blue: low; pink: high). Geometric descriptors are
shown in green and elemental electronic descriptors in purple. R is the radial distance to the center of mass; (CN), is
the mean coordination number of the first-shell neighbors; 7; and 0y, are the mean and standard deviation of the first-
neighbor distances; hy;, is tip height; h is site height; S; is d-band skewness; &l and ¥ are lower and upper d-band

edges, and K,; is d-band kurtosis. The superscript arrow denotes the spin-resolved component.

2.3 LEF prediction with interpretable machine learning

Having established from the matched-site analysis that metal-substitution-associated LEF variations are
comparatively small and predominantly associated with structural relaxation, we next ask whether this
geometry-dominated hierarchy persists when predicting the absolute LEF across the complete chemical,
structural, and field space. The curated dataset contains 12,680 training records and 3,171 test records in an
80:20 split, spanning nine transition metals, twelve cluster sizes, and eleven external-field values. The
feature set combines the global, local, and elemental descriptors with the external electric field (Table S3),

allowing a single model to describe the LEF across all metals, cluster sizes, and applied-field conditions.

Thirteen regression models were benchmarked, spanning linear, neighbor-based, kernel-based, neural-
network, and tree-ensemble methods. Their predictive performance is summarized in Section S7 (Tables
S7 and S8; Figure S6). XGBoost achieved the lowest seed-averaged test MAE and was therefore selected
for the subsequent analysis. Figure 3a compares the XGBoost-predicted LEF with the DFT-computed
values. The predictions closely follow the parity line over the full LEF range of -0.8 to +0.8 V/A, with



training and test MAEs of 0.0078 and 0.0131 V/A, respectively. The model therefore accurately reproduces

LEFs within the structural, compositional, and field space represented by the curated dataset.
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Figure 3. Prediction and interpretation of the local electric field using XGBoost. (a) Predicted versus DFT-
computed LEF for the training and test sets. The dashed line denotes perfect agreement between the model predictions
and DFT calculations; the training and test MAEs are 0.0078 and 0.0131 V/A, respectively. (b) SHAP attribution for
the LEF model. Descriptors are ranked by their mean absolute SHAP values, and individual points are colored by
feature value (blue: low; pink: high). Geometric descriptors are shown in green and elemental electronic descriptors
in purple. h is the site height; R is the radial distance to the center of mass; N is the atom count; h,;,, is the tip height;
A/V is the surface-to-volume ratio; K, is the p-band kurtosis; Sy is the d-band skewness, D is the cluster diameter at

the center of mass, and S is the s-band skewness. Superscript arrows denote spin-resolved components.

Figure 3b shows the SHAP attribution for predicting the LEF. The five highest-ranked descriptors are all
geometric, including the site height (h), the radial distance to the center of mass (R), the atom count (N),
the tip height (h,;,), and the surface-to-volume ratio (A/V'). These descriptors include both local and global
geometric information, indicating that the LEF is governed by the position of the adsorption site together

with the overall nanocluster morphology.

Electronic descriptors appear below the leading geometric features. Ranks six through ten include the down-
spin and the total p-band kurtosis (Kzf and K,,), the d-band skewness (S;), and the up-spin s-band skewness
(81), together with one global geometric descriptor, the cluster diameter at the center of mass (D). Like the
ALEF analysis, the d-band center does not appear among the ten most influential descriptors. This suggests

that the electronic information relevant to LEF prediction is captured more effectively by higher-order



band-shape characteristics than by the d-band center. The electronic contribution is also not confined to the
d-band. In these small nanoclusters, the s- and p-band structures differ appreciably from their extended-
surface counterparts, allowing their higher-order moments to contribute alongside the d-band descriptors.
The projected s-, p-, and d-band densities of states for the nine metals are presented in Section S4.

Supplementary SHAP analyses are provided in Section S8, and Figure S7.

Overall, the absolute-LEF and ALEF analyses provide two complementary tests of the same physical
hierarchy. The matched-site ALEF analysis shows that the comparatively small LEF variation
accompanying metal substitution is explained predominantly by structural relaxation, whereas the full-
dataset analysis shows that geometric descriptors also dominate absolute LEF prediction across different
cluster sizes, metals, and applied fields. The consistent absence of the d-band center among the leading
descriptors further indicates that the electronic contribution to LEF is not well represented by this

conventional d-band center descriptor.

2.4 Closed-form analytical equation from symbolic regression

The consistency between the ALEF and absolute-LEF analyses suggests that the dominant LEF physics
may be expressible using only the applied field and a small number of geometric variables. We therefore
ask whether the high-dimensional descriptor relationship learned by XGBoost can be reduced to a compact
analytical expression. We applied symbolic regression using the PySR package?! with a loop-based feature-
selection procedure to the descriptors retained from the SHAP ranking. Four variables were selected: the
external electric field F, the site height 4, the tip height 4.,, and the radial distance to the center of mass R.
These variables form the smallest subset that preserved the predictive performance of the full descriptor set
according to the feature-selection criterion described in Section S9. Symbolic regression was then
performed using these four variables to identify expressions that balance predictive accuracy and equation

complexity.

Figure 4a shows the resulting Pareto front of loss as a function of equation complexity. The loss decreases
rapidly at low complexity and then changes more gradually beyond approximately complexity eight. Four
representative expressions along the Pareto front are listed in Table 1. The simplest expression depends
only on the external electric field F, while increasing complexity progressively introduces the site height 4,
the tip height 4., and the radial distance to the center of mass R. This sequence is consistent with the SHAP
analysis in Section 2.3, where these geometric quantities rank among the most influential descriptors for

predicting the LEF.
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Figure 4. Closed-form analytical description of the local electric field obtained by symbolic regression. (a) Pareto
front of prediction loss as a function of equation complexity, with representative expressions selected at complexities
1, 5, 8, and 12. The variables include the external electric field F, the site height 4, the tip height %, and the radial
distance to the center of mass R. (b) Predicted versus DFT-computed LEF using the complexity-12 equation for the

training and test sets.

Table 1. Closed-form equations selected at four points along the Pareto front of Figure 4a.

Complexity Equation Fitted constant
1 LEF=F —
5 LEF =F hw, o1 =0.3159
8 LEF = F (h + hyp w1)? o1 =0.3567
hip
12 h 2 o1 =0.4311
LEF =F <—R/htip n htip + w1>

The complexity-12 expression was selected as the final analytical equation because it is the lowest-
complexity expression containing all four retained variables and lies near the region where further increases
in complexity provide progressively smaller reductions in loss. Figure 4b compares this equation with the
DFT-computed LEF. The predicted values follow the parity line over the full LEF range of -0.8 to +0.8
V/A, with training and test MAEs of 0.0297 and 0.0306 V/A, respectively. The equation reproduces the
LEF across the metals and cluster sizes represented in the dataset. No electronic descriptors appear in the
selected expression, consistent with the comparatively small LEF variation associated with metal
substitution identified in Section 2.2 and the dominant geometric contributions revealed by SHAP. The fact

that the compact expression retains the applied field together with three geometric variables while requiring

11



no explicit electronic descriptors provides an independent mathematical distillation of the physical
hierarchy identified by the SHAP analyses. This does not imply that electronic structure has no influence
on the LEF; rather, within the chemical and structural space examined here, its contribution is sufficiently

secondary that the dominant LEF variation can be represented without explicit electronic descriptors.

The XGBoost model achieves a lower test MAE of 0.0131 V/A, whereas the analytical expression gives a
test MAE of 0.0306 V/A. The increase in error is accompanied by a substantial reduction in model
complexity, since the LEF can now be evaluated from a single equation using only the applied external
electric field and three geometric descriptors. The resulting expression is differentiable with respect to the
external field and can therefore be incorporated directly into kinetic models, field-dependent energy

corrections, and catalyst-screening workflows without evaluating the trained machine-learning model.

3. Conclusions

We combined DFT calculations with interpretable machine learning to determine whether local electric
fields on transition-metal nanoclusters are controlled primarily by metal-dependent electronic properties or
catalyst geometry. Matched-site ALEF analysis shows that changing the metal produces comparatively
small LEF variations and that these variations are explained predominantly by the accompanying structural
relaxation. Across the complete dataset, SHAP analysis independently identifies local site position and
global cluster morphology as the dominant descriptors of absolute LEF, whereas electronic contributions
are secondary and are better represented by higher-order band-shape characteristics than by the
conventional d-band center. Symbolic regression further distills this hierarchy into a four-variable
expression containing the applied field and three geometric descriptors. In summary, these results identify
morphology and local site geometry as the primary design variables for controlling LEFs on the transition-
metal nanoclusters examined here, while metal composition influences LEF substantially through its effect

on the relaxed structure.
4. Methods

4.1 DFT calculations

All density functional theory (DFT) calculations were performed using the Vienna Ab initio Simulation
Package (VASP).> Core-valence interactions were described using the projector augmented-wave
method,® and exchange-correlation effects were treated with the Perdew-Burke-Ernzerhof (PBE)
generalized-gradient approximation.?’ A plane-wave kinetic-energy cutoff of 400 ¢V was used for geometry
optimization and the subsequent electric-field and density-of-states calculations. Because the nanoclusters

were modeled in large supercells, Brillouin-zone sampling was restricted to the I' point. Each nanocluster

12



was separated from its periodic boundary by at least 10 A of vacuum in all directions, and the structures

were relaxed until the residual atomic forces were below 0.03 eV/A.

The external electric field (EEF) was applied using the Neugebauer-Scheffler?® dipole-correction method,
with a uniform field along the z direction ranging from -0.5 to +0.5 V/A in increments of 0.1 V/A. For each
top adsorption site, the electrostatic potential was sampled along the local vertical line passing through the
adsorption-site coordinates. The LEF was obtained from the gradient of this site-specific potential profile
along the z direction and evaluated at the center-of-mass position of a CO probe molecule. The same

procedure was applied to all adsorption sites, nanocluster sizes, metals, and external-field strengths.

For each of the twelve atom counts, the lowest-formation-energy Ni cluster structure was used as the
common starting template for all nine metals and was rescaled using the corresponding relaxed FCC lattice
constant before geometry relaxation. This common structural template enables corresponding adsorption
sites to be compared across different metals without introducing differences in the initial crystal topology.
Co, Ru, and Fe do not adopt FCC as their bulk equilibrium structures; therefore, the FCC configurations
used for these metals represent controlled reference structures rather than their bulk ground-state phases.
The use of a common lattice type avoids introducing differences in bulk crystal packing into the cross-metal
comparison and allows the effects of metal-dependent electronic structure and structural relaxation to be
examined within a consistent structural framework. Relaxed lattice constants are reported in Table S12,

and additional computational details are provided in Section S10.
4.2 Dataset cleaning and curation

The initial dataset contained LEF values for top adsorption sites on the upper half of each relaxed
nanocluster under eleven external electric fields. Curation retained only base-cluster entries, reduced

structural redundancy, required complete electronic descriptors, and aligned site-size pairs to Ir.

Structural redundancy was then reduced using a similarity filter based on fourteen geometric descriptors.
Within each metal and atom-count group, the descriptors were standardized and pairwise Euclidean
distances were calculated between adsorption sites. Sites separated by less than a distance cutoff, T, were
grouped as structurally similar, and one representative site was retained from each group. The size-specific
cutoffs, reported in Table S2, were selected in preliminary ALEF cross-validation and are therefore target-

informed preprocessing parameters.

The dataset was then restricted to site and cluster-size combinations for which corresponding Ir data were

available, enabling matched-site ALEF comparisons. The 1,477 retained physical adsorption sites

13



contribute 15,851 site-field records after descriptor-completeness filtering and Ir alignment (Sections S1

and S2).

4.3 Descriptor calculation

The descriptors used for machine learning were grouped into global geometric, local geometric, and
elemental electronic descriptors, as introduced in Section 2.1. Complete definitions and the full descriptor

list are provided in Section S3 and Tables S3 and S4.

Global and local geometric descriptors were calculated directly from the relaxed nanocluster coordinates.
Global descriptors characterize the overall cluster size and morphology, whereas local descriptors describe
the geometric environment of the adsorption site, including its position relative to the cluster center and the

coordination of neighboring atoms.

Elemental electronic descriptors were obtained from the site-resolved projected density of states of the
adsorption-site atom in each relaxed nanocluster. For the s, p, and d states, we calculated quantities
describing the band position, occupation, width, shape, and band edges, including their spin-resolved
components. These descriptors were evaluated separately for each physical adsorption site and cluster size;
external-field replicas of a given site share the same site-specific electronic descriptors rather than using a
single bulk or slab reference. Further details of the electronic descriptors and projected density-of-states

calculations are provided in Sections S4.

4.4 Machine-learning model training and evaluation

Thirteen regression algorithms were evaluated for LEF prediction: ordinary least-squares, ridge, LASSO,
and elastic-net regression; k-nearest neighbors; support vector regression; a multilayer perceptron; decision
tree; random forest; extra trees; AdaBoost; gradient boosting; and XGBoost.** All models were
implemented using scikit-learn* and evaluated using the same preprocessing and model-selection
procedure. Missing descriptor values were replaced by the mean of the corresponding feature in the training

data, followed by feature standardization and model fitting.

The structural-similarity filtering described in Section 4.2 was performed before train-test partitioning so
that structurally redundant sites were reduced to a single representative before model development. For
each of ten random seeds, the curated dataset was divided into 80% training and 20% test records,
corresponding to 12,680 training and 3,171 test records. Hyperparameters were optimized once by five-
fold grid-search cross-validation on the complete curated modeling matrix and then fixed for all ten random
record-level splits. Model performance was evaluated on the corresponding test subsets, and the reported

model-comparison metrics were averaged over the ten splits. Because tuning preceded the repeated splits
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and the same physical site can occur in both subsets, these test metrics quantify interpolation within
represented sites and fields rather than fully independent unseen-site generalization. The model comparison,
selected XGBoost hyperparameters, and prediction errors are reported in Section S7, Tables S7 and S8,

and Figure S6.

4.5 SHAP analysis

Feature contributions were analyzed using SHAP (SHapley Additive exPlanations),”® which assigns a
contribution from each input descriptor to an individual model prediction. SHAP values were calculated
using TreeExplainer for the trained XGBoost models of the absolute LEF and ALEF. Descriptors were
ranked according to their mean absolute SHAP values, while the signed SHAP values were used to

determine the direction of each descriptor contribution.

For the ALEF analysis, SHAP values were evaluated for the records included in the 90-atom nanocluster
dataset at an external field of +0.5 V/A. For the absolute-LEF analysis, SHAP values were evaluated for a
random subset of 1,000 records from the curated dataset to reduce computational cost while sampling the

descriptor range represented in the complete dataset.

Two groups of inputs were excluded from the rankings shown in Figures 2b and 3b. Site-label one-hot
variables were excluded because their individual SHAP values are not physically interpretable. For the
absolute-LEF model, the external electric field was also excluded because it is the dominant predictor and
would otherwise compress the contributions of the remaining descriptors (Sections 2.2 and 2.3, Section

S8).
4.6 Symbolic regression and feature selection

Closed-form expressions for the LEF were obtained using the PySR symbolic-regression package.?!
Candidate descriptors were ranked according to their mean absolute SHAP values from the trained
XGBoost model (Section 4.5), after excluding the site-label dummy variables and placing the external
electric field at the beginning of the candidate list. Descriptors were then added sequentially following the
SHAP ranking, and symbolic regression was performed after each addition. The predictive performance of
each descriptor subset was evaluated on the held-out test set, and the smallest subset that preserved the
performance of the full descriptor set was retained. This procedure identified four variables: the external
electric field F, site height 4, tip height 4., and radial distance R. Symbolic regression was subsequently
performed using these four variables to generate a Pareto front relating prediction error to equation

complexity. The analytical equation reported in Section 2.4 was selected from this Pareto front based on
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the balance between predictive accuracy and model simplicity. Complete feature-selection criteria,

symbolic-regression settings, and the full Pareto front are provided in Section S9.

Supporting Information

Additional computational details; nanocluster structural parameters; dataset-cleaning and structural-
similarity criteria; descriptor definitions; machine-learning model comparison and hyperparameter
optimization; supplementary SHAP analyses; projected density-of-states analysis; and symbolic-regression

feature selection and Pareto-front results (PDF).
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