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Synopsis

1. Introduction

Electrochemical energy conversion technology has emerged as the most
promising avenue to address the growing environmental problems and
global energy crisis in an eco-friendly, carbon-neutral cycle ///. In this
context, the development of high-performance electrocatalysts for devices
such as regenerative fuel cells, metal-air batteries, and proton exchange
membrane fuel cells (PEMFCs) /2], remains a critical challenge despite
their strong potential for clean energy conversion. In particular, the sluggish
kinetics and high reaction overpotential values associated with the oxygen
reduction reaction (ORR) at the cathode significantly limit the efficiency of
PEMFCs and impede their large-scale commercialization. Moreover, the
expensive Pt loading required and its susceptibility to poisoning and
degradation under prolonged operating conditions further reduce cathodic
efficiency, underscoring the need for alternative catalytic materials that
minimize the use of precious metals.

Subnanometer clusters have recently emerges as an important class of
heterogeneous electrocatalysts due to their exceptional catalytic
performance and high atomic utilization efficiency /[3/. At finite
temperatures, these clusters exhibit a relatively flat potential energy surface
(PES), which renders them highly dynamic and results in non-Arrhenius
behavior. The presence of multiple undercoordinated atomic sites leads to
pronounced fluxionality, giving rise to non-monotonic size-dependent
activity trends that distinguish subnanoclusters from bulk and nanoparticle
catalysts /4]. Recent studies have shown that clusters in the non-scalable
regime have complex isomeric distribution and electronic structures,
leading to metastability-triggered reactivity and the need for ensemble
representation to accurately describe the overall activity /5/. Notably, the
interaction of adsorbates with locally distinct coordination environments in
subnano clusters can alter conventional scaling relationships, thereby

enabling catalytic performance beyond the limits predicted by traditional



volcano plots. Despite these insights, a systematic understanding of the non-
linear influence of transition-metal subnano clusters of varying sizes on
ORR activity remains largely unexplored. This research gap persists due to
the complexity of the extensive range of heterogenous catalysts, particularly
within the non-scalable regime. Furthermore, exploring the vast chemical
space of electrocatalysts within the size range where “each atom count” via
high-throughput DFT calculations is challenging and necessitates a data-
driven approach to quantify their ORR activity /6.

Recently, machine learning (ML) has emerged as a powerful tool for
accelerating the discovery of new catalysts by disentangling complex
catalyst-intermediate interactions in various reactions, such as the CO,
reduction reaction (CO,RR), nitrogen reduction reaction (NRR), hydrogen
evolution reaction (HER), and oxygen reduction reaction (ORR) /7,8/. In
the context of nanoclusters, Panapitiya et al. and co-workers introduced a
two-step feature- selection based on random forest models to accurately
describe CO adsorption on thiolated gold nanoclusters using structural
descriptors /9/. Similarly, Vlachos and coworkers developed surrogate
energy models by integrating ML with global optimization, and cluster
expansion techniques to study CO adsorption on Pd, (n = 1 — 55) clusters
supported on CeO,(111) /10]. While these studies provide important
insights, the identification of fundamental descriptors governing adsorption
energetics and catalytic origins in multistep ORR across different cluster
sizes and transition-metal compositions in the subnanometer regime
remains unresolved. In particular, the role of multifidelity electronic
features in capturing the influence of d-electrons characteristics on
intermediate adsorption within local coordination environments has not
been systematically examined.

2. Objectives

The primary objectives of the thesis are outlined as follows:

» The first objective (Chapter 2) is to determine how dynamic

reconstruction and fluxional behavior of Pt;; subnanoclusters affect
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oxygen reduction reaction activity by evaluating the role of thermally
accessible metastable isomers beyond the global minimum. This
includes analyzing adsorption energetics, reaction mechanisms and
kinetic barriers, quantifying the contribution of isomers within 0.4 eV at
300 K, and assessing stability under high oxygen coverage using ab initio
thermodynamics to show how fluxionality governs overall catalytic
performance.

The second objective (Chapter 3) is to develop and apply a machine
learning framework to predict the non-monotonic ORR activity of
subnanometer clusters by capturing their fluxional behavior and size-
dependent geometric and electronic features. This includes using non-ab
initio descriptors to model site-specific adsorption energies, identify the
electronic factors that reshape the ORR activity volcano, and screen
highly active catalysts. The framework is further extended to ORR and
OER to explain the shift of the volcano apex toward clusters such as Au;;
and to identify bifunctional electrocatalysts, with Random Forest
analysis defining the electronic design rules for catalyst discovery at the
subnanometer scale.

The third objective (Chapter 4) is to investigate how solvent-dependent
fluxionality in graphene-supported Pt; and Ptg subnanoclusters
influences ORR activity under electrochemical conditions. This includes
comparing gas- and solvent-phase behavior, evaluating low-energy
metastable ensembles, analyzing adsorption, scaling relationships and
reaction mechanisms, quantifying effects of charge transfer, cluster—
support interactions and the aqueous environment, and identifying stable
oxidized phases via ab initio thermodynamics to understand how
support- and solvent-driven metastability governs catalytic performance.
The fourth objective (Chapter 5) is to develop a machine learning—based
framework to quantify the size-dependent ORR activity of graphene-
supported Pt,/G (n = 7 — 13) subnanoclusters by predicting site-

specific adsorption energetics using non—ab initio descriptors. The study
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aims to capture fluxional and non-monotonic catalytic behavior through
ensemble representation, identify key geometric descriptors responsible
for scaling-relation breaking, and elucidate support-induced structural
evolution and activity under realistic ORR conditions to guide the design
of efficient fuel cell electrocatalysts.

» The fifth objective (Chapter 6) is to identify the systems identify
systems exhibiting non-scaling behavior and develop a machine
learning—driven screening framework for heterometallic dual-atom
catalysts embedded in metal surfaces to identify optimal combinations
for bifunctional OER and ORR. By leveraging solid-state—derived d-
band descriptors, the framework aims to capture non-scaling and non-
monotonic activity trends without relying on extensive DFT calculations,
evaluate potential-dependent catalytic behavior, and elucidate the role of
d-states in governing electrocatalytic performance for fuel cell
applications.

» The sixth objective (Chapter 7) is to develop a data-driven framework
to screen late-transition-metal TMgs core—shell nanoclusters and
evaluate their bifunctional electrocatalytic performance. This includes
using geometric and electronic descriptors to identify TMgs catalysts
with the lowest bifunctional overpotential, reshaping the activity volcano
to explain apex shifts toward Au/Ag clusters, predicting two- or four-
electron pathways for selectivity control leading to the H,0, and H,0
formation, respectively. Additionally, we employed graph neural
networks models with different architectures to derive structure—
property relationships and clarify the role of d-states through electronic
analysis.

3. Thesis Chapter Contribution

The contents of each chapter included in the thesis are discussed as follows.

3.1. Introduction (Chapter 1)

This chapter provides a comprehensive introduction to fluxional behavior,

first-principles density functional theory (DFT), and a machine learning
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(ML) framework, graph neural networks (GNN). The discussion focuses on
the limitations of conventional catalyst representation through statistical
ensemble representation, while deriving the need to account for the catalytic
origins from the coexisting low-energy metastable ensemble (LEME)
states. It then discusses a combined ML and DFT framework for mapping
the activity of the nanoclusters, which is further explored in the subsequent
chapters of the thesis. Additionally, the second part discusses (a) the basics
of DFT employed for electronic structure calculations, (b) ML concepts and
techniques that are used in this thesis, and (c¢) the GNN framework used in
this thesis.

3.2. Role of Fluxionality and Metastability in Catalytic Interfaces
(Chapter 2)

Understanding the dynamic reconstruction of active sites and the fluxional
behavior of subnanoclusters is central to operando catalysis modeling. In
addition to the global minimum (GM), an accurate description of catalytic
phenomena must account for thermally accessible ensembles of metastable
isomers. Using a Pt;3 cluster as a model system for gas-phase oxygen
reduction reaction (ORR), we investigated how metastable configurations
influence catalyst dynamics and reactivity (Figure 1). Our results show that
these isomers exhibit distinct adsorption energetics and ORR activity,
underscoring the critical role of fluxionality in subnano cluster catalysis.
The mechanistic analysis identifies several metastable structures with ORR
performance comparable to the GM. Statistical ensemble treatment
highlights the significant contribution of isomers within 0.4 eV of the GM,
while higher-energy forms contribute negligibly at 300 K. Finally, ab initio
thermodynamic analysis reveals the evolving stability of Pt;3 clusters under
high oxygen coverage. Overall, the study demonstrates that metastable
isomers are essential for determining the cumulative catalytic activity of

subnanometer clusters.
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Figure 1: Schematic illustration of Pt;3 nanoclusters exhibiting fluxional
behavior during multistep ORR, represented using a statistical ensemble of
metastable structures.

3.3. Reshaping the Activity Volcano in the Subnanometer Regime
(Chapter 3)

In computational heterogeneous catalysis, Sabatier’s principle-based
activity volcano plots provide an intuitive guide to catalyst design but
impose a fundamental constraint on the maximum achievable catalytic
performance. Recently, subnano clusters have emerged as an exciting
platform, offering high noble metal utilization and superior performance for
various reactions compared to extended surfaces, reflecting a complex
structure—activity relationship in the non-scalable regime. However,
understanding their non-monotonic catalytic activity, attributed to the large
configurational space and their fluxional identity, poses a formidable
challenge. Here, we present a machine learning (ML) framework that
captures the non-monotonic trends in oxygen reduction reaction (ORR)
activity at the subnanometer scale, attributed to their dynamic fluxional
characteristics (Figure 2). We demonstrate a size-dependent shifting and
reshaping of the ORR activity volcano, with Au replacing Pt at the peak.
Leveraging only the non-ab initio geometric and electronic properties, our
trained ML model accurately captures the site-specific adsorption energies
of intermediates at the subnanometer regime. To account for the
inconsistent trend in activity, we analyzed the correlation between

electronic and geometric properties. Our findings reveal that the d-filling



and coupling matrix of the neighboring metal atom significantly influences
the intermediate adsorption on the local chemical environment compared to
the d-band center. Following this analysis, we utilized ML to map the
catalyst distribution in the activity volcano and identified the five best sub-
nano electrocatalysts, demonstrating overpotential values lower than or

comparable to the Pt (111) surface for the ORR.
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Figure 2: Schematic representation of ML-driven reshaping and mapping
of the ORR activity volcano in the subnanometer regime.

We further investigated the shift in the apex of the activity volcano from Pt
(111) and IrO> surfaces to Aui clusters for both OER and ORR to identify
promising bifunctional catalysts. Late transition metal subnano clusters,
particularly Aui, emerged as the most effective bifunctional
electrocatalyst, exhibiting markedly lower overpotentials. To understand
the governing factors, we grouped the catalysts into three clusters and
applied Random Forest Regression to assess the influence of non-ab initio
electronic features on OER and ORR activity. The analysis revealed that d-
band filling is the dominant descriptor responsible for the superior
bifunctional performance of these subnano clusters.

3.4. Ensemble Representation for Supported Clusters in Implicit
Solvent (Chapter 4)

Subnanoclusters have gained attention in heterogeneous catalysis for their
high metal utilization and strong activity. A key challenge, however, is
understanding the dynamic reconstruction of active sites under realistic
operating conditions. In this work, we present a multiscale investigation of
solvent-dependent fluxionality in Pt;, and Ptg clusters supported on

graphene, analyzed in both gas and solvent phases using an implicit
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solvation model (Figure 3). Under electrochemical conditions, the
pronounced fluxional behavior of metastable structures requires a statistical
ensemble representation of activity in addition to conventional global
minima (GM) analysis. The mechanistic study of the oxygen reduction
reaction (ORR) reveals distinct adsorption behavior, meaningful scaling
relationships, and reduced overpotential values, highlighting superior ORR
performance at the subnano scale relative to bulk and nanoclusters. We
further find that strong charge transfer, cluster—support interactions, and the
aqueous environment enhance the contribution of low-energy metastable
ensembles (LEMEs) to overall ORR activity. 4b initio thermodynamic
analysis identifies the stable oxidized phases of Pt clusters under ORR
conditions.
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Figure 3: Illustration metastability triggered reactivity in implicit solvent
medium for graphene supported Pt, and Ptg subnano clusters for ORR.
3.5. Deciphering Key Descriptors for Non-Scaling Relationships
(Chapter 5)

Subnano clusters have emerged as a promising class of electrocatalysts,
enabling efficient utilization of noble metals and superior activity for key
electrochemical reactions. However, their fluxional nature and complex
structure—activity relationships give rise to non-monotonic catalytic
behavior, making activity evaluation highly challenging. Here, we develop
a machine learning (ML) framework to assess the size-dependent activity

of graphene-supported Pt,(n = 7 — 13) subnano clusters for the oxygen
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reduction reaction (ORR) (Figure 4). Using non-ab initio descriptors, the
trained ML model accurately predicts site-specific adsorption energies of

key ORR intermediates across heterogeneous active sites.

Breaking of Scaling Relationship

Figure 4: Schematic illustration of descriptor design and revealing non-
scaling behavior assess the size-dependent activity of graphene-supported
Pt,(n = 7 — 13) electrocatalysts.

Feature-driven uncertainty quantification highlights the irregular catalytic
activity and the importance of ensemble representation, while identifying
the key geometric descriptors responsible for breaking the scaling
relationship in the subnanometer regime. Furthermore, we uncover critical
insights into the dynamics of active electrocatalysts under ambient ORR
conditions on support, showing their strong oxidative tendencies that drive
monolayer formation of intermediates. We also derive reaction networks for
the rate-determining steps, pinpointing the saturation onset point that
signals changes in binding sites.

3.6. Unraveling Scaling Relationships in Dual-Atom Catalysts (Chapter
6)

Dual-atom catalysts (DACs) have emerged as a new frontier in
heterogeneous catalysis, offering improved stability and superior
performance in key electrocatalytic reactions. However, identifying optimal
multimetallic DACs combination for a multistep reaction is challenging due
to the vast chemical space. Herein, we develop a machine learning (ML)

framework to expedite the screening of DACs, which consist of a
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heterometallic dimer embedded in the surface layer of a metal host, for
improved oxygen evolution reaction (OER) and oxygen reduction reaction
(ORR) performance (Figure 5). We encode the solid-state-derived d-band
descriptors to accurately train the ML model and effectively capture the
non-monotonic bifunctional activity on DACs, without requiring expensive
DFT calculations. Interestingly, we identify the non-scaling behaviour of
these DACs, with CoPd and CoCu dimer exhibiting superior OER and ORR
activity. Furthermore, we employ the surface charging method to evaluate
the potential-dependent activity and reveal the non-linear relationship

between catalytic activity and electrode potential.
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Figure 5: Illustration of investigating structure-activity relationships and
scaling relationships in dual-atom catalysts for fuel cell applications.

3.7. Steering Morphology Based Activity and Selectivity Relationships
(Chapter 7)

Nanoclusters engineered with atomic precision offer a promising route
toward next-generation electrode materials due to their exceptional catalytic
performance. In this work, we present a data-driven framework to screen
late-transition-metal ~ core—shell ~ nanoclusters  for  bifunctional
electrocatalysis (Figure 6). By integrating geometric and electronic
descriptors, we uncover morphology-dependent trends that govern activity
and selectivity, highlighting the importance of structural diversity in fuel
cell applications. Our analysis reveals a unique single-cluster catalyst

identity for M55 nanoclusters, where intermediate adsorption is dictated by
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the constituent metals’ electronic and elemental characteristics. Guided by
the Sabatier principle, we expose limitations of conventional numerical
methods and establish a reshaped activity volcano in which the peak shifts
from RuO, and Pt toward Au/Ag-based nanoclusters. Finally, the trained
ML model enables prediction of electrocatalysts favouring two- or four-
electron pathways, allowing rational control over selectivity between H,0,

and H, O formation.
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Figure 6: Illustration of ML-driven core-shell design of M5z nanoclusters
for pathway selectivity between H,0, and H,O formation.

4. Conclusions

This thesis develops a comprehensive and unified framework to describe
electrocatalysis in the subnanometer regime by moving beyond static,
single-structure, and bulk-inspired models. Through the integration of
global optimization, operando-relevant DFT calculations, statistical
ensemble representations, and interpretable machine learning, the work
demonstrates that fluxionality, metastable isomers, local coordination
environments, and reaction conditions collectively dictate ORR and OER
activity. Across supported clusters, bare clusters, core—shell alloys, and
dual-atom catalysts, the results reveal pronounced non-monotonic, size-
dependent, and morphology-dependent catalytic behavior, accompanied by
systematic breaking of scaling relations and shifts in volcano plot apexes.
The identification of low-energy metastable states as active contributors,
together with solvent- and support-induced restructuring, provides a

realistic picture of experimentally observed activity. Importantly, the use of
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physically motivated, low-cost geometric and electronic descriptors enables

accurate prediction of adsorption energetics and overpotentials across large

chemical spaces without reliance on expensive ab initio electronic features.

Overall, this thesis establishes metastability-triggered, data-driven catalyst

design as a general and transferable strategy for discovering efficient

electrocatalysts beyond the traditional volcano paradigm.
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CeO,-supported Pt;3 clusters obtained under
vacuum and aqueous conditions, along with
configurations on the CeO, surface after 10 ps of
AIMD simulation. Cerium atoms are shown in light
yellow, oxygen in red, platinum in cyan, and
hydrogen in white

(Top)  Temperature-programmed  desorption
measurements for the dehydrogenation of
deuterated ethylene on size-selected Pt, clusters
supported on Al,0;. The observed variation in
reactivity is attributed to the availability of highly
active metastable configurations in Pt-, in contrast
to Ptg, which is dominated by a single global
minimum structure. Py, denotes the population of
a specific isomer at 300 K, while AQ represents the
support-to-cluster charge transfer obtained from
Bader analysis. The blue arrow indicates the
experimentally observed influence of cluster
boration on catalytic performance, where reduced
activity  corresponds to suppressed coking
(copyright). (Bottom) Computational modeling of
coking trends captures the experimentally observed
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Figure 1.5

Figure 1.6

Figure 1.7

Figure 1.8

boration, but only at elevated temperatures, where
the cluster ensemble broadens to include metastable
states.

Three local minima structures of Pt;3H,¢ that can
catalyze methane activation. The activation
energies (E, [eV]) and the relative contribution to
the reaction rate (rectangle bars) are shown for
these three structures. The weighted reaction rate
constant is given with a reference of 1 X 102 at
400°C.

Side and top views of energetically stable CO,
adsorption geometries on the pristine anatase
TiO,(101) surface decorated with Pt hexamers
(PH). Oxygen atoms are shown in red, carbon in
black, titanium in blue, and platinum in green.
Labeled values correspond to interatomic distances
in A.

Calculated relationships between the adsorption
energies of (a) O—OH, (b) O—OOH, and (c) OH—
OOH on gas-phase Pt, clusters (n = 1-6),
considering cases with one or two co-adsorbed
species. Results obtained using the PBE functional
are shown in blue, while PBEO data are shown in
red. Weak correlations arise from structural
rearrangements of the clusters and changes in
preferred adsorption sites.

Prof. Rod Barlett’s wedding cake (nuclei) and flies
(electron) analogy to explain the Born-
Oppenheimer approximation.

Comparative illustration of many-body and DFT

perspectives.
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Chapter 2
Figure 2.1

[lustration of interacting and non-interacting
many-electron systems having the same ground-
state electron density.

Flow chart of the self-consistent loop for the
solution of Kohn-Sham equations.

Schematic diagram showing K-fold (K = 10) cross-
validation.

Schematic illustration of the black box model and
explainable Al interpreting the decision behind ML
prediction.

Schematic illustration of a graph neural network
(GNN). The graph is represented by nodes and
edges encoding atomic or structural features.
Through iterative message passing, information is
exchanged between neighboring nodes and node
representations are updated. A readout operation
aggregates node-level embeddings to produce
either node-level or graph-level outputs.
Architecture of the crystal graph convolutional
neural network model.

Architecture of the atomistic line graph neural
network model.

Architecture of the global attention graph neural

network model.

Relative energies (eV) and corresponding
geometries of the isomers that form the low-energy
metastable ensemble (LEME) identified from
global optimization. The global minimum (GM) is

taken as the reference at 0 eV.
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Figure 2.3

Figure 2.4

Figure 2.5

Figure 2.6

Figure 2.7

Figure 2.8

Generalized coordination numbers (GCN) of
metastable isomers within 0.8 eV of the global
minimum obtained from global optimization of the
Pt,5 cluster. The GCN of the GM is highlighted.
Most stable adsorption configuration of ORR
intermediates on global minima of Pt;; clusters.
The colors gray, red, and pink represent platinum,
oxygen, and hydrogen atoms, respectively.
Adsorption energy of ORR intermediates on global
minima (GM) and different local minima (LM)
corresponding to its most stable binding sites.
Scaling relationship between (a) O* and OH*
adsorption energies and (b) OH* vs OOH*
adsorption energies. The isomers are represented by
their respective colored mentioned in the figure.
Free energy diagrams of ORR elementary steps on
the GM of the Ptis cluster via (a) the associative
pathway and (b) the dissociative pathway at applied
potentials of 0 and 1.23 V. The overpotential
corresponding to the rate-determining step (RDS)
at 1.23 V is indicated by the blue arrow. The
asterisk (*) denotes surface-adsorbed species.
Normalized weighted contribution of different
metastable isomers in overall ORR activity
representing ensemble-averaged ORR activity of
Pt,5 clusters.

Ab initio thermodynamics analysis representing
second-order phase diagrams of (a) GM, (b) LM2,
(c) LM3, and (d) LMBS for different coverages of the

Pt,; cluster, respectively.
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Chapter 3
Figure 3.1

Figure 3.2

Figure 3.3

Schematic illustration of the ML framework to
screen the active electrocatalysts for ORR at the
subnanometer regime. The four streamlined
processes include (1) the generation of adsorption
energy database of *O, *OH, and *OOH intermediate
across different transition metals subnano clusters,
(2) feature space design to encode the structure-
activity relationship of the local chemical
environment of subnano clusters, (3) ML model
evaluation and interpretability, and (4) screening
and DFT validation of the best electrocatalyst.

Initial Database Generation: (a) A cropped section
of the periodic table representing the transition
metal (TM,) subnano clusters selected across 3d,
4d, and 5d series within the size range (n) of 7-15.
Pink blocks denote the excluded TM,,, (b) distinct
top and bridge positions (S) considered for
intermediate adsorption, (c) bond-length (1)
between the intermediate and the adsorption sites
on M, subnano clusters. Range of adsorption
energy distribution for (d) E.,, (¢) E, ., and (f)

E demonstrating variations specific to

*OOH’
different sizes and transition metal series in eV. The
green and brown solid horizontal lines represent the

E..,E and E for Pt (111) surface and Pt,q

*0° T*OH’ *OOH
nanocluster, respectively, for comparison with bulk
systems and undercoordinated subnano clusters.

Workflow of screening criteria to extract active
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Figure 3.4

Figure 3.5

Figure 3.6

electrocatalysts for ORR from the adsorption
energy database following the Sabatier principle.

Feature-feature and feature-output correlation
matrix displaying (a-c) Pearson’s correlation
coefficient (PCC) and (d-f) Spearman’s correlation

coefficient (SCC) forE, , E and E

+0» Exopo +oon datasets
in eV. The scale on the right represents the range of
correlation coefficients.

Evaluation of ML Models performance: Mean
absolute error (MAE), root-mean-squared error
(RMSE), and coefficient of determination (R?
score) for CR, GBR, ABR, RFR, and KRR with (a)

E.,, (b) E and (c) E datasets in eV. The

*OH’ *OOH

best-performing model for each intermediate is
marked in the rectangular pink-colored box. Parity
plots comparing the DFT-calculated and ML-

predicted (d) E., (¢) E and (f) E values by

*OH’ *OOH
the best-performing models.

SHAP analysis: Global interpretation of the best-
performing models for extracted features in
predicting (a) E (b) E and (¢) E

*0° *OH’ *OOH"*
Beeswarm plot that displays an information-dense
summary of how the most important features affect
the prediction of (d) E., (¢) E.,, (f) and E,,,
respectively. A solitary dot on the feature row
represents each datapoint with its SHAP value on
the x-axis. The color gradient along the y-axis
represents the feature values, ranging from low

(white) to high (blue).
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Figure 3.7

Figure 3.8

Figure 3.9

Figure 3.10

Linear relationship between the DFT calculated and
ML predicted overpotential values (n) for the
screened catalysts. The intersection of green and
blue dashed lines corresponds to the n values of Pt
(111), i.e., 0.45 V, serving as a reference point to
screen the best five catalysts with higher catalytic
efficiency, represented within the red circle.
Construction of volcano plots for ORR activity
using (a) DFT-calculated, and (b) ML-predicted
n values in Dataset-3. Catalysts positioned at the
apex outperform the Pt (111) surface (marked
horizontally in brown color) at the subnanometer
regime with the lower m values. The reaction
energy diagram for Auy;, Pt;y, and Aug ORR
catalysts at (¢) 0 V and (d) 1.23 V, respectively.
The partial density of states (PDOS) and charge
density difference (CDD) plots for (a) Aug, (b)
Pt,o, and (¢) Auy; during adsorption of *O, *OH,
and *OOH. The Fermi level and the d-band center
were represented by Ef and g5, respectively. In
CDD plots, the pink and green regions represent
charge accumulation and depletion, respectively
(isosurface = 0.006 e/bohr’), where the numeric
values indicate the charge transfer quantified
through the Bader charge analysis in |e| units. The
bond length (I) between the intermediate and local
adsorption sites is represented in blue for each
optimized configuration.

Schematic illustration of our DFT framework for
screening active bifunctional electrocatalysts for

OER/ORR activity in the subnanometer regime.
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Figure 3.11

Figure 3.12

The four streamlined processes include (a)
investigating adsorption energies (E,qs) of
principal OER/ORR intermediates across different
transition metal subnano clusters of varying sizes
(TM,), (b) investigating the scaling relation
between OER/ORR intermediates, (c) screening
active bifunctional catalysts, and (d) deriving a
correlation between electronic descriptors and
OER/ORR activity.

Adsorption energy trends of *O, *OH and *OOH
(b) E and (c) E

intermediates: (a) E on

*0° *OH *OOH
the investigated TM,, subnano clusters, represented
by circles. The colors represent different-sized
subnano clusters (n = 7-15), as denoted in the
legends. The vertical lines separate the 3d, 4d, and
5d transition metals, and the solid lines connecting
the different dot markers are guides for the eye. The
pink and green dotted horizontal lines represent the
adsorption energy of intermediates on the Pt (111)
surface and Pt;9 nanoclusters, respectively, for
comparison with the bulk surfaces.

Scaling relationship between (a) E, vs.E and

(b) E

*OH

vs. E for different-sized TM,, subnano

*OH *OOH
clusters. The sizes are represented in colors on the
top panel. The coefficient of determination (R?) and
linear fit equations representing the slope of the
best-fitted line corresponding to each size range are

shown in the plots.
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Figure 3.13

Figure 3.14

Figure 3.15

Figure 3.16

Figure 3.17

Scaling relationship between (a) E, vs E and

(b) E

*OH,

vs E for different-sized TM,, subnano

*OH *OOH

clusters.

Activity heap maps for (a) OER, and (b) ORR
activities across different catalysts. The numeric
values correspond to the overpotential values (1) of
the rate-determining step (RDS) calculated at 1.23
V to measure the catalytic activity. The scale on the
right represents the range of n values, where light
orange and yellow represent higher activity, and the
dark color represents lower activity.

Free-energy diagrams of OER elementary steps at
(a) 0 V and (b) 1.23 V, and ORR elementary steps
at(c)0Vand(d)1.23 V.

Trends of bifunctional activity across 3d, 4d, and

5d TM, subnano clusters, computed as ng, =

Nogr T MNogrgr- 1 he solid lines connecting different
dot markers are guides for the eye, representing
different sizes and elements. The colors represent
different-sized subnano clusters (n = 7-15), as
denoted in the legends. The active and inactive
bifunctional catalysts are enclosed within green and
red circles, respectively.

(a) Distribution of OER and ORR overpotential
values (1) to screen active bifunctional catalysts.
(b) Feature-feature and feature-output correlation
matrix displaying Pearson’s correlation coefficient
(PCC) for OER and ORR datasets. The scale on the

right represents the range of correlation, where the

yellow and black colors represent perfect positive
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Figure 3.18

Figure 3.19

Chapter 4
Figure 4.1

Figure 4.2

Figure 4.3

and negative correlations, respectively. Feature
importance for (c) OER and (d) ORR activity.
E

Distribution analysis between (a-c) E and

*0? *OH?

E and Ig4¢, and (d-f) E.or Euon, and E and

*OOH *OOH

€q.-

Partial density of states (PDOS) for *O, *OH and
*OOH adsorbed Au,;; bifunctional catalysts. The
Fermi level at 0.00 eV is represented as (Ef). The
inset  represents the  stable  adsorption
configurations of the reaction intermediates onto

Au,; subnano clusters

Thermally accessible structures within 0.4 eV of
the global minimum (GM) for (a) Pt;/G and (b)
Ptg/G. Each isomer is labeled with its relative
energy difference from the GM (in eV), where zero
denotes the GM.

Thermally accessible isomers of Pt;/G (LMS5-
LM16) with non-zero thermal population, within
0.4 eV energy difference from GM. Structural
isomers are represented by their relative energy
difference from GM (in eV).

Variable trend of adsorption energy of ORR
intermediates on global minima (GM) and local
minima (LM) of (a) Pt;/G and (b) Ptg/G,
corresponding to their most stable adsorbate-
binding configuration. The adsorption values
corresponding to each point in the plot are tabulated

in Table 4.2.
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Figure 4.4

Figure 4.5

Figure 4.6

Figure 4.7

Free-energy diagrams of ORR elementary steps for
isomers of (a, b) Pt;/G and (c, d) Ptg/G at 0 V
applied potential via the associative and
dissociative pathway, respectively. Here, sign *
represents surface-adsorbed species.

Statistical ensemble-averaged ORR activity of (a)
Pt,/G and (b) Ptg/G isomers. The lowest negative
(or the highest positive) value
of Kyeighted represents the maximum contribution
toward ORR activity. The bar graphs represent the
logarithm values of the normalized weighted
contribution  (Kyeighteq) Of different isomers
toward overall ORR activity, and the star marks
correspond to the activation energy barrier (E,) of
thermodynamic RDS of ORR for each isomer
within our constructed ensemble.

(a) Free-energy change (AG) in the gas and solvent
phases for an associative pathway at 0 and 1.23 V
for GM of Pt;/G. (b) Free-energy change (AG) in
the gas and solvent phases for an associative
pathway at 0 and 1.23 V for GM of Ptg/G. (c)
Comparison between the statistical ensemble-
averaged activity of Pt;/G and Ptg/G isomers in
the gas and solvent phases.

Ab initio thermodynamic analysis of the *O
coverage of low-energy isomers. Second-order
phase diagram of (a) Pt;04 (x= 1-7) and (b)
PtgO, (x= 1-8) stable isomers supported on

graphene. For each isomer, the stable configuration
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Figure 4.8

Chapter 5
Figure 5.1

Figure 5.2

of O* coverage under ambient ORR conditions is
also represented.

(a) Schematic representation of the ORR
mechanism on the stable phase of oxidized Pt
clusters; (b) overpotential values (1) for the most
stable oxidized isomers (Pt, 0, Pt;04, Ptg0g, and
PtgOg) in the gas and solvent phases; and (c) the
thermodynamic rate-determining step (RDS) of
ORR along with their overpotential values for
Pt,04 and PtgO, isomers in the gas and solvent

phases.

Machine learning (ML) framework for catalyst
discovery. The workflow consists of four
streamlined steps: (1) global optimization of
graphene-supported Pt ,(n =7 —13) subnano
clusters to identify relevant global and local
minima, followed by construction of an adsorption
energy database for *O, *OH, and *OOH
intermediates using DFT calculations; (2) feature
space design to encode elemental, geometric, and
electronic descriptors that capture the local
coordination environment and structure-activity
relationships in the subnanometer regime; (3) ML
model evaluation and interpretability; and (4)
uncertainty quantification, DFT validation, and ab
initio phase diagrams under higher intermediate
coverage and derivation of reaction networks.

Energy distribution from global optimization. (a)
Isomeric energy distribution of the global minima

(GM) and local minima (LMs) of Pt, /G (n =7 —
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Figure 5.3

Figure 5.4

13) sampled in this study, with each state’s energy
referenced to that of the GM (Q=E;y—
Egm, in eV). The number of configurations for each
size regime is indicated above the corresponding
distribution. The horizontal dashed line indicates
the Boltzmann cutoff at ) = 0.4 eV. (b) Boltzmann
distribution of all unique structures within 0.4 eV
of the GM, representing the most accessible states
for the neutral systems. (c¢) Side and top views of
the most stable GM configurations for each cluster
size, highlighting the size-dependent structural
variations of these subnano clusters. The
geometries of the LM states for each size regime,
utilized to construct our ensemble representation
within a Q = 0.4 eV difference for the ML-DFT
analysis, are provided in Figure 5.3.

Low-lying local minima configurations of Pt,/
G (n = 7 — 13) subnanoclusters and their relative
energies (RE) with respect to the global minimum
(ineV).

Database generation for intermediate adsorption.
(a) Adsorption energy distribution (E 45, in €V) of
key ORR intermediates (*O, *OH, and *OOH) on
Pt, /G subnano clusters (n = 7-13), sampled across
global minima (GM) and low-lying local minima
(LM) structures. The variations reflect sensitivity to
cluster size, isomeric distribution, and coordination
environment. (b) Distribution of E,4¢ for the most
stable single-intermediate configurations across
GM and LM isomers within 0.4 eV of the GM,

based on Boltzmann statistics. (c) Side-view
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Figure 5.5

Figure 5.6

Figure 5.7

representations of the most favorable adsorption
configurations for *O, *OH, and *OOH on GM
structures of Pt,/G clusters, where adsorbed
species are denoted with an asterisk (*). Platinum,
oxygen, and hydrogen atoms are shown in grey,
red, and pink, respectively. (d) Schematic
representation of the screening strategy used to
extract optimal E,4 values for "0, *OH, and
*OO0H following the Sabatier principle, enabling
identification of promising ORR electrocatalysts.

(a-c) The Pearson Correlation Coefficient (PCC)
and (d-f) Spearman’s correlation coefficient (SCC)

matrix for E, ., E and E where the colour

*0? *OH? *O0OH?

gradient encodes the strength and direction of the
correlations, ranging from strong positive
correlation (+1) to strong negative correlation (—1).
ML model training and evaluation. Mean absolute
error (MAE), and root-mean-square error (RMSE)
for KRR, XGBR, RFR, ABR, ETR, GBR, and CR

models using (a) E, ., (b) E and (c) E

*0? *OH? *OOH

datasets (eV units). The best-performing model for
each intermediate is highlighted in bold. Parity
plots comparing DFT-calculated and ML-predicted

values for (d) E,, (¢) E and (f) E obtained

*OH? *OOH?

from the respective best-performing models.

Scaling Relationships Analysis for Pt, /G (n = 7 —
13) subnano clusters. Panel (a) and (b) show the
ML-predicted scaling relationships between E, | vs.

E,,n and E, ., vs. E, ., respectively. The

coefficient of determination (R?) of the best-fitted
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Figure 5.8

Figure 5.9

line is displayed on the right side of each plot.
Panels (c¢) and (d) present the corresponding DFT-

predicted scaling relationships for E,  vs. E, , and

*OH

E,. . vs.E respectively.

*OH *OOH?
Quantitative Evaluation of Uncertainty in the
Dataset (a-d) Training and testing RMSE and MAE
values of the GBR model upon systematic
exclusion of individual cluster sizes. The shaded
bar highlights the minimum error observed for
different intermediates when Ptg/G clusters are
excluded from Dataset-2 (denoted as €g). (e) Bar
plots showing the variance contributions in the
GBR model across cluster sizes, based on
descriptor-driven cluster behavior within the
optimal E_ 45 window (-4.92 <E_qs <-1.23 eV). (f)
Quantification of geometric feature-based variance
in the Ptg /G isomers dataset.

SHAP Analysis: Global interpretation of the best-
performing models for predicting the adsorption
(b)E and (c) E

energies of a) E The top

*0° *OH’ *OOH"
row shows bar plots of mean absolute SHAP
values, indicating the average importance of each
feature in the model's predictions. The bottom row

(d—f) presents beeswarm plots for (d) E, ., (¢) E

and (f) E

*0? *OH?

*OOH? illustrating how individual feature
values affect model outputs. Each point represents
a sample, with its SHAP value plotted on the x-axis.
The color gradient along each feature axis reflects
the actual feature value, ranging from low (cyan) to

high (magenta)
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Figure 5.10

Figure 5.11

Figure 5.12

Correlation between DFT-calculated and ML-
predicted overpotential (1) values for the screened
catalysts. The two faded dashed grey lines intersect
at 1 = 0.92 V, corresponding to the benchmark
overpotential of Pt(111) (faded grey dashed line)
and serve as a reference for identifying top-
performing catalysts. The five most catalytically
efficient candidates exhibiting lower overpotentials
in both methods are highlighted within the dark
pink circle

ORR volcano plot and activity mapping. Volcano
plots showing the ORR performance of subnano

clusters based on (a) DFT-calculated overpotentials

DFT

ML
(Morr

) and (b) ML-predicted overpotential (ngr

for electrocatalysts in Dataset 3. Catalysts near the

apex, located at the intersection of the dual-gradient

DFT
ORR

ML

ORR values,

bands, exhibit the lowest and n

indicating high ORR activity. The horizontal
dashed line represents the overpotential of the
Pt(111) surface (n = 0.92 V), taken from our
previous investigation for comparison. Panels (c)

and (d) show bubble plots of DFT-calculated ngg};

and ML-predicted nl\O’IIL“R values, respectively,

across different cluster sizes and isomers.

DFT-calculated and ML-predicted E, , E and

*OH)

E (in eV) of the five most promising catalysts.

*OOH

The overpotential values (n) for the
thermodynamically rate-determining step (RDS),

calculated by combining the E, , E and E

*0°> T*OH? *OOH

values in DFT and ML datasets in Dataset-3 for an
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associative pathway. The n values of the best
catalyst were calculated through the computational
hydrogen electrode (CHE) model, tabulated in
Table 5.4.

Figure 5.13  4p initio thermodynamic analysis. Phase diagrams

Figure 5.14

Chapter 6
Figure 6.1

for active isomers illustrating the evolution of
stable *O coverage configurations. Panels (a-g)
correspond to Pt;04 (x = 1-7), Ptg04 (x = 1-8),
PtgOy (x = 1-9), Pt;,04 (x = 1-10), Pt;; 04 (x = 1-
11), Pt;,04 (x = 1-12), and Pt;304 (x = 1-13). For
each cluster size, the most stable high-coverage
geometries under ambient ORR conditions are
shown alongside the corresponding phase diagram.
Reaction energy diagram at higher *OH coverage
(Bon)- Schematics of the hydroxylation process on
the active Pt,/G cluster catalyst leading to
complete monolayer *OH coverage: Pt,;OH, (x =
1-7), PtgOH, (x = 1-8), PtyOH, (x = 1-9), Pt;,OH,
(x = 1-10), Pt;;OH; (x = 1-11), Pt;, OHy (x = 1-
12), and Pt;30H, (x = 1-13). For each cluster size,
the most stable high-coverage geometries and their
reaction networks (e.g., Pt,OH, and Pt,,OH,, ;)
are shown alongside the corresponding reaction

energy diagram.

Workflow of the machine learning framework used
to screen active dual-atom catalysts (DAC)
electrocatalysts for the OER/ORR. The process
involves: (1) building an adsorption energy
database for *OOH, *O, and *OH intermediates on

different transition-metal DACs and designing
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Figure 6.2

Figure 6.3

features to capture their local chemical
environment, (2) evaluating and interpreting ML
models, and (3) predicting, screening, and
establishing scaling relationships among key
intermediates.

Input Dataset Curation for ML Model Evaluation.
(a) Schematic of the heterometallic dual-atom
catalyst (DAC) systems studied on the Pt (111)
surface, featuring different transition metals (TMs)
at the active sites. A cropped periodic table
highlights the selected elements, where M atoms
(M = Fe, Co, Ni, Cu, Pd, and Pt) are fixed and
outlined with black boxes, while M’ spans across
the 3d, 4d, and 5d series. Empty blocks indicate
TMs not included in this study. (b) Reaction
scheme for ORR and OER demonstrating the end-
on adsorption configurations of the key
intermediates (*OOH, *O, and *OH) on DAC
active sites. (c-¢) Adsorption energy (E,q5) profiles
of *OOH, *O, and *OH across the MM'Pt
combinations, with solid lines connecting the
markers acting as a visual guide. The alongside
density plot illustrates the distribution of adsorption
energies across all evaluated DACs, with the peak
regions highlighted in grey shade.

(A) ML Models Training and evaluation: Mean
absolute error (MAE), root-mean-square error
(RMSE), and coefficient of determination (R?) for
CR, GBR, ETR, ABR, RFR, XGBR, and KRR
models using (a) E.oon, (b) E.q, and (c) E.on

datasets (in eV). The best-performing models for
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Figure 6.4

each intermediate are outlined with a rectangular
dotted box, with their performance metrics marked
in bold. Parity plots comparing DFT-calculated and
ML-predicted (d) E.oon, (€) E.q, and (f) E,on
values are shown for the best-performing GBR
model. (B) ML Models Explainability and
Interpretability: Global interpretation of the best-
performing models for extracted features in
predicting (g) E.,,,, (h) E.,, and (i) E,,.
Beeswarm plot that displays an information-dense
summary of how the most important features affect

the prediction of (j) E (k) E.,, ) and E, ;. A

*OOH? *0?
solitary dot on the feature row represents each
datapoint with its SHAP value on the x-axis. The
color gradient along the y-axis represents the
feature values, ranging from low to high.

(A) OER and ORR activity plot. Distribution of
overpotentials for OER and ORR activity derived
from (a) ML-predicted (n&ER, n&ER), and (b) DFT-

calculated (nggg, T]BETR) screening.  The

intersection of the horizontal and vertical dashed
lines indicates the low-overpotential regions,
serving as a reference point to identify active
bifunctional electrocatalysts from the ML and DFT
dataset. Radar plots represent the predicted (c)

noER and (d) nORR values from the trained GBR

model for late-transition metal-based DACs (M =
Ag, Au, Ir, Os, Rh, and Ru) included as the unseen
dataset. (B) Electronic States Analysis. Partial
density of states (PDOS) for key OER/ORR
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Figure 6.5

Figure 6.6

Figure 6.7

Figure 6.8

intermediates of (e-g) CoCuPt and (h-j) CoPdPt,
with Fermi level represented by Ey. Insets represent
the charge density difference (CDD) plots of the
cropped surface motifs of the active
electrocatalysts, where pink and green denote the
regions of charge accumulation and depletion,
respectively (isosurface = 0.0025 eVA~3). The
numeric values correspond to the charge transfer
estimated from Bader charge analysis, reported in
le| units.

ML-predicted and DFT-calculated adsorption
energies of the best three electrocatalysts for the
OER and ORR processes. The overpotential values
(m) for the thermodynamically rate-determining
step (RDS) were determined by combining the
adsorption energies of *OOH, *O, and *OH
intermediates obtained from both DFT and ML
datasets, following the associative pathway.
Reaction energy diagrams for OER and ORR
mechanisms of the top five bifunctional
electrocatalysts at 0 V and 1.23 V, respectively.
Correlations between intermediates and OER/ORR
activity. The scaling relationship between the (a-c)
E.o vs E.on, and (d-f) E,og vs E,oog of MM'Pt.
Relationship between (g-i) E.q vs n&liR, and (j-1)
E.o vs n&ER of MM'Pt.

Potential-dependent activity. Adsorption energies
of *OOH, *O, and *OH intermediates for (a)
CoPdPt and (b) CoCuPt as a function of applied

potential (vs. SHE). Reaction energy diagrams for
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Chapter 7
Figure 7.1

Figure 7.2

(c) OER and (d) ORR of the best performing
electrocatalyst at 1.23 V.

Schematic illustration of the ML framework for
screening active bifunctional electrocatalysts for
OER/ORR in core-shell TMs5 nanoclusters with an
icosahedron (ICO), face-centered cubic (FCC),
wheel-type (WHE), and distorted-reduced core
(DRC) geometries. The framework involves four
streamlined processes: (1) Generation of adsorption
energy database for *O, *OH, and *OOH
intermediates across nanoclusters with various
geometries and compositions, (2) Designing feature
space to encode structure-activity relationships of
the local chemical environment of core-shell TMsg
nanoclusters, with subscripts 1 and 2 referring to
features of the shell and core atoms, respectively,
(3) Evaluating and interpreting the ML model, and
(4) Validation and screening of electrocatalysts
using DFT and ML predictions, based on reaction
energies and overpotential at 0 V and 1.23 V, where
the horizontal black line represents the neutral
catalyst. The framework highlights identifying
bifunctional electrocatalysts with DFT-calculated

(ngg};,ngg};) and ML-predicted (nl\o’[::“R,nl(\)%R

overpotential values for OER and ORR.

(a) Most stable geometries of the putative global
minimum DFT-PBE configurations (pGMC) of
TM;ss nanoclusters (TM = 3d: Co, Ni, Cu; 4d: Rh,
Pd, Ag; 5d: Ir, Pt, and Au), (b) Coordination

environments of different structural motifs, with
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Figure 7.3

Figure 7.4

each atom colored by its coordination number (CN)
ranging from 4 to 12, and the average metal-metal
bond distance M — M in A, and (c) Variations in
core-shell geometries of TMj5 nanoclusters with
core atom occupancies (M) of 7, 9, 10 and 13 for
different TMs5 nanoclusters.

(a) Schematic illustration of the elemental
composition of the core and shell of the closed-shell
TM;5 (TM = Co, Ni, Cu, Rh, Pd, Ag, Ir, Pt, and Au)
across different structural motifs (ICO, FCC, WHE,
and DRC), where the empty blocks denote the
excluded transition metals from the core, (b)
Distinct hollow and top positions considered for
single-intermediate adsorption. Note that the
distorted  geometries  representing  surface
segregation were removed from our dataset, (c)
Range of adsorption energy (E,q5) distribution for
*QO, *OH, and *OOH intermediates, demonstrating
variations specific to different core-shell TMgg
nanoclusters alloys, and (d) Screening criteria for
E.qs of *O, *OH, and *OOH following the Sabatier
principle to identify active OER, ORR, and
bifunctional electrocatalysts.

Performance evaluation of machine learning (ML)
models: root mean squared error (RMSE in eV) for
KRR, XGBR, RFR, ABR, ETR, GBR, and CR

models for (a) E,_, (b) E and (c) E for

*0° *OH? *OOH

training and testing datasets. Parity plots comparing

DFT-calculated and ML-predicted values for (d)
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Figure 7.5

Figure 7.6

Figure 7.7

E.,, (¢) E and (f) E using the best-

*OH’ *OOH

performing GBR model.
SHAP Analysis: Global interpretation of the best-
performing ML models for extracted features in

predicting (a) E,_, (b) E and (c) E The

*0° *OH’ *OOH"*

Beeswarm plot displays an information-dense
summary of how the most important features affect

the predictions of (d) E,,, (¢) E and (f) E

*0° *OH? *OOH"
A solitary dot on the feature row represents each
data point with its SHAP value on the x-axis. The
color gradient along the y-axis represents the
feature values, ranging from low to high.

Distribution plot of overpotential for catalysts in

OER (nji) and ORR (nyg), derived from ML-

based screening. The intersection of the dark and

ML

light blue lines indicates catalysts with low nJen

ML

and NoRR?

serving as a reference point for

identifying active bifunctional electrocatalysts,
highlighted within the blue circle. The blue
horizontal and wvertical lines indicate our
theoretically computed overpotential values for
ORR (0.55 V) and OER (0.62 V), corresponding to
the Pt (111) and RuO; (110) surfaces, respectively

Reaction energy diagrams for OER and ORR
mechanisms of the top five bifunctional
electrocatalysts at (a) 0 V and (b) 1.23 V,

respectively.
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Figure 7.8

Figure 7.9

Figure 7.10

Figure 7.11

DFT-calculated and ML-predicted E, , E,,, and

*0?

E (in eV) for the top five bifunctional

*OOH
electrocatalysts. The ML-derived overpotential

values for OER (mML) and ORR (n’(‘)“;'zR )

OFR
determined from the thermodynamically rate-
determining step (RDS), were derived using the
adsorption energies from the ML dataset (Dataset-
3).

Reaction energies (in eV) for the elementary steps
of the ORR on the bulk Pt (111) surface as a
function of Ugg (ranging from 0 to 6 eV) at 1.23 V
(equilibrium potential). Adsorbed species are
denoted with an asterisk (*), while species without
the asterisk represent the bare Pt (111) surface.

Selectivity plot illustrates pathway preference for

ORR (ngrp) and H,0, (”?ffoz) formation,

classifying catalysts into two dominant pathways.
Catalyst sizes are scaled by activity strength,
annotated with key properties, and compared
against a diagonal benchmark line indicating equal
activity.

Schematic illustration of the GNN workflow. The
process involves: (A) encoding adsorption of a
single intermediate on bare bimetallic TMsg
nanoclusters alloys into three GNN architectures -
crystal graph convolution neural network
(CGCNN), atomistic line graph neural network
(ALIGNN), and deeper global attention graph
neural network (DeeperGATGNN), to predict the
adsorption energy (E,q5) of *OOH, *O, and *OH

308

309

310

311



Figure 7.12

intermediates. (B) Prediction of E, 4 from the best
GNN model comparing the GNN-predicted
overpotential values (nSRR) and DFT-calculated
overpotential values (nSkk) for ORR. The model
interpretability includes deriving the complex-
relationships between the d-band descriptors and
n&RN. Statistical analysis including unsupervised
clustering-based  analysis to  derive the
morphology-based ORR activity.

Curation of the Input Dataset for GNN Models
Evaluation. (a) Schematic illustration of a closed-
shell TM5g nanoclusters (TM = Co, Ni, Cu, Rh, Pd,
Ag, Ir, Pt, and Au), featuring diverse geometries
including ICO, FCC, WHE, and DRC motifs. (b)
Geometric arrangements and elemental
composition at the core of the TMgs nanoclusters,
with empty cells indicating core-composition
excluded from this study. (¢) Violin plots depicting
E and E

the distribution of E across

*0? *OH? *OOH
various core-shell TMgs combinations, in eV units.
The distributions are estimated using Gaussian
kernel density estimation (KDE), and the
accompanying  heatmaps  summarize  the
compositional overview of adsorption energies
(E,qs), With a color gradient representing the range
from highest to lowest values. Note that the
blacked-out entries indicate the data points
excluded from the analysis due to significant
structural  distortions following intermediate

adsorption.
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Figure 7.13

Figure 7.14

Figure 7.15

Comparative Evaluation of GNN models: CGCNN,
ALIGNN, and DeeperGATGNN on nanocluster
datasets. (a-c) Training loss curves over 2500
epochs, illustrating convergence behaviour and
learning stability across different architectures. (d-
f) Scalability comparison analysis across model-
specific parameters, where overall lower MAE
values (in eV) reflect higher predictive accuracy
and robustness. (g-1) Parity plots comparing
predicted and DFT-calculated adsorption energies
for training, testing, and validation sets, with test set
mean absolute error (MAE) values are annotated to
highlight each model’s generalization performance.
Parameter study of GNN models. (a) MAE vs Batch
Size, (b) MAE vs GC Layers, (c) MAE vs Learning
Rate, (d) MAE vs Training Ratio, and (¢) MAE vs
Model Specific parameters, for CGCNN,
ALIGNN, and DeeperGATGNN models. All the
experiments are done using a minimum of epochs
and 5-fold cross-validation on the overall datasets.
Activity comparison for transition metal clusters.
Radar plots showing variations in
DeeperGATGNN-predicted ORR overpotentials
mSRR) at 1.23 'V for different core-shell
compositions:  (a)  3d: Coy,M;3,  NigMys,
CugzMy3, (b) 4d: RhysMy g, PdssMyg, Ag42 M3, (€)
5d: Ir,gM,, Pt,gMy, and AuygM,. Elements
labelled in the legends and circles indicate shell and
core compositions, while vertical lines show the
range of predicted nSXN. Note that nanocluster

(NC) electrocatalysts excluded from the dataset are
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Figure 7.16

marked by nSRR = 0.00 V. Kernel density
estimation (KDE) plots illustrating the correlation
between electronic descriptors and nSRR : Coupling
matrix vs N3RN for (d) 3d: Co,My3, NigpMys,
Cugy M3, (e) 4d: RhysMyg, PdysMyg, AgyoMis,
and (f) 5d: Iry,gM,, Pt,cMg, and Au,gM,; d-band
center vs RN for the same metal groups are
represented in (g-1). KDE contours represent
smoothed density distributions, highlighting
regions of high data concentration in descriptor-
overpotential space. Marginal histograms display
distribution trends of individual variables, offering
insight into  underlying  structure-activity
relationships.

Statistical analysis of ORR activity. (a) Scatter plot
comparing GNN-predicted ORR overpotentials
n&RN with DFT-computed values nB&k for various
core-shell nanocluster configurations. Each marker
represents a unique nanocluster, and the orange and
blue dashed lines indicate the benchmark
overpotentials of Pt(111) from DFT and GNN,
respectively. The shaded orange region highlights
catalysts outperforming Pt(111) by both methods.
(b) Pearson correlation coefficients showing
relationships among input features and their
correlation with E,;; and mBEk. (c) t-SNE
projection of NC alloys coloured by Cluster ID,
illustrating distinct zones corresponding to high and

low-overpotential (1) catalysts based on E, 45 and

nokk. (d) Silhouette score analysis used to
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Figure 7.17

Chapter 8
Figure 8.1

determine the optimal number of K-means clusters
applied to t-SNE reduced data. The maximum score
(~0.65) is achieved at K = 4, indicating the optimal
clustering configuration.

Electronic structure analysis: Partial density of
states (PDOS) analysis of (a) Pd,s5Sc,y, and (b)
Pd4sNbyg, during *OH adsorption involved in the
RDS at 1.23 V. The Fermi level, d-band center, and

p-band center are represented by E, egd, and g,

respectively. (c) Crystal orbital Hamilton
population (COHP) analysis of the Pd-O bond of
Pd,sScy, (filled in red), and Pd,sNby, (filled in

green). (d) Comparison of ?Ed, % and integrated
crystal orbital Hamilton population (ICOHP) of
Pd,sScy4, and Pd,sNb,, electrocatalysts.

Schematic illustration of the proposed framework
for exploring ON/OFF catalytic states in ligand-
protected gold nanoclusters. The scheme highlights
ML-driven accelerated dynamics for capturing
ligand passivation and depassivation, atomistic
insights into electronic redistribution and structural
evolution, potential- and pH-dependent stability
analysis via Pourbaix diagrams, and automated
microkinetic modeling. Together, these elements
aim to establish a predictive understanding of
structure-dynamics—activity  relationships and

extend applications toward ORR/OER catalysis.
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Table 1.1
Chapter 2
Table 2.1

Table 2.2

Table 2.3

Table 2.4
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List of Tables

Types of fuel cells, their features and applications.

Properties of LEME (Zero Represents the Energy
of Global Minima) Obtained from Global
Optimization of Pt,5 Clusters. The cluster binding
energies (CBE) in eV/atom, maximum and
minimum coordination number (max. CN and min.
CN respectively), average Pt-Pt bond length
(Pt —Pt) in A, average coordination number (avg.
CN) and average generalized coordination number
(avg. GCN) values corresponding to each isomer
in LEME are listed respectively.

Adsorption Energies (eV) of ORR Intermediates at
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Isomers. Here t, b, and f denote top, bridging, and
fcc sites respectively.

Root-mean square displacement (RMSD) between
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clusters  geometries for  different ORR
intermediates on different isomers in low energy
metastable ensembles (LEME).
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different isomers of Pt,; clusters.
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Table 2.6

Table 2.7

Table 2.8

Chapter 3
Table 3.1

Table 3.2

activation energy (E,) is also provided for RDS for
all isomers for the dissociative pathway.

Gibbs free energy change (in eV) of ORR
elementary steps associated with the associative
pathway (R1-R4) of different Pt,; clusters in
LEME. The calculated theoretical overpotential
values (Norr 1n V) measured at 1.23 V are also
included.

Gibbs free energy change (in eV) of ORR
elementary steps associated with the associative
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1.1 Electrochemical Energy Conversion

Electrochemical energy conversion has become one of the most viable
strategies for mitigating environmental degradation and addressing the
global energy demand through sustainable and carbon-neutral processes
[1,2]. Within this context, the development of efficient electrocatalysts is
central to technologies such as regenerative fuel cells /3], metal-air
batteries /4/, and proton-exchange membrane fuel cells (PEMFCs) /5] yet
remains a major scientific and technological challenge. Critical limitation
arises from the oxygen reduction reaction (ORR) occurring at the cathode,
where slow reaction kinetics and large overpotentials prevent operation
close to thermodynamic efficiency and impede the large-scale deployment
of PEMFC systems /6,7]. Moreover, the high cost of platinum and its
vulnerability to deactivation during prolonged operation further reduce
cathodic efficiency, highlighting the need to minimize precious-metal usage
through alternative catalyst design /§]/.

In recent years, nanoclusters and subnano clusters have gained considerable
attention as a new class of heterogeneous electrocatalysts due to their
exceptional atomic utilization and enhanced -catalytic performance,
enabling a substantial reduction in noble-metal content /9/. At finite
temperatures, these clusters are characterized by shallow and highly
anharmonic potential energy surfaces (PES), which render them
intrinsically dynamic and give rise to deviations from conventional
Arrhenius-type behavior /70]. The presence of numerous undercoordinated
atomic sites leads to pronounced fluxionality, resulting in size-dependent
and non-monotonic activity trends that differ fundamentally from those
observed in bulk catalysts //17,12]. Furthermore, clusters operating in the
non-scalable regime exhibit intricate structural and electronic
heterogeneity, where metastable configurations play an active role in
governing reactivity, thereby necessitating an ensemble-based description
to capture the true catalytic response /73, /4]. Notably, interactions between

adsorbates and the local coordination environment of subnano clusters can



CHAPTER 1

break the traditional scaling relationships, opening pathways to surpass the
performance constraints predicted by volcano-type correlations.

1.2 Overview of Fuel Cells

The high operational and maintenance costs associated with energy
systems, combined with the inherent intermittency of renewable sources
such as wind and solar, have shifted significant research attention toward
efficient energy storage and conversion technologies. Among the available
options, fuel cells stand out as highly adaptable energy devices due to their
high energy density, portable nature, and zero-emission operation /75/. As
a result, they have found widespread use in transportation, aerospace,
portable electronics, and hybrid power systems. A notable recent
development is the introduction of the hydrogen-powered Coradia iLint by
Alstom, recognized as the world’s first commercial train operated entirely
using fuel cell technology, marking a major advancement in sustainable
transportation.

Fuel cells function as electrochemical systems that directly convert
chemical energy into electrical energy via redox reactions at the electrodes.
At the anode, fuel oxidation releases electrons, which travel through an
external circuit to the cathode, where they participate in the corresponding
reduction reaction. This direct electron-driven energy conversion bypasses
the intermediate thermal and mechanical steps required in conventional
engines, thereby minimizing energy losses and enhancing overall
efficiency. Based on their operating temperature, fuel cells are generally
categorized into low-temperature and high-temperature systems. Low-
temperature fuel cells include proton-exchange membrane fuel cells
(PEMFCs), alkaline fuel cells (AFCs), and direct methanol fuel cells
(DMFC:s), while phosphoric acid fuel cells, molten carbonate fuel cells, and
solid oxide fuel cells belong to the high-temperature class /16,17]. These
fuel cell types differ in their operating principles, electrode and electrolyte

materials, and application domains, as summarized in Table 1.1.
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Table 1.1 Types of fuel cells and their features and their applications.
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exchange H, - 2H* + 2e- 202 + 2H Stationary
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Among these technologies, PEMFCs are the most extensively deployed due

to their low operating temperature, broad fuel availability, and
environmentally benign operation, with water as the sole reaction by-
product /16/. In PEMFCs, the polymer electrolyte membrane plays a
critical role by selectively conducting protons from the anode to the cathode
while preventing electron crossover. Commonly used membranes include
Nafion® (DuPont™), Aciplex®, and Flemion®, which are valued for their
high proton conductivity and strong resistance to chemical and mechanical
degradation /7/7]. Owing to these advantages, PEMFCs are widely
employed in automotive propulsion systems as well as stationary power
generation. A schematic representation of the working mechanism and

major application areas of PEMFCs is provided in Figure 1.1.
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Figure 1.1: Schematic representation of the working mechanism of a proton
exchange membrane fuel cells (PEMFCs).

1.3 Nanoclusters Regime: Each Atom Counts

Although the term nanotechnology was formally introduced by Norio
Taniguchi in 1974 [18], the foundational idea of manipulating matter at the
atomic scale was presented much earlier by Richard Feynman during a talk
at the American Physical Society meeting at the California Institute of
Technology in 1959, several years before he was awarded the Nobel Prize
in Physics. Despite this early conceptualization, experimental realization of
nanoscale control became possible only decades later with the invention of
the scanning tunnelling microscope (STM) by Gerd Binnig and Heinrich
Rohrer at IBM Zurich in 1981. This breakthrough enabled direct access to
the nanoscale regime, initiating extensive research across multiple scientific
fields, including catalysis. One of the earliest and most influential
demonstrations of nanoscale effects in catalysis was reported by Haruta and

co-workers in 1987 [19]. Their work revealed that gold nanoparticles
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exhibit remarkable catalytic activity, despite bulk gold being well known to
be chemically inert /20,21]. Remarkably, these nanoparticles were shown
to catalyze CO oxidation at temperatures as low as —70 °C. This finding
highlighted the profound impact of size reduction on material properties,
establishing nanocatalysis as a distinct field of research.

When the particle size is further reduced to the subnanometer regime,
typically consisting of fewer than 30 atoms, catalytic behavior becomes
even more unconventional. In this regime, often referred to as the subnano-
cluster regime, every atom plays a crucial role in determining the cluster's
overall properties [22]. Importantly, trends observed for larger
nanoparticles cannot be extrapolated to these ultrasmall systems, rendering
this size domain fundamentally non-scalable. As a result, clusters of
different sizes exhibit distinct electronic structures, geometries, and
reactivities. This size sensitivity has been clearly demonstrated for platinum
clusters supported on various substrates. For example, Pt, and Ptg clusters
deposited on a-alumina, despite their similar sizes, show markedly different
catalytic activities toward ethylene dehydrogenation /74/. In this case, the
addition of a single Pt atom significantly suppresses the dehydrogenation
activity, illustrating how even minimal changes in cluster size can
dramatically alter catalytic performance. Similarly, MgO-supported Pt,
clusters (n=8-15) exhibit size-dependent activity for ethylene
hydrogenation that cannot be inferred from trends in larger particles /23].
This behavior contrasts sharply with bulk platinum, where different crystal
facets display nearly identical turnover frequencies for hydrogenation
reactions, indicating structure-insensitive catalysis /23,24].

Further studies have demonstrated that subnano Pt clusters dispersed on
Sn0/Al,05 can exhibit catalytic activities up to two orders of magnitude
higher than conventional Pt or V-based catalysts used in oxidative
dehydrogenation of propane /25]. Size-selected Pt clusters supported on
rutile TiO, (110) have also been shown to catalyze CO oxidation [26].

Notably, a pronounced enhancement in catalytic activity is observed for Pt,
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clusters at n=8, coinciding with a structural transition from two-dimensional
to three-dimensional geometries, as confirmed by STM measurements. This
again emphasizes the critical role of individual atoms in determining
catalytic behavior at these sizes. The exceptional properties observed in the
subnano regime are not limited to platinum clusters. Hutchings and co-
workers investigated size-selected gold clusters supported on iron oxide
using aberration-corrected scanning transmission electron microscopy
(STEM) and found that clusters containing approximately ten Au atoms
exhibit the highest activity toward CO oxidation /27]. The variation in
activity among clusters of different sizes was attributed to differences in
cluster morphology, such as monolayer versus bilayer structures on the
support, which are directly governed by the number of atoms in the cluster.
In another study, Vajda and colleagues demonstrated that Aug-Au, o clusters
are highly active for propylene epoxidation, attributing this enhanced
activity to the large fraction of undercoordinated Au atoms present in these
small clusters /28/. Similarly, Pd clusters supported on reduced graphene
oxide display unique size-dependent behavior and have been successfully
employed for the selective oxidation of alcohols in the subnano regime /29].
These studies collectively underscore that the precise number of atoms in a
subnano cluster is a determining factor for its electronic structure and
catalytic properties. While this pronounced size sensitivity offers a powerful
avenue for fine-tuning catalyst activity and selectivity, it also poses
significant experimental challenges. Achieving atomically precise size
control during catalyst synthesis and maintaining cluster stability against
sintering under reaction conditions remain major obstacles. From a
theoretical ~standpoint, subnano clusters challenge conventional
computational approaches, as their fluxional nature and the presence of
multiple low-energy isomers necessitate ensemble-based descriptions
rather than reliance on a single global minimum structure. This dynamic

behavior has also highlighted the need for advanced operando experimental
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techniques to accurately characterize cluster catalysts under realistic
reaction environments.

1.4 Modelling Challenges: Beyond the Global Minima

A central challenge in modelling catalytic reactions lies in identifying the
true structure of the catalyst and the nature of its active site under realistic
operating conditions. This task is inherently complex and becomes even
more demanding for surface-supported cluster catalysts. Elevated
temperatures, typically around 300 °C in thermal catalysis, high adsorbate
coverage, and the presence of electrolytes and applied potentials in
electrocatalysis can substantially alter both the nanocluster and the
supporting material /70,30-32]. Nanoclusters are intrinsically dynamic,
while supports may undergo defect formation or reconstruction under
reaction conditions. Consequently, developing computational models that
are both physically accurate and computationally feasible is essential /33].
Historically, cluster catalysis modelling often relied on a simplified
approach in which the lowest-energy structure of an isolated gas-phase
cluster was first identified, then placed onto a support and locally optimized.
However, studies dating back to the 1970s demonstrated that clusters can
undergo pronounced structural rearrangements upon interaction with
supports, a phenomenon now widely recognized as strong metal—support
interaction (SMSI) /34]. Adsorbates further contribute to this restructuring
[35]. For example, Pt;5 clusters deposited on CeO, experience substantial
geometry changes compared to their gas-phase counterparts /36/. Even the
crystallographic orientation of the support plays a decisive role: ab initio
molecular dynamics (AIMD) simulations revealed that the CeO, (110)
surface provides greater stabilization for Pt;3 than other facets (Figure 1.2).
Moreover, when solvent effects were considered, the supported Pt, 5 cluster
was found to be more oxidized in aqueous environments than in a vacuum,

due to enhanced electron transfer from the cluster to the support.
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Gas phase

vl

Aqueous phase

Pt.~Ce0:(110) Pt.~Ce0:(100)
Figure 1.2: Representative optimized structures of free and CeO,-
supported Pt;; clusters obtained under vacuum and aqueous conditions,
along with configurations on the CeO, surface after 10 ps of AIMD
simulation. Cerium atoms are shown in light yellow, oxygen in red,
platinum in cyan, and hydrogen in white. Adapted and modified with
permission from reference 36.

Support-induced restructuring is not limited to noble metal clusters. Keller
and co-workers examined VO, clusters supported on SiO,, Nb,Os, and
Zr0, and observed that the classical model, assuming three shared oxygen
atoms with the support, does not hold /37/. Instead, VO, binds through a
single oxygen atom on SiO,, while on Nb,O5 and ZrO, the cluster adopts
increasingly distorted geometries, particularly on ZrO,. The study further
showed that both V-O bond lengths and V—support distances depend
sensitively on the surface structure. In contrast, some supports exert
minimal influence on cluster geometry. For instance, Pt;5 clusters maintain
similar structures in the gas phase and when supported on graphene /37].
These examples highlight that the extent of structural modification depends
strongly on the specific cluster—support combination.

Detailed studies of anchoring sites further illustrate this complexity.
Sasahara et al. demonstrated that on rutile TiO,(110), only oxygen vacancy
sites can effectively stabilize isolated Pt atoms, accompanied by electron
transfer from Pt to the oxide /38/. Additionally, doping carbon-based

supports with heteroatoms such as N, B, P, or S provides a powerful strategy
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to tune cluster properties through modified electronic structure, geometry,
and dispersion interactions arising from enhanced metal-support coupling
[39]. Given this diversity of behaviors, it is generally unsafe to assume that
a cluster retains its gas-phase structure upon adsorption.

As a result, computational catalysis shifted toward identifying the most
stable structure, or global minimum, of clusters on specific supports and in
the presence of adsorbates. These efforts were motivated by the assumption
that the global minimum hosts the catalytically active site. However,
predicting this structure a priori is rarely possible because chemical bonding
in small clusters is highly non-intuitive. Consequently, stochastic global
optimization techniques combined with first-principles calculations became
essential. These include particle swarm optimization [40,41], random
sampling [42,43], genetic algorithms [44-48], basin hopping [49-51], and
simulated annealing /52]/. Due to the high computational cost of these
methods, especially for surface-supported clusters, empirical force fields
[53,54] and potential energy surface fitting approaches /55-57] have been
employed to accelerate structure searches and enable simulations of larger
systems [58/.

Global optimization studies have conclusively shown that supported
clusters can differ drastically from their gas-phase analogues in geometry,
charge state, spin configuration, bonding, and chemical reactivity
[13,14,28,53]. For instance, whether a cluster is open-shell or closed-shell
can strongly influence its interaction with adsorbates and its ability to
activate chemical bonds via homolytic pathways, thereby affecting reaction
mechanisms and selectivity. Additionally, cluster—adsorbate interactions at
higher coverage can alter adsorption modes of subsequent species, with
further mechanistic implications /23,59-61].

More recent computational efforts have pushed beyond fixed stoichiometry
models by allowing cluster composition to vary during optimization. Under
reactive atmospheres, metallic clusters may incorporate heteroatoms such

as oxygen, with the extent of uptake depending on temperature, pressure,

11
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and cluster geometry. This introduces a grand-canonical aspect to global
optimization. Hensen and co-workers employed basin hopping within a
Gibbs ensemble framework (GCMC-DFT) to determine stable structures of
Pdg clusters on CeO, in the presence of O,, without presupposing the oxide
stoichiometry /50]. This approach revealed the formation of stable oxidized
Pdg species on CeO, (111).

The gas-phase bicapped octahedral Pdg cluster undergoes significant
restructuring upon deposition on ceria. Although the support structure itself
was assumed to remain static, a necessary approximation for computational
feasibility, the oxidation state and geometry of the cluster changed
markedly. By comparing Pdg, PdgO4, and PdgO,, clusters, the study
demonstrated enhanced CO oxidation activity with increasing cluster
oxidation. Notably, this work also suggested that linear scaling relations
may extend to cluster catalysis, revealing a linear relationship between
activation barriers and CO and O binding energies for ceria-supported Pd
clusters.

Related work by Janik and colleagues investigated Pd cluster stability
during methane activation using grand-canonical Monte Carlo combined
with ReaxFF [62,63]. Their results showed that Pd, 0, species with Pd in
high oxidation states can be thermodynamically stabilized on ceria, leading
to reduced methane activation barriers. These findings align with earlier
experimental observations on enhanced oxide formation of Pd clusters on
CeO, [64,65]. Despite these methodological advances, identifying the
global minimum structure alone does not provide a complete picture of the
catalytically active site. Unlike extended surfaces, clusters do not remain
fixed in a single configuration during catalysis. Their composition may
evolve with temperature and environment, as demonstrated by Vajda and
co-workers, who observed changes in oxygen content of Cu and Pd clusters
under reaction conditions /66]. Clusters may also undergo partial poisoning
[14,67-72], sintering [73-76], or structural rearrangements even at fixed

stoichiometry. The concept of structural fluxionality, introduced by

12
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Landman and co-workers, captures this inherent dynamism /77/. Their
studies on MgO — supported Au clusters showed that structural
adjustments during O, binding and activation enhance catalytic
performance in CO oxidation /78,79/. Similarly, Fabris and co-workers
demonstrated that fluxionality and mobility of Au clusters on stoichiometric
and defective CeO, (111), particularly near oxygen vacancies, play a critical
role in facilitating CO oxidation /30].

These insights led to a fundamental realization: under catalytic conditions,
the active catalyst is not a single structure but an ensemble of thermally
accessible states [10,13,14,80]. Recent reports have also shown that key
properties of cluster-decorated interfaces, including ionization potentials
[55], heat capacities /55], poisoning behavior /73], sintering mechanisms
[71,75], and catalytic activity and selectivity /13, 14,60/, differ substantially
when described using a statistical ensemble rather than only the global
minimum. Metastable, higher-energy structures are often more reactive and
can dominate catalytic turnover [60]. This challenges the traditional
assumption that the global minimum is the most catalytically relevant state,
supporting the idea that rare, transient structures may be responsible for
most catalytic events. This behavior arises from the characteristically flat
potential energy surfaces of nanoclusters, which enable rapid
interconversion among numerous isomers on nanosecond timescales at
catalytic temperatures /80]. Consequently, the catalyst must be viewed as a
dynamic population of structures rather than a static entity. This ensemble-
based perspective fundamentally reshapes how cluster catalysis should be
understood and modelled, motivating a paradigm shift toward statistical
mechanical descriptions of catalytic activity.

1.5 Ensemble Representation of Cluster Catalysts

The necessity of describing cluster catalysts using a statistical ensemble
framework became evident through combined theoretical and experimental
investigations of alkane dehydrogenation on Al,O3-supported Pt clusters

[13,14]. These studies focused on the selective conversion of alkanes to
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alkenes, with ethylene serving as a representative intermediate that may
either desorb or undergo further dehydrogenation. Despite their close
similarity in size, geometry, and charge transfer in their respective global
minimum structures, Pt, and Ptg clusters deposited on alumina exhibit
strikingly different catalytic activities in experiments. In particular, Pt,
shows significantly higher ethylene dehydrogenation activity than Ptg
(Figure 1.3) [14].
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Figure 1.3: (Top) Temperature-programmed desorption measurements for
the dehydrogenation of deuterated ethylene on size-selected Pt, clusters
supported on Al,05. The observed variation in reactivity is attributed to the
availability of highly active metastable configurations in Pt,, in contrast to
Ptg, which is dominated by a single global minimum structure. P;(o denotes
the population of a specific isomer at 300 K, while AQ represents the
support-to-cluster charge transfer obtained from Bader analysis. The blue
arrow indicates the experimentally observed influence of cluster boration
on catalytic performance, where reduced activity corresponds to suppressed
coking (copyright). (Bottom) Computational modeling of coking trends
captures the experimentally observed decrease in activity and coke

formation upon boration, but only at elevated temperatures, where the
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cluster ensemble broadens to include metastable states. Adapted and
modified with permission from references 13 and 14.

Theoretical analysis revealed that this behavior cannot be explained by
considering only the global minimum structures. Instead, enhanced activity
of Pt, arises from its ability to thermally access a set of higher-energy
isomers that adopt single-layer configurations on the support. These
metastable structures acquire approximately 0.2 additional electrons from
the alumina surface, strengthening ethylene adsorption and activation. At
300 K, the onset temperature for dehydrogenation, roughly 15% of the Pt
population occupies these highly reactive states, with their population
increasing further at elevated temperatures. In contrast, Ptg exhibits a
particularly stable and less reactive global minimum, which dominates the
ensemble population (=99%) at 300 K. As a result, its more reactive isomers
are not thermally accessible, leading to inferior catalytic performance. This
comparison clearly demonstrates that a global-minimum-only description
fails to capture the experimentally observed size-dependent activity
differences between Pt, and Ptg clusters. Indeed, earlier theoretical studies
based solely on single optimized structures were unable to reproduce this
pronounced size sensitivity widely observed in experiments.

Building on these insights, it was theoretically proposed that the selectivity
of dehydrogenation reactions could be improved by incorporating boron
into Pt clusters. Subsequent experiments confirmed this prediction [/3].
Computational results showed that the global minimum of Pt,B supported
on Al,0; exhibits a higher affinity for carbon species than pure Pt,.
However, when thermal effects are considered and the ensemble of
accessible metastable structures is considered, the carbon-binding behavior
changes markedly. At elevated temperatures, the ensemble population of
borated clusters shifts toward configurations with reduced coking tendency
compared to pure Pt clusters /58/. Similarly, Pt,;B clusters display lower
ethylene dehydrogenation activity than Pt,, but this difference only

becomes apparent when ensemble effects are considered. Notably, the
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global minimum structures of alumina-supported Pt; and Pt;B exhibit
comparable reactivity, further emphasizing that catalytic behavior emerges

from the ensemble rather than a single structure.
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Figure 1.4: Three local minima structures of Pt 3H,, that can catalyze
methane activation. The activation energies (E; [eV]) and the relative
contribution to the reaction rate (rectangle bars) are shown for these three
structures. The weighted reaction rate constant is given with a reference of
1 x 102 at 400°C. Adapted and modified with permission from reference
81.

Additional evidence supporting the ensemble-based view comes from a
purely theoretical study by Sun and Sautet, who examined hydrogen
evolution and methane activation on hydrogen-covered Pt;; clusters (gas-
phase Pty3H,s) /81]. Their results showed that the second-lowest-energy

isomer, rather than the global minimum, possesses the highest activity for
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methane activation and dominates the overall catalytic response despite
representing a minority fraction of the population (Figure 1.4). Collectively,
these findings underscore the importance of evaluating observable
properties of cluster-based catalysts as ensemble averages, a concept
consistently =~ emphasized by  Alexandrova and  co-workers
[10,13,14,55,60,71,72,75]. In this framework, all energetically accessible
structures contribute to experimentally measurable properties, and the
catalyst is no longer described by a single optimized geometry but by a
dynamic collection of interconverting isomers. At finite temperatures,
ensemble-averaged properties, such as energy, can be expressed as a
weighted sum over all contributing structures:

(E) = 2Ei B (1.1)
where the probability P, of each isomer depends on its electronic,
vibrational, and rotational partition functions:

Z iZyibiZrot i
Pi — elec,i \;b,l rot,i (12)

The translational contribution can typically be neglected, as it remains
nearly identical for all isomers. Incorporating Boltzmann weighting is
particularly crucial for capturing kinetic behavior, as it accounts for the
influence of thermally populated metastable states on reaction pathways and
rates, yielding a more realistic description of catalytic performance. In
summary, the active state of a cluster catalyst under operating conditions is
best described as a thermally populated ensemble of dynamically
interconverting structures rather than a single static geometry. The number
of such accessible minima can be substantial, often reaching several tens for
small clusters /80/, and it is generally impossible to predict in advance
which structures will dominate a given catalytic property. Therefore,
comprehensive sampling aimed at identifying all thermally relevant
minima, rather than only the global minimum, is essential for accurately

modeling and understanding cluster catalysis.
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1.6 Fluxionality and the Ensemble Nature of the Active Catalysts

As catalytic reactions proceed, cluster geometries can adjust in response to
adsorbed intermediates, enabling structural rearrangements to occur at
various stages along the reaction pathway. Consequently, the ensemble of
accessible cluster configurations is not static but evolves continuously, with
each minimum on the reaction free-energy profile corresponding to a
distinct equilibrium ensemble. This situation raises two fundamental
mechanistic questions. First, does cluster rearrangement occur
simultaneously with the elementary reaction step, or does it take place
before or after it? Second, does the system have sufficient time to reach
equilibrium within each reaction intermediate well, or does it retain a degree
of structural memory and evolve under non-equilibrium conditions? Each
of these scenarios has major implications for how cluster catalysis should
be understood and theoretically described. In any case, neglecting cluster
dynamics would lead to an incomplete and potentially misleading
description of the catalytic process.

Whether cluster rearrangement is dynamically coupled to the reaction step
depends on the relative magnitude of the reaction barrier and the barrier
associated with cluster reorganization. If these barriers differ significantly,
the likelihood of strong coupling is low. However, when the barriers are
comparable, it becomes difficult to determine a priori whether such
coupling occurs /80,82]. Furthermore, some local minima may be
kinetically inaccessible or trapped due to large reorganization barriers.
Therefore, a comprehensive description of cluster catalysis must
incorporate not only thermodynamics but also kinetics and explicit
dynamical considerations to properly account for competing timescales and
potential deviations from equilibrium behavior.

Quantifying cluster fluxionality is therefore an important step toward
understanding catalytic behavior. Yang and co-workers introduced a
measure of structural flexibility, which they referred to as fluxionality,

based on the displacement of atoms within the cluster upon adsorption /§3].

18



CHAPTER 1

As shown in Figure 1.5, Pty clusters supported on TiO,(101) undergo
substantial geometric rearrangements upon CO, adsorption. Their study
revealed a linear correlation between atomic displacement and CO,
adsorption energy across Pt,, clusters (n =4, 6, 8) supported on pristine and
partially reduced anatase TiO,(101). For Pt-only sites, similar levels of
flexibility were observed across three-dimensional, quasi-three-
dimensional, and planar two-dimensional cluster geometries. In contrast, at
interfacial edge sites, three-dimensional clusters exhibited the largest
atomic displacements, followed by intermediate structures and then planar
clusters. This indicates that three-dimensional geometries undergo more
pronounced structural changes during CO, adsorption compared to two-
dimensional ones. A positive correlation between structural flexibility and
binding strength was also observed, suggesting that clusters capable of
greater geometric adaptation achieve improved orbital overlap with
adsorbates, leading to stronger binding. While this stabilization through
relaxation 1s expected, it should be noted that adsorption-induced
reconstruction differs from fluxionality involving isomer interconversion,

which requires overcoming energy barriers.
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Figure 1.5: Side and top views of energetically stable CO, adsorption
geometries on the pristine anatase TiO,(101) surface decorated with Pt
hexamers (PH). Oxygen atoms are shown in red, carbon in black, titanium
in blue, and platinum in green. Labeled values correspond to interatomic
distances in A. Adapted and modified with permission from reference 83.

Similar conclusions were reached in a comparative study of gold cluster
isomers in the gas phase and when supported on partially reduced anatase
TiO, (101) /84]. In that work, the icosahedral isomer was found to bind CO,,
more strongly due to its greater ability to undergo structural rearrangements
that optimize adsorption geometry. This observation is consistent with the
higher flexibility predicted for the icosahedral structure using the
fluxionality metric proposed by Yang et al. /83]. If cluster rearrangements
occur concurrently with reaction dynamics, then the conventional definition
of the reaction coordinate must be extended to explicitly include cluster
motion. Such a scenario would significantly complicate -catalytic
simulations. To date, most studies identify transition states by allowing only
the reacting species to move while the catalyst remains largely stationary or
undergoes limited relaxation. The system illustrated in Figure 1.6
exemplifies this approach. However, transition states involving substantial
cluster rearrangement may remain undiscovered because the appropriate
collective motions of cluster atoms are not known in advance. That said,
there are strong arguments suggesting that cluster isomerization and
reaction dynamics are often decoupled. Because metal atoms are relatively
heavy, large-scale cluster rearrangements are expected to occur on slower
timescales than the motion of lighter reacting species. Indeed, molecular
dynamics studies conducted so far show no clear evidence of strong
coupling between reaction events and cluster isomerization. Nevertheless,
conventional molecular dynamics may still fail to capture low-probability
but kinetically relevant pathways involving cluster rearrangements.
Developing robust methods to identify such pathways remains an active

area of research. Even if cluster dynamics are not directly coupled to
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reaction steps, an important unresolved question is whether cluster
ensembles can fully or partially re-equilibrate during the lifetime of reaction
intermediates. If equilibration does occur, an important conclusion follows:
thermodynamics and kinetics may be governed by different catalyst states.
While reaction intermediates may preferentially bind to the global
minimum structures, the kinetics could be dominated by rare, highly
reactive metastable states. This perspective departs fundamentally from the
traditional view of catalysis, which has historically assumed a single
dominant active structure.

Interestingly, this complexity offers new opportunities rather than
limitations. Because different intermediate and transition states interact
with different catalyst configurations, it becomes possible to disrupt linear
scaling relationships in catalysis. Such scaling relations, which link the
binding energies of chemically related intermediates, are well known in
processes such as ammonia synthesis (e.g., NH versus NH,) and the oxygen
reduction reaction (e.g., O, OH, and OOH) /85-87]. While scaling relations
simplify catalyst design, they also impose intrinsic performance limits. In a
recent study, we demonstrated that small Pt clusters can deviate
significantly from linear scaling behavior, thereby breaking conventional
correlations and enabling enhanced catalytic performance //2/. For Pt
clusters of varying sizes, both in the gas phase and supported on graphene,
substantial ~structural rearrangements occur upon binding ORR
intermediates, accompanied by changes in adsorption sites (atop versus
bridge) and coverage-dependent effects. As a result, poor correlations were
observed between adsorption energies, as illustrated in Figure 1.6. These
findings suggest that cluster dynamics can serve as a powerful design
parameter for overcoming scaling limitations, for example in the
development of more efficient and cost-effective catalysts for ammonia

synthesis.
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Figure 1.6: Calculated relationships between the adsorption energies of (a)
O-OH, (b) O—OO0H, and (c) OH-OOH on gas-phase Pt,, clusters (n =1-6),
considering cases with one or two co-adsorbed species. Results obtained
using the PBE functional are shown in blue, while PBEO data are shown in
red. Weak correlations arise from structural rearrangements of the clusters
and changes in preferred adsorption sites. Adapted and modified with
permission from reference 12.

More broadly, cluster dynamics can be viewed as a general lever in catalyst
design. Structural flexibility enables stabilization of adsorbate-bound states,
leading to deeper energy minima and lower transition-state barriers. As a

result, highly fluxional clusters can transform otherwise inactive materials
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into effective catalysts. This flexibility also provides a means to tune
catalytic selectivity, as demonstrated in our forthcoming work. Finally,
these concepts extend beyond metallic clusters. While clusters with more
directional bonding, such as metal oxides, may exhibit reduced flexibility,
ensemble effects remain relevant even if the number of accessible isomers
is substantially smaller. Ensemble behavior is also expected to be important
in catalytic processes occurring at lower temperatures, such as
electrocatalysis or oxidative dehydrogenation assisted by oxygen. More
generally, ensemble effects are a defining feature of highly dynamic
catalytic interfaces. For example, hexagonal boron nitride under oxidative
dehydrogenation conditions develops a highly fluxional, under-
stoichiometric ~ BO,(OH),  overlayer /88,89]. Solid-state NMR
measurements indicate that most of the interface consists of inactive boron
oxide, implying that minority species are responsible for the observed high
selectivity toward propene formation [90/. Similar behavior has been
reported for Rhy s Pd, 5 nanoparticles, which undergo reversible changes in
composition and chemical state in response to oxidizing and reducing
environments /9/]. Even in relatively rigid systems, ensemble effects may
arise from different configurations of co-adsorbates surrounding active
sites, as observed by Xu and co-workers /92/. These examples collectively
highlight the necessity of incorporating fluxionality and structural diversity
into theoretical models of catalytic interfaces.

1.7 Theoretical Methodology

Density functional theory (DFT) has become a cornerstone of modern
computational modelling across disciplines such as chemistry, physics,
materials science, biology, and engineering. Owing to its favourable
balance between predictive accuracy and computational cost, DFT is
particularly well-suited for probing ground-state electronic properties and
atomic-scale phenomena. This chapter outlines the fundamental principles
and key theoretical foundations of DFT that are relevant to the present

thesis. In addition, the specific DFT methodologies employed for atomic-
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level simulations and electronic structure calculations are briefly
introduced, with emphasis on their application to fuel cell applications in
Vienna ab initio simulation package.

1.7.1 Schrédinger Equation for Many-Body Problem

The many-body problem represents a central challenge in both physics and
chemistry, as it concerns systems composed of multiple interacting particles
whose collective behavior determines observable material properties. In
atomic, molecular, and solid-state systems, these particles are primarily
electrons, and their mutual interactions play a decisive role in defining
chemical bonding, stability, and functionality. As a result, a fundamental
understanding of materials relies on an accurate description of their
electronic structure, particularly the ground-state configuration. The
intrinsic difficulty of the many-body problem stems from the fact that every
particle interacts with all others simultaneously. This leads to a rapid
increase in computational complexity as the system size grows, making
exact solutions impractical for all but the simplest cases. From a quantum
mechanical perspective, the behavior of a many-body system is governed
by the Schrodinger equation. For a system containing N electrons and M
nuclei, the time-independent Schrodinger equation can be written as:
A¥(ry,ry o, 1, R, Ry, oo, Ry) = EW(ry, Ty, ..., ', Ry, Ry, o, Ry)  (1.3)
where W(ry,1y,r3,...,In, Ry, Ry, R3, ..., Ry) denotes the many-electron
wavefunction, which depends on the spatial coordinates of all electrons (r;)
and the nuclei Ry, E is the energy of the system. The operator H is the
Hamiltonian operator of the system, and encompasses both kinetic and
potential energy contributions arising from electrons and nuclei, as detailed

in equation 1.4:

2 2
—~ 2 e ZIZ]
H= ——ZIV ——21 + Zli] ameory — 2 141Ts RI _Zli]4nsoR1]
_,_/
Te Tn Vee Ven Von
v
(1.4)
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Ith

where m, and M; are the mass of the i*" electron and I*" nuclei, respectively,

while e represents the elementary charge and Z; is the atomic number of the
I*" atom. In equation (1.4), the first two terms (T, and T,)) account for the
kinetic energy contributions of electrons and nuclei, respectively. The
remaining terms, Voo, Ven, and V,,, describe the Coulombic interactions
arising from electron-electron repulsion, electron-nucleus attraction, and
nucleus-nucleus repulsion, respectively.

1.7.2 Born-Oppenheimer Approximation

The full many-electron Hamiltonian in Equation 1.4 is mathematically
intractable for all but the simplest systems, such as hydrogen atoms or small
molecules. When extended to larger systems, including solids, direct
solutions become computationally impractical, making the use of suitable
approximations unavoidable. A key physical insight enabling such
simplifications arises from the large disparity between nuclear and
electronic masses, with a proton being approximately 1836 times heavier
than an electron. As a result, nuclear motion occurs on a much slower
timescale than electronic problems. This separation of electronic and
nuclear dynamics forms the basis of the Born-Oppenheimer approximation
[93]. To provide an intuitive picture, Prof. Rod Bartlett likens this
separation to flies moving around a wedding cake: the nuclei resemble the
cake, while the electrons behave like flies that rapidly adjust their motion

as the cake itself moves (Figure 1.7).

/7

* s

electron electron

nucleus

Figure 1.7: Prof. Rod Bartlett’s wedding cake (nuclei) and flies (electrons)

analogy to explain the Born-Oppenheimer approximation.
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From a physical standpoint, this approximation implies that electrons
respond almost instantaneously to changes in nuclear positions.
Consequently, nuclei may be treated as classical particles that remain
effectively fixed with respect to the much faster quantum motion of
electrons. Under this assumption, the total wavefunction of the system can
be factorized into independent electronic and nuclear components,

Wrotal = Welectronic Phuclear (1.5)
Accordingly, many-body wavefunction in equation (1.1) can be expressed
as a product of electronic and nuclear wavefunctions, as shown in equation
1.6.

WY(ry, 1y, ..., 1, Ry, Ry, o, Rp) = W(ry, 1y, ..., )W (R4, Ry, ..., Rp) (1.6)
This separation enables the Hamiltonian operator to be decomposed into
electronic and nuclear contributions. The nuclear Hamiltonian may be
written as:

Hnuet = Touet * Unual (1.7)
where the nuclear kinetic energy term can be neglected due to the
substantially larger mass of nuclei compared to electrons. The remaining
contribution corresponds to classical electrostatic ion-ion interactions,
which can be effectively evaluated using methods such as Ewald
summation. The electronic Hamiltonian of the many-body system is given
by:

He = Te + Vext+ Uee (1.8)
Under the Born—Oppenheimer approximation, the total Hamiltonian can

therefore be rewritten as:

—~

eZZi

h? 1 e
H=——") V4= _ . —— =, 1.9
2me Zi L2 Zli] 4TeQri; Ll gmeoRy (1.9)
—_— — =
Te Vee Ven
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where the terms represent the electronic kinetic energy, electron-electron
repulsion, and electron-nucleus attraction, respectively.
The Born—Oppenheimer approximation thus leads to a substantial reduction

in the dimensionality of the original problem by decoupling nuclear and
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electronic degrees of freedom. Nevertheless, even with this simplification,
the Schrodinger equation remains difficult to solve because the electronic
wavefunction still depends on the coordinates of all electrons, resulting in a
problem with 3N variables arising from electron-electron interaction. Since
the number of electrons in realistic systems is typically large, a direct
wavefunction-based solution remains computationally prohibitive. To
overcome this challenge, it is more practical to shift the focus from
individual electron coordinates to the electron density. This perspective
forms the foundation of density functional theory (DFT), which
reformulates the many-body problem in terms of the electron density rather
than the full many-electron wavefunction. In the following section, the DFT
framework 1is introduced as an efficient and conceptually powerful
alternative for studying complex many-electron systems.

1.7.3 Density Functional Theory

Density functional theory (DFT) is a quantum mechanical framework for
treating interacting electron systems, where the electron density is the
fundamental variable, rather than the many-electron wavefunction. This
represents a conceptual departure from traditional wavefunction-based
approaches. By formulating the problem in terms of electron density, the
complexity of the system is drastically reduced, as the number of variables
scales from 3N for an N-electron wavefunction to just three spatial
coordinates. Figure 1.8 schematically contrasts the many-body
wavefunction description with the density-based perspective adopted in

DFT.
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Figure 1.8: Comparative illustration of many-body and DFT perspectives.

The fixed dimensionality of electron density greatly simplifies the
underlying equations, enabling DFT to be applied efficiently to systems
comprising hundreds or even thousands of atoms. This balance between
accuracy and computational feasibility has established DFT as the dominant
theoretical tool in condensed matter physics. In practice, DFT is primarily
used to evaluate the ground-state properties of many-body systems,
including isolated atoms, molecules, and extended solids. The origins of
DFT can be traced back to the Thomas—Fermi model, in which quantum
systems were described using a uniform, non-interacting electron density
[94,95]. While this early approach captured some qualitative features, it
lacked the ability to properly account for electron—electron interactions and
therefore showed limited accuracy for real materials. A rigorous foundation
for modern DFT was later provided by Kohn and Hohenberg through the
Hohenberg—Kohn theorems, which formally established electron density as
a complete descriptor of the ground state in interacting many-body systems.
Building on this framework, the practical implementation known as Kohn—
Sham DFT was subsequently developed, forming the basis of most
contemporary DFT calculations /96].

1.7.3.1. The Hohenberg-Kohn Theorem

In 1964, Hohenberg and Kohn laid the theoretical groundwork for density
functional theory by demonstrating that the properties of an interacting
electronic system can be uniquely determined from the electron density.
Their formulation introduced two key theorems, both of which are based on
the spatial distribution of electron density p(r) in the presence of an external
potential.

Theorem I: “For a system of interacting particles in an external potential
V(r) can be uniquely determined by its ground-state electron density p(r)
within an additive constant.”

This implies that the Hamiltonian, and thus all ground-state properties, can

be described entirely by the electron density p(r).
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Theorem II: “A universal functional for the Energy (E[n]) can be described
in terms of electron density p(r) which could be defined for any external
potential (Vqy). For any particular potential V.., the exact ground state
energy is the global minima of the energy functional, and the electron
density p(r) that minimizes the function is the exact ground-state electron
density po(r).”

Here, py(r) uniquely determines the external potential of the system, which
leads to the ground state wavefunction.

By combining the two Hohenberg—Kohn theorems, the ground state total
energy can be expressed as a functional of the electron density, as shown in
equation 1.10:

Enklp] = Fuxlp] + [ d®rVex (Dp(r) (1.10)
where Fyk includes all the internal energies, including kinetic and potential
energies of the interacting system. Hence, the total internal energy
functional can be expressed as given below in equation 1.11:

Euklp] = Tlp] + Einclp] (1.11)
as given in Equation 1.6, this functional is independent of the external
potential Vgy; and depends only on the electron density p(r). The
Hohenberg—Kohn theorems do not specify the explicit mathematical form
of this functional, which makes practical calculations reliant on suitable
approximations. The exact ground-state energy E, of the system
corresponds to the global minimum of the energy functional equation
(1.11). The electron density py(r) that achieves this minimum represents
the true ground-state density. This condition follows from the variational

principle and is expressed as:

= Eg[p(0)]lp—p, = 0 (1.12)

Overall, the Hohenberg—Kohn theorems provide the conceptual foundation
of modern density functional theory by establishing a one-to-one
correspondence between the ground-state electron density and the ground-

state energy. However, while they guarantee the existence of such a
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functional, they do not offer a practical prescription for constructing it. To
overcome this limitation, Kohn and Sham later introduced a practical
framework that treats exchange and correlation effects approximately,
enabling the accurate calculation of ground-state densities for interacting
electron systems.

1.7.3.2. Kohn-Sham Formalism

In 1965, Kohn and Sham introduced a key idea showing that the true
ground-state electron density of an interacting many-electron system can be
exactly reproduced by a fictitious system of non-interacting particles. This

auxiliary system is constructed such that its ground-state density matches

that of the original interacting system, as schematically depicted in Figure

Figure 1.9: Illustration of interacting and non-interacting many-electron
systems having the same ground-state electron density.

A central refinement introduced through the Hohenberg—Kohn framework
is the substitution of the fully interacting electron problem with an
equivalent auxiliary system of non-interacting particles that reproduces the
same electron density. Within this Kohn—Sham (K-S) formulation, the total
energy is expressed as a functional of the electron density, as shown in

equation (1.13):
Ex_s[n] = Ts[n] + [ &® Ve (In@) + 2 [ & rd?r 2200 4 g [

Ir—r’|

(1.13)
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Here, the first term corresponds to the kinetic energy of a fictitious system
of non-interacting electrons, the second term accounts for the interaction of
electrons with the external potential arising from nuclei and other applied
fields, and the third term represents the classical electron—electron Coulomb
interaction, commonly referred to as the Hartree energy. All remaining
many-body contributions, including exchange and correlation effects
beyond the classical description, are incorporated into the exchange-
correlation functional E,.[n]. The explicit analytic form of E,.[n] is not
known, and the practical success of the Kohn-Sham approach relies on the
development of accurate approximations for this term. In addition, the
Coulomb repulsion between nuclei is treated separately and added as a
constant contribution to total energy. According to the second Hohenberg—
Kohn theorem, the ground state of the auxiliary Kohn—Sham system is
obtained by minimizing the Kohn—Sham energy functional with respect to
the electron density [n(r)]. This variational procedure leads to a set of
Schrédinger-like equations for the Kohn—Sham orbitals, given in equation

1.14:
Hg_s@:(r) = [—%VZ + VK—S(r)] @;(r) = @;(r) (1.14)

where @;(r) denotes the K-S orbital, €; are their corresponding eigenvalues,
and Vg_g(r) is the effective single-particle potential. The Kohn—-Sham

potential is defined as:

Vi_s(f) = Vo + [ d3r ;ﬂ + Vi, (1.15)

—r'|
where the exchange-correlation potential V. is obtained as the functional

derivative of the exchange-correlation energy with respect to the density:

Vie = SSEH—(E;] (1.16)
It is important to emphasize that the Kohn—Sham orbitals @;(r) are not true
many-electron wavefunctions and do not have a direct physical
interpretation as such. Their primary role is to reproduce the correct ground-

state electron density, which is constructed from these orbitals as:

p() =% 195 ()| (1.17)
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This formalism enables the practical calculation of ground-state properties
of interacting electron systems while retaining the exact electron density in

principle.
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Figure 1.10: Flow chart of the self-consistent loop for the solution of Kohn-
Sham equations.

To obtain the ground-state electron density, the Kohn—Sham equations are
solved using a self-consistent iterative procedure, as schematically shown
in Figure 1.10. The process begins with an initial trial electron density p(r).

Based on this density, the effective potential Vg (r) is constructed. The
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Kohn—Sham equations are then solved within this potential to generate a set
of Kohn-Sham orbitals, @X5(r). These orbitals are subsequently used to
compute an updated electron density. The newly obtained density serves as
the input for the next iteration, and this cycle is repeated until self-
consistency is achieved, and this cycle is repeated until self-consistency is
achieved, meaning that the input and output densities differ by less than a
predefined threshold.
1.7.4. Exchange-Correlation Functionals
Since the exact analytical form of the exchange-correlation energy is not
known, a variety of approximate exchange-correlation (xc) functionals have
been developed. These approximations aim to balance computational cost
with predictive accuracy. In practice, the reliability of any DFT calculation
is strongly governed by the quality of the chosen E,. functional.
1.7.4.1. Local Density Approximation (LDA)
The earliest and most straightforward exchange-correlation functional
within the Kohn—Sham framework is the local density approximation
(LDA) /96]. In LDA, the exchange-correlation energy at each point in space
is assumed to depend only on the local value of the electron density, treating
the system as if it were a uniform electron gas at that density. Under this
assumption, the exchange-correlation energy is expressed as:

ELPA = [ n (£)eli[n(r)]dr (1.18)
Here, i denotes the exchange-correlation energy per electron of a
homogeneous electron gas evaluated at the local density n(r). This quantity
can be separated into exchange (g;) and correlation (€.) contributions.
While the exchange term admits an analytical expression, the correlation
part cannot be derived exactly and is instead obtained from extensive
quantum Monte Carlo simulations combined with suitable interpolation
schemes [97]. Despite its simplicity, LDA has been shown to perform
remarkably well for a wide range of model systems. It was originally
expected to be most accurate for systems with slowly varying electron

densities, such as nearly free-energy metals /98/. However, subsequent
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studies demonstrated that LDA can also provide reasonable predictions for
semiconductors and insulators, yielding experimentally relevant structural
and energetic properties [99,100]. Nevertheless, LDA has well-known
limitations. It typically overestimates cohesive and binding energies, tends
to overly delocalize electrons in real space, which is acceptable for systems
dominated by s and p electrons but problematic for materials involving
localized d and f states, and fails to capture long-range interactions such as
van der Waals forces due to its inherently local character.
1.7.4.2. Generalized-Gradient Approximation (GGA)
The extension beyond the local density approximation (LDA) was
motivated by the Hohenberg—Kohn framework /[96/, in which the
exchange—correlation energy per particle is described not only by the local
electron density but also by its spatial variation. In this approach, the
exchange—correlation energy density depends explicitly on the electron
density n(r) and its gradient Vn(r). Within the generalized gradient
approximation (GGA), the exchange—correlation energy is obtained by
modifying the LDA energy density and can be expressed as:

ESSA = [n (r)eSSA[n(r), Vn(r)]dr (1.19)

ESSA = [ ¥ n(r)Fyc[n(r), Vn(r)In(r)dr, (1.20)
Here, €™ denotes the exchange energy density of a homogeneous electron
gas with density n(r), while F,. is a dimensionless enhancement factor that
depends on the local density and its gradient //01,102]. This enhancement
factor is commonly separated into exchange and correlation contributions.
Several functional forms have been proposed for the exchange component,
including Perdew-Wang (PW92) [/103], Becke (B88) [104], B95 [105],
Lee, Yang, and Parr (LYP) /106,107], and Perdew-Burke-Ernzerhof (PBE)
[108], all of which are widely employed in practical calculations.
A brief comparison between the LDA and GGA formalisms highlights their
respective strengths and weaknesses. While LDA successfully reproduces

many fundamental electronic properties, it often performs poorly in
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predicting accurate chemical properties, particularly in determining binding
energies [105]. In contrast, GGA typically yields lower exchange—
correlation energies, leading to reduced binding energies and an overall
improvement over LDA predictions. This generally brings calculated values
closer to experimental observations, although it may sometimes result in
slight under binding. As a result, GGA overcomes several deficiencies
inherent to the LDA approach and provides a more reliable description of
reaction energetics and energy barriers on metallic and semiconducting
surfaces [109,110]. Nevertheless, GGA remains limited in its ability to
accurately describe long-range dispersion interactions, such as van der
Waals forces.

1.7.4.3. van der Waals Density Functional (vdW-DF) Method

Accurate evaluation of electronic structure and related properties in sparse
systems requires a balanced treatment of two distinct interactions: strong,
short-range chemical bonding and weak, long-range dispersion forces.
Systems such as van der Waals (vdW) complexes, soft condensed matter,
and biomolecular assemblies are characterized by relatively large
interatomic separations, where non-local dispersion interactions play a
decisive role in determining structure and stability. To properly capture
these effects, this thesis adopts the van der Waals density functional (vdW-
DF) framework for electronic structure calculations [711,112].

The vdW-DF was first introduced in 2004 as a non-local extension of
density functional theory, specifically designed to incorporate long-range
dispersion interactions within the exchange correlation energy functional
[113]. A key advantage of this approach is that vdW interactions are treated
on the same theoretical footing as other bonding mechanisms, including
covalent, ionic, hydrogen, and metallic interactions. As a result, vdW-DF
has demonstrated reliable performance across a wide range of weakly and
moderately bonded systems. Within the vdW-DF framework, the total
energy is expressed in terms of the Kohn—Sham scheme as:

EVIW=DF[n] = Ts[n] + Ex[n] + [ Vere (Mn(r) + EXEW-PF (121
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where Tg denotes the kinetic energy of non-interacting electrons, Ey is the
Hartree electrostatic energy, and Vi, represents the external potential due
to nuclei and other fields. The distinguishing feature of vdW-DF, compared
to LDA or GGA, lies in the treatment of the exchange-correlation term,
which explicitly includes non-local density contributions.
The exchange-correlation energy in vdW-DF is written as:

EydW-DF — EGGA 4 ELDA 4 gl (1.22)
In this expression, the exchange energy is taken from a generalized gradient
approximation, while the local part of the correlation energy follows the
LDA form. The additional term EX!' accounts for non-local electron
correlation effects responsible for vdW interactions. Thus, vdW-DF
combines semi-local exchange and local correlation with an explicitly non-
local correlation contribution.
Although the kinetic and electrostatic components of the Kohn—Sham
formalism are themselves non-local operators, the uniqueness of vdW-DF
arises from the explicit non-local dependence introduced directly into the
correlation energy functional. The non-local correlation term is defined

through a six-dimensional integral,

EX[n] = [ L, n(®) ¢(r,r")n(r") (1.23)

2

where ¢(r,r’) is a kernel function describing the interaction between
density fluctuations at two spatial points. In the asymptotic regime, this
kernel reproduces the characteristic 1/r® decay associated with vdW forces.
The kernel function can be expresses as:

$(r,r') =

2me?

J," a*da f,” b? dbW(a,b) X T(v(a),v(b),v'(a),v'(b))

102

(1.24)

1[ 1 1 1 1
here T(w, X, v, z) = 2 [W+X + E] [(x+z)(w+y) + (y+z)(w+z)] and

W(a,b) = 2[(3 —a?)bcosbsina+ (3 —b?)acosasinb
+ (a2 + b%? — 3)sinasin b — 3ab cos a cos b] /a3b3
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where v(y) = y?/2h(3) and v'(y) = y?/2h(5) and d = [r = 1'|qo(r)
andd’ = [r —r'|qo(r")

€%¢

The parameters q,(r) can be written as: qo(r) = —ipa Kr(T) (1.25)

The quantity €2. corresponds to an LDA-based exchange-correlation

energy augmented by a gradient correction:

Zan [ Vn \?
€9 ~ELDA— [Tb (=) ] (1.26)

The LDA exchange energy entering this expression is given by

eLDA= —3e2kp/4m (1.27)
with the Fermi wavevector defined as

k3 = 3m?n (1.28)
The parameter Z,,, controls the magnitude of the gradient correction and is
determined from first-principles considerations. For the vdW-DF
functional, Z,,, = —0.8491, although it should be noted that this parameter
is, in general, density-dependent rather than strictly constant. Through this
formalism, vdW-DF provides a physically motivated and internally
consistent description of dispersion interactions within density functional
theory, making it particularly well-suited for the study of sparse and weakly
bonded systems.
1.7.5. Electronic Structure of Periodic Solids
The electronic structure approaches discussed above are formally suited to
systems containing a finite number of electrons, such as isolated atoms or
molecules. In contrast, crystalline solids are inherently periodic and contain
an effectively infinite number of electrons. As a result, standard DFT
formulations cannot be applied directly to crystals without further
methodological extensions. This limitation is overcome by introducing
periodic boundary conditions, which exploit the translational symmetry of
crystalline material. Owing to this periodicity, the crystal potential is itself
periodic, and consequently the effective potential appearing in the Kohn-
Sham (K-S) equations satisfies:

Verr(r + R) = Vege(r) (1.29)
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where R denotes a lattice translation vector.

Under these conditions, the single particle wavefunctions can be expressed
using the Bloch theorem [7174]. According to this theorem, the electronic
wavefunction takes the form:

Wi (r) = ¥y (1) (1.30)
where k is the crystal wavevector and u;,(r) is a lattice-periodic function
satisfying uj (r) = uj(r + R). The periodic part of the wavefunction can
be expanded as a Fourier series in terms of reciprocal lattice vectors G with
corresponding plane-wave coefficients (cjg),

U (r) = Y cige'®” (1.31)

The reciprocal lattice vectors obey the condition G.R = 21tm, where m is
an integer reflecting the translational symmetry of the lattice. Substituting
this expansion into the Bloch form leads to an alternative representation of
the wavefunction as a superposition of plane waves,

Y (r) = X Cik+Gei(k+G)'r (1.32)
This formulation transforms the many-electron problem of a solid, which
involves infinitely many electrons, into a problem defined over an infinite
set of k-points in reciprocal space. While this may appear counterintuitive,
it enables a major simplification. The electronic wavefunction vary
smoothly with respect to nearby k-points, allowing the Brillouin zone to be
sample using a finite and discrete k-point mesh. Consequently, accurate
electronic structure calculations for crystalline solids can be achieved by
considering a suitably chosen to set of k-points rather than the full
continuum.
1.7.6. Pseudopotentials
In nanoscale electronic device simulations, a clear understanding of the
Kohn—Sham (K-S) equations and the treatment of exchange—correlation
effects is essential. As the size of a device increases, the computational cost
rises rapidly because of the large number of electrons involved, particularly
tightly bound core electrons. These core electrons, however, play a minimal

role in chemical bonding and most relevant physical or chemical properties,
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which are largely governed by wvalence electrons. This observation
motivates the use of pseudopotentials (PPs), which reduce the effective
number of electrons treated explicitly in the calculation. Pseudopotentials
provide an effective description of the chemically inert core states while
retaining an explicit and accurate treatment of valence electrons. In this
approach, the strong Coulomb potential of the nucleus together with the
core electrons is replaced by an effective ionic potential acting only on the
valence states. By removing the need to represent the rapidly oscillating
core-electron wavefunctions, pseudopotentials significantly lower the
number of basis functions required and thereby improve computational
efficiency.

The construction of a pseudopotential typically involves two main steps.

1. First, the atomic core electrons are excluded from calculation, and their
effect is absorbed into an effective potential.

2. Second, the resulting ionic potential is smoothed so that the valence
wavefunctions remain well behaved and free of the strong oscillations
imposed by orthogonality to the core states.

A rigorous framework for pseudopotential construction was established by

Hamann and co-workers through the development of norm-conserving

pseudopotential /715]. In this formalism, several conditions are imposed to

ensure accuracy and transferability:

(1) The eigenvalues of the real and pseudo valence states are identical for

a chosen atomic reference configuration.

(i1)) The real and pseudo wavefunctions coincide beyond a selected core

radius r > re.

(ii1) The integrated charge density of the real and pseudo wavefunctions

matches outside the core region, thereby conserving the norm; and

(iv) The logarithmic derivatives of the real and pseudo wavefunctions,

along with their first energy derivatives, agree beyond the core radius,

ensuring reliable behavior across different chemical environments.
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Various first-principles schemes have been proposed for generating
pseudopotentials, differing mainly in how the effective potential is defined
and how the pseudo wavefunctions are smoothed. In VASP,
pseudopotentials are provided in the form of POTCAR files and are
available for all elements through the VASP portal. Most of these
pseudopotentials are constructed within the projector augmented wave
(PAW) framework [1716]. The PAW datasets distributed with VASP are
generated following well-established construction protocols described in
the literature [117].

VASP also provides supporting documentation to assist users in selecting
and preparing pseudopotentials. This includes practical guidelines for
generating POTCAR files in the correct format, as well as detailed
recommendations for choosing an appropriate pseudopotential variant
depending on the target system and property of interest. The available
pseudopotential libraries are broadly divided into two categories. Standard
PAW potentials are designed to accurately describe predominantly
occupied electronic states and are well-suited for routine DFT calculations.
In contrast, PAW potentials labeled with “ GW” suffix are optimized for a
more reliable treatment of unoccupied states at energies well above the
Fermi level. These GW-type potentials are therefore recommended for
optical property calculations and for simulations based on many-body
perturbation theory. For each pseudopotential, the accompanying tables
specify key information, including the potential label, the number of
valence electrons, the reference valence electronic configuration, and the
recommended plane-wave cutoff energy (ENMAX). This information
provides a practical basis for selecting suitable pseudopotentials and
ensuring consistent and reliable calculations.

1.7.7. Basis Sets

The Kohn—Sham formalism expresses the single-particle states in terms of
an appropriate set of basis functions. Selecting a basis set that is

computationally efficient while still delivering reliable accuracy is,
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therefore, a key step in any DFT calculation. For molecular systems,
Gaussian-based basis sets are among the most employed. In this framework,
molecular orbitals {; are expanded as linear combinations of atom-centred
basis functions ¢y, with expansion coefficients Cy;, as shown in Equation.
(1.33):

Ui = T G i (1.33)
Both nature and the number of basis functions strongly influence the quality
of the electronic structure description. In practical molecular calculations,
contracted Gaussian-type orbitals (GTOs) are widely used because they
offer a favorable balance between accuracy and computational cost, while
closely approximating the behavior of Slater-type orbitals (STOs). Since
chemically relevant properties are primarily governed by valence electrons,
higher accuracy is typically achieved by increasing the flexibility of the
valence basis. This leads to split-valence basis sets, such as double-zeta and
triple-zeta expansions, which provide an improved description of bonding
and electronic distributions.
For crystalline and other periodic systems, a different strategy is commonly
adopted. When the lattice can be defined by translation vectors a;, a,, and
as, plane-wave basis functions of the form exp (ik - r) are often used. These
basis functions naturally satisfy Bloch’s theorem, where the single-particle
states are written as a product of a plane wave and a lattice-periodic
function, as expressed in Equation (1.33). Here, k denotes the wave vector,
and ug (1) has the periodicity of the supercell /178]. The use of plane-wave
basis sets offers several advantages for periodic systems. The electronic
structure problem can be formulated in reciprocal space, allowing the
Schrodinger equation to be solved independently at each k-point. Moreover,
integrations are restricted to the first Brillouin zone rather than the entire
real-space lattice, which substantially reduces the computational effort

while preserving accuracy.
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1.7.8. Projector Augmented Wave (PAW) Methods

The rapid oscillations of electronic wavefunctions in the vicinity of atomic
cores make an explicit description of core electrons particularly demanding
in plane-wave based approaches. Accurately resolving these features
requires a very large plane-wave cutoff, which significantly increases the
computational cost for periodic systems. In most problems of chemical and
physical interest, however, the key contributions to bonding and material
properties arise mainly from the valence electrons. As a result, it is common
practice to treat only the valence states explicitly with plane-wave basis
functions, while the combined effect of the core electrons with plane-wave
basis functions, while the combined effect of the core electrons and nuclei
is incorporated through an effective potential, referred to as a
pseudopotential /779]. This strategy is widely known as the frozen-core
approximation.

Several classes of pseudopotentials have been developed for plane-wave
DFT  calculations, including norm-conserving and  ultrasoft
pseudopotentials, which mainly differ in their required energy cutoffs and
computational efficiency. To further minimize the reliance on empirical
choices in pseudopotential construction, the projector augmented wave
(PAW) formalism was originally introduced by Bloch and subsequently
implemented in practical electronic structure codes by Kresse and Joubert
[116,117]. In the PAW framework, the strongly varying all-electron
wavefunction in the core region is mapped onto a smoother pseudo-

wavefunction through a linear transformation, as expressed in Equation

1.34:
[Wn) = Wn) + (Ibn) - [n)) (B'Pn) (1.34)

In this representation, the true all-electron state W, is reconstructed from
the pseudo-wavefunction ¥, using a combination of all-electron partial
waves, corresponding pseudo partial waves, and localized projector

functions. This approach enhances the accuracy and transferability of

42



CHAPTER 1

pseudopotentials while retaining computational efficiency comparable to
pseudopotentials methods, and it allows results that closely match all-
electron calculations. In the present thesis, periodic systems are therefore
treated using the PAW method as implemented in the Vienna ab initio
Simulation Package (VASP).
1.7.9. Dispersion Correction Method
A significant drawback of conventional DFT approaches is the limited
capability of standard exchange-correlation (XC) functionals to describe the
non-local, long-range dispersion interactions. These weak interactions play
a decisive role in accurately modelling catalyst-surface interactions,
adsorption energies, and reaction mechanisms. To address this deficiency
without substantially increasing computation cost, several dispersion-
correction schemes have been developed, each based on a different
theoretical strategy.
One widely used class of materials is the semi-empirical DFT-D approach
proposed by Grimme, in which an explicit dispersion correction is added to
the total DFT energy to account for van der Waals interactions /720,121].
In the DFT-D3 formulation, the corrected total energy is expressed as:
Eprr-ps = Eks-prr — EdDi?;p (1.35)
where Egxs_ppr 1s the energy obtained from solving the Kohn-Sham

equations using a chosen XC functional, and EdDiip is the dispersion

correction term. The DFT-D3 dispersion energy consists of both pairwise

and three-body contributions,

Egisp = Edisp + Es (1.36)
The two-body dispersion term, inherited from the DFT-D2 scheme, is given
by:
Nat—1 wNj cJ
Etli)i?sp = —S¢ Zi={ ijiﬂ,lR—_Z_ fdmp(Rij) (1.37)
ij

Here, s is a scaling factor that depends on the selected XC functional, N,
is the total number of atoms, Cg denotes the dispersion coefficient for the

atomic pair i and j, and Ry; is the interatomic distance. The damping function
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famp (Rjj) ensures that the dispersion correction smoothly vanishes at short
distances, preventing unphysical divergences.

Beyond pairwise interactions, the DFT-D3 method also incorporates a
three-body dispersion term to account for collective effects among atomic

triplets. This contribution is written as:

E; = ZA,B,C fég) (rapc) Eagc (1.38)
where the summation runs over all atomic triplets A, B, and C, and the
damping function depends on the geometric mean distance rpgc of the
triplet. An alternative approach for treating dispersion interactions is
provided by van der Waals density functional (vdW-DF), in which non-
local correlation effects are incorporated directly into the XC functional.
Within this framework, the exchange-correlation energy is expressed as:

ExcIn] = Egea — EGga + Efpa + En (1.39)
where Egg, is the total GGA energy, EG;, and Efp, are the GGA and LDA
correlation energies, respectively, and Eg; represents the nonlocal
correlation term responsible for capturing dispersion interactions [113,122].
The nonlocal correlation energy is evaluated as:

&= % [dr fdr’ n(r) ¢(r,r') n(r") (1.40)
where n(r) is the electron density and ¢(r,r') is a kernel function
describing the nonlocal interaction between electron densities at different
spatial points.

Within the vdW-DF framework, several functionals have been proposed by
combining different exchange terms with the same nonlocal correlation
component. The original vdW-DF and vdW-DF2 formulations employ
revPBE and rPW86 exchange functionals, respectively /723]. Optimized
variants such as optPBE, optB88, and optB86b use modified exchange
functionals to improve predictions of structural parameters, binding
energies, and adsorption characteristics /724]. In this thesis, dispersion
interactions are treated using the DFT-D3 correction scheme unless

explicitly stated otherwise.
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1.8 Hubbard Model
Standard DFT approaches often fail when applied to strongly correlated
materials because commonly used exchange—correlation functionals cannot
fully eliminate the self-interaction error associated with localized electrons.
While hybrid functionals offer a partial remedy by mixing exact exchange,
their practical use is limited by the high computational cost. To overcome
this limitation, the Hubbard model introduces an additional interaction term
into the electronic Hamiltonian to explicitly account for electron—electron
interactions within localized orbitals /725].
The DFT+U methodology incorporates this idea by adding an on-site
Coulomb correction, denoted by the parameter U, to the conventional DFT
framework. Within the GGA+U formalism, the total energy of the system
1s expressed as

Ecea + Ulp(M] = Egealp(M] + Enuwp[{nifm} — Eac[m™1]  (1.41)
Here, Egga corresponds to the energy obtained from the standard GGA

exchange—correlation functional. The Hubbard correction term, Epyp,
depends on the occupation matrix nigm,, which describes localized orbitals

characterized by the atomic site index I, orbital indices m, m’, and spin o.
The final term, E4., removes the double-counting contribution arising from
interactions already included in the GGA functional. By explicitly treating
on-site Coulomb interactions, the DFT+U approach provides a more
reliable description of the electronic structure, magnetic properties, and
chemical behavior of systems containing localized d- or f-electron states.
1.9 Climbing Image Nudged Elastic Band (CINEB) Methods

Accurate determination of kinetic quantities such as activation energies,
reaction rates, and transition-state geometries is essential for a mechanistic
understanding of heterogeneous catalytic processes. The nudged elastic
band (NEB) technique is widely used to identify the minimum energy path
(MEP) connecting reactant and product states on a potential energy surface
[126]. In the NEB approach, a series of intermediate structures, referred to

as images, are generated between the initial and final configurations. These
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images are linked by artificial spring forces to maintain continuity along the
reaction coordinate, while the atomic forces are iteratively optimized to
relax the pathway toward the true MEP.

In this thesis, an improved variant of NEB, namely the climbing-image
NEB (CI-NEB) method, is adopted. In CI-NEB, the image with the highest
energy along the reaction path is systematically driven toward the saddle
point by maximizing its energy along the tangent direction while
minimizing it in all perpendicular directions //27]. The force acting on the
climbing image is given by:

Fimax = ~VE (Rimax) + 2VE (Rimax)- Trmax Timax ~ (1.42)
where Erepresents the total energy of the system as a function of the atomic
coordinates R, and ’T\i,max denotes the normalized local tangent vector at the
climbing image. For surface reactions on crystalline catalysts, a relatively
small number of images, typically between four and eight, is generally
sufficient to resolve the MEP. In several chapters of this thesis, NEB
calculations are complemented by the dimer method to efficiently locate
transition states [/28/. The dimer approach identifies the saddle point
starting from two closely spaced high-energy configurations, collectively
referred to as a dimer, obtained from a CI-NEB calculation. The algorithm
drives the dimer uphill on the potential energy surface while performing
rotational searches to identify the direction of lowest curvature. This
strategy significantly lowers the computational expense compared to full
NEB calculations, as it avoids explicit path optimization and relies on
Hessian information combined with gradient-based minimization. The
transition states obtained from either NEB or dimer methods are
subsequently employed within the harmonic transition state theory (HTST)
framework to evaluate kinetic parameters.

1.10 Crystal Orbital Hamilton Population Method
Crystal Orbital Hamilton Population (COHP) analysis is a widely used
technique for examining chemical bonding in solid-state systems by

evaluating the bond-resolved density of states between selected atomic pairs
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[129]. Within the COHP framework, the total band energy is partitioned
into bonding, nonbonding, and antibonding contributions, allowing a
detailed interpretation of orbital interactions in crystalline materials. In
plane-wave based electronic structure calculations, a projected density
matrix PP can be constructed for each electronic band j at every k-point.

This projected density matrix is expressed as:

PRI = Ty, (0T (K) (1.43)
Using this projection, the corresponding Hamiltonian matrix elements can
be written as:

HIP™ (1) = 35K Tj, (k) T, (k) (1.44)
where g;(Kk) denotes the eigenvalue of the band j at wave vector k, and
T, (K) represents the projection coefficient of the plane-wave state onto the
local atomic orbital basis. These projected quantities enable extraction of
orbital-resolved information, which forms the basis for quantitative bonding
analysis.

Analogous to the integrated density of states, the integrated COHP (ICOHP)
can be evaluated to quantify the cumulative contribution of individual bands
to the total band energy. The ICOHP value serves as a useful metric for
estimating the bond strength between specific atom pairs. COHP analysis is
performed using fully converged electronic wavefunctions obtained from
self-consistent calculations. In this work, COHP calculations were carried
out using the LOBSTER package interfaced with the VASP code /130].
1.11 Computational Hydrogen Electrode (CHE) Model

A central difficulty in first-principles simulations of electrocatalytic
processes is the evaluation of reaction free energies for electrochemical
steps, since standard DFT cannot directly describe isolated protons. Within
the computational hydrogen electrode (CHE) framework /[731], the
combined chemical potential of a proton and an electron participating in a
concerted proton—electron transfer is approximated by half the chemical

potential of a hydrogen molecule at the equilibrium potential, given by:
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HH* + pe” = ~pH, (1.45)
This approximation allows the energy of a proton—electron pair to be
referenced to the DFT-calculated total energy of gas-phase H,. When an
external electrode potential U is applied, the proton chemical potential is
shifted by —eU. Accordingly, the free energy change of an electrochemical
reaction step can be written as:

AG = AE + AZPE — TAS — neU (1.46)
where AE represents the electronic energy difference obtained from DFT,
AZPE is the zero-point energy correction, T is the temperature, AS is the
entropy change, n is the number of transferred electrons, and e denotes the
elementary charge.

1.12 Machine Learning

Machine learning (ML), also described as statistical learning or predictive
modeling, is an interdisciplinary field at the interface of artificial
intelligence, statistics, and computer science. Its primary goal is to design
computational models that can learn from data, identify underlying patterns,
and make predictions or decisions without being explicitly programmed for
each task /7132,133]. Data form the core of any ML framework and may be
structured, such as tabulated datasets and databases, or unstructured,
including text, images, and other complex data formats. By extracting
patterns from these data, ML models can generalize their learning to
previously unseen cases. As additional data become available, the models
can be updated iteratively, leading to progressively improved predictive
performance.

Broadly, machine learning approaches are categorized into four major
paradigms: supervised, semi-supervised, unsupervised, and reinforcement
learning /134,135]. In supervised learning, models are trained using labeled
datasets, where both input features and corresponding target outputs are
known, enabling the algorithm to learn explicit input—output relationships.
Semi-supervised learning combines a limited number of labeled samples

with a large pool of unlabeled data and is particularly useful when data
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annotation is costly or time-consuming. Reinforcement learning relies on
an agent interacting with an environment and learning optimal decision-
making strategies through trial and error by maximizing a cumulative
reward signal. This paradigm is especially effective in problems such as
control systems, robotics, and game playing. In contrast, unsupervised
learning focuses on discovering intrinsic structures or hidden patterns in
unlabeled data, such as clustering and dimensionality reduction. Beyond
these core categories, several specialized branches of machine learning
exist. Deep learning is a prominent subset that employs multilayer neural
network architectures, often referred to as deep neural networks, to achieve
high accuracy in complex tasks including image analysis and speech
recognition. In this thesis, machine learning methodologies are employed to
capture and interpret the non-monotonic size-dependent trends observed in
oxygen reduction reaction (ORR) activity within the nanocluster regime.
1.12.1 Supervised Learning

Supervised machine learning is a fundamental learning paradigm in which
models are trained using labeled datasets. In this framework, each training
sample is composed of an input feature vector paired with a known target
output. The objective of the model is to learn the functional relationship
between inputs and outputs so that it can reliably predict outcomes for
previously unseen data. During the training process, the model adjusts its
internal parameters to reduce the discrepancy between predicted and true
values, typically measured through a predefined loss function. The
effectiveness of supervised learning largely depends on the quality and
representativeness of the training data, as well as the relevance of the
selected input features. When sufficient high-quality labeled data are
available, supervised models can achieve high predictive accuracy across a
wide range of practical problems. Feature selection, data preprocessing, and
appropriate model tuning play critical roles in determining overall model
performance. Supervised learning problems are commonly divided into two

major categories: classification and regression [/36]. Classification tasks
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involve assigning inputs to discrete classes, for example, identifying
whether an email is spam or legitimate. Regression tasks, on the other hand,
aim to predict continuous numerical values, such as property prices or
financial indicators. A more detailed discussion of regression- and
classification-based learning methods is presented in the subsequent
sections.

1.12.2 Regression

Regression is a key component of supervised machine learning that focuses
on estimating a continuous output variable using one or more input
variables, commonly referred to as features or descriptors //37]. In contrast
to classification problems, where predictions belong to discrete categories,
regression problems involve the prediction of numerical values. The
primary goal of regression is to establish a mathematical relationship
between the response variable and the explanatory variables. Once this
relationship is learned, the model can be used to forecast future values,
analyze trends, and gain insights into the structure and behavior of the
underlying dataset. In this thesis, we utilized the regression algorithm for
the prediction of adsorption energy of principle reaction intermediates to
predict the activity of the nanoclusters.

1.12.3 Unsupervised Learning

Unsupervised learning is a class of machine learning techniques in which
models are trained using data that do not contain predefined labels or target
outputs. Unlike supervised learning, there is no explicit notion of a “correct
answer.” Instead, the objective is to automatically discover hidden patterns,
structures, or relationships that are inherent in the data itself. The model
relies solely on the statistical properties of the input features to organize,
group, or represent the data in a meaningful way. In unsupervised learning,
the algorithm attempts to identify similarities, correlations, or regularities
among data points, which can reveal underlying structures that may not be
apparent through direct inspection. Common tasks include clustering, where

data points are grouped based on similarity; dimensionality reduction,
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where high-dimensional data are transformed into a lower-dimensional
representation while preserving essential information; and density
estimation, which focuses on modeling the distribution of data in feature
space. These approaches are particularly valuable for exploratory data
analysis, as they help researchers gain insights into complex datasets
without prior assumptions. Unsupervised learning is especially useful in
situations where labelled data are scarce, expensive, or impractical to
obtain. It plays a crucial role in fields such as materials science, chemistry,
and physics, where large datasets are often generated through simulations
or experiments without clear target labels. By uncovering intrinsic trends
and structural organization within the data, unsupervised learning can guide
hypothesis generation, feature extraction, anomaly detection, and the
development of more accurate supervised models in subsequent analyses
[138].

1.12.4 Dataset

A dataset is an organized collection of data points used for analysis or
modeling, where each sample is described by a set of features and, in some
cases, corresponding labels or target values. In machine learning, datasets
provide the information from which models learn patterns, make
predictions, and are evaluated for accuracy and reliability.

1.12.4.1 Training set

A training dataset is a subset of the overall dataset that is used to fit and
optimize a machine learning model by learning the relationship between
input features and output targets or labels. It serves as the foundation for
adjusting model parameters so that the model can make accurate predictions
on new, unseen data.

1.12.4.2 Test set

A test dataset is a separate portion of the dataset used to evaluate the
performance of a trained machine learning model on unseen data. It
provides an unbiased assessment of how well the model generalizes beyond

the training dataset.
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1.12.4.3 Validation set

A validation dataset is a subset of data used during model development to
tune hyperparameters and make decisions about model architecture without
influencing the final evaluation. It helps prevent overfitting by providing an
intermediate check on model performance before testing.

1.12.4.4 Feature

In machine learning, features are the measurable input variables or
descriptors that represent the underlying properties of a system and are used
by a machine learning model to make predictions. They encode relevant
information from the raw data and strongly influence the accuracy and
interpretability of the model /739].

1.12.4.5 Feature Engineering

Feature engineering refers to the process of creating, selecting,
transforming, and refining features from raw data to improve the
performance and robustness of a machine learning model. It combines
domain knowledge with statistical insight to ensure that the features capture
the most relevant patterns and relationships in the data [740,141].

1.12.4.6 Pearson Correlation Coefficient (PCC)

The Pearson correlation coefficient (PCC) is a standard statistical measure
used to evaluate the strength and direction of a linear relationship between
two continuous variables [741]. It is denoted by r and varies between —1
and 1, where a value of 1 signifies a perfect positive linear correlation, —1
represents a perfect negative linear correlation, and 0 indicates no linear
dependence. PCC is computed by first evaluating the covariance between
the two variables and then normalizing it using the product of their standard
deviations. Owing to this normalization, PCC is dimensionless, which
makes it convenient for comparing correlations across different datasets and
variables. In data analysis and machine learning studies, PCC is commonly
employed to identify highly correlated or redundant features, aiding in
feature selection and reducing multicollinearity. The mathematical

expression for PCC is given in Equation (1.91):
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PCC = Zi=1(xi_x)(Yi_7) (147)
JELeim® (B, mi-9)

where x; and y; correspond value of x and y, respectively. The X and ¥ are
the mean values of x and y, respectively.

1.12.4.7 Spearman Rank Correlation Coefficient (SCC)

The Spearman rank correlation coefficient (SCC) is a non-parametric
statistical metric used to quantify the strength and direction of association
between two variables based on their ranks [142]. In contrast to the Pearson
correlation coefficient, SCC does not rely on assumptions of linearity or
normal data distribution. Instead, it measures how consistently the variables
vary with respect to each other in a monotonic manner. Since the calculation
is performed using ranked data rather than raw values, SCC is less sensitive
to outliers and i1s well suited for ordinal or non-normally distributed
datasets. Owing to these properties, SCC is widely applied in cases where
the conditions required for PCC are not satisfied. The mathematical
formulation of SCC is given in Equation 1.48:

2
p=1— 224 (1.48)

n(n2-1)

where d; is the difference in the ranks given to the two variables and n is
the total number of samples.
1.12.4.8 Mutual Information (MI)
Mutual Information (MI) is a commonly used feature selection approach
that captures the degree of statistical dependence between two variables
[142]. It measures how much knowledge of one random variable reduces
the uncertainty associated with another, making it suitable for identifying
both linear and non-linear relationships. In this framework, the mutual
dependence between variables X and Y is expressed as:

MI(X,Y) = HX) — HX|Y) (1.49)
Here, H(X) represents the Shannon entropy, which quantifies the

uncertainty of a discrete random variable X, and is defined as:

H(X) = = Yxex p(X) logp(x) (1.50)

53



CHAPTER 1

where p(x) denotes the probability distribution of X. The term H(X]|Y) is
the conditional entropy of X given Y, reflecting the remaining uncertainty
in X once Y is known. Consequently, mutual information can be interpreted
as the decrease in uncertainty of X achieved by incorporating information
from Y.

1.12.4.9 Hyperparameter Tuning

Hyperparameter tuning plays a critical role in machine learning by
identifying the most suitable set of hyperparameters that lead to optimal
model performance. In contrast to model parameters, which are learned
directly from the training data, hyperparameters are predefined and govern
how the learning process is carried out /[/43]. Several strategies exist for
this purpose, among which Grid Search and Randomized Search are two
widely adopted approaches for systematic hyperparameter optimization
[144].

1.12.4.10 Grid Search

Grid search is a systematic hyperparameter tuning approach in which
predefined sets of values are assigned to each hyperparameter, and the
model is trained and evaluated for every possible combination of these
values. By exhaustively exploring the entire parameter space, grid search
ensures that the best-performing hyperparameter combination within the
specified ranges is identified, albeit at the cost of increased computational
expense.

1.12.4.11 Randomized Search

Randomized search is a hyperparameter tuning strategy in which
probability distributions are defined for each hyperparameter rather than
fixed value sets. The algorithm randomly draws combinations from these
distributions and evaluates the model using the sampled configurations. By
testing a limited number of randomly selected combinations, this method
can cover a wider region of the hyperparameter space while requiring

significantly fewer model evaluations than an exhaustive grid search.
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1.12.5 Machine Learning Algorithms
1.12.5.1 Linear Regression
Linear regression is a supervised learning approach employed to model a
straight-line relationship between an input variable x and a corresponding
output variable y /745]. The objective is to determine the optimal linear
function that best represents the observed data trend. This relationship can
be mathematically expressed as:

y=wx +b (1.51)
where y denotes the predicted response, w represents the slope of the fitted
line indicating the sensitivity of y to changes in x, and b is the intercept
that defines the value of y when x = 0.
1.12.5.2 Logistic Regression
Logistic regression is a widely used classification technique that estimates
the probability of a data point belonging to a particular categorical class
[146]. It employs a logistic, or sigmoid, activation function o, which maps

input values to a range between 0 and 1. The sigmoid function is defined as

o(t) = — (1.52)

1+et

This probabilistic output makes logistic regression especially suitable for
binary classification problems.

1.12.5.3 K-Nearest Neighbors

The K-Nearest Neighbors (KNN) algorithms is a non-parametric learning
method that makes predictions based on the proximity of data points in the
feature space /147]. For a given input, the algorithm identifies the 'k’ closest
training samples and assigns a class label or prediction based on the
collective information from these neighbors.

1.12.5.4 Kernel Ridge Regression

Kernel ridge regression integrates ridge regression with kernel-based
techniques to capture nonlinear dependencies between input variables and
target outputs //48]. By implicitly mapping data into a higher-dimensional
feature space, this method enables effective modeling of complex

relationships that cannot be represented using linear functions.
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1.12.5.5 Support Vector Machines
Support Vector Machines (SVM) are supervised learning algorithms that
aim to separate data points of different classes by constructing an optimal
decision boundary, known as the maximum-margin hyperplane /749]. The
hyperplane is chosen such that the distance between the nearest data points
of each class and the boundary is maximized. The mathematical form of the
hyperplane is given by:

WTx +b =0 (1.53)

where W is the normal vector defining the orientation of the hyperplane, x
represents the feature vector, and b controls the offset of the hyperplane
from the origin.

1.12.5.6 Random Forest

Random forest is an ensemble learning technique that constructs multiple
decision trees using randomly sampled subsets of the training data and
features [150]. The final prediction is obtained by aggregating the outputs
from all individual trees, which improves robustness and reduces
overfitting.

1.12.5.7 Adaptive Boosting

Adaptive boosting, commonly known as AdaBoost, is an ensemble method
that sequentially combines several weak learners to form a strong predictive
model /151]. During training, higher weights are assigned to misclassified
samples in subsequent iterations, enabling the model to focus on difficult
cases and progressively enhance performance.

1.12.5.8 Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is an optimized implementation of
the gradient boosting framework designed for computational efficiency and
scalability /752]. It builds an ensemble of decision trees in a sequential
manner, where each new tree corrects the errors introduced by the previous

models.
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1.12.5.9 Gaussian Process Regression

Gaussian Process Regression (GPR) is a probabilistic regression approach
rooted in Bayesian inference //53]. Instead of assuming a fixed functional
form, GPR defines a distribution over possible functions f(x), allowing for
uncertainty quantification in predictions while modeling nonlinear
relationships.

1.12.5.10 Decision Tree

A decision tree is a hierarchical model composed of internal decision nodes,
branches corresponding to decision rules, and terminal leaf nodes
representing final outcomes /754/. It provides an intuitive and interpretable
framework for both classification and regression tasks.

1.12.5.11 Extra Tree Regression

Extra tree regression is an ensemble-based regression technique that
generates multiple decision trees using randomly selected features and split
points [155]/. This additional randomness increases diversity among the
trees, often leading to improved generalization and reduced prediction
variance.

1.12.6 Model Evaluation Metrics

1.12.6.1 Coefficient of determination (R?)

The coefficient of determination R? quantifies how well a regression model
explains the variance in the target variable using the input features [156].

Its value lies between 0 and 1 and is defined as

n .—m)2 n .
—g}flﬁx' 212 where HZZ‘jm‘ (1.54)
=1 VT

R =

where M; are predicted values, m; are the reference DFT values, m is their
mean, and n is the dataset size.

1.12.6.2 Mean Absolute Error (MAE)

MAE represents the average magnitude of prediction errors without

considering their direction:

MAE =§ DM, — m; (1.55)
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1.12.6.3 Mean Squared Error (MSE)
MSE emphasizes larger errors by squaring the deviations between predicted
and actual values:

MSE== 3" (M;—m,)? (1.56)
1.12.6.4 Root Mean Squared Error (RMSE)
RMSE is the square root of MSE and provides an error metric in the same

units as the target variable:

RMSE = \/izg;l(lv{i — m;)2 (1.57)

1.12.7 Cross-Validation

Cross-validation assesses model robustness and generalization by
repeatedly training and testing on different data partitions. In this work, K-
fold cross-validation is employed, where the dataset is divided into K

subsets and each subset is used once as a test set (Figure 1.11) /157].

o)) )]G )]

Mean Error

Figure 1.11: Schematic diagram showing K-fold (K=10) cross-validation.
1.12.8 Feature Importance

Feature importance in machine learning refers to the systematic evaluation
of how strongly each input feature influences the prediction of the target
variable. This analysis plays a key role in interpreting model behavior,
selecting relevant descriptors, and improving overall predictive
performance. Feature importance techniques can be broadly categorized

into model-specific approaches and model-agnostic methods, both of which
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offer valuable insights into the contribution of individual features within the
adopted ML models.

1.12.9 Permutation Feature Importance

Permutation feature importance is a model-independent approach used to
quantify the relevance of individual features by examining how random
rearrangement of their values affects model performance /7/50]. In this
method, the values of a selected feature are permuted while keeping all other
features unchanged, and the resulting change in prediction error is
evaluated. A significant increase in error upon permutation indicates that
the model strongly depends on that feature, classifying it as important. In
contrast, minimal or no change in error suggests a weak influence of the
feature on the model’s predictions.

1.12.10 Machine Learning Explainability

The need for machine learning explainability arises from the opaque nature
of many conventional ML models, which often function as black boxes and
provide limited insight into how predictions are generated. Explainable
Artificial Intelligence (XAI) encompasses a collection of methods and
frameworks designed to interpret and clarify the decision-making processes
of ML models. Model explainability enables human users to understand,
trust, and validate model outputs by offering transparent reasoning behind
predictions (Figure 1.12). Core principles of XAl include transparency,

fairness, causality, transferability, and accountability /15§].
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Figure 1.12: Schematic illustration of the black box model and explainable
Al interpreting the decision behind ML prediction.

1.12.11 SHapley Additive exPlanations (SHAP)

SHapley Additive exPlanations (SHAP) provide a unified framework for
interpreting predictions generated by machine learning models by
quantifying the contribution of each input feature. The method is grounded
in cooperative game theory, where each feature is treated as a player
contributing to the final prediction. SHAP is model-agnostic in nature and
can therefore be applied to a broad class of ML algorithms. It enables
interpretation at both the local level, for individual predictions, and the
global level, by summarizing feature contributions across the entire dataset
[159].

At the local scale, SHAP values decompose a single model prediction by
distributing the deviation of the predicted output from a reference or
baseline value among the input features. This provides detailed insight into
how specific features influence a particular prediction. At the global scale,
aggregating SHAP values over all samples yields an overall ranking of
feature importance, offering a comprehensive understanding of model
behavior. The Shapley value @, (p) associated with feature x, among a total
of n features, for a model prediction p is computed using the following

expression:

op =) | EEEEGEUO-pE)  (159)

n

where S represents all possible subsets of the feature set excluding feature
X, n denotes the total number of features, p(SUx) is the model prediction
obtained when feature x is included, and p(S) corresponds to the prediction
made without feature x.

1.12.12 Graph Neural Network

A broad spectrum of machine learning methods, including naive Bayes
[160], linear regression [161], symbolic regression [162], decision trees
[163,164], support vector machines [165,166/, and neural networks [167-
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169], has been widely applied in materials science and engineering. While
these approaches have delivered valuable insights, they encounter
significant difficulties when applied to complex crystalline systems. One
major challenge arises from the reliance on handcrafted structural
descriptors, which are often tailored to specific problems and do not
generalize well across large and diverse crystal datasets. Additionally,
crystal structures are inherently non-Euclidean, making them incompatible
with conventional ML models unless complex transformations are
introduced, which can degrade interpolation quality and predictive
reliability. Graph neural networks (GNNs) address these limitations by
directly operating on graph-structured data, as represented in Figure 1.13
[167-177]. In GNN-based frameworks, atomic or molecular structures are
naturally represented as graphs, enabling a direct connection between
structure and material properties such as formation energies, elastic
constants, and electronic characteristics. This capability has led to the
widespread adoption of GNNs in tasks including crystal structure
prediction, high-throughput screening, and materials property estimation.
As a result, GNNs are now extensively used across multiple length scales,

from mesoscale microstructures to atomistic modeling.
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N e @
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Figure 1.13: Schematic illustration of a graph neural network (GNN). The
graph is represented by nodes and edges encoding atomic or structural
features. Through iterative message passing, information is exchanged
between neighboring nodes and node representations are updated. A readout
operation aggregates node-level embeddings to produce either node-level

or graph-level outputs.
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Research activity related to GNN applications in materials science has
grown rapidly, surpassing roughly 600 publications per year since 2022. At
the mesoscale, GNNs have been successfully applied to polycrystalline
systems, where they capture grain-to-grain interactions more effectively
than traditional ML methods, enabling improved predictions of phenomena
such as abnormal grain growth. GNNs have also been used in conjunction
with image-based datasets to extract microstructural features and generate
synthetic microstructures, leading to enhanced performance predictions. At
the atomic scale, GNNs enable explicit modeling of atomic connectivity,
bonding environments, and reaction pathways, supporting accurate
predictions of electronic, thermodynamic, and structural properties [178].
These capabilities make GNNs particularly powerful tools for rational
materials design and optimization. Accordingly, this review primarily
focuses on atomic-scale GNN applications, where material structures and
properties are mapped directly onto graph representations /168].

In general, GNN-based materials modeling follows three main stages: graph
construction, feature learning, and property prediction //69/. During graph
construction, atoms, unit cells, surfaces, or other structural motifs are
represented as nodes, while chemical bonds or geometric relationships form
the edges. Feature learning is carried out through graph convolution
operations, which iteratively update node and edge features by combining
topological and chemical information. Finally, the learned representations
are passed through fully connected layers to predict target properties.
Accurate encoding of crystal structure information is critical at this stage.
Common strategies include one-hot encoding, bag-of-bonds descriptors
[180], atom-centered symmetry functions, Coulomb matrices [181,182],
and crystal graph convolutional neural networks (CGCNN) /[167].
Continuous methodological improvements aim to enhance both predictive
accuracy and computational efficiency.

Overall, GNNs provide a flexible and physically meaningful framework for

materials modeling. Their strength lies in their ability to handle irregular,
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variable-sized structures while explicitly capturing atomic and molecular
relationships. GNNs can often achieve high accuracy with limited labeled
data, offer improved interpretability compared to black-box models, and
exhibit strong transferability to unseen materials sharing similar structural
motifs. Based on application focus, GNNs can be broadly classified into
several categories. The different representative GNN models includes
CGCNN [167] and its variants such as iICGCNN and OGCNN [171,172],
MEGNet [170], GATGNN (Global Attention Graph Neural Network)
[183], ALIGNN (Atomistic Line Graph Neural Network) /[/84], and
BonDNet /185]. These models have robust graph representations, strong
predictive performance, interpretability, and transferability across diverse

materials systems.

Output

Hidden
Layer (L)

Figure 1.14: Architecture of the crystal graph convolutional neural network
model.

1.12.12.1 Crystal Graph Convolutional Neural Network (CGCNN)
The crystal graph convolutional neural network (CGCNN) [167] is a
foundational graph-based framework that represents crystalline materials as
graphs, explicitly encoding atomic identities and interatomic connections.
In CGCNN, convolution operations are performed directly on the crystal
graph, allowing the model to automatically learn structure-aware features
for property prediction using datasets typically derived from density
functional theory (DFT) calculations, as represented in Figure 1.14.
Developed by Xie et al. and released as an open-source model [167],
CGCNN treats atoms in the unit cell as nodes, while edges represent

bonding or proximity relationships. Both nodes and edges are described
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using feature vectors that capture elemental properties and bonding
characteristics. The CGCNN architecture consists of an input layer,
multiple graph convolution layers, a pooling operation, fully connected
hidden layers, and an output layer. Among these components, the graph
convolution layers are central, as they iteratively aggregate information
from neighboring atoms to build increasingly expressive representations of
local chemical environments. This hierarchical feature learning enables
CGCNN to extract chemically meaningful descriptors that are subsequently
used for accurate property prediction [/86]. Zhou et al. employed CGCNN
to identify high-performance cathode materials for zinc-ion batteries by
combining data from the Materials Project and AFLOW databases. Through
large-scale screening of approximately 700,000 inorganic compounds, they
identified more than 70 candidates exhibiting both high operating voltage
and high specific capacity, demonstrating the effectiveness of CGCNN for
accelerating energy materials discovery. In another study, Wang et al.
constructed a borate bandgap database using text-mining techniques applied
to experimental literature and applied CGCNN to predict electronic band
gaps. Their model achieved strong agreement with experiments, with an
average absolute error of 0.40 eV, and was integrated into a web-based
platform that enables direct bandgap prediction from CIF files.
Additionally, Ahmad et al. used CGCNN to screen solid electrolyte
materials capable of suppressing lithium dendrite growth. By employing
bulk and shear moduli as screening metrics, they evaluated nearly 13,000
bulk materials and over 15,000 interfacial systems, identifying more than
20 promising interfaces and six solid electrolytes with strong dendrite
suppression potential //87]. Overall, CGCNN consistently outperforms
conventional ML models and traditional computational approaches in terms
of predictive accuracy and generalization. This advantage stems from its
ability to learn directly from atomic connectivity, enabling the development
of transferable representations across diverse material classes. Furthermore,

CGCNN offers a degree of interpretability by linking learned features to
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local atomic environments, providing valuable insights into structure—

property relationships and supporting rational materials design.
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Figure 1.15: Architecture of the atomistic line graph neural network model.
1.12.12.2 Atomistic Line Graph Neural Network (ALIGNN)

ALIGNN [184] extends conventional graph neural network frameworks by
introducing a line graph representation, as illustrated in Figure 1.15. In this
approach, the material structure is first represented as an atomic graph, and
a corresponding line graph is constructed where each node represents an
interatomic bond from the atomic graph. The edges of the line graph capture
relationships between bonds, typically associated with atomic triplets or
bonded pairs. Information is exchanged through alternating convolution
operations between the atomic and line graphs, enabling simultaneous
learning of atomic-level and bond-level features. By explicitly
incorporating both bond lengths and bond angles, ALIGNN captures
detailed geometric information that is often missed by simpler graph
representations, leading to improved prediction accuracy for material
properties. In addition, ALIGNN employs a multi-head self-attention
mechanism to model long-range interactions within materials. By dividing
the feature space into multiple attention heads, the model learns diverse
attention patterns, enhancing robustness and representational capacity.

An extended version, ALIGNN-d, was introduced by Hsu et al. [/88],
which incorporates dihedral angles in addition to bond angles. This
extension enables the model to encode full three-dimensional geometric
information while maintaining memory efficiency, making it particularly

suitable for complex molecular and crystalline systems. Gurunathan et al.
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[189] applied ALIGNN to predict phonon density of states and derived
thermodynamic properties, including heat capacity, vibrational entropy, and
phonon—isotope scattering rates, achieving high accuracy. Similarly,
Kaundinya et al. /7/89] demonstrated the use of ALIGNN for electronic
density of states prediction using two complementary graph-based
representations, enabling efficient high-throughput DOS screening. Hsu et
al. [188] further showed that ALIGNN-d can accurately predict infrared
absorption spectra for different Cu(Il) aqua complex configurations.
Beyond property prediction, Choudhary et al. //90] developed ALIGNN-
based interatomic force fields capable of modeling solids containing
arbitrary combinations of 89 elements. Their model was benchmarked
against DFT for lattice constants, formation energies, and energy—volume
curves across a wide range of materials. In another development, an
ALIGNN-based framework incorporating deep transfer learning was
proposed to enable property prediction across both three-dimensional and
two-dimensional systems, covering inorganic and organic materials [/91].
Despite its strong performance, ALIGNN has several limitations. Training
can be computationally expensive, and model performance is sensitive to
hyperparameter choices, often requiring extensive tuning. Interpretability
remains limited, making it difficult to directly associate learned features
with physical insights. In addition, predictive performance can be dataset-
dependent, highlighting the need for broader validation. Ongoing research
efforts aim to improve the efficiency, robustness, and interpretability of

ALIGNN-based models.
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Figure 1.16: Architecture of the global attention graph neural network
model.

1.12.12.3 Global Attention Graph Neural Network (GATGNN)
Traditional graph neural networks primarily emphasize local message
passing, which restricts their ability to explicitly model long-range
interactions. To overcome this limitation, the global attention graph neural
network (GATGNN) was introduced as a hybrid framework that integrates
graph convolution with a global attention mechanism. As illustrated in
Figure 1.16, GATGNN consists of multiple augmented graph attention
(AGAT) layers followed by a global attention layer. The AGAT layers
focus on learning local atomic interactions by assigning adaptive weights to
neighboring nodes during feature aggregation. The global attention layer
enables the model to capture interactions between all nodes in the graph,
making GATGNN particularly effective for irregular structures where the
importance of nodes varies significantly. Through multi-layer convolution
and multi-head attention operations, GATGNN jointly learns node and edge
representations while dynamically quantifying interaction importance. This
design substantially improves predictive accuracy and generalization.
However, the global attention representation alone is not sufficient for
direct node-level classification tasks and requires additional processing.

To address this issue, Sadam et al. proposed DeeperGATGNN /783/, which
extends the original architecture by incorporating differentiable group
normalization and skip connections to alleviate over-smoothing in deep
GNNs. DeeperGATGNN achieves state-of-the-art performance across
multiple benchmark datasets, often requiring minimal hyperparameter
tuning. The architectural principles introduced in DeeperGATGNN also
provide a general strategy for improving other deep GNN models.
Nevertheless, its scalability is lower than that of MEGNet, particularly for
very large systems. Louis et al. //70] demonstrated that GATGNN
outperforms CGCNN in predicting formation energies, elastic moduli, and

electronic band structures, consistently yielding lower mean absolute errors.
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Kong et al. further showed that GATGNN can accurately predict phonon

and electronic density of states using crystal structures from the Materials

Project [192]. DeeperGATGNN has also been applied to screen

piezoelectric materials within the ABCs family /7/93/. Additional studies

have used GATGNN-based models to predict vibrational frequencies /7194/,

dielectric constants /795, and other electronic properties directly from

crystal structural data.
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2.1 Introduction

The proton exchange membrane fuel cell (PEMFC) has become a promising
power source to meet rising global energy needs /[/-3]. Its high energy
efficiency, zero carbon emissions, high energy density, low operating
temperature, and negligible exhaust make it a focus of renewable energy
research [4—7]. Within PEMFCs, the hydrogen evolution reaction (HER)
occurs at the anode and the oxygen reduction reaction (ORR) at the cathode.
Although HER has fast kinetics, ORR remains the rate-limiting step due to
its sluggish kinetics and the resulting high overpotential at the cathode /8—
10]. Platinum-based catalysts are widely used because they optimally bind
ORR intermediates within the Sabatier range. However, high Pt cost and
limited durability restrict large-scale commercialization of PEMFCs
[11,12]. Considerable efforts have therefore been directed toward designing
catalysts that lower the cathodic overpotential. Both Pt-based and non-Pt-
based materials have been explored. Pt nanoclusters //3—15]/, nanotubes
[16], nanoshells [17,18], and nanofilms [/9] have shown strong ORR
activity. For non-Pt catalysts, transition metal alloys /20—25], and inorganic
materials such as graphene, carbon nanotubes /26—28], and metal-organic
frameworks (MOFs) /29] have also demonstrated ORR activity. However,
the limited stability of platinum-free systems under harsh fuel cell
conditions continues to shift research attention toward platinum-based
electrocatalysts /30]. The ORR mechanism has been extensively studied,
and platinum nanoparticles remain among the most efficient ORR catalysts
[31-33]. These particles possess well-defined bulk-like facets. Still,
reducing Pt loading without compromising performance remains a major
challenge /34-36].

Subnanometer Pt,, clusters have recently drawn attention after Imaoka et al.
synthesized clusters containing 10-20 atoms and reported significantly
enhanced ORR activity for Pt,q /34-36]. The improvement was attributed
to low-coordination edge sites, previously assumed to diminish activity.

Our recent work also showed that ORR activity in nanoclusters is highly
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sensitive to atomicity, with exceptional activity emerging from specific
cluster sizes /37]. These findings highlight the promise of subnanometer
clusters, driven by their unique structural and electronic characteristics.
Borna et al. further reported high fluxionality for Pt,, (n = 1 — 6) clusters,
indicating strong structural dynamics that could enhance ORR activity /38/.

Understanding the structural evolution of catalysts under reaction
conditions is critical for rational design. At elevated temperatures,
electrochemical potentials, electrolyte environments, high surface
coverage, or in the presence of strong metal-support interactions (SMSI),
clusters undergo major structural rearrangements [39—42]. Global
optimization (GO) techniques such as genetic algorithms (GA) [43],
particle-swarm optimization (PSO) /44/, basin hopping /45], and simulated
annealing /46] coupled with ab initio calculations are widely used to predict
the global minimum (GM) structure. Although these methods provide a
putative global minimum (PGM), relying only on GM may not give a
complete description of catalysis. At finite temperatures, thermally
accessible metastable local minima (LM) structures contribute collectively
to catalytic turnover /47]. This ensemble perspective suggests that catalysis
arises not from a single static structure but from a swarm of transient,
fluxional configurations. Recent work by Alexandrova and co-workers
demonstrated this for Pt clusters on alumina surfaces, where including
metastable isomers explained the superior catalytic activity of Pt,
compared to Ptg in ethylene dehydrogenation /48,49].

In this study, Pt;3 subnanoclusters were used to investigate the role of both
GM and LM structures and their fluxional behavior during ORR. Global
optimization identified multiple Pt;; isomers, and their structural
characteristics were analyzed. A comprehensive ORR investigation was
performed, including adsorption interactions with intermediates, reaction
mechanisms, and kinetic analysis of metastable isomers. A statistical

ensemble description was developed by accounting for energetics and
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kinetics through weighted-average contributions. High-coverage conditions
were further examined to determine thermodynamically and kinetically
active clusters. The combined results reveal how both GM and LM
structures contribute to the overall ORR activity of Pt;3 subnanoclusters.
2.2 Computational Details

2.2.1 Global Optimization

For global optimization of Pt;3 subnanoclusters, initial cluster geometries
were generated using the Parallel Global Optimization Pathway Toolkit
(PGOPT) /50]. PGOPT employs the bond length distribution algorithm
(BLDA) to efficiently sample the configuration space and generate metal
cluster structures, which are then optimized to identify GM and LMs
isomers. A population of 500 unique geometries was generated with an
order parameter of 3 and a minimum bond length difference of 0.25 A. The
order parameter defines the binding pattern during structure generation.
With order 3, the first half of the atoms follow order 1, where each added
atom binds to at least one existing atom, while the remaining atoms follow
order 2, binding to at least two existing atoms. This setup was chosen to
improve structural accuracy for Pt;3 clusters. Duplicate structures were
removed using a similarity check based on depth-first search (DFS), and
only unique geometries were retained for optimization. All structures were
optimized in a cubic box of 18 x 18 x 18 A3 to eliminate interactions
between periodic images, and calculations were performed across spin
multiplicities from singlet to nonet. The isomer with the lowest total energy
was designated as the GM, while other low-energy isomers close in energy
were categorized as LM.

2.2.2 Electronic Structure Calculations.

The plane wave DFT calculations were performed using the Vienna ab
initio simulation package (VASP) /51]. The exchange-correlation energy
was treated using the Generalized Gradient Approximation with the
Perdew-Burke-Ernzerhof (GGA-PBE) functional /57,52]. The Projector
Augmented Wave (PAW) method was applied to describe core—valence
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interactions, and the plane-wave cutoff energy was set to 470 eV /53]. AT-
centered (1 x 1 x 1) A I'-centered (1 x 1 x 1) k-point grid was used for
Brillouin zone sampling /38,54]. Geometry optimization was carried out
using the conjugate-gradient algorithm with an electronic energy
convergence threshold of 10™* eV and Hellmann-Feynman force
convergence criteria below 0.02 eV A~!. DFT-D3 method was used to
correctly define van der Waals interaction /55/. Gaussian smearing of 0.02
eV has been employed. All spin-polarized calculations were performed for
all the molecular species and oxygen adsorbed intermediates. The climbing
image-nudged elastic band (CINEB) was employed to locate the transition
states by creating six images in the pathway of the rate-determining step.
And the transition states were confirmed by the presence of one imaginary
frequency [56]. Zero-point energy (ZPE) was calculated using the

following equation:
ZPE = %% hv; (2.1)

where h is Planck’s constant and v; is the frequency of the i*" vibrational
mode. The Gibbs free energies of elementary ORR steps were computed
within the computational hydrogen electrode (CHE) model proposed by
Norskov and coworkers /57]. The free energy change was determined
using:

AG = AE + AZPE — TAS — eU (2.2)
where AE is the reaction energy, AZPE is the change in zero-point energy,
T is the temperature (300 K), AS is the entropy change, U is the electrode
potential referenced to SHE, and e is the number of transferred electrons.
Zero-point energies and entropies were estimated using the harmonic
oscillator approximation /57]. U is the electrode potential references to the
standard hydrogen electrode, and e is the transferred electronic charge. We
have employed gas-phase model of Pti3 cluster, without considering the

effect of support and electrode potential, as investigated in previous studies

/58].
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2.3 Results and Discussion

2.3.1 Structural Exploration of the Pt,3; Clusters

To examine the low-energy metastable ensembles (LEME) obtained from
global optimization, an ensemble of ten isomers was constructed and
evaluated for their collective contribution to ORR activity. The relative
energies of the nine LM, referenced to the GM, along with their
corresponding structures, are shown in Figure 2.1. The first LM is located
0.26 eV above the GM, and the number of isomers increases toward the
higher-energy end, consistent with the potential energy surface
characteristics of Lennard-Jones clusters described by Wales via
disconnectivity graphs /59]. All clusters are stable in the singlet state except
LM3 and LM6, which stabilize in the triplet state. Because multiple
thermodynamically accessible metastable isomers can coexist and
contribute under operating conditions, these isomers were included in the

LEME for subsequent ORR analysis.

GM LMI LM2 LM3
0.00 eV 0.26 eV 0.27 eV 0.38 eV

2

&5
0—o-o

LM35 LM6 LM7 LM8 LM9
0.55eV 0.56 eV 0.59 eV 0.61 eV 0.72 eV

Figure 2.1 Relative energies (eV) and corresponding geometries of the
isomers that form the low-energy metastable ensemble (LEME) identified
from global optimization. The global minimum (GM) is taken as the
reference at 0 eV.

The GM of Pt;; features a highly symmetric structure composed of

tetrahedral units with capped atoms. A closely related geometry has been
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described earlier as a disordered structure (DIS) by Bunau et al. and as a
tricapped pentagonal prism by Zhai et al. /50,60]. Many studies have
reported icosahedral or cuboctahedral motifs for Pt;3 due to the enhanced
stability of magic-number clusters satisfying closed-shell configurations.
[61,62] However, no such high-symmetry structures emerged from our
global optimization. The GM has an average coordination number (CN) of
4, lower than the compact cuboctahedral configuration with an average CN
of 5.5 (Table 2.1). This reduced coordination strengthens Pt—Pt bonding by
decreasing d—d interactions between 5d electrons, thereby enhancing
structural stability.

The geometries of the low-energy LM isomers differ significantly from the
GM, exhibiting no symmetrical elements. All identified Pt,; isomers were
three-dimensional; planar two-dimensional structures were not obtained
due to their much higher energies, making them thermally inaccessible,
consistent with earlier findings /37/. To evaluate coordination
environments, we adopted an approach like Lan et al. /63/ and calculated
CN by counting neighboring Pt atoms within 3.0 A. The CN of individual
Pt atoms spans a broad range from 2 to 7 across the ensemble, although the
average CN of each isomer remains nearly constant (Table 2.1). The lowest
CN value (2) appears in LM7 and LM8, while the highest (7) occurs in LM3
and LM4. Moreover, only minor differences were observed in the average
CN across the clusters, consistent with the very small variation in their
average Pt—Pt bond lengths (0.058 A).

Table 2.1. Properties of LEME (Zero Represents the Energy of Global
Minima) Obtained from Global Optimization of Pt;3 Clusters. The cluster
binding energies (CBE) in eV/atom, maximum and minimum coordination
number (max. CN and min. CN respectively), average Pt-Pt bond length
(Pt—Pt) in A, average coordination number (avg. CN) and average
generalized coordination number (avg. GCN) values corresponding to each

isomer in LEME are listed respectively.
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Clusters GM LMl LM2 LM3 LM4 LM5 LM6 LM7 LM8 LM9
RE 0.00 026 027 038 044 055 056 059 061 072
Multiplicities | Singlet  Singlet Singlet Triplet Singlet Singlet Triplet Singlet Singlet Singlet
Pt — Pt 2.57 257 262 259 259 256 262 257 262 256
CBE -3.88  -3.86 -3.86 -3.85 385 -3.84 -3.84 -384 384 -38I
Max. CN 6 5 6 7 7 5 6 6 6 6
Min. CN 3 3 3 3 3 3 3 2 2 3
Avg. CN 4 4 446 431 446 385 446 4 446  3.85
Avg. GCN 1.41 139 181 169 18 128 175 143 179 135

To quantify the structural diversity within the LEME, we employed the
generalized coordination number (GCN) proposed by Calle-Vallejo et al.
[64,65] and defined as:

p— (2.3)

GCNi = 221 o

where CN;j is the coordination number of each neighboring atom j, and

CNpax 18 the maximum coordination number in the bulk crystal structure
(12 for fcc metals such as Pt). GCN is widely used as a structural descriptor
of catalytic activity because it accounts for the coordination environment of
neighboring atoms, allowing better differentiation between geometries than
conventional CN measures. For the Pt;3 clusters, GCN values span from
0.58 to 2.66, indicating significant structural variation among the LEME
(Figure 2.2). The most frequently observed GCN values fall between 1.25
and 1.37, corresponding to the average GCN of LMS5 and LM9. The GM
has an average GCN of 1.41, slightly higher but close to the dominant range,
reflecting the high fluxional behavior of Pty; clusters. This observation
aligns with previous findings by Fung et al. /66/, who linked fluxionality to
variations in coordination environments. As the first member of a magic-
number series, Pt;3 is known for its strong fluxional nature, making

structural assignments challenging /66/. These results highlight the

99



CHAPTER 2

importance of including metastable isomers when evaluating the catalytic

properties of subnanometer Pt clusters.

16
144
12 {\
2> 104 GM
5
5 8-
o
L 61
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0.5 1.0 15 2.0 25 3.0
GCN

Figure 2.2 Generalized coordination numbers (GCN) of metastable isomers
within 0.8 eV of the global minimum obtained from global optimization of
the Pt;5 cluster. The GCN of the GM is highlighted.

To evaluate the stability of the isomers in the LEME of Pt;3
subnanoclusters, we calculated the cluster binding energy (CBE) for each
structure using the following expression:

CBE = [E(Pt;3) — 13 x E(Pt)]/13 (2.4)
where E(Pt;3) and E(Pt) are the total energies of the Pt;5 cluster and an
isolated Pt atom, respectively. The global minimum (GM) structure shows
the highest binding energy, —3.88 eV per atom, indicating the greatest
stability. As shown in Table 2.1, the metastable isomers exhibit binding
energies close to that of the GM, implying comparable stability. Based on
the structural analysis, no direct correlation is observed between the
coordination number (CN) and cluster stability, suggesting that CN alone
does not govern the stability of the Pt;3 isomers.

2.3.2 Adsorption of ORR Intermediates
To understand the ORR mechanism, we examined the adsorption behavior

of the key intermediates 05, 0*, OH*, OOH", and H,0". In subnanometer
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clusters, each atomic site exhibits a distinct electronic structure and
coordination geometry, making it challenging to pinpoint the active site and
the most stable adsorption configuration. Therefore, multiple adsorption
sites were tested for every intermediate, sampling top, bridge, hollow, and
disigma positions, and the most stable adsorption configuration were
utilized for further mechanistic investigation. For example, the most stable
adsorption configuration for different intermediates on GM is represented
in Figure 2.3, representing the irregular geometries of these isomers. For the
O* intermediate, several three-fold hollow sites were also tested, but they

were consistently less stable than top or bridge configurations.

o o o* é OH*

Figure 2.3. Most stable adsorption configuration of ORR intermediates on
global minima of Pt,; clusters. The colors gray, red, and pink represent

platinum, oxygen, and hydrogen atoms, respectively.
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Figure 2.4. Adsorption energy of ORR intermediates on global minima
(GM) and different local minima (LM) corresponding to its most stable

binding sites.
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During the screening, several distinct adsorption configurations showed
only small energy differences due to variations in geometry, coordination
environment, and electronic structure. For instance, LM1 and LM3 bind all
intermediates exclusively at top sites. In LMI1, the most stable
configurations of 05, 0*, OH*, OOH* were only 1.00, 0.03, 0.19, and 0.19
eV more stable than the next-best top sites. This indicates that the
symmetry-based elimination of equivalent sites traditionally applied to
larger clusters cannot be used here, because adsorption breaks site
indistinguishability. Therefore, exhaustive site sampling is required for
subnanoclusters. To evaluate the conventional notion that low-coordinated
atoms poison catalyst surfaces by binding intermediates strongly /67], we
inspected O* adsorption (the strongest binder among ORR intermediates).
The most stable O structures were distributed over Pt atoms with a wide
range of coordination numbers. In some cases, the most stable binding
occurred on Pt atoms with CN = 2 or 6, whereas most often the stable sites
showed CN = 3, 4, or 5. This suggests that in the subnanometer regime the
coordination environment can either drastically enhance activity or severely
poison active sites, depending on the isomer. Adsorption energies were

computed using:
Eags = E(Pt13 -X) - E(Pt13)ads — E(X)ags (2.5)

where E(Pt;; —X) is the total energy of the adsorbed system, and
E(Pty3).4s and E(X),qs are the energies of the isolated cluster and isolated
intermediate at the adsorbed geometry. The adsorption energies for all
intermediates across all isomers are shown in Figure 2.4. Adsorption
energies showed large variations across isomers with no systematic trend.
0™ always bound most strongly, while H,O* exhibited the weakest binding.
Compared to bulk Pt(111) and the larger Pt,9 nanocluster /68/, all Pt;;
isomers displayed significantly higher binding energies for ORR
intermediates due to their undercoordinated Pt atoms. For the GM, O*
adsorption falls between Pt(111) and Pt,q, whereas OH*, OOH"*, and H, 0"
adsorption is stronger than both bulk systems (Table 2.2). Among all
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isomers, LM8 showed the highest binding energies for every intermediate
due to its highly coordinated Pt environment; LM7 demonstrated similar
behavior.

Bridge, top, disigma, and three-fold hollow sites emerged as the main
adsorption motifs. Adsorption trends varied substantially across isomers
and intermediates, as represented in Table 2.2. 05 favored disigma binding
for most metastable isomers, but top sites were also competitive for LM1
and LM3. O* showed similar preference for bridge and top positions across
clusters. OH* and OOH" were predominantly absorbed at top sites, except
in GM and LMS8 where bridge sites were most stable. None of the
intermediates preferred the three-fold site; for example, in GM and LM7 the
most stable three-fold O* site was 0.80 and 0.39 eV less stable than the best
bridge and top sites, respectively. This contrasts with bulk surfaces or larger
nanoparticles, where hollow sites are typically favored. The same
qualitative behavior was observed for all remaining isomers.

Table 2.2. Adsorption Energies (eV) of ORR Intermediates at the Most
Stable Site over Different Metastable Isomers. Here t, b, and f denote top,

bridging, and fcc sites respectively.

Isomer 0, 0" OH~ OOH” H,0"
GM -1.98 (b) -4.92 (b) -3.26 (1) -1.87 (b) -0.59 (1)
LM1 -2.16 (b) -4.82 (1) -3.44 () -2.05 (1) -0.39 ()
LM2 -1.87 (b) -4.60 (t) -3.30 (b) -1.91 () -0.18 (b)
LM3 -1.96 (t) -5.03 (b) -3.31(b) -2.11 () -0.74 ()
LM4 -2.26 (b) -5.12 (b) -3.43 (b) -1.96 (1) -0.28 (1)
LMS5 -2.04 (b) -4.81 () -3.29 () -1.97 () -0.52 (b)
LM6 -1.73 (b) -4.83 (b) -3.11 (b) -1.79 (v -0.36 (1)
LM7 -2.05 (b) -4.95 (t) -3.47 (b) -2.08 (1) -0.59 ()
LMS8 -3.31 (b) -5.29 (b) -4.07 (b) -3.58 (b) -0.76 (t)
LM9 -2.05 (b) -5.09 (b) -3.55(b) -2.19 () -0.58 (1)
Pt(111) -0.79 (b) -4.54 (t) -2.40 (t) -1.22 (b) -0.34 (b)
Pt,o(NC) -1.56 (b) -5.19 (1) -2.49 (1) -1.40 (b) -0.34 (b)
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Table 2.3: Root-mean square displacement (RMSD) between pristine and
adsorption-induced deformed Pt,; clusters geometries for different ORR

intermediates on different isomers in low energy metastable ensembles

(LEME).

Isomer 0, o OH* OOH* H,0"
GM 0.02 0.11 0.01 0.13 0.24
LM1I 0.07 0.04 0.12 0.06 0.04
Lm2 0.04 0.08 0.04 0.08 0.07
LM3 0.46 0.32 0.09 0.30 0.27
LM4 0.19 0.09 0.03 0.09 0.13
LM5 0.06 0.16 0.18 0.15 0.28
LM6 0.05 0.12 0.05 0.12 0.05
LM7 0.08 0.05 0.04 0.06 0.03
LMS8 0.57 0.29 0.34 0.64 0.18
LM9 0.16 0.15 0.07 0.06 0.05

We have also quantified the response of the different ORR intermediates
toward metastable isomers by calculating the root-mean-square
displacement (RMSD) between the pristine cluster and the adsorbed cluster
through the Kabsch algorithm available in the program Charnley [69].
Large adsorption-induced structural distortions were observed for most
isomers. LM8 showed the highest RMSD for OOH", while the smallest
distortions across all clusters occurred during H,O* adsorption (Table 2.3).
Intermediates such as 03, O*, and OOH"* contributed most to structural
deformation. This demonstrates the fluxional nature of metastable Pt;3
isomers during ORR. d-band center (dbc) analysis (Table 2.4) showed that
all LMs exhibit a dbc upshift toward the Fermi level relative to GM,
consistent with stronger adsorption. For example, dbc shifts of 0.19, 0.67,
and 0.27 eV were observed for LM6 (03), LM4 (0*), and LM6 (OOH™),

respectively.
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Table 2.4: d-band center values of different adsorbates on different isomers

of Pt;3 clusters.

Isomer 0, o OH* OOH*
GM -1.70 -1.82 -1.33 -1.78
LM1I -1.68 -1.75 -1.20 -1.69
LM2 -1.51 -1.76 -1.20 -1.60
LM3 -1.67 -1.22 -1.22 -1.72
LM4 -1.59 -1.15 -1.42 -1.69
LM5 -1.69 -1.79 -1.19 -1.72
LM6 -1.51 -1.65 -1.12 -1.51
LM7 -1.64 -1.75 -1.50 -1.69
LM -1.66 -1.68 -1.52 -1.76
LM9 -1.69 -1.71 -1.49 -1.72

Finally, we tested whether scaling relationships exist between the
adsorption energies of ORR intermediates across different Pt;; isomers
(Figure 2.5) /38]. A weak correlation was observed between O* and OH*
adsorption (R? = 0.52), indicating scaling breakdown. In contrast, OH*
vs OOH* showed strong correlation (R> = 0.89), which arises from their
similar binding positions (mainly top sites) and comparable coordination
and electronic environments. Because LM8 consistently behaved as an
outlier due to its high stability and high coordination, we recalculated the
correlations by excluding LMS8. The R? values dropped to 0.24 and 0.69 for
0" vs OH" and OH* vs OOH", respectively, confirming that scaling

relationships in subnanoclusters are sensitive to specific high-energy

isomers.
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Figure 2.5. Scaling relationship between (a) O* and OH* adsorption
energies and (b) OH* vs OOH" adsorption energies. The isomers are
represented by their respective colored mentioned in the figure.

2.3.3 Free Energy Analysis

To investigate the ORR energetics for each Ptis isomer, free energy
diagrams were constructed using the most stable adsorption configurations.
ORR generally proceeds through two competing pathways: (i) O,
dissociation (dissociative pathway) and (i1) peroxyl formation (associative
pathway) [70,71]. The elementary steps for both mechanisms are
summarized below:

Associative Pathway:

0, (g) + (H" + e™) + x> OOH* (R1)
OOH* + (H*+ e7) - 0"+ H,0 (R2)
0*+ (H*+ e”) —» OH* (R3)
OH*+ (H*+ e7) » H,0 + = (R4)
Dissociative Pathway

0,(@+ (H +e) +*> 0+ 0"+ (H* + e7) (RS)
O+ 0*+ (H*+e) » 0+ OH" (R6)
O0*+OH*+ (HF+ e™) - 0"+ H,0 (R7)
0*+ (H*+ e”) —» OH* (R8)
OH*+ (H*+ e7) » H,0 + = (R9)

We calculated the free energy change for every isomer at 0 V (no applied
potential) and at 1.23 V, the equilibrium potential of ORR. For an ideal
catalyst, the total reaction free energy of 4.92 eV would be evenly
distributed across all elementary steps //2,72]. In practice, one or more
steps become endothermic at 1.23 V, and therefore require an additional
potential (overpotential) to drive the reaction. This endothermic step
corresponds to the rate-determining step. Because each Pt,; isomer exhibits
a distinct coordination environment, large differences in ORR activity were

observed across the metastable structures (Table 2.5). LM4 and LM9
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display the highest ORR activity with the lowest overpotentials, marking
them as the most thermodynamically favorable among all isomers. Other
isomers show higher overpotentials for their respective rate-determining
steps and are therefore less active than LM4 and LM9.

Table 2.5: Rate determining step (RDS) in both associative and dissociative
pathway and overpotential associated with RDS for all isomers. The
activation energy (E,) is also provided for RDS for all isomers for the

dissociative pathway.

Associative Associative Dissociative Dissociative Activation

Isomers Energy

RDS Norr (V) RDS Norr (V) E, (eV)
GM 03 - OOH~" 1.61 0" - OH" 1.00 0.00
LM1I 0; —» OOH* 1.57 OH*—-0* - 0° 1.07 1.54
LM?2 03 - OOH~" 1.48 0" - OH" 2.13 0.53
LM3 0; - OOH~* 1.39 0* - OH* 1.19 0.00
LM4 03 - OOH~" 1.84 OH" - 0" - 0° 0.89 0.67
LMS5 03 - OOH~" 1.59 OH* - H,0 1.05 0.48
LM6 05 - OOH* 1.69 OH*-0* - 0° 1.01 1.19
LM7 03 - OOH~" 1.52 OH" - 0" - 0° 1.17 0.94
LMS OH* - H,0 1.87 OH" - H,0 1.01 0.00
LMY 03 - OOH~" 1.41 OH*- 0" - 0 0.87 0.00

Table 2.6: Gibbs free energy change (in eV) of ORR elementary steps
associated with the associative pathway (R1-R4) of different Pt,; clusters
in LEME. The calculated theoretical overpotential values (Morr in V)

measured at 1.23 V are also included.

Cluster GM  LMI LM2 LM3 LM4 LM5 LM6 LM7 LMS LMY

AGp, | -142 -1.62 -144 -1.62 -1.48 -149 -136 -1.58 -3.15 -1.70
AGp, | -2.63 -236 -232 -2.54 287 -251 -262 -253 -127 -2.53
AGg, | -0.74 -098 -0.78 -0.65 -0.69 -0.78 -0.62 -0.88 -1.13 -0.83
AGy, | -0.12 0.05 -037 -0.11 003 -0.14 -032 0.07 0.64 0.14

Nore | 1.61 157 148 139 184 159 169 152 187 141
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Table 2.7 Gibbs free energy change (in eV) of ORR elementary steps
associated with the associative pathway (R5-R9) of different Pt;; clusters
in LEME. The calculated theoretical overpotential values (nNorgr in V)

measured at 1.23 V are also included.

Cluster GM  LMI  LM2 LM3 LM4 LM5 LM6 LM7 LMS LMY
AGgs | -2.68 -1.58 -233 -3.01 -2.07 -241 -1.87 -2.66 -2.61 -2.61
AGges | -0.67 -099 -1.09 -0.17 -0.77 -090 -122 -1.04 -0.60 -0.41
AGg, | -055 -0.16 -1.95 -1.07 -033 -0.63 -1.13 -0.05 -0.52 -0.36
AGgg | -023 -1.56 073 -0.04 -0.78 -0.79 -133 -0.87 -1.12 -0.54
AGgg | -0.82 -0.62 -028 -0.63 -097 -0.18 -036 -030 -0.07 -1.00
Norr 1.00  1.07 2.13 1.19 0.89 1.05 1.10 1.17 1.01 0.87

A comparison of AGg; and AGgs in Table 2.6-2.7 indicates that most
isomers favor the dissociative mechanism, where the O—O bond breaking
step is more exergonic. In the dissociative pathway, the O, dissociation step
(AGgs) is the rate-determining step for all clusters. In the associative
pathway, O, — OOH is the rate-limiting step for most isomers, except LMS,
where OH — H,0 governs the energetics. From Table 2.5, the smaller
overpotentials (n) associated with the dissociative pathway highlight its
preference over the associative route. Notably, LM4 and LM9 show
working potentials of 0.34 and 0.36 V /12], close to the benchmark Pt(111)
surface, making their activity comparable to bulk Pt. This underscores the
potential of subnanoclusters to deliver high catalytic performance while
reducing precious-metal usage and improving atom efficiency. The
corresponding free energy diagrams for GM is shown in Figure 2.6.

A Langmuir—Hinshelwood reaction network was considered, where
adsorbed protons react on the cluster surface to form ORR products. Since
calculating kinetic barriers for every elementary step is computationally
intensive, kinetic analysis was performed only for the rate-determining step

of the dissociative mechanism (Table 2.5). Along with GM, LM3, LMS,
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and LMO exhibit a barrierless rate-determining step, while LM1 and LM6
show high activation barriers of 1.54 and 1.19 eV for the water-formation
step, making them kinetically less accessible. Overall, the thermodynamic
and kinetic analyses show that metastable isomers can actively participate
in ORR alongside the GM. Therefore, a statistical ensemble approach is

required to quantify the collective contribution of all isomers to the overall

ORR activity of Pt;;.
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Figure 2.6. Free energy diagrams of ORR elementary steps on the GM of
the Ptis cluster via (a) the associative pathway and (b) the dissociative
pathway at applied potentials of 0 and 1.23 V. The overpotential
corresponding to the rate-determining step (RDS) at 1.23 V is indicated by
the blue arrow. The asterisk (*) denotes surface-adsorbed species.

2.3.4 Statistical Ensemble Representation of Overall Catalysis

The above ORR mechanistic investigations led us to the conclusion that
along with GM, different metastable isomers of Pt;; clusters also show
significant catalytic activity. Therefore, a more accurate description of
subnanoclusters includes the cumulative sum of activity from all isomers in
the statistical pool of the ensemble. Hence, to quantify the contribution of
metastable isomers, we have calculated a normalized rate constant

(Kweightea) Of these isomers weighted by their Boltzmann distribution,

according to the method recently introduced by Sun and Sautet. /73] as:

LM;
—E; ! ELMi_ gGM
kWeighted = Aexp( KpT ) X exp (_ kB—T) (2.6)
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where A is the Arrhenius parameter for which a uniform value of 1013 s7! is

LM
a

considered for the reactions, E_" ' is the activation barrier of isomer, EMi is

the energy of the isomer, ECM

is the energy of the GM, and the temperature
(T) is 300 K. The activation energies and relative energies of LM compared
to GM were combined to acquire a weight averaged activity contribution

from each isomer. The calculated values of kyyeignhteq fOr €ach cluster are

represented in Figure 2.7. The kinetic energy barrier associated with GM,
LM3, LMS, and LM9 for the rate-determining step was 0.00 eV. Among all
isomers, the order of contribution toward ensemble catalytic activity is as
follows:

GM >» LM3 > LM8 > LM2 > LM5 > LM9 > LM4 > LM7 > LM6 > LM1

204
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Figure 2.7. Normalized weighted contribution of different metastable
isomers in overall ORR activity representing ensemble-averaged ORR
activity of Pt;3 clusters.

This trend confirms that the GM of Pt;3; dominates the overall ORR
activity, even though several metastable isomers show high thermodynamic
and kinetic activity. While some LMs exhibit a barrierless rate-determining
step and therefore display activity comparable to the GM, their relative
stability is much lower, which limits their contribution. For example, LM1
and LM6 have high activation barriers (E; = 1.54 and 1.19 eV), making
them kinetically inaccessible and resulting in negligible catalytic

contribution. LM3 and LMS& have zero kinetic barriers for the rate-
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determining step and are intrinsically active, yet their contribution remains
low due to excessively strong adsorption of intermediates, which suppresses
their activity under fuel cell operating temperatures. In electrocatalysis, the
probability of forming a metastable state is inherently lower than that of the
GM, which further reinforces GM dominance. Even so, LM2, LM3, and
LMS contribute noticeably to the overall ORR activity compared to LMI,
LM6, and LM7. The results also indicate that although certain metastable
1somers may exhibit high intrinsic activity due to their dynamic nature, their
limited thermodynamic accessibility prevents them from outperforming the
GM.

LM6, LM7, and LMO lie significantly higher in energy than GM, making
them thermodynamically inaccessible. The large population of the GM
relative to the LMs further explains its superior contribution. Overall, the
impact of an LM depends strongly on cluster atomicity and the structural
landscape available to the cluster. For Pt;3, LM2 and LM3 fall within
approximately 0.4 eV of the GM and therefore contribute meaningfully to
ORR activity alongside the GM. Isomers beyond this 0.4 eV cutoff provide
only marginal enhancement due to their low thermodynamic accessibility.
These findings align well with previous studies by Alexandrova and co-
workers, Sun et al., and Nair et al. /48,49,54,73], which also identified
catalytically relevant metastable isomers within ~0.4 eV of the GM. In
summary, LMs that (i) are energetically close to the GM (within ~0.4 eV)
and (i1) possess low activation barriers can significantly contribute to ORR
activity in subnanoclusters, whereas higher-energy isomers have negligible
effect on overall performance.

2.3.5 Ab Initio Thermodynamics Analysis

Under catalytic reaction conditions, Pt clusters readily oxidize, leading to
high coverage of reaction intermediates on surface adsorption sites. Since
the reactivity and contribution of individual isomers varied under single-
adsorbate conditions, we extended our analysis to high-coverage scenarios.

GM, LM2, LM3, and LM8 were selected because they contributed most
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significantly to ORR activity at low coverage. Given that O binds most
strongly to all clusters, we constructed a series of Pt;304 models (x =0, 1,
2, 3, 4, 8, 12) for each of these isomers. Multiple configurations were
generated for each oxidation level, and the most stable structure identified
from DFT optimization was used for subsequent thermodynamic and
kinetic stability analysis. To evaluate thermodynamic stability under
oxidizing conditions, we applied the ab initio thermodynamics framework
[74,75]. In this approach, the chemical potential of gas-phase oxygen
U, (T, P) is treated as a function of temperature and pressure and expressed

as:

1o(T,P) = 1[Eq, (T = 0K, P*) o, (T,P®) + kTin = (2.7)

where T is the temperature, P is the oxygen partial pressure, P° is the
standard atmospheric pressure, and kg is Boltzmann’s constant. The Gibbs
free energies of various coverages were calculated using the following
equation:

AG (T,P) = Gpeyyo, (T,P) = Gpry, (T.P) — Nolto(T,P)  (2.8)
where Gpy, 0, is the free energy of Pt;3 subnanoclusters with x number of
oxygen atoms adsorbed on it, and Gp , is the free energy of the bare
Pt,3 clusters having no adsorbates. The phase diagrams were constructed
using pMuTT (Python Multiscale Thermochemistry Toolbox) [76/, a
python-based software library by utilizing the vibrational degrees of
freedom associated with both Pt and O atoms are included in the free energy
calculations /77]. The second-order phase diagrams associated with the
most stable configuration of multiple adsorbates for active isomers are

represented in Figure 2.8.
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Figure 2.8. Ab initio thermodynamics analysis representing second-order
phase diagrams of (a) GM, (b) LM2, (c) LM3, and (d) LM8 for different
coverages of the Pt,; cluster, respectively.
Significant geometric transformations were observed across multiple
oxygen coverages, indicating the high fluxionality of Pt;5 clusters under
reaction conditions. Thermodynamic stability at fuel cell operating
temperatures was evaluated by computing the reaction free energy using:
AG, = G(Pty30,) — > G(0) — G(Pt;3)) (2.9)
where G(Pt;504) and G(Pt,;3) were obtained from the harmonic oscillator
approximation, and G(0,) was calculated using DFT combined with ideal-
gas statistical thermodynamics. Both first- and second-order phase
diagrams show that Pt;50, is highly stable across a broad temperature and
pressure range.
Although only five O* coverages were analyzed and individual phase
diagrams were not generated for every coverage, a full coverage-dependent
investigation would be required to map the energetics of each isomer in
detail. Since 1 ML coverage (Pt;30,,) already provides strong
thermodynamic stabilization at fuel cell operating temperatures, it is
sufficient for understanding cluster activity under high-coverage conditions.

For Pt;304, on all selected isomers, O atoms preferentially occupy bridging
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sites. Pt;30g was found to be stable only for LM2 and LM3 at 300 K;
however, higher temperature and pressure again favor Pt;30,, formation.
Coverage strongly alters the ORR energetics. While the rate-determining
step was barrierless for these clusters at low coverage, the activation energy
at Pt;30;, increases significantly for GM, LM2, LM3, and LMS8 (Table
2.8). These results highlight that high coverage induces a fundamentally
different energetic landscape, which is necessary to capture the realistic
dynamics of Pt subnanoclusters under an oxidizing environment. Although
the explicit ensemble contribution of high-coverage isomers was not
computed, the clear structural and stability trends at large coverage indicate
that coverage effects play a major role in determining the catalytic behavior
of subnanometer clusters.

Table 2.8: Free energy associated with the multiple coverage on metastable
isomers and the activation energy (E,, in eV units) associated with the rate-
determining step (RDS) for each cluster for Pt;30;, clusters.

Isomer  Pt;30;  Pty30, Pt,;0;  Pt;30, Pt;30  Pt;304, E,

GM -5.62 -11.37 -16.12 -20.87 -45.86 -71.13 0.66
LMm2 -5.37 -11.68 -16.44 -21.02 -46.76 -71.49 1.11
LM3 -5.12 -10.98 -16.42 -21.23 -45.93 -70.38 1.61
LMS -5.93 -11.83 -15.93 -20.56 -46.17 -71.47 0.72

2.4 Conclusion

Uncovering the morphology and active site reconstruction of Ptis
subnanoclusters under realistic conditions has provided valuable insights
into the origin of their catalytic behavior. Global optimization using DFT
identified the global minimum (GM) along with several low-energy
metastable isomers that contribute collectively to catalysis. Restructuring,
fluxionality, and ensemble effects play a central role in reactivity at the
subnanometer scale. Distinct local coordination environments across
isomers induce different adsorption-driven interactions, resulting in high
structural dynamics. Scaling relationships constructed for the adsorption of

key intermediates across the metastable isomers offered important insights
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into subnano cluster catalysis. Detailed ORR analysis showed that several
metastable isomers exhibit thermodynamic and kinetic activity comparable
to GM through the dissociative pathway. The rate-determining step,
associated transition states, and the extent of structural distortions during
the reaction helped rationalize the catalytic performance. Overpotentials
close to bulk Pt(111) highlight opportunities for efficient utilization of all
atoms in a cluster.

A statistical ensemble analysis using the weight-averaged normalized rate

constant emphasized the dominance of GM due to its highest occurrence

probability. Metastable isomers within ~0.4 eV of GM and with low
activation barriers contribute meaningfully to overall ORR activity,
whereas higher-energy isomers (beyond the 0.4 eV cutoff) offer only
marginal enhancements at low temperature. Ab initio thermodynamics
further revealed that oxygen-rich conditions lead to energetics that differ
fundamentally from the low-coverage regime. The negligible contribution
of metastable isomers relative to GM for ORR is specific to the Pt;; system.

A broader investigation is required to understand size-dependent ensemble

effects as a function of cluster atomicity. Although cluster- and reaction-

specific, these results illustrate how operando-level modeling that
incorporates metastable-state reactivity enables a cumulative framework for
interpreting experimentally observed catalytic activity.
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Reshaping the Activity Volcano in

the Subnanometer Regime
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Section: A

3.1 Introduction

Electrochemical energy conversion technology has emerged as the most
promising avenue to address the growing environmental problems and
global energy crisis in an eco-friendly, carbon-neutral cycle /7,2/. In this
regard, developing high-performance electrocatalysts, such as regenerative
fuel cells /3], metal-air batteries /4], and proton exchange membrane fuel
cells (PEMFCs) /5], presents a formidable challenge despite their potential
for sustainable solutions. Specifically, the sluggish kinetics and high
reaction overpotential values associated with the oxygen reduction reaction
(ORR) at the cathode make it challenging to achieve the ideal conditions
and hinder the widespread commercialization of PEMFC technology /6,7].
Additionally, the expensive Pt loading and its susceptibility to poisoning
under long-term working conditions further decrease the cathodic
conversion efficiency, necessitating the development of new materials to
reduce the usage of precious metals /§/.

To address this challenge, subnano clusters have recently emerged as an
important class of electrocatalysts in heterogenous catalysts due to their
superior performance and high atomic efficiency, significantly reducing the
utilization of expensive metals /9/. At finite temperatures, the subnano
clusters possess a relatively flat potential energy surface (PES), making
them exceptionally dynamic and leading to their non-Arrhenius behavior
[10]. Owing to their multiple undercoordinated sites, these dispersed
molecular units exhibit fluxional behavior, resulting in non-monotonic
catalytic activity with respect to cluster size, further distinguishing their
catalytic origins from the bulk counterparts /71,12]. Recently, Alexandrova
and coworkers pioneered the concept of metastability-triggered reactivity
in Pt clusters within the subnanometer regime [/3,74]. Their work
demonstrated the breaking of scaling relationships and shifting of the
volcano peak from Pt/Pd to Au/Ag for the ORR with limited M,
(M = Pt, Pd, Au,and Ag; n = 1 — 6) clusters /15]. Although important,

127



CHAPTER 3

a systematic exploration of the non-linear impact of various-sized transition
metal subnano clusters on ORR is still lacking. This research gap persists
due to the complexity of the extensive range of heterogenous catalysts,
particularly within the non-scalable regime. Furthermore, exploring the vast
chemical space of electrocatalysts within the size range where ‘each atom
counts’ via high-throughput DFT calculations is challenging and
necessitates a data-driven approach to quantify their ORR activity [16].
Recently, machine learning (ML) has emerged as a powerful tool for
accelerating the discovery of new catalysts by disentangling complex
catalyst-intermediate interactions in various reactions, such as the CO,
reduction reaction (CO,RR) /17,18], nitrogen reduction reaction (NRR)
[19], hydrogen evolution reaction (HER) /20,21], and oxygen reduction
reaction (ORR) /22]. For nanoclusters, Panapitiya et al. devised a two-step
feature selection using random-forest model to map the CO adsorption on
thiolated gold nanoclusters (Au;s(SR),3) accurately with structural
descriptors /23]. Similarly, Vlachos and coworkers developed a surrogate
energy model by combining ML, global optimization, and cluster expansion
(CE) techniques for CO adsorption on Pd,, (n = 1 — 55) clusters supported
on Ce0,(111) /24-26]. Despite offering crucial insights, identifying
fundamental determinants of adsorption and catalytic origins of a multistep
ORR with varying size and transition elements at a subnanometer regime
has remained elusive. Furthermore, the exploration of multifidelity
electronic features using ML algorithms to understand the crucial role of d-
electron characteristics during intermediate adsorption within the local
environment of subnano clusters has not been previously investigated.
Herein, we introduce an ML framework to screen the active electrocatalysts
at the subnanometer regime for ORR within a vast chemical space of 3d,
4d, and 5d transition metal clusters, as shown in Scheme 3.1. We
demonstrate that the fluxional identity of these clusters causes significant
variations in the intermediate adsorption strength, leading to a complex

relationship between their activity and size/metal. Subsequently, we utilize
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ML algorithms to predict adsorption energy and deduce the complex
relationship between the local environment's intrinsic geometric and
electronic properties. The versatility of our ML approach is illustrated by
accurately mapping the size-dependent shift in the apex of the volcano plot
from Pt to Au for ORR activity at the subnanometer regime, compared to
the bulk counterparts. Furthermore, we have also traced the electronic
origins of the three best-performing catalysts for ORR activity through
density functional theory (DFT) calculations.
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Figure 3.1: Schematic illustration of the ML framework to screen the active

electrocatalysts for ORR at the subnanometer regime. The four streamlined
processes include (1) the generation of adsorption energy database of *O,
*OH, and *OOH intermediate across different transition metals subnano
clusters, (2) feature space design to encode the structure-activity
relationship of the local chemical environment of subnano clusters, (3) ML
model evaluation and interpretability, and (4) screening and DFT validation
of the best electrocatalyst.

3.2 Computational Methodology

3.2.1 DFT Details

All the plane-wave spin-polarized density functional calculations were
conducted using the Vienna ab initio simulation package (VASP) /27] with
the Perdew-Burke-Ernzerhof (PBE) functional within the generalized

gradient approximation (GGA) /28]. Ion core and valence electron
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interactions were described using the projector augmented wave (PAW)
method /29/. For relaxation calculations, kinetic energy cut-offs of 500 eV
with energy convergence criteria of 107¢ eV were employed, and geometric
relaxation continued until forces on atoms were smaller than 0.02 eV/A
[30]. Gaussian smearing with a sigma value of 0.2 eV was applied and the
I'-centered (1x1x1) k-point grids were considered for the sampling of the
Brillouin zone in congruence with the previous reports /72,31]. A higher (3
x 3 x 3) k-mesh was used to calculate the density of states (DOS). Bader
atomic charges were determined using the Henkelman code with the near-
grid algorithm refine edge method /32/. All the isosurface values for the
charge density difference analysis were set to be 0.006 eV A3, where pink
and green colors represent the charge accumulation and depletion zones,
respectively. A sufficiently large box with dimensions 20 x 20 x 20 A3 was
utilized to optimize the distinct geometries to avoid the possibility of
spurious interaction between the adjacent images along each axis.

3.2.2 Machine Learning Details

For ML investigation, we have employed five different ML algorithms,
namely, catboost regression (CR), gradient boosting regression (GBR),
adaboost regression (ABR), random forest regression (RFR), and kernel
ridge regression (KRR), as available in the Scikit-learn open-source library
[33]. The stability and accuracy of all models were evaluated coefficient of
determination (R?), the root-mean-square error (RMSE), and the mean

absolute error (MAE), with formulae:

(. — T.)2
Coefficient of determination (R?): RZ=1 - %
Root Mean Square (RMSE): RMSE = \/% s (i — 912
Mean absolute error (MAE): MAE = % Lilyi— ¥l

where y; and §; are the DFT calculated and ML predicted values,

respectively, ; is the average of the DFT data, and n is the sample size.
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RMSE, MAE, and R? describe model performance from related but distinct
angles, and their interplay helps diagnose both accuracy and reliability.
MAE measures the average magnitude of errors in a linear, easy-to-interpret
way, while RMSE penalizes larger errors more strongly, making it sensitive
to outliers. When RMSE is much higher than MAE, it usually signals
occasional large prediction errors. Low values of both RMSE and MAE
indicate good predictive accuracy, with RMSE close to MAE suggesting
stable error behavior. R? captures how well the model explains variance in
the data rather than absolute error; high R? combined with low RMSE and
MAE reflects a strong, well-calibrated model. In contrast, a high R? with
large errors can indicate that trends are captured but predictions lack
precision, while low or negative R?, even with moderate errors, suggests
poor explanatory power and limited generalization.

3.3 Results and Discussion

3.3.1 Adsorption Energy Landscape on Subnano Clusters

Considering the vast chemical space arising from the diverse sizes and
shapes of subnano clusters, identifying the most stable geometries at the
subnanometer regime is a significant challenge. To address this, we initially
extracted the previously reported optimized geometries of global minima
(GM) of 3d, 4d, and 5d transition metal subnano clusters /34/, denoted as
TM,,, where n ranges from 7 to 15, as represented in Figure 3.2a. Notably,
the catalysts within this size range represent a diverse array of coordination
environments and electronic properties while exhibiting significant
fluxionality due to the non-planar structure and absence of bulk facets
predominantly, setting them apart from their bulk counterparts. Metals such
as Tc and La were excluded due to their toxicity and radioactivity /35].
According to the Bell-Evans-Polanyi (BEP) principle, the stable adsorption
energy (E,qs) of an intermediate can serve as an important descriptor to
evaluate the catalyst’s performance /36,37]. However, given the inherent
fluxional identity and high sensitivity of the local atomic coordination

environment, identifying the most stable configuration is essential.
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Therefore, to generate our E,4s database, we systematically sampled
multiple configurations of single intermediate-adsorbed subnano cluster
involving principle ORR intermediate (*O, *OH, and *OOH) across various
top and bridge positions at a distance (1) (Figure 3.2b-c). Subsequently, the
most stable adsorption configurations were considered for our further
investigation. The adsorption energies of the ORR intermediates, hereon

E and E

represented as E, , E, *OOH?

at site S (top/bridge) of the cluster is

computed as:

S —
EMn—*O,*OH,*OOH - EMD(*O'*OH,*OOH)_ (EMn + E*O,*OHJ*OOH) (3.1)

where Ey (.o, Ey,, and E represent the electronic

*OH,*0OH) ’ *0,*OH,*O0H

energies of the cluster with *O, *OH, and *OOH at site S, bare cluster and
the corresponding intermediates in the gas phase, respectively.
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Figure 3.2: Initial Database Generation: (a) A cropped section of the
periodic table representing the transition metal (TM,) subnano clusters

selected across 3d, 4d, and 5d series within the size range (n) of 7-15. Pink
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blocks denote the excluded TM,,, (b) distinct top and bridge positions (S)
considered for intermediate adsorption, (c¢) bond-length (l) between the
intermediate and the adsorption sites on M,, subnano clusters. Range of

adsorption energy distribution for (d) E..,, (e) E and (f) E

*0 b *OH b *OOH 9
demonstrating variations specific to different sizes and transition metal
series in V. The green and brown solid horizontal lines represent the E, j,

E and E

*OH? ooy for Pt (111) surface and Pt;4 nanocluster, respectively, for

comparison with bulk systems and undercoordinated subnano clusters.

The trend of E, 45 for each intermediate is summarized in Figure 3.2d-f,
where the left and right sides represent the density distribution and its
variation across the 3d, 4d, and 5d transition series, respectively. Four
interesting observations emerged within the diverse distribution of the E 4
dataset: (1) the E, 45 values for each intermediate exhibit a lack of consistent
trend, with density of distributions falling within different energy ranges.
E E

The peak density distribution of E ranges from —5.2 to —

*02 T*OH’> T*OOH

7.6eV, —3.7to —6.0eV, —1.4to — 3.7 eV, respectively. (2) Compared
to bulk systems such as Pt (111) surface and Pt;9 nanocluster /38/,
represented by blue and green horizontal lines, respectively, the subnano
cluster exhibits stronger binding to *O, *OH, and *OOH intermediates,
owing to the presence of undercoordinated atoms. (3) Interestingly, few
catalysts exhibit significant negative E,4 values, indicating an over-
binding of intermediates with active sites, potentially leading to the
poisoning of the catalyst. (4) Transitioning from the 3d to 5d TM series
reveals a decrease in E_ 4 values with a continuous shift towards the less
negative range for each intermediate, highlighting the weaker binding
affinity of the 5d catalysts. Within this chemical space, we have curated a
comprehensive dataset of 252 subnano catalysts with three ORR
intermediates, resulting in 756 E, 45 datapoints (252 x 3), represented as

Dataset-1 in Figure 3.3.
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3.3.2 Screening of Optimal Adsorption Energy for ML Design

After acquiring our initial E 4 dataset, the subsequent step involved
extracting the optimum adsorption energy for each intermediate. According
to the Sabatier principle /39/, the intermediate-cluster interaction should

neither be too strong (E,, =-7.97 as in Ta;,) nor too weak (E =-0.03

*OOH
eV as in Hg,). Therefore, to identify the active ORR electrocatalysts within
Dataset-1, we employed three screening criteria based on the E, 45 of each
intermediate to eliminate inactive catalysts, as shown in Figure 3.3.

Dataset-1 Screening Criteria Dataset - 2 Dataset - 3

0 Dataset @— [-3.0 + 0.4] ~2.6eV>E,> 64eV [-60-04] = 111

OH Dataset @- [-1.9 + 0.4] —1.5eV > E.,, > —5.0eV [~4.6 — 0.4]
0OH Dataset @— [-0.8 + 0.4] —0.4eV > E, . >

Lower Limit of Adsorption Upper Limit of Adsorption

1 Common 108
4.0eV [-3.6 —0.4] 241 catalysts

Figure 3.3: Workflow of screening criteria to extract active electrocatalysts
for ORR from the adsorption energy database following the Sabatier
principle.

Herein, the upper and lower limits for E, _, E and E were selected

*02 T*OH? *OOH

based on the previously reported E, 45 values of intermediates across
various surfaces such as Pt (111) surface, Pt;9 nanoclusters, and Pt;_;,
subnanoclusters [12,38,40-43]. Additionally, we extended this limit by 0.4
eV on both ends (a total of 0.8 eV), weighted by Boltzmann statistics to
account for metastability-triggered reactivity and ensure the robustness of
the dataset /711,12,31,44]. Following these screening criteria, we extracted

our Dataset-2 encompassing 111, 228, and 241 datapoints for E E

*0? *OH?

and E respectively (Figure 3.3). We highlight that this E, 45 dataset was

*OOH?
uniformly sampled across a wide range of chemical elements (28 elements),
catalyst sizes (9 atomic sizes in the range of 7-15), and three intermediates,

which is pivotal for developing a robust ML model.
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3.3.3 Electronic and Geometric Feature Design for Local Adsorption
Prior to the construction of ML models, mining effective features that
uniquely define the local environment and accurately reveal the structure-
activity relationship is crucial /79]. Therefore, to encode the electronic and
geometric properties during intermediate adsorption on the subnano
clusters, we divided the extracted features into four different categories: (1)
Elemental, (2) Electronic, (3) Geometric, and (4) d-band Specific features,
tabulated in Table 3.1.

Table 3.1: List of Features Including Elemental, Electronic, Geometric, and

d-band Specific Indicators.

Category Features Symbol
Sum of atomic weight A
Elemental Sum of f:ovalent. radii _ I,
Bulk Wigner Seitz radii Spw
Sum of bulk Wigner Seitz radii XSpw
d orbital energy E,
Sum of d orbital energy YE,
Electronic Sum of d electrons Xd,
Sum of electronegativity Iy,
First ionization potential (eV) 1P;
Number of metal atoms involved in site (top, S
bridge)
Geometric Coordination number CN
Generalized coordination number GCN
M-O bond length l
dband Coupling matrix I V2
Specific Idealized d band filling (size dependent) Laf
Size-dependent d-band center €4

The elemental features (XA, Zrc,Spw,ZSpw) pertain to the physical
description of different TM involved in adsorption, where ), A and ) r,
relates to the size and composition of the clusters. However, Sgyy relates to
the neutral radius of atoms in the perfect solid. The electronic features (Eq4,
XEq, Zdy, Xy, [P)) correlates the donation/acceptance capabilities of the
active site. Subsequently, the geometric features (S, CN, GCN and 1)
provides fundamental insights into the influence of the local atomic

arrangement of subnano clusters during adsorption. Here, CN represents the
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number of atoms directly bonded to the site ensemble, while GCN was
introduced to incorporate the impact of the second coordinating sphere
[45]. Notably, we have included the summation of features
(XA, X1, 2Spw, 2 Eq, X dy,and Xy ) itself as features to distinguish
different-sized TM clusters (Table 3.1).

Considering the significant role of the moments of the electronic density
distribution of d-states onto site atoms, Hammer and Nerskov introduced a
physics-inspired d-band theory to conceptualize the adsorption on
transition-metal systems /46/. According to this theory, the contribution of
metal sp-states is approximated as constant, while the variations in E 45 are
predominantly governed by the metal d-states, thereby establishing a link
between the electronic properties of TM surfaces and E,4s. In addition to
the d-band center (€4) and d-band filling (d¢), recent studies have also
underscored the effectiveness of reactivity descriptors like d-band center
plus half the d-bandwidth (€), and the maximum of the d-band Hilbert-
transform (€,), that explicitly accounts for the higher-order characteristics
of the d-band moments [47,48]. Foster and coworkers investigated such
descriptors (€q, €F, and €,) by establishing a linear correlation between
E.qs and d; for bimetallic nanoclusters comprising 55 atoms, for the
hydrogen evolution reaction (HER) /49/. Although these features have the
potential to accelerate the data-driven exploration of catalytic activity of
bulk surfaces, their generalizability across subnano clusters has yet to be
explored. Moreover, many prototypical electronic descriptors associated
with d-band characteristics require self-consistent quantum calculations. To
address this limitation, we attempted to encode the d-band model using
elemental-specific numeric values provided in the Solid-State Table for
surfaces /50] and categorized them as a “d-band specific” feature, as shown
in Table 3.1. This includes coupling matrix (VZ), idealized d band filling
(Igf) and d-band center with respect to size (€4), and Sgy represents the

Bulk Wigner-Seitz radius. Notably, these features govern the inherent
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characteristics of d-band electronic states and are easily substitutable

without resorting to expensive DFT calculations.
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Figure 3.4: Feature-feature and feature-output correlation matrix
displaying (a-c) Pearson’s correlation coefficient (PCC) and (d-f)
E and E

Spearman’s correlation coefficient (SCC) for E datasets

*02 T*OH’ *OOH

in eV. The scale on the right represents the range of correlation coefficients.

To ensure the rationality of the feature set, we quantified the Pearson
correlation coefficient (PCC) [51] and Spearman’s rank correlation
coefficient (SCC) [52] to assess linear and monotonic dependencies
between features and target properties, as represented in Figure 3.4. The
variable distribution of correlation between the electronic, geometric, and
d-band specific features within both positive and negative ranges in PCC
analysis implies that no single feature can exclusively capture the E, 4
pattern across subnano clusters (Figure 3.4). The pairwise feature
distributions are observed to be consistent for each intermediate. A strong

positive correlation was observed between CN and GCN, Xy, and [P, Zr.

and XSgw and E4 and XE, for each intermediate, as shown in Figure 3.4a-
c. Except Zd,, all summation features (Xr¢, ZSpw, ZE4,2d,,, 2y, ) considered

in our investigation exhibit low correlations with the as E.o> Evons and
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E This suggests that intermediate adsorption on subnano clusters is

*OO0H"
primarily influenced by site-specific chemical composition, further
reflecting their dispersive nature akin to single-atom catalysts.
Interestingly, the high correlation observed between the V2, 14¢, €4 features
and E,4s of each intermediate complements the crucial role of the d-band
model while investigating the adsorption on TM subnano clusters /46-48].
Similarly, a comparable result was observed in the SCC analysis for E

*Q?

E and E

*OH? «oon> as represented in Figure 3.4d-f. To streamline our database

and avoid redundancy, we eliminated Xr., GCN, XSgy, XEg4, and IP;
features, which exhibited strong correlations and minimal contribution
towards the output (E,q45). Consequently, a final set of features were chosen
for the ML analysis where the E,q4¢ for each intermediate on different TM,,
clusters can be expressed as:

Erp. 0% = £(S,CN, 1, 2dy, Zx,, ZA, Eq, Spw, Vagy €0, la) — (3.2)
Ultimately, our final dataset represents the inherent complexities while
characterizing the E, 45 across diverse sites, sizes, and TM,, clusters at the
subnanometer regime, thereby demanding a data-driven framework to
address this combinatorial problem.

3.3.4 Machine Learning Model Training and Evaluation

Following feature engineering, model training involves identifying suitable
parameters for the mathematical formulation of the respective model to
minimize the gap between the model’s validation results on the specified
dataset and real predictions. In our study, the entire dataset was divided into
training and testing sets in an 80:20 ratio, ensuring a well-sampled
representation of the overall dataset in both sets, rather than using a random
splitting method. Subsequently, we employed five different ML algorithms,
namely catboost regression (CR), gradient boosting regression (GBR),
adaboost regression (ABR), random forest regression (RFR), and kernel
ridge regression (KRR), as available in the Scikit-learn open-source library
[33]. The models are optimized utilizing the randomized searchCV method
and evaluated with standard metrics (MAE/RMSE and R? score).
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Consequently, the best models were employed to predict the E, , E and

*OH b

E.on Values for all the electrocatalysts present in the Dataset-2.
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Figure 3.5: Evaluation of ML Models performance: Mean absolute error
(MAE), root-mean-squared error (RMSE), and coefficient of determination
(R? score) for CR, GBR, ABR, RFR, and KRR with (a) E..» (b) E..,, and
(¢) E. oy datasets in eV. The best-performing model for each intermediate
is marked in the rectangular pink-colored box. Parity plots comparing the

DFT-calculated and ML-predicted (d) E, ., (e) E and (f) E values

*0° *OH’ *OOH
by the best-performing models.

Figure 3.5a-c represents the final test scores of various ML models for each
intermediate. Given the unique distribution of the dataset for each
intermediate, different best algorithms were identified for different
intermediates. The GBR model exhibited superior performance while

predicting E, j and E compared to the other five ML models, achieving

*OOH
notably low MAE/RMSE values of 0.15/0.19 eV and 0.16/0.19 eV, along
with high R? scores of 0.97 and 0.93 for test datasets, respectively.
Although models such as ABR and RFR exhibited decent performance in
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predicting E, | in the test datasets, the high values of MAE and RMSE in

training datasets indicate significant instances of underfitting. Similarly,

underfitting was observed for the E datasets with the RFR models.

*OOH
Conversely, the RFR model emerged as the best predictor for E, .,
displaying low MAE/RMSE values of 0.11/0.20 €V, and a high R? value of
0.94, compared to the other five models.

Furthermore, the linear correlation between the DFT-calculated and ML-
predicted E, 45 values in the parity plots also show the prediction accuracy
of best models for different intermediates with training and testing datasets

(Figure 3.5d-f). Therefore, GBR for E, ) and E and RFR forE, . were

*OOH’ *OH
chosen for further investigation to identify the most effective catalyst in our
investigation.

3.3.5 Machine Learning Explainability with SHAP Analysis

Further, we conducted a Shapley Additive exPlanations (SHAP) /53]
analysis with the trained model to improve its interpretability and

understand the interplay between extracted features towards the prediction

of E,, E.,» and E, . as represented in Figure 3.6.
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most important features affect the prediction of (d) E, , (e) E (f) and

*0? *OH?

E respectively. A solitary dot on the feature row represents each

*OO0OH?
datapoint with its SHAP value on the x-axis. The color gradient along the
y-axis represents the feature values, ranging from low (white) to high
(blue).

In SHAP analysis, the features I4; and V2, consistently appeared within the
top three features of the bar plots, indicating a significant influence of d-
states during intermediate adsorption on subnano clusters (Figure 3.6a-c).
For each intermediate, the higher feature values of I4; exhibit a positive
correlation with the E,4¢ (Figure 3.6d-f). In contrast, higher feature values
of VZ; demonstrate a negative impact on the model prediction. It is worth
noting that Ig and V2, values offset each other for each catalyst.
Interestingly, these observations for the subnano clusters align with the
principles of the d-band theory, where the increase in I4¢ and decrease in
V2, values result in repulsive interaction and weak coupling between the
metal and adsorbates, ultimately reducing the E, 45 /54/. On the other hand,
the bond length (1) has emerged as the primary contributor among the
geometric features, with its high feature values driving E, 45 toward positive
directions, suggesting an inverse relationship between [ and adsorption
strength. Therefore, it can be inferred that both the electronic and geometric
features jointly delineate the adsorption characteristics of intermediates
within the local chemical environment of subnano clusters.

3.3.6 ML Prediction and Screening of Active Electrocatalysts

3.3.6.1 Validation of ML Predicted Adsorption Energy

To validate the accuracy of our best-performing model, we predicted the

E.,, E and E values for all catalysts falling within our defined

*0° T*OH? *OOH

Sabatier range. Subsequently, to screen the active electrocatalysts, we

E and E

*0° T'*OH’ *OOH Values

extracted 108 subnano catalysts that possessed E

for all intermediates from DFT-calculated and ML-predicted datasets and

derived an ORR mechanism via an associative pathway, compiled as
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Dataset-3. Further, utilizing the computational hydrogen electrode (CHE)
model /55] proposed by Nerskov and coworkers, we calculated the reaction

energy at 0 V and 1.23 V following the elementary steps outlined below:

Oz + (HF + e7) +* — OOH” (AR,)
OOH*+ (H*+ e7) » 0"+ H,0 () (AR5)
0*+ (H*+ e7) —» OH* (ARj3)
OH*+ (H*+ e™) » H,0(D) + = (ARy)

The overpotential values (1) for the rate-determining step (RDS) at 1.23 V
were computed for the screened 108 catalysts. Note that the 2 e~ pathway
leading to the formation of H,0, was excluded due to its unstable

adsorption on subnano clusters /317,43].

3.0 Pt (111)l
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= 2.0
5
E 1.5
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054 o Pt(111)
'\ © cCI) R2 Score = 0.96
R N Mkr =0.97 n DRT +0.04
0'0 L L L L ] L
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Calculated n DRR

Figure 3.7: Linear relationship between the DFT calculated and ML
predicted overpotential values (m) for the screened -catalysts. The
intersection of green and blue dashed lines corresponds to the n values of
Pt (111), i.e., 0.45 V, serving as a reference point to screen the best five

catalysts with higher catalytic efficiency, represented within the red circle.

The high correlation (R?=0.96) and minimal error between the DFT-

calculated 1 values MIRR) and ML-predicted n values (nJER) for RDS
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underscores the capability of our ML framework in capturing the non-
monotonic ORR activity for subnano clusters, as represented in Figure 3.7.
Compared to the Pt (111) surface, our analysis identified the five best
electrocatalysts demonstrating higher (or similar) ORR activity with lower
n values (Figure 3.7). Specifically, Aug, Au;4, Au;,, Au;3 subnano clusters
emerged as the predominant active electrocatalysts alongside Pty,.
Interestingly, these ML observations align with the recent findings by
Alexandrova and colleagues, which demonstrated a shift in the apex of the
volcano plot from Pd/Pt to Ag/Au using DFT calculations for isolated M,
subnano clusters (M = Pd, Pt, Ag, Au; n= 1-6) for ORR /75/. In contrast,
Yis, Hf;4, and W were identified as inactive catalysts for ORR due to their

high n values for RDS as follows: n9R% : nORR = 2.93V:2.90 V,nIRR :

ORR — 2.73V:2.73V, and nORR : nORR = 266V :2.73 V.
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Figure 3.8: Construction of volcano plots for ORR activity using (a) DFT-
calculated, and (b) ML-predicted mn values in Dataset-3. Catalysts
positioned at the apex outperform the Pt (111) surface (marked horizontally

in brown color) at the subnanometer regime with the lower n values. The
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reaction energy diagram for Au, 4, Pt;(, and Aug ORR catalysts at (¢c) 0 V
and (d) 1.23 V, respectively.

The irregular trends in the m values of the screened subnano clusters in
Dataset-3 potentially reconstruct the apex of the volcano plots for ORR at
the subnanometer regime, as shown in Figure 3.8a-b. Additionally, our ML
framework can accurately map the positions of the best catalysts at the peak
of the volcano plots and the distribution of catalysts on both sides of the
volcanic distribution, with slight variations from the DFT dataset owing to
the small errors in the E, 45 prediction. Interestingly, within each size range,
there exists an active electrocatalyst outperforming Pt and Pd subnano

clusters, except for Ptj, with n2RX:nO"R = 0.35V : 0.48 V. This

demonstrates the size-specific ORR activity at the subnanometer regime,
which is effectively captured by our ML framework. The good alignment
between the DFT and ML reaction energy profile diagrams for Au;;, Pty
and Aug across different reaction steps, as shown in Figure 3.8c-d,
underscores the effectiveness of our approach in identifying potential
electrocatalysts.

For enhanced ORR performance in fuel cells, the catalyst at the apex of the
activity volcano should exhibit near-optimal adsorption energetics for each
intermediate. The difference between DFT-calculation and ML-predicted

E,., E and E for the five most promising catalysts is quite

*0? *OH? *OOH

acceptable (Table 3.2). These values indicate under-binding compared to

the Pt (111) surface, suggesting that O, activation is no barrier for these

catalysts. Upon closer examination, the E, , E and E values of

*02 T*OH’ *OOH

Au,4, Pty, and Aug, located at the peak of the volcano, exhibits an optimal
energy range within the E, 45 interval of

—492eV < Eqs < —1.23 eV (3.3)
Table 3.2: DFT-calculated and ML-predicted E, , E and E (ineV)

*OH’ *OOH
of the five most promising catalysts. The overpotential values (1) for the

thermodynamically rate-determining step (RDS), calculated by combining
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the E, ., E and E

*0°> T*OH’ *OOH

values in DFT and ML datasets in Dataset-3 for

an associative pathway.

E E E E E E
t I t *0 *0 *OH *OH *0OH *00H
Catalysts (DFT) (ML) (DFT) (ML) (DFT) (ML)
Auisz
| 261 [ 271 | -205 205 | 127 | 413
Aui;
| 274 | 272 | 234 [ -224 | 095 | 095 |
AIJ9

| 297eV [ 277eV | -249ev [ -238ev | 1206V [122eV |

[ 297ev [ -269eV | -187ev [ -1.89ev [[128eV [128eV |
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Within this specified range, subnano clusters demonstrate an optimum
binding affinity with each intermediate and emerge as the most promising
candidates, surpassing the Pt (111) surface. Moreover, when compared to
both the bulk Pt (111) surface and Pt,q nanoclusters /38/, the E, 45 of
intermediates is weaker for Au,q, Pt;(, and Aug, potentially leading to a
decrease in their n values. Therefore, this E, 45 range in the subnanometer
regime could be harnessed to extract active electrocatalysts, potentially
disrupting the conventional scaling relationship and volcano plots for the

ORR, further replacing the Pt/Pd elements at the peak.
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Figure 3.9: The partial density of states (PDOS) and charge density
difference (CDD) plots for (a) Aug, (b) Pt;,, and (c) Au;; during adsorption
of *0, *OH, and *OOH. The Fermi level and the d-band center were
represented by Efand €5, respectively. In CDD plots, the pink and green
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regions represent charge accumulation and depletion, respectively
(isosurface = 0.006 e/bohr?), where the numeric values indicate the charge
transfer quantified through the Bader charge analysis in |e| units. The bond
length (1) between the intermediate and local adsorption sites is represented
in blue for each optimized configuration.

3.3.6.2 Electronic Properties Analysis of Active Catalysts

Since the E, 45 on TM surfaces are primarily influenced by electronic states,
charge transfer, and orbital coupling, we selected Auy;, Pt;y, and Au,,
exhibiting optimal binding with each intermediate and analyzed their
electronic structures to understand the origins of their ORR activity, as
shown in Figure 3.9. From partial density of states (PDOS) analysis, the
narrow distribution of 5d states near the Fermi level (Ef) in Aug and Auy,
subnano clusters indicate a weaker coupling between O (2p) — Au (5d)
bonding states, resulting in decreased E_ 45 (Figure 3.9a,c). In contrast, the
broader distribution of 5d states in Pt;, subnano clusters suggest a stronger
0 (2p) — Pt (5d) interactions, leading to increased E, 4 values (Figure
3.9b) [54]. Charge density difference (CDD) and Bader charge analysis
demonstrate moderate charge transfer from Au,4, Pt;(, and Aug to the O
atom of *O and *OOH intermediates, signifying their optimal binding
strengths. However, during *OH adsorption on Pt;, and Au,, significant
charge transfer from the metal atoms to the O atom occurs, likely due to
binding at bridging positions where two metal atoms donate electrons to the
intermediates. Similarly, notable charge transfers during *OH adsorption on
Aug at the top positions aligns with increased overlap between O (2p) —
Au (5d) orbitals near the E¢ (Figure 3.9a). These observations are further
supported by longer M — O bond in Au,4, Pt;, and Aug subnano clusters,
indicating weaker binding strengths contributing to the optimal adsorption
energetics, further reducing n values in the subnanometer regime.

3.3.7 Conclusion

In summary, we represent an ML-assisted approach to break the

conventions in electrocatalysis by reshaping the ORR activity volcano plots
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at the subnanometer regime. Our findings reveal a shift in the apex of the
volcano plot from Pt/Pd to Au, identifying Aug, Au, 4, Au;,, Au;; alongside
Pt,o, which emerged as the best five catalysts for ORR at the subnanometer
regime. We mapped the non-monotonic catalytic distribution in the activity
volcano plots, deducing a significant correlation (R?=0.96) between the
ML-predicted and DFT-calculated overpotential values. The non-linear
catalytic distribution with respect to size and elemental composition in
volcano plots is attributed to the fluxional identity and high sensitivity of
the local coordinating environment during the adsorption of
*0, *OH, and *OOH across 252 catalysts in the 3d, 4d, and 5d transition
metal series (TM,)), with n = 7-15. By leveraging easily accessible, non-ab
initio geometric and electronic features such as bond length, coordination
number, idealized d-band filling, and coupling matrix, our trained ML
model demonstrated prediction accuracy for *O, *OH, and *OOH
adsorption with MAEs of 0.14, 0.11 and 0.16 eV, respectively.
Interestingly, the neighboring metal atom's d-band filling and coupling
matrix significantly influences the adsorption on the local chemical
environment, compared to the d-band center and other electronic/geometric
features, bypassing the need for expensive calculations for high-fidelity d-
state characteristics. Our observations align with the principles of the d-
band theory, where an increase in I and a decrease in VZ; values reduce
the E,q4s values due to repulsive interaction and weak coupling. Finally, we
provide an optimal adsorption energy cutoff for each intermediate
confirmed by moderate charge transfer and orbital overlap between
intermediate and active clusters, enabling rapid screening of the active ORR
electrocatalysts within the large chemical space. Our data-driven approach
can accelerate the catalyst design and unravel the hidden design principles

of the partially explored subnanometer regime.
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Section: B

3.4 Introduction

Developing sustainable and green technologies for efficient energy
conversion is essential to meet the growing energy demands and ensure a
secure, sustainable future //,2/. In this context, electrochemical energy
conversion technology is the most promising technology, with applications
in metal-air batteries, hydrogen-producing devices, and fuel cells /3-5]/.
Notably, catalysts play a crucial role in these devices, facilitating a series of
complex multistep reactions at the different electrodes. For instance, the
oxygen evolution reaction (OER) and oxygen reduction reaction (ORR) are
two core reactions in these energy storage devices that occur at the anode
and cathode, respectively, determining the electrochemical reaction rates of
these devices /56,57]. However, these electrode reactions typically exhibit
high overpotential values and sluggish kinetics owing to the multi-electron
transfer process, which impedes their widespread commercialization /6,7].
Therefore, developing suitable catalysts with high activity is essential for
the practical application of energy-related devices. Currently, state-of-the-
art electrocatalysts for OER and ORR primarily rely on precious metals
such as Pt and IrO, /58-60]. However, these precious metal’s scarcity, low
selectivity, and high costs restrict their large-scale application, motivating
researchers to develop low-cost electrocatalysts with excellent activity and
stability under electrochemical conditions [/67-63]. Designing efficient
bifunctional electrocatalysts that facilitate both the OER and ORR in the
same electrolyte is indispensable for the rapid development of regenerative
fuel cells.

In this section, we focus on screening bifunctional electrocatalysts for the
OER and ORR in the subnanometer regime using density functional theory
(DFT) (Figure 3.10). We characterized the fluxional identity of the subnano
catalysts by systematically investigating the adsorption energy
characteristics across 3d, 4d, and 5d transition metal clusters (TM,,), where

n = 7-15. The size-dependent scaling relationship between the adsorption
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energies indicates that the catalytic activity of subnano clusters significantly
differs from their bulk counterparts. Furthermore, our systematic
exploration of the four-electron OER and ORR mechanism in an acidic
medium reveals a shift in the apex of the activity volcano plots for
OER/ORR activity. Further, to understand the origins of bifunctional
activity, we categorized the clusters into three groups and analyzed the
impact of the electronic properties of the local chemical environment on the
OER/ORR activity. Our study screens potential bifunctional catalysts and
establishes a correlation between electronic properties and catalytic
activities of subnano clusters, providing valuable guidance for designing

efficient catalysts for OER and ORR activities.
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Scheme 3.10: Schematic illustration of our DFT framework for screening
active bifunctional electrocatalysts for OER/ORR activity in the

subnanometer regime. The four streamlined processes include (a)
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investigating adsorption energies (E.,qs) of principal OER/ORR
intermediates across different transition metal subnano clusters of varying
sizes (TM,), (b) investigating the scaling relation between OER/ORR
intermediates, (c) screening active bifunctional catalysts, and (d) deriving a
correlation between electronic descriptors and OER/ORR activity.

3.5 Results and Discussion

3.5.1 Adsorption Characteristics of OER/ORR Intermediates

To understand the OER/ORR activity of the subnano clusters, we analyzed
the adsorption characteristics of the principal intermediates (*O, *OH, and
*OOH) within the subnanometer regime. Identifying the most stable
geometries and adsorption positions for these intermediates is challenging
owing to the diverse distribution and vast chemical space of subnano
clusters. To address this, we extracted the previously reported optimized
global minima (GM) geometries for 3d, 4d, and 5d transition metal subnano
clusters, denoted as TM,, (where n = 7-15) /34]. Tc and La were excluded
from our investigation due to their radioactivity and toxicity /35/. TM,
clusters in this size regime predominantly exhibit non-bulk-like facets, with
diverse coordination environments and electronic properties, distinguishing
them from bulk counterparts like the Pt (111) surface. Unlike the highly
symmetric configurations of larger TM,, clusters (n = 38, 55, 79) [/38,49],
their stable geometries show extensive structural diversity, including non-
planar, planar, pentagonal bipyramidal, Mackay icosahedral, distorted
icosahedral, pentagonal antiprism, and capped square or triangular
bipyramids, among others. The irregular facets provide both saturated
(highly coordinated) and unsaturated (low-coordinated) sites, contributing
to fluxional behavior and disrupting conventional scaling relationships due
to varying binding affinities /72]. These structural variations lead to a non-
monotonic change in catalytic activity with size and composition, offering

opportunities to reshape conventional ORR volcano plots.
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Figure 3.11: Adsorption energy trends of *O, *OH and *OOH intermediates:

(@) E,,, (b) E,,, and (c) E on the investigated TM,, subnano clusters,

*OOH

represented by circles. The colors represent different-sized subnano clusters
(n=7-15), as denoted in the legends. The vertical lines separate the 3d, 4d,
and 5d transition metals, and the solid lines connecting the different dot
markers are guides for the eye. The pink and green dotted horizontal lines
represent the adsorption energy of intermediates on the Pt (111) surface and

Pt,4 nanoclusters, respectively, for comparison with the bulk surfaces.

Given the fluxionality of subnano clusters, resulting from multiple
heterogeneous sites, we optimized multiple geometries of the single-
intermediate adsorbed onto different active sites (top and bridge) of the
clusters (> 2000 configurations). Subsequently, using the Bell-Evans-
Polanyi (BEP) principle, which states that a lower activation energy

accompanies the most stable adsorption energy (E,) /36,37], we have
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extracted the most stable configurations for further investigation of the
OER/ORR reaction mechanism. Notably, 3-fold hollow positions are
unstable adsorption sites for OER/ORR intermediates at the subnanometer
regime and were excluded from our investigation /31,43]. All calculations
were performed for optimization using density functional theory (DFT)
with the Vienna ab initio simulation (VASP) package /28]. The adsorption
energy of each intermediate (E,45) on the TM,, is computed as follows:
E.gs = E(TM X) — E(TM,) — E(X) (3.4)
where E(TM,X) is the energy of the intermediate adsorbed geometry of the
different TM,, clusters, E(TM,) is the energy of the bare clusters, and E(X)
is the energy of the intermediate in the gas phase.
The size-specific values of E, 45 for *O, *OH and *OOH intermediates across
the different TM series are summarized in Figure 3.11. The non-monotonic

distribution of E, , E and E

I D represents the fluxional behavior of the

*OOH

subnano clusters, contributing to their variable OER/ORR activity;
however, a periodic pattern is observed for each intermediate across

different TM series (Figure 3.11). Specifically, E, _,E and E

*0’ T*OH’ *OOH

generally decrease upon transition from v! (metals with one valence
electron in the d-orbitals) to v1°, indicating that strong electronic repulsion
weakens the coupling between the cluster and the intermediates. Compared
to the bulk Pt (111) surface and Pt,q nanoclusters /38/, the majority of the
subnano clusters exhibited a shift towards more negative E,45, indicative of
stronger binding affinities due to their under-coordinated sites, except for
TM,, clusters with v1° configurations. The highest E,4s are observed for

Tay5 (-7.96 €V for E, ), Mny; (-5.69 eV for E, ), and Cry, (-4.41 €V for

*OH

), while the lowest are found for Hg,5 (-1.09 eV for E, ), Hgg (-1.04

E"‘OOH

eV for E, ), and Hg., (+0.03 eV for E ). These extremes represent a

*OH *OOH
non-Sabatier range, where catalysts with very strong or weak E,45 may lead

to either poisoning or physisorption, thus reducing the overall catalytic
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activity. Overall, the distribution of E,4s in the subnanometer regime
demonstrates a strong dependence on the valence electrons in the d-orbitals.
3.5.2 Analyzing Scaling Relationship at Subnanometer Regime

Scaling relationships are simple linear correlations between the
thermodynamic properties of intermediates across different surfaces.
However, these relationships impose intrinsic limitations on the maximum
activity of the catalyst. Zandkarimi et al. previously demonstrated the
breaking of the conventional scaling relationship between the ORR
intermediates, attributed to the isomeric diversity and fluxional behavior of
subnano clusters /72]. Similarly, in our study, we examined the correlation

between OER/ORR for our subnano catalysts, as depicted in Figure 3.12.
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Figure 3.12: Scaling relationship between (a) E, vs.E
E

and (b)

*OH

vs. E for different-sized TM,, subnano clusters. The sizes are

*OH *OOH
represented in colors on the top panel. The coefficient of determination (R?)
and linear fit equations representing the slope of the best-fitted line

corresponding to each size range are shown in the plots.
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From Figure 3.12, it is evident that the scaling relationship in the non-
scalable regime is size-dependent across different TM series, with TM, and
TM;, representing the highest and lowest values of the coefficient of

determination (R* = 0.91 and 0.60 for E, | vs E, ,, respectively). Observing

*OH)
the overall distribution (Figure 3.13), we note a scaling relationship for

subnano clusters with R? = 0.84 and 0.88 (compared to R? = 0.91 for bulk

surfaces) between E, Vs E, , and E,  vs E intermediates, respectively

*OH *OH *OOH
[12]. The variable correlation across different sizes could be attributed to
differences in the adsorption sites and changes in the electronic structure,
resulting in varying E,4s across different surfaces. In the investigation of
scaling relationship, the slope of the best-fit line indicates the optimal
electron density contribution from the clusters to the bound intermediates,
specifically oxygen in our case [64/. The computed slopes of E, vs E,

and E,_ vsE varied from the expected values of 0.5 and 1.0, reflecting

*OH *OOH
a decreased electron contribution to the bound oxygen atom (Figure 3.12).
This also signifies the inadequacy of the effective medium theorem for
small clusters in generalizing E, 45 across subnano clusters. These results
demonstrate the potential of size and transition metal variation to modify
the scaling relationship and reshape the activity volcano plots in the

subnanometer regime.

a) b) =
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E*OH = 0.56 E© + 0.76
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Figure 3.13: Scaling relationship between (a) E, vs E and (b)

*OH,

E,  VSE for different-sized TM,, subnano clusters.

*OH *OOH

3.5.3 Evaluating the OER/ORR Electrocatalytic Performance

Next, we derived the OER and ORR reaction mechanisms to screen for
active electrocatalysts by simulating a four-electron reaction at 0 V (without
any external potential) and 1.23 V (equilibrium potential) in an acidic
medium /55/. The elementary steps of both reactions are as follows:

In an acidic medium, the OER is considered a four-step process as follows:

* +H,0() > OH*+ (H* + e7) (ARy)
OH* - O*+ (H* + e7) (AR,)
0*+ H,0() —» OOH*+ (H*+ e7) (ARj3)
OOH* - 0,(g) + (H* + e™) + (ARy)

And the 4e” ORR is the reverse reaction of the OER with four-step as

follows:

0,(g)+ (H"+ e)+* — OOH* (AR5)
OOH*+ (H*+ e™) » 0"+ H,0(D) (ARg)
0"+ (H* + e7) —» OH* (AR~)
OH*+ (H"+ e7) » H,0 () + = (ARg)

To compare the catalytic activity of the TM, subnano clusters, the
overpotential values (1) of the rate-determining step (RDS) at 1.23 V were
utilized to evaluate the OER/ORR performance of the catalyst /55/, as
depicted in Figure 3.14. The theoretical overpotential at 1.23 V is calculated
by the equation:

max (ARl,ARz,AR3,AR4)

Nogr = - (3.5)
__ max (AR5,AR4,AR7,ARg)
Norr = P (3.6)
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The two-electron pathway leading to peroxide formation was not
investigated because of the unstable adsorption (breaking) of the H,0,
intermediates on subnano clusters, as reported in our previous investigations
[31,43]. The OER/ORR activity with respect to the size and element in the
subnanometer regime is summarized in Figure 3.14.

(a) N oer
= 3.22
15 282|249 0. 1322 (18 91 11692 19(189|179

3 2 X 57(2.76 [1.79|1.77 | 1.91|2.08
14 179(1.77 262

13 5 16 |2.69|2.35 |16 5 92 97 175/ 191

12 4 182 (1.82|1.56(1.97 (2.13|2.52 88214166

2.02

11 R 6 Pty 181|177 146

IR ECAR XY 062 0.67 1.42

0.82

0.22

(b) Sc Ti V CrMnFe Co Ni Cu Zn Y Zr NbMoRu Rh Pd Ag Cd Hf Ta W Re Os Ir Pt Au Hg n
ORR

15 275 228 25 208 211 215 195 | I ! 365

14 —§4 265 168 1.76 185 179 1 296

13 —§ 3 203 195 22 198 194 151 159

12 9 2 179 215 174 196

11 32 238 229 365 216 172 4 219 199 217

10 2 188 229 213 5 3 168 229 167
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19 216 306 187 1.79 159 > 0.57 22 31 161 85

Sc Ti V CrMnFe Co NiCuZn Y Zr NbMoRu Rh Pd Ag Cd Hf Ta W Re Os Ir Pt Au Hg

Figure 3.14: Activity heap maps for (a) OER, and (b) ORR activities across
different catalysts. The numeric values correspond to the overpotential
values (n) of the rate-determining step (RDS) calculated at 1.23 V to
measure the catalytic activity. The scale on the right represents the range of
n values, where light orange and yellow represent higher activity, and the

dark color represents lower activity.

As depicted in Figure 3.14, catalytic activity varies non-monotonically with
size and elemental composition in the subnanometer regime. For the OER,

Auyy, Pdy3, and Agg emerged as active electrocatalysts with lower 1o
values of 0.22, 0.34, and 0.43 V, respectively, with the RDS involving *OH

— *0 (ARz) formation (Figure 3.14, 3.15). These 1y, values are lower (or

comparable) to traditional active OER catalysts, such as RuO; (g =0.42
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V) and Ir0; (Mg =0.56 V) [65]. Interestingly, Auy, also exhibits superior
OER activity compared to previously theoretically reported carbon-based
single-atom catalysts like N/C-coordinated graphene (Co-doped), C,N (Ni-
doped), C3N, (Ni-doped), graphdiyne (Co-doped), covalent organic
framework (Cu-doped), and metal-organic framework (Co-doped), which
show NoEr values 0f 0.46 V, 0.34 V,0.96 V, 0.64 V, 0.69 V, and 0.29 V,
respectively /66]. In contrast, Zn,s, V;3, and Tag are identified as inactive

OER electrocatalysts with significantly higher . values of 3.22'V, 3.16

V, and 3.13 V respectively, with the RDS of *O — *OOH (AR3) formation.
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Figure 3.15: Free-energy diagrams of OER elementary steps at (a) 0 V
and (b) 1.23 V, and ORR elementary steps at (¢) 0 V and (d) 1.23 V.

For the ORR, Au,4, Pt;,, and Aug have emerged as active electrocatalysts
with lower 1 ORR values of 0.21, 0.35, and 0.45 V, respectively. In contrast,
Mn,,, Ta;,, and Ti;, are categorized as the poor electrocatalysts with
higher Norr values of 3.65 V, 3.33 V, and 3.28 V, respectively. For most
electrocatalysts, the RDS for the ORR involves of *OH — H,0 (1) (ARs)
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formation. However, for Agg, Ag,,, Au;,, and Auys, the RDS is 0,(g) —
*OOH formation (ARs). Compared to an ideal system such as Pt (111)
surface with .. = 0.45 V [67], these catalysts exhibit enhanced ORR

activity. Conversely, for Au,3, Au,, and Au,4, the RDS involves the *OOH
— *0 + H,0 (1) (AR¢) formation, while for Ir;4, Ruy,, Pt;y and Ir;3, the
RDS constitutes the *O — *OH (AR7) formation.

Interestingly, we observe size-dependent reshaping of the OER/ORR
activity volcano in the subnanometer regime, where the apex of the plot
shifts from benchmarked systems such as RuO, and Pt (111) surface to the
Aug, Auy4, and Agg subnano clusters. Apart from Au,; clusters, Pd,; and
Pt,o clusters have also emerged as active catalysts for OER and ORR
activity, respectively. For each active OER/ORR electrocatalysts in the
subnanometer regime, the adsorption energy for each intermediate lies
within —4.10 < E_ 4s < —1.23 eV range (Table 3.3). This range of E 45
could potentially be utilized to extract subnano clusters exhibiting optimal
adsorption energetics and higher activity in the subnanometer regime.
Table 3.3: Adsorption energies (E,45) of *O, *OH, and *OOH for the
OER/ORR active and inactive electrocatalysts. Each catalyst's overpotential
values (1) were calculated at 1.23 V for the rate-determining step (RDS).

Reaction | Activity | Catalysts *0O *OH | *OOH | n (V)
Auqq -2.97 -1.87 -1.28 0.22
Active Pd;; -3.79 -2.81 -1.58 0.34
Agg -2.77 -1.88 -0.52 0.43
OER
Zn,s -6.23 -2.90 -1.12 3.22
Inactive Vi3 -7.36 -4.08 -2.32 3.16
Tag -7.67 -4.39 -2.66 3.13
Auyq -2.97 -1.87 -1.28 0.21
Active Ptyo -4.05 -2.39 -1.61 0.35
Aug -2.97 -2.49 -1.22 0.45
ORR
Mn4 -7.68 -5.69 -3.05 3.65
Inactive Ta;, -7.41 -5.38 -3.63 3.33
Tio -6.66 -5.33 -2.99 3.28
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5

From Figure 3.14, it is evident that TM, clusters with v1-v® electronic

configurations exhibited higher mg .o values, rendering them

Morr
unsuitable for both reactions in the subnanometer regime. Interestingly,
compared to the early transition metal subnano clusters, the late transition

10

metal subnano with v8 —v1® configurations exhibited a significant

decrease in Mg and N .. values (Figure 3.14), making them suitable for
fuel cell electrocatalysis.

3.5.4 Screening of Potential Bifunctional OER/ORR Subnano Catalysts
In fuel cells, OER corresponds to the charging process, while the ORR 1is
associated with the battery discharge process. Therefore, to screen
bifunctional subnano catalysts that facilitate both the OER and ORR in the

subnanometer regime, we computed a widely accepted descriptor ng, =

Mogr T Morr [08/, where catalysts with lower mp. exhibit high

electrocatalytic performance, as shown in Figure 3.16. The bifunctional
catalytic activity demonstrates nonlinear variation with size and elemental
composition, with subnano clusters featuring v?/v1° configuration exhibit
lower ng, values. Conversely, subnano clusters with vl-v® configuration
exhibit significantly higher ng,, values, indicating their inactivity as
electrocatalysts in the subnanometer regime. Interestingly, Au,; emerged as
the best bifunctional electrocatalysts with a low ng. = 0.43 V. This value

is even lower than the 1.01 V of Ru/C /69/, which has been reported as the
best bifunctional electrocatalyst. In contrast, Mn,; emerged as an inactive

bifunctional electrocatalysts with a highng, = 6.40 V.
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Figure 3.16: Trends of bifunctional activity across 3d, 4d, and 5d TM,

subnano clusters, computed as 1y, The solid lines

= Moer T Morr-
connecting different dot markers are guides for the eye, representing
different sizes and elements. The colors represent different-sized subnano
clusters (n = 7-15), as denoted in the legends. The active and inactive
bifunctional catalysts are enclosed within green and red circles,
respectively.

3.5.5 Descriptors for Bifunctional Catalytic Activity

Furthermore, to screen the potential bifunctional electrocatalysts and gain
deeper insights into the electronic descriptors affecting their activity, we
categorized the bifunctional catalysts into three clusters: active, medium
active, and inactive catalysts based on the 1 ranges listed in Table 3.4. The

higher and lower limits of the 1, and N, values were approximated

based on the results of previous literature /3,22,31,40,42,43,68-71].
Table 3.4: Range for OER and ORR active electrocatalysts for screening

active bifunctional active catalysts.

Cluster OER Range (V) | ORR Range (V) Instances
Cluster 1 0.00 <M < 040 | 0.00 < n < 045 1
Cluster 2 045 < m < 0.80 | 045 < n < 0.80 10
Cluster 3 0.80 < n 0.80 < n 251

Furthermore, to elucidate the origin of bifunctional activities in our
investigation, it is crucial to evaluate the descriptors that significantly
influence OER and ORR activities. Therefore, to encode the electronic
characteristics of TM,, in our investigation, we extracted descriptors into
three different categories: (1) elemental, (2) electronic, and (3) d-band
specific features, as tabulated in Table 3.5. The elemental features provide
a physical description of the TM. However, the electronic descriptors
pertain to the electron acceptance/donation capability of different TM.
Previous investigations have evidenced the d-band center (€;) as an

effective descriptor to relate the catalyst’s electronic structure to the
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intermediates' adsorption strength /46,47,49,50]. However, considering the
vast chemical space in our investigations, it becomes prohibitively
expensive to extract €4 with self-consistent quantum calculations. To
circumvent this, we attempted to encode the elemental-specific numeric
values of the d-band characteristics from the Solid-State Table (relative to
Cu) provided for the surfaces /50/. Each feature regulates the inherent d-
band electronic characteristics, which can be substituted without expensive
DFT calculations. Note that the individual features (Sgw, Eqg, [Py, V:d, Las,
and €4) correlates with the single metal atoms of the subnano clusters;
however, the summation features (ZA, Zr¢, ZSgw, ZEq4, Zd,, and Xy, ) are
included to differentiate between the different-sized metal clusters.

Table 3.5: List of Descriptors Including Elemental, Electronic, and d-band

Specific Features.

Category Features Symbol
Sum of atomic weight XA
Sum of covalent radii ir,
Elemental . . =
Bulk Wigner Seitz radii Sew
Sum of bulk Wigner Seitz radii XSpw
d orbital energy E4
Sum of d orbital energy XE,
Electronic Sum of d electrons Xd,
Sum of electronegativity Zy,
First ionization potential (eV) 1P,
Coupling matrix V2,
d-band Specific Idealized d band filling (size dependent) Laf
Size-dependent d-band center €4

We analyzed the correlation plots of OER/ORR catalysts after categorizing
them into active, medium active, and inactive catalysts, as shown in Figure
3.17a. The linear correlation between the feature-feature and feature-
OER/ORR activity can be assessed using the Pearson correlation coefficient
(PCC) [51,52]. Most pairwise feature distributions, as shown in Figure
3.17b, exhibited low correlation (JPCC| < 0.8), indicating their independent

influence on catalytic activity, and were allowed to coexist. Note that
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features such as XA, Xr., E;, and XE; exhibited a significantly low
correlation with the OER and ORR activity ([PCC| ~ 0), suggesting they do
not predict the changes in OER and ORR activity. Consequently, we
removed highly correlated features that exhibited a low impact on
ORR/OER activity from our final dataset to avoid data redundancy. The
final list of features and their correlations is provided in Table
3.6. Overall, the OER and ORR activities of the subnano clusters can be

described as follows:

NoER/ORR ~ f(Sew ZSpw, 2Eq, 2dn, 2%, 1Py, Ias, €4) (3.7)

<) Feature Importance for OER

) Catalyst Type 1
@ inactive Catalyst daf

a) 4.0

Medium Active Catalyst
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Figure 3.17: (a) Distribution of OER and ORR overpotential values (1) to
screen active bifunctional catalysts. (b) Feature-feature and feature-output
correlation matrix displaying Pearson’s correlation coefficient (PCC) for
OER and ORR datasets. The scale on the right represents the range of
correlation, where the yellow and black colors represent perfect positive and
negative correlations, respectively. Feature importance for (¢) OER and (d)

ORR activity.
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Table 3.6: List of Descriptors Including Elemental, Electronic, and d-band

Specific Features Exhibiting Low Correlations.

Features Symbol | Pearson Correlation Coefficient
Bulk Wigner Seitz radii Sew -
= 5 T S
Sum of bulk Wigner Seitz radii ZSew B
- LSpw 075
Sum of d orbital energy ZE,
ZE,
Sum of d electrons xd, 00
Id, 2 100 069 o070 XA
Sum of electronegativity Zy, £ B . Lo 025
First ionization potential (GV) IP1 1Pl ENR ors EF o0 0es Lo i 0.00
Coupling matrix V2, Via -
=0.25
Idealized d band fillng (size | 1y [RRNRERR - [T
dependent) ar [ 55 02 070 |0s2 RS -0:50
ORR -0.75
OER
Size-dependent d-band center €q : = o - e e
o348 558

Following the feature selection process, we employed the Random Forest
regression (RFR) to assess the feature importance towards OER and ORR
activity, as shown in Figure 3.17c-d. Introduced by Breiman and Cutler, the
RFR method is based on an ensemble of decision trees from which the
prediction of a continuous variable is provided as the average of the
prediction of all trees /72]. Most importantly, the RFR model evaluates the
significance of descriptors in the model by sequentially replacing each
descriptor with random noise and observing the resulting decline in model
performance, which is measured by the change in the mean-square-error
(MSE) for the out-of-bag (OOB) validation data when the descriptor is
replaced. Interestingly, I, demonstrates the highest and equal contribution
towards the OER and ORR activities, suggesting its effectiveness in
identifying bifunctional active catalysts in the subnanometer regime.
However, the contributions of the other features are low and offset each
other, reflecting their unidirectional utilization towards either OER or ORR
activity. Note that the d-band model developed by Hammer and Nerskov
systematically correlates the perturbations in the adsorbate to the position

of the €4 relative to the Fermi level (Ef), is limited to pure transition metals
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and certain alloys; however, it fails to describe interactions on more
complex metal surfaces adequately /73-76]/. In contrast, the I;f
outperformed the €, at the subnanometer regime, effectively capturing the
elemental-specific d-state contributions of the unique local coordination
environment while accounting for the perturbations introduced by the

complex chemical environment of subnano clusters.
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Upon closer examination of the active bifunctional catalyst Au,;, a higher
lgr value (1.0) resulted in weak coupling between the metal and
intermediates, driving the E.4s values of intermediates towards lower
levels, leading to optimum binding energetics (Figure 3.18). In contrast,
lower I values (0.6) observed for inactive bifunctional catalysts, such as
Mn, ,, resulted in stronger binding, which ultimately increased the 1 values.
Similar trends were observed for high values of €,, which reduced binding
strength and consequently lowered m values (Figure 3.18). The feature
LSpw consistently appeared at the bottom of the plots with its minimal
impact, demonstrating its lowest contribution to the OER and ORR
activities. For enhanced OER/ORR bifunctional activity, catalysts at the
apex of activity volcano plots should exhibit near-optimal adsorption
energetics for each reaction intermediate. Similarly, Au;; bifunctional

catalyst achieves optimal adsorption energies for *O, *OH, and *OOH within
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the range of -4.92 eV < E_ 45 < -1.23 eV, suggesting weaker binding than
the Pt (111) surface. Additionally, to understand electronic structures during
the OER/ORR intermediate adsorption on Au,;; subnano clusters, we
performed a partial density of states (PDOS) analysis, represented in Figure
3.19. The narrow distribution of 5d states near the Fermi level (Ef) indicates
weaker coupling between Au (5d) and O (2p) states, further driving the E, 45
values towards the optimal range. Overall, our study emphasizes the
significant contribution of idealized d-band filling while encoding the
complex relations of OER/ORR activities at the subnanometer regime,
presenting a new pathway for designing efficient bifunctional

electrocatalysts.

2
w

PDOS (States/eV)

-3 2 - -4 -3 -2 -1 0 1
Energy (eV) Energy (eV) Energy (eV)

Figure 3.19: Partial density of states (PDOS) for *O, *OH and *OOH
adsorbed Au;; bifunctional catalysts. The Fermi level at 0.00 eV is
represented as (Ef). The inset represents the stable adsorption configurations
of the reaction intermediates onto Au;; subnano clusters.

3.5.6 Conclusions

In summary, we demonstrate a breaking of conventions for OER and ORR
activity across 3d, 4d, and 5d transition metal TM,, subnano clusters. Owing
to the fluxionality and non-monotonic catalytic activity at the subnanometer
regime, we observe a shift in the apex of the activity volcano from
Pt (111)/IrO, to Auy4 clusters. Compared to early transition metal clusters
(with v1 — v® configurations), the late transition metal clusters (with v& —
v10 configurations) exhibited significantly reduced overpotential values for
OER/ORR activity, highlighting their potential in the theoretical and
experimental screening of bifunctional catalysts. Interestingly, Auq,

emerged as a top bifunctional electrocatalyst exhibiting low bifunctional
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overpotential values (n,) of 0.43 V. Further, impinging on the non-ab initio
electronic descriptors, we demonstrate the significant contribution of the
idealized d-band filling (I4f) feature towards the bifunctional activity at the
subnanometer regime. Additionally, our observations also align with the d-

band theory where higher values of I;r and d-band center (€;) lead to
optimal reaction energetics, thereby reducing the ng. values due to weak

intermediate binding strengths. Thus, our work correlates the electronic

descriptors of the subnano clusters with their OER and ORR activities,

opening new avenues for effectively designing and screening efficient
bifunctional cluster catalysts.
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4.1. Introduction

Proton exchange membrane fuel cells (PEMFCs) are emerging as a
promising power source to meet increasing energy demands //-3]. Their
high energy density, low operating temperature, and minimal exhaust
emissions have positioned them at the forefront of renewable energy
research. The key electrochemical reactions in PEMFCs are the hydrogen
evolution reaction (HER) at the anode and the oxygen reduction reaction
(ORR) at the cathode. The sluggish ORR kinetics, however, remain the
primary barrier to large-scale commercialization due to high overpotentials
[4]. This challenge has motivated extensive efforts to design Pt-based
electrocatalysts with reduced cathodic overpotential /5,6/. Toward this
goal, Pt nanostructures with various dimensions and morphologies,
including nanoclusters, nanofilms, nanoshells, and nanotubes, have been
actively explored /7-10]. Yet, minimizing Pt loading while maintaining
high catalytic activity continues to be a major challenge.

Imaoka et al. synthesized Pt, subnanoclusters containing 10—20 atoms and
reported a notable enhancement in ORR activity for Pt,q, attributed to its
low-coordinated edge sites /71,12]. Our group also demonstrated that ORR
activity in subnanoclusters is highly sensitive to atomicity and that such
clusters can outperform the periodic Pt(111) surface [/3]. Despite their
promise, subnanoclusters are difficult to study due to their structural and
electronic complexity. One distinctive feature of these size-specific
supported nanoclusters is the presence of a competing low-energy
metastable ensemble (LEME) that becomes relevant under high
electrochemical potential, intermediate coverage, and elevated
temperatures, resulting in fluxional behavior [714,15].

Earlier work has primarily relied on first-principles global optimization
methods such as basin-hopping (BH), genetic algorithms (GA), and particle
swarm optimization (PSO) to identify the global minimum (GM) structure
and explain catalytic behavior solely on its basis [/6-18]. At finite

temperatures, however, thermally accessible metastable isomers can
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contribute significantly to catalysis due to their increased lifetime and
population //9]. Alexandrova and co-workers highlighted this through a
statistical ensemble representation of supported Pt,, (n = 4,7, 8) clusters
on alumina for ethylene dehydrogenation /20,21]. They showed that Pt,
exhibits higher activity than Pt, and Ptg because of its single-layered active
local minima featuring increased binding sites and enhanced charge transfer
from the support. More recently, our group also reported a substantial
contribution from low-lying isomers of Pt;3 toward overall ORR activity
[22]. These findings emphasize the necessity of accounting for metastable
isomers alongside the GM to accurately describe catalytic behavior.
Numerous theoretical studies have investigated nanoclusters and Pt(111)
surfaces to understand the thermodynamics and kinetics of ORR and to
assess the influence of gas and solvent environments /23-27]. For instance,
Nair et al. used a hybrid solvation model to show substantial differences
between gas- and solvent-phase ORR energetics on Pt(111) due to
dispersion effects /28]. Sha et al. also reported major changes in adsorption
sites, free-energy pathways, and kinetic barriers for ORR intermediates on
Pt(111) when moving from gas-phase to solvent-phase simulations using an
implicit solvation model /29/. More recently, Munarriz and Zhang et al.
demonstrated potential-dependent electrochemical behavior of Ptn clusters
on graphite using the surface charging (SC) method combined with the
linearized Poisson—Boltzmann implicit solvation model /[30,31]. This
approach provides a promising route to evaluate solvent-mediated
ensemble-averaged ORR activity of low-energy isomers.

Motivated by these studies, the present work investigates the solvent effect
on the ensemble composition of size-selected Pt, (n = 7,8)
subnanoclusters supported on graphene (denoted Pt;/G and Ptg/G).
Clusters in the 7-8 atom range are of particular interest due to their
unusually high catalytic activity /32,33/. We combined global optimization
and density functional theory (DFT) to explore the structural diversity of

Pt,/G and Ptg/G isomers and assess their structural properties. To probe
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the ORR mechanism, we analyzed adsorption-induced interactions between
intermediates and clusters, followed by free-energy and activation barrier
evaluations in both gas and solvent phases. The fluxional behavior of low-
energy metastable isomers was quantified using a statistical ensemble
representation based on normalized rate constants. An implicit solvation
model was then used to determine the contribution of individual isomers in
the solvent medium. The observed solvation trends of ORR intermediates
were rationalized in terms of size, polarizability, and hydrogen-bonding
capability. To highlight the role of the support and solvent, we compared
the computed ORR activity with that of bare subnanoclusters and bulk Pt
(111), revealing dynamic changes in catalytic behavior across different
environments. After establishing the significant influence of metastable
states under electrochemical conditions, we emphasize the necessity of an
ensemble-based perspective in catalysis simulations. Lastly, ab initio
thermodynamic analysis was performed to probe the possible formation of
Pt oxides (Pt,04) under ambient ORR conditions.

4.2. Computational Details

4.2.1. Electronic Structure Calculations

Plane-wave density functional theory calculations were carried out using
the Vienna ab initio simulation Package (VASP) [34]. The generalized
gradient approximation with the Perdew—Burke-Ernzerhof (GGA-PBE)
functional was used /35/, and ion core—valence electron interactions were
described using the projector augmented wave (PAW) method /36/. A
kinetic energy cutoff of 470 eV and an electronic energy convergence
criterion of 10~* eV were applied for all relaxation calculations. Geometry
optimizations were performed until the atomic forces were below 0.02 eV
A~1 [37]. Gaussian smearing with a sigma value of 0.2 eV was used and
van der Waals corrections were included via the DFT-D3 approach /38].
All molecular species and oxygen-bound intermediates were treated with
spin-polarized calculations. Transition states were located using the

climbing image nudged elastic band (CI-NEB) method with six images
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generated along the reaction pathway. The identification of a single
imaginary frequency confirmed each transition state (TS) /39/. The Gibbs
free energies of ORR elementary steps were computed using the
computational hydrogen electrode (CHE) model proposed by Nerskov and
co-workers, according to the following equation /40/:

AG = AE + AZPE — TAS — eUgyg (4.1)
where AE is the total reaction energy, AZPE is the zero-point energy
correction, T is the temperature (300 K), AS is the entropy change, Ugyg 1S
the applied electrode potential (vs reversible hydrogen electrode, RHE), and
e is the number of transferred electrons. The ZPE and entropy values were
obtained using the harmonic oscillator approximation according to the

following expression:

ZPE = ¥ hv; (4.2)
_ hvi _ _ hvi
SV =R Z kgT (exp(%—l)) In (1 exp (kT)) (4'3)

where h is the Planck constant, S, is the vibrational entropy, R is the gas

constant, kg is the Boltzmann constant, v; is the frequency of the it
o h . . . .
vibrational mode, and A = po The adsorption energies of intermediates

were calculated using the following equation:

E.gs = E(Pt,/G —X) —E(Pt,/G) — E(X) (4.4)
where E(Pt,,/G — X) is the energy of the intermediate-adsorbed geometry
on different isomers, E(Pt,/G) is the energy of the Pt; g isomers adsorbed

on the graphene sheet, and E(X) is the energy of the ORR intermediates at
the adsorbed geometry. The I'-centered (1 x 1 x 1) k-point grid was used
for Brillouin zone sampling, consistent with previous studies [41,42]. A
denser (5 x 5 x 1) k-mesh was applied for density of states (DOS)
calculations. Bader charge analysis was performed using the Henkelman
code with the near-grid algorithm refine-edge method /43,44]. To account
for solvent effects, we employed the VASPsol package, which incorporates

a self-consistent continuum solvation model within VASP. Because a fully
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explicit solvation model is computationally prohibitive, the linearized
Poisson—Boltzmann implicit solvation model was adopted. The relative
permittivity of the aqueous electrolyte was set to 78.4, and a Debye
screening length of 3.0 A was used, corresponding to an ionic strength of 1
M at 298 K.

4.2.2. Global Optimization

Initial geometries of Pt;/G and Ptg/G for global optimization were
generated using the parallel global optimization pathway toolkit (PGOPT)
[45]. PGOPT employs the bond-length distribution algorithm (BLDA) for
efficient sampling of configurational space. A total of 800 starting
structures (400 each for Pt; /G and Ptg/G) were produced, and only unique
geometries were optimized. Duplicate structures were removed using a
depth-first search (DFS) similarity check. During optimization, an 8 X 6
graphene supercell (a = 2.46 A) with a 20.00 A vacuum gap was used as
support. The lowest-energy structure was identified as the global minimum
(GM), and all other low-energy near-degenerate structures were labeled as

local minima (LMs).

(a) Pt/G GM LM1 LM2 LM3 LM4
0.00 eV 0.10 eV 0.11 eV 0.14 eV 0./1\5 eV
) N <) - (D . \C)\ Y Q C\/ X

VL ¢ 3 B
B=d T T PO oA

(b) PtB/G GM LM1 LM2 LM3 LM4

0.00 eV 0.12eV 0.30 eV 0.34 eV 0.35eV
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Figure 4.1. Thermally accessible structures within 0.4 eV of the global
minimum (GM) for (a) Pt;/G and (b) Ptg/G. Each isomer is labeled with
its relative energy difference from the GM (in eV), where zero denotes the

GM.
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Figure 4.2. Thermally accessible isomers of Pt, /G (LM5-LM16) with non-
zero thermal population, within 0.4 eV energy difference from GM.
Structural isomers are represented by their relative energy difference from
GM (in eV).

4.3. Results and Discussion

4.3.1. Structural Analysis

4.3.1.1. Structural Explorations of Pt;/G and Ptg/G LEME.

LEME of Pt;/G: Exploration of the low-energy metastable ensemble
(LEME) for Pt;/G identified 16 isomers within 0.4 eV of the global
minimum (GM), all with non-zero thermal populations. On graphene, these
isomers adopt three-dimensional nonplanar configurations, in contrast to
the planar isomers of the bare Pt cluster reported in gas-phase optimization
[41]. Considering the narrow energy window relevant to ORR under
ambient conditions, the ensemble was restricted to the eight most stable
Pt, /G isomers (within 0.17 eV of the GM) and the five most stable Ptg/G
isomers (within 0.4 eV), as shown in Figure 4.1a; remaining Pt, /G isomers
are provided in Figure 4.2. The metastable isomers display substantial
structural diversity driven by variations in spatial arrangement and Pt

coordination numbers ranging from 2 to 5 within a 3.0 A cutoff. The first
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metastable isomer lies 0.10 eV above the GM, and the number of accessible
isomers increases toward the higher-energy limit. Pt, /G structures adopt bi-
or trilayered distributions and show net electron transfer from the cluster to
the graphene support, producing positively charged clusters (Table 4.1),
consistent with Ptss/G and Pty4,/G [46]. Apart from LM1, which shows
minimal charge transfer, all Pt;/G isomers exhibit lower charge transfer
than the GM of Pty /G (+0.19]e|). Charge transfer for Pt,;/G ranges from
0.00le| to +0.13|e|, while LM1 shows +0.18|e| /47], like a Pt adatom on
graphene. The GM of Pt, /G is in a singlet state, whereas most LMs stabilize
in higher-spin configurations such as nonet and quintet /48].

LEME of Ptg/G: Adding one atom to Pt;/G produces a more complex
potential energy surface (PES) for Ptg/G. Only five topologically distinct
isomers fall within 0.4 eV of the GM (Figure 4.1b), indicating a
comparatively rigid morphology due to enhanced metal-metal bonding,
which restricts fluxionality. The first metastable state lies 0.12 eV above the
GM in the quintet state. Like bare Ptg clusters /32/, Ptg/G primarily adopts
trilayered, three-dimensional arrangements with net electron transfer from
the support to the cluster, producing negatively charged Pt clusters except
for the GM and LM4 (Table 4.1). Charge transfer in LM1 (—0.30le|), LM2
(—0.03]e|), and LM3 (-0.01|e|) shows an opposite trend to Pt,, Ptg, Pt;3,
and Pt;9 on graphite, where clusters gain positive charge (+0.11, +0.11,
+0.15, and +0.19|e|) /46-48]. Structural inspection of LM1-LM3 shows that
Pt atoms not directly bonded to graphene accumulate more negative charge
than those in contact with the surface, indicating that charge-transfer
direction depends on atomic arrangement. Pt coordination numbers for
Ptg/G range from 2 to 6 within a 3.0 A cutoff, confirming the unsaturated
coordination environment characteristic of subnanoclusters compared with
bulk Pt(111). Like Pt, /G, the density of accessible Ptg/G isomers increase
at higher energies, consistent with the PES behavior of Lennard-Jones

clusters described via the disconnectivity graph by Wales et al /49].

185



CHAPTER 4

4.3.1.2. Stability Analysis of LEME.

To evaluate the structural and electrochemical stability of the isomers, we
calculated their binding energy (BE) and dissolution potential Upjgs,
summarized in Table 4.1 /50,51]. For a Pt cluster supported on graphene,
the binding energy is defined as:

BE = (Ept,/c — Eg = N X Eptisolatea)/n (4.5)
where Ep_ /g 18 the total energy of the adsorbed system, Eg is the energy of
the bare graphene support, n is the number of Pt atoms in the cluster, and

Eptisolated 18 the energy of an isolated Pt atom. The dissolution potential

U3l was estimated following the method introduced by Morimoto and co-

workers, based on the cohesive and interaction energies of supported Pt
particles /51]:

Ebulk

Uall — Ugil;lsk+ Ecoh— Econ (46)

diss 26

where E_, and Eggﬁk are the cohesive energies per atom of the nanocluster

and bulk Pt (111) surface, respectively. To include the effect of the support,
the total cohesive energy combines the cohesive and interaction energies

such as:

Eoop = nEgot[Pt(g)+ Etot[cl(lg)]— Etot[Ptn/C(8)]] 4.7)

By = Etot[Ptn(8)+ Etot[Cﬁg)]— Etot[Ptn/C(8)]] (4.8)

where n is the number of Pt atoms, E[Pt(g)] and E,;[C(g)] are the isolated
Pt atom and graphene energies, E[Pt,/C(g)] is the energy of the
supported isomer, and E.[Pt,(g)] is the gas-phase cluster energy.
Reference values of EXYX and UBYX are 5.07 eV/atom and 1.19 V,
respectively /51].

Table 4.1. Properties of Low-Energy Metastable Ensembles (LEMEs) of
Pt,/G and Ptg/G obtained from global optimization. Zero indicates the
energy of the global minimum (GM), and the energies of the local minima
(LM) are listed relative to the GM. AQJe| denotes the net charge on the
clusters, 2S + 1 is the spin multiplicity, and Min. CN and Max. CN are the
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minimum and maximum coordination numbers, respectively. The average
Pt-Pt bond length (Pt — Pt) is reported in A. BE refers to the binding energy
(eV), and Up;ss corresponds to the dissolution potential (eV).
Pt;/G Ptg/G
LM1 LM2 LM3 LM4 LMS LM6 LM7 GM LM1 LM2 LM3

0.t0 0.11  0.14 0.15 0.17 0.17 0.17 0.00 0.12 030 0.34

0.00 +0.18 +0.12 +0.11 +0.10 +0.05 +0.06 +0.08 -0.30 -0.03 -0.01
9 3 5 5 5 3 3 3 5 5 3
2 2 2 2 2 2 2 3 2 2 2
5 4 5 5 4 5 4 4 5 6 5

2.63 263 264 262 262 261 262 268 260 258 255
-3.61  -3.60 -3.60 -3.59 -359 -3.59 -358 -3.75 -373 -371 -3.70

-097 -1.11  -1.58 -1.12 -1.06 ~-1.12 -1.11 ~-1.16 -1.45 -1.56 -1.29

From a thermodynamic perspective, the negative BE values confirm stable
adsorption of all clusters on graphene, while the magnitude of BE decreases
for higher-energy isomers, consistent with their relative ordering within the
ensemble. The BE of Pt,;/G and Ptg/G isomers is lower than that of Pt;3

clusters on single and multiple N-doped graphene /52/, indicating that N

all
Diss

doping increases the exothermicity of Pt—graphene binding. The U
values indicate the tendency of Pt atoms to dissolve in acidic media. The
negative values obtained for Pt;/G and Ptg/G reflect reduced
electrochemical stability compared with larger clusters such as Ptss /51/,
which possess bulk-like facets. This reduced stability arises from the limited
stabilization due to low coordination numbers and the lack of strong
interaction between the cluster edges and the graphene substrate. Under
electrochemical conditions, LM1 of Ptg/G and GM of Ptg/G exhibit the
highest stability among their respective ensembles. Notably, the negative

U3l values do not imply spontaneous fragmentation, since the high BE

creates a significant energetic barrier against cluster breakup.
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4.3.2. ORR Activity Analysis in the Gas Phase

4.3.2.1. Adsorption Behavior of ORR Intermediates in Gas Phase
Owing to the unique coordination environments and electronic states of
heterogeneous sites, identifying the most stable adsorption configurations
in the subnano cluster regime is challenging. To understand ORR activity,
we analyzed the adsorption-induced interactions of key intermediates (05,
0*, OH*, OOH", and H,0%) across multiple active sites of the stable Pt, /G
and Ptg/G isomers obtained from global optimization. We have sampled
multiple top, bridge and hollow sites considering the heterogeneity of the
site on the nanoclusters and the most stable configurations are considered
for further investigation. Compared to Pt (111) surfaces and Pt,q
nanoclusters, adsorption on these subnano clusters exhibits distinct

behavior /53], as discussed below.
(a) (b)

. 0, - # 0 -%-OH -%-O0H -%--H0 -K-H g 0, 40 - OH -k OOH -sk--HoO - H
S -4- S 44
> O T S, Spmests *
Q. | i w i a keI 9, R C— *
€ 3] kKR g K e 23 T
% * * * ‘3_ WO Ty z ............. o oo ‘
§ -2 ** ** """ * ---- * § ) * ____________ * .......................... * .............
° °
X -1 WS -1 N *
sl * S * * ... * . & * Winra i T P *

0 * 0

l T T T T T T T T l T T T Ll T

GM LM1 LM2 LM3 LM4 LM5 LM6 LM7 GM LM1 LM2 Lm3 LM4
Pt7 Isomers Pt8 Isomers

Figure 4.3. Variable trend of adsorption energy of ORR intermediates on
global minima (GM) and local minima (LM) of (a) Pt,/G and (b) Ptg/G,
corresponding to their most stable adsorbate-binding configuration. The
adsorption values corresponding to each point in the plot are tabulated
in Table 4.2.

Table 4.2. Adsorption energies of ORR intermediate (in V) correspond to
their most stable intermediate-adsorbate configuration in gas-phase. Here t,

b, and f represent top, bridge, and face-centered cubic (fcc) sites.
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Systems Isomer 0; o* OH* OOH* H,0* H*

GM 289(b) | 476(b) | -3.12(0) | -193() | -034@t) | -271()

LMI 164 (b) | -473() | -329(b) | -195() | -0.54(t) | -1.97 (1)

LM2 229(b) | -526(b) | -3.56(t) | -251() | -0.52(t) | -3.19 (1)

Pt, /G LM3 237(0) | -5.13() | -3.16(1) | -2.17(b) | -0.68(b) | -3.04 (1)

LM4 2165(b) | -5.19(b) | -3.03(b) | -1.75() | -046(t) | -3.14 ()

LM5 271 (b) | 491 (b) | -329(b) | -1.92(t) | -034(t) | -2.74 (b)

LM6 2.09(b) | 499 (b) | -3.60() | -228() | -0.70(b) | -3.19 (t)

LM7 269(0) | -521() | 3430 | -1.99() | -0.06(b) | -3.19 (t)

GM 176 (b) | -467() | -3.17(1) | -1.94) | -065() | -2.83 (t)

LMI 175(0) | 483() | -333() | -191() | -0.50(t) | -3.01 ()

Pty/G LM2 229(b) | -499(t) | 353 @) | -227@) | -0.94(b) | -2.63 ()

LM3 1.75(b) | -3.86(b) | -3.56 (b) | -2.08(b) | -0.60(b) | -2.42 ()

LM4 204(b) | -545() | 3730 | -226() | -097() | -2.51(t

Bulk P11y | -079(b) | -454() | 240() | -122(b) | -026(b) | -2.80(f)

Systems P, 156 () | -5.19() | -249(t) | -140(b) | -023(b) | -2.80 (D)
Bare 3.56 (b 5.04 (t 3.81(t 248 (t 1.12 (t
Nanoclusters Pt, 3:36(0) | 5040 | 3810 2480 1120

05 preferentially binds at bridge sites in the disigma mode, with both
oxygen atoms coordinated to Pt atoms (Table 4.2). The GM of Pt, /G and
LM2 of Ptg/G exhibited the strongest O3 adsorption energies among the
LMs (Figure 4.3) /53]. However, most isomers displayed weaker O3
adsorption (~ —2.13 eV) compared to Pt;3 clusters on defective graphene
[23]. Among ORR intermediates, O* shows the strongest adsorption,
favoring both top and bridge sites. LM2 of Pt,/G and LM4 of Ptg/G
demonstrated the highest O* adsorption energies at bridge and top sites,
respectively. Unlike bulk Pt(111), where O* binds primarily to fcc sites,
subnanoclusters favor top and bridge sites. Adsorption of O* on Pt,/G and
Ptg/G is more exothermic than on bare or single-vacancy graphene-
supported Pd;; and MPd;, (M = Fe, Co, Ni, Cu, Zn) clusters due to strong
binding at low-coordination sites /54/. The H* intermediate prefers top sites
on Pt;/G and Ptg/G, in contrast to fcc site preference on Pt(111) and Pt,q
clusters /53/. Similarly, OH*, OOH*, and H, 0" intermediates show stronger
adsorption on Pt, /G and Ptg/G compared to Pt(111) surface. Compared to
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bare Pt; clusters, most Pt;/G and Ptg/G isomers exhibit slightly weaker
adsorption, likely due to reduced active site availability /41], yet stronger
than on faceted Pt,q clusters /53/. This enhancement is attributed to the
coordinatively unsaturated environment of subnanoclusters.

Table 4.3. d-band center values correspond to different adsorbates on

different isomers of Pt, /G and Ptg/G clusters.

Pt,/G Ptg/G

GM LMl LM2 LM3 LM4 LMS LMé6 LM7 GM LM1 LM2 LM3

-3.56  -334  -3.65 -356 -336 -331  -329 -344 -338 -343 -339  -343
-3.65 -329 -3.66 -344 -355 359 -350 -3.57 -350 -342 -335 -337
-3.59  -337  -346  -355  -353  -344  -349 349 357 -342 342 -355
-3.64  -337 -349 -352 -339 -343 -336 -392 -339 -339 -345 -353
-3.67  -3.46  -3.62 -356 -349 364 -344 -3.65 -3.61 -3.60 -354 -342
-3.51 -378  -38 -394 -340 -361 -353 -3.56 -342 -333 -324 -3.20

Notably, no intermediates were stable at hollow sites or directly on Pt atoms
bound to the graphene support. To rationalize this behavior, we performed
a d-band center (dbc) analysis, a weighted average of the metal d-states
during adsorption (Table 4.3) /55/. An upshift (downshift) relative to the
Fermi level indicates stronger (weaker) adsorption. The dbc trends for
Pt, /G isomers generally oppose those of Ptg/G, except for LM4 in both
cases. For H* adsorption, the dbc of Pt; /G isomers consistently exceed that
of Ptg/G. The largest shifts were observed at LM4 of Ptg/G (—3.28 V) and
LM3 of Pt;/G (—3.94 eV). Overall, the irregular dbc trends and closely
spaced values highlight the structural sensitivity of subnanoclusters toward
ORR activity.

4.3.2.2. Free-Energy Profile Diagram in the Gas Phase.

To understand the ORR mechanism, we calculated the reaction free
energies and applied the Bell-Evans—Polanyi (BEP) principle /56/, which
relates more stable adsorption energies to lower activation barriers. Using

the most stable adsorption configurations of the intermediates, we analyzed
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thermodynamic activity of these clusters at 0 V and 1.23 V, through both
the associative and dissociative pathways. The elementary steps for both
mechanisms are summarized below:

Associative Pathway:

0,(@+H*"+ e”)++—> OOH* (R1)
OOH*+ (H* + e7) -» 0"+ H,0 (R2)
0*+ (H*+ e”) —» OH* (R3)
OH*+ (H*+ e™) » H,0+ = (R4)

Dissociative Pathway

0,(g+ (H +e) +*> 0"+ 0*+ (H* + e7) (R5)
O*+ O0*+ (H*+ e ) » O0*+OH" (R6)
0*+OH*+ (H*+ e”) - 0*+ H,0 (R7)
0*+ (H*+ e™) » OH* (R8)
OH*+ (H*+ e™) » H,0+ = (R9)

In the associative pathway, the hydrogenation of O35 to OOH* (AGg,)
represents the most endergonic step at 1.23 V, making it the thermodynamic
rate-determining step (RDS) for all isomers except LM7 of Pt,/G (Table
4.4). In the dissociative pathway, the hydrogenation of OOH* to O* with the
first H, O formation (AGgg) is the RDS for most isomers, except LM2, LMS5,
and LM6 of Pt, /G and LM4 of Ptg /G, where hydrogenation of 0* — OH”,
0*-0" — 0*—0OH™, OH* — H,O0, respectively, becomes the thermodynamic
RDS. Comparison of AGg, and AGg, indicates that the dissociative pathway
is preferred for all isomers, supported by the larger negative AG values for
initial O3 dissociation and smaller overpotentials (1) for the dissociative
RDS (except LM6 of Pt /G). This agrees with Lim et al., who reported that
03 dissociation on Pt,/defected_graphene occurs at a lower energy barrier
than OOH™* formation /23]. During optimizations, H,0, intermediates
readily dissociated into 2 OH* species that adsorbed on neighboring sites,
facilitated by adjacent active sites capable of breaking O—O bonds. This

contrasts with single-atom catalysts, where isolated top sites favor a 2e™
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pathway producing H,0,. Subnanoclusters, instead, promote complete 4e™

reduction to H,0 /57,58].
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Figure 4.4. Free-energy diagrams of ORR elementary steps for isomers of
(a, b) Pt; /G and (c, d) Ptg/G at 0 V applied potential via the associative and
dissociative pathway, respectively. Here, sign * represents surface-adsorbed
species.

Table 4.4. Thermodynamic Rate-Determining Step (RDS) in the Gas Phase
for Different Isomers of Pt,/G and Ptg/G in the Associative and
Dissociative Pathways of ORR. The overpotential values () and activation

energy barrier (E,) for each potential thermodynamic RDS are listed.
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Substratc Associative Dissociative E. (V)
Isomers RDS n (V) RDS n (V)
GM 5 — O0H* 2.45 OOH* - O* 1.60 0.50
LMI1 5 — O0H* 1.21 OOH* - 0" 1.05 1.46
LM2 5> — O0H* 1.30 0* - OH* 0.67 0.27
LM3 5> = OOH~” 1.76 OOH* - O* 0.95 0.51
LM4 05 - OOH~ 1.39 OOH* - O* 1.02 0.93
LM5 03 - OOH~ 2.03 0*-0* - 0*-OH" 1.99 0.48
LM6 03 = OOH~ 1.06 OH* - H,0 1.49 0.65
LM7 OOH* - 0" 1.94 OOH* - O* 1.35 0.37
GM 05 - OOH* 1.38 OOH* - O* 1.04 1.10
LMI1 05 - OOH* 1.36 OOH* - 0" 0.99 0.49
LM2 05 - OOH~ 1.53 OOH* - O* 1.14 0.73
LM3 03 = OOH~ 1.19 OOH* - 0" 0.60 0.70
LM4 05 - OOH* 1.31 0* - OH* 0.52 0.07

Among the dissociative pathway isomers, LM2 of Pt; /G (n=0.67 V) and
LM4 of Ptg/G (mn = 0.52 V) were the most thermodynamically active,
surpassing bulk Pt(111) surfaces (n = 0.78 V) and Pt,4 nanoclusters (n =
1.00 V) /59]. This highlights the enhanced activity of metastable isomers
and their potential for reducing Pt loading without compromising ORR
performance. Kinetic evaluation of the thermodynamic RDS, based on
selective  activation  barriers (E;) at 123 V  using the
Langmuir—Hinshelwood mechanism, showed LM2 of Pt,/G and LM4 of
Ptg/G as the most kinetically favorable isomers (E; = 0.27 and 0.07 eV,
respectively), outperforming GM and other LMs (Table 4.4). Thus, both
thermodynamic and kinetic analyses indicate that metastable isomers can
surpass GM activity, motivating the quantification of each isomer’s

contribution to the overall reaction, as described in the following section.
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4.3.2.3. Weighted-Average Contribution through Statistical Ensemble
Representation of ORR in the Gas Phase

Recent studies by Alexandrova and co-workers highlighted that accurately
assessing catalytic activity of subnanoclusters requires considering the
cumulative contributions from all individual isomers within the statistical
ensemble of the low-energy metastable ensemble (LEME). This approach
reflects realistic experimental conditions, where elevated temperatures
increase the population of low-energy isomers and allow structural
transformations of the GM into LMs. To quantify each isomer’s

contribution, a normalized rate constant (Kyeightea) Was calculated

following the method of Sun and Sautet et al. /60]:
LM;

—EL ELM; _ gGM
kWeighted = AeXp( KT ) X exp (_ kB—T) (4.9)

where A is the Arrhenius prefactor (taken as 103 s~1), ELM js the

activation barrier of the isomer, Ep v, and Egy are the energies of the isomer
and GM, respectively, and T is 300 K. The Kyeignhteq factor incorporates

both the stability and activity of each isomer. In Figure 4.5, the most

negative (or highest positive) Kyeightea Values indicate the isomers

contributing most significantly to the overall ORR activity, with the order
of contributions as follows:
Pt,/G: LM2>GM >LM7 > LMS5 > LM3 > LM6 > LM4 > LM1

Ptg/G : LM4 > LM1 > LM2 > GM > LM3
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Figure 4.5. Statistical ensemble-averaged ORR activity of (a) Pt;/G and
(b) Ptg/G isomers. The lowest negative (or the highest positive) value

of Kyeighted represents the maximum contribution toward ORR activity.
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The bar graphs represent the logarithm values of the normalized weighted

contribution (Kyeighteq) Of different isomers toward overall ORR activity,

and the star marks correspond to the activation energy barrier (E,) of
thermodynamic RDS of ORR for each isomer within our constructed
ensemble.

Several metastable isomers exhibited significantly higher activity
contributions than the stable GM. For example, LM2 of Pt;/G showed a
4.12-fold higher activity than GM, while LM4 of Ptg /G, the highest-energy
isomer in the ensemble, displayed an 8.63-fold greater activity. This
variation arises from differences in the activation energy (E,) of the
thermodynamic RDS, with isomers having lower E, contributing more
actively without being kinetically trapped. Notably, the activity
contributions of bare Pt cluster differed from those of graphene-supported
Pt, /G clusters. For bare Pt;, LM1 and LM4 exhibited the highest catalytic
activity, whereas on graphene, these same isomers showed the lowest
contributions. Analysis of the Bader charge distribution revealed that
isomers with larger charge separation contributed more to overall activity,
except for LM7 of Pt,;/G. This observation aligns with previous
experimental and theoretical studies on Pt,Sn;/SiO, and Pdq/G, where
isomers within 0.4 eV of GM showing substantial charge redistribution
during intermediate adsorption had higher activity. However, a similar trend
was not observed for Ptg/G isomers. These findings highlight the
importance of considering contributions from LEME rather than relying
solely on the GM for accurately describing overall catalytic activity,
offering a new perspective for subnano cluster catalyst design.

4.3.2.4. Solvent-Mediated Metastability-Triggered Reactivity from
LEME

To explore the behavior of metastable isomers under electrochemical
conditions, we investigated the role of solvents in their ORR activity using
an implicit solvation model, which captures polarization, electrostatic, and

dispersion interactions between solute and solvent within a dielectric
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continuum /63/. The study included adsorption behavior, reaction free
energies of ORR intermediates, and statistical ensemble analysis of
different isomers in the solvent medium. For comparison, we also evaluated
the periodic Pt(111) surface to distinguish subnano cluster behavior from
bulk systems in solution. We observed that the solvent generally stabilizes
intermediate-cluster configurations, as indicated by negative solvation
energies (Table 4.6), except for H* on GM and LM6 of Pt /G. The extent
of stabilization varies among intermediate and isomers. The maximum
stabilization occurred for H,0* adsorption on LM2 of Pt, /G (Esolvation =
—0.59 eV), while the minimum was observed for H* adsorption on LM2 of
Ptg/G (Esolvation = —0.01 eV).
Table 4.6. Solvation Energy (Esolvation) for Different ORR Intermediates
for Different Isomers of Pt;/G and Ptg/G Systems in eV. Eggyvation 1S
expressed as Eggivation = Esolvent = Egas, Where Egglyent and Egyg are the
adsorption energies in the solvent and gas-phase medium, respectively.
Negative values of Egg1yvation 1ndicate the extent of stabilization of the ORR
intermediates in the solvent medium compared to the gas phase.

Pt,/G Ptg/G
GM LMl LM2 LM3 LM4 LMS LMé6 LM7 GM LMl LM2
-0.10 -0.14 -0.16 -0.16 -0.11 -0.40 -0.04 -0.01 -020 -0.17 -0.21
012 -0.12  -0.14 -026 -0.10 -0.13 -0.09 -0.10 -0.14 -024 -0.19
023 -0.18 -020 -020 -023 -0.06 -0.18 -040 -0.14 -0.19 -027
027 -0.15 -032 -023 -0.14 -0.19 -0.17 -041 -035 -027 -0.38
051 -044  -059  -056 -021 -0.60 -035 -0.56 -0.63 -020 -0.55

0.03 -0.06 -0.06 -0.08 -0.03 -0.01 0.01 -0.03 -0.03 -0.04 -0.01
Table 4.7. Adsorption energies corresponding to the most stable

intermediate-adsorbate configurations in a solvent medium. Here t, b, and f

represent top, bridge, and face-centered cubic (fcc) sites.
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Systems Tsomer 03 0 OH* OOH* H,0* H*
GM 2.99(b) | -488(b) | -335(t) | -220() | -0.85() | -2.67(1)
LMI -1.80(b) | -499(t) | -349(b) | -218() | -1.10() | -2.03 (1)
LM2 243(b) | -538(b) | -374(t) | -266() | -096() | -3.26(1)
LM3 237(b) | 513() | -3.06(1) | -217(b) | -0.68(b) | -3.04 (1)
Pt, /G
LM4 -1.65(b) | -5.19(b) | -3.03(b) | -175(t) | -046() | -3.14(1)
LM5 271 (b) | -491(b) | -3.29(b) | -192(t) | -034(t) | -2.74(b)
LM6 22.09(b) | -499(b) | -3.60(t) | -228() | -0.70(b) | -3.19 (1)
LM7 275(b) | -521(0) | -343(@) | -1.99() | -0.06(b) | -3.19 (1)
GM 196 (b) | -481(b) | -331(b) | -229(b) | -1.18() | -2.86 (1)
LMI -183(b) | -5.03() | -3.54@) | -219() | -093() | -3.05(1)
Ptg/G LM2 246(b) | -523(0) | -372(@1) | -2.54@) | -1.14(b) | -246 (1)
LM3 -1.89(b) | -3.97(b) | -3.76(b) | -235(b) | -0.78(b) | -2.53 (1)
LM4 225(0b) | 564(0) | 373 | -227() | -1.52() | -2.54(1)
stilr(ns P(111) -0.89(H) | -438(H) | -278() | -1.53(b) | -058(b) | -2.86(f)

For most isomers of Pt;/G and Ptg/G, the solvation energies of ORR
intermediates follow the trend: H* < 0} ~ O* <OH* < OOH* < H,0". This
can be rationalized by their size, polarity, and hydrogen-bonding ability.
H, 0" exhibits the largest negative solvation energy due to its high polarity
and strong hydrogen-bonding interactions with the solvent. OH* and OOH*
are also polar and capable of hydrogen bonding, resulting in significant
stabilization. In contrast, O* is smaller and less polarized, placing its
solvation energy between H and the polar intermediates, while H shows the
smallest solvation energy due to its minimal size and polarity. Overall,
larger, polarizable intermediates with hydrogen-bonding capability are
strongly stabilized, whereas smaller, less polar species experience weaker
solvation effects. Compared to the Pt(111) surface in solvent, adsorption of

intermediates is generally more favorable on subnanoclusters for most
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isomers (Table 4.7) [29]. Similarly, adsorption energies on solvent-phase
Pt,;/G and Ptg/G isomers are higher than on bare Pt, clusters in the gas
phase /41]. This solvent-mediated enhancement is expected to significantly
influence the ORR mechanism. Accordingly, we calculated the AG values
at 0 and 1.23 V for both associative and dissociative pathways in the solvent
medium and reported the overall activity.

Table 4.8. Thermodynamic Rate-Determining Step (RDS) in the Solvent
Medium for Different Isomers of Pt,/G and Pt;/G in Associative and
Dissociative Pathways of ORR. The overpotential values (1) and activation

energy barrier (E,) for each potential RDS are listed in the table.

Associative Dissociative
Substrate E, (eV)
Isomers RDS n (V) RDS n (V)
GM 5 — O0H* 1.93 OOH* - O* 1.77 0.47
LM1 5 — OOH* 1.14 OOH* - O* 1.13 1.40
LM2 5 — OOH* 1.29 OOH* - O* 0.83 0.35
LM3 5 — OOH* 1.93 OOH* - O* 1.13 0.63
Pt,/G
LM4 0* - OH* 0.93 OOH* - O* 0.70 0.99
LM5 OOH* - O* 1.99 0*-0* - 0*-OH" 1.98 0.40
LM6 0* - OH* 0.99 OH* - H,0 1.65 0.65
LM7 OOH* - O* 1.99 OH* - H,0 1.35 0.27
GM 03 — OOH* 1.23 OOH* - O* 1.08 1.21
LM1 5 — OOH* 1.16 OOH* - O* 1.03 0.55
Ptg/G LM2 5 — OOH" 1.42 OOH" - 0" 1.25 0.76
LM3 5 — OOH* 1.23 OOH* - O* 0.62 0.67
LM4 5 — OOH* 1.50 0* - OH* 0.50 0.12
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Figure 4.6. (a) Free-energy change (AG) in the gas and solvent phases for
an associative pathway at 0 and 1.23 V for GM of Pt,/G. (b) Free-energy
change (AG) in the gas and solvent phases for an associative pathway at 0
and 1.23 V for GM of Ptg/G. (c) Comparison between the statistical
ensemble-averaged activity of Pt;/G and Ptg/G isomers in the gas and
solvent phases.

The AG values of each reaction step in the solvent medium differed from
the gas phase. For GM of Pt /G, the hydrogenation of O3 to OOH™ at 1.23
V becomes exothermic in the solvent (Figure 4.6a), while the subsequent
hydrogenation of OOH" to O* and H,0" turns endothermic compared to the
gas phase. For GM of Ptg/G, all steps are energetically downhill in the
solvent phase (Figure 4.6b). In the solvent, the associative pathway has O3
— OOH" as the thermodynamic RDS, while the dissociative pathway has
OOH" — O~ as the RDS, except for LM4 of Pt; /G and Ptg/G, where 0" —
OH™ is the RDS in the associative and dissociative pathways, respectively
(Table 4.8). LM4 of Pt;/G and Ptg/G emerge as the most

thermodynamically active isomers in solution, withn=0.70 V and 0.12 V,
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respectively. In general, n values increase for the dissociative pathway in
the solvent relative to the gas phase due to stronger intermediate adsorption
and stabilization via solvent interactions, consistent with previous reports
on dispersion and relativistic corrections improving DFT predictions for Pt-
based ORR [64]. Compared to bulk Pt, solvent-phase subnanoclusters
(LM2, LM4 of Pt, /G; LM3, LM4 of Ptg/G) show a significant decrease in
n [7,59/, highlighting the importance of including solvent effects to
accurately predict catalytic activity.

Kinetic analysis of the thermodynamic RDS in solution using the
Langmuir—Hinshelwood mechanism indicates that LM2 of Pt, /G and LM1
of Ptg/G are the most kinetically active isomers, with E; =0.35 eV and 0.12
eV, respectively. The variations in thermodynamics and kinetics in solvent
compared to gas phase affect the contribution of each isomer in the
ensemble. To account for this, the normalized, Boltzmann-weighted rate
constant (Kyeighted) Was recalculated in the solvent medium, and the order
of contribution to overall ORR activity is as follows:

Pt;/G: LM2 > LM7 > GM > LMS5 > LM3 > LM6 > LM4 > LM1
Ptg/G : LM4 > LM1 > LM3 > LM2 > GM

Interestingly, the active contributions of GM, LM2, and LM3 of Ptg/G
changed in the solvent medium (Figure 4.6¢). The most stable GM showed
the lowest contribution, whereas the least stable LM4 exhibited the highest
contribution to overall ORR activity. Compared to GM, LM1 and LM4 of
Ptg /G showed 2.6-fold and 6.7-fold higher contributions, respectively. For
Pt, /G, the overall trend of isomer contributions remained similar, though
the magnitudes varied due to differences in E, between the gas and solvent
phases. Compared to bare Pt, clusters, the supported and solvated LMs of
Pt,/G and Ptg/G displayed significantly higher contributions relative to
GM [41], highlighting the pronounced fluxionality and enhanced activity
of metastable isomers under realistic conditions. While the exact

contributions may depend on experimental factors such as pH and
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temperature, these results demonstrate that cluster restructuring combined
with solvent effects provides an accurate description of catalytic activity.
4.3.2.5. Ab initio Thermodynamic Analysis.

Under experimental conditions for the ORR, the surfaces of Pt nanoclusters
tend to develop a high intermediate coverage. Previous investigations have
also demonstrated the oxidation tendencies of Pt clusters under ambient
ORR conditions /65/. This motivated us to explore the energetics of low-
energy isomers of Pt; /G and Ptg/G under a high coverage of intermediates.
Since the *O intermediate represents the strongest binding affinity with
each isomer, we conducted an ab initio thermodynamic analysis to examine
the stable oxidized phase of Pt;04 (x = 1-7) and PtgO, (x = 1-8) for the
five most stable isomers. For this purpose, multiple configurations of Pt, 04
and PtgO, were generated, corresponding to each coverage by adsorbing
the *O intermediate at various positions on initially optimized Pt,/G and
Ptg/G isomers. Subsequently, each configuration was optimized, and the

most stable configuration was selected for further analysis.
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Figure 4.7. Ab initio thermodynamic analysis of the *O coverage of low-
energy isomers. Second-order phase diagram of (a) Pt; 04 (x = 1-7) and (b)
PtgOy (x = 1-8) stable isomers supported on graphene. For each isomer, the
stable configuration of O* coverage under ambient ORR conditions is also
represented.

According to this approach, the chemical potential of gas phase oxygen was
treated as a function of temperature and pressure p, (T, P) and is expressed

as:
1o (T,P) = 2[Eq, (T = 0K P*) 1o, (T,P°) + kpTln = (4.10)

where T is the temperature, P is the oxygen partial pressure, P° is the
standard atmospheric pressure, and kg is the Boltzmann constant. To
construct phase diagrams, the Python Multiscale Thermochemistry Toolbox
(pMuTT) was employed, which utilizes the vibrational degrees of freedom
of Pt and O atoms at different T and P /66]. The phase diagram and the most
stable configuration of multiple adsorbates under the ORR conditions for
each isomer are represented in Figure 4.7. All the isomers undergo
significant structural transformations at high O* coverage, indicating their
fluxionality under reaction conditions. In contrast to our previous
investigations, where the distribution of O* atoms was more stabilized on
bridging positions /22], the O* atoms occupy various top and bridging
positions on Pt;/G and Ptg/G isomers at high O* coverage. Interestingly,
under ambient ORR conditions (T =300 K and Py, = 1 bar), the GM, LM1,
and LM4 of Pt, /G favored the formation of Pt,0, coverage, whereas LM2
and LM3 favored Pt, 04 coverage. Similarly, for Ptg/G, the GM, LM1, and
LM4 favored PtgOg coverage, while LM2 and LM3 favored PtgOgq
coverage. In line with the bare Pt, cluster, graphene supported Pt, and Ptg
clusters also favor high O* coverage. Therefore, it can be concluded that the
Pt, /G and Ptg/G isomers exhibit a greater oxidation tendency under ORR

conditions, favoring the formation up to 1 monolayer of Pt oxides.
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Figure 4.8. (a) Schematic representation of the ORR mechanism on the
stable phase of oxidized Pt clusters; (b) overpotential values (1) for the most
stable oxidized isomers (Pt;0-,, Pt;04, Ptg0g, and PtgO¢) in the gas and
solvent phases; and (c) the thermodynamic rate-determining step (RDS) of
ORR along with their overpotential values for Pt;0, and PtgO, isomers in
the gas and solvent phases.

Subsequently, we extend our investigation to quantify the ORR activity of
the stable oxidized phase of Pt isomers in both the gas and solvent phases
following the recent study conducted by Ding et al [67]. The AG
calculations were carried out based on the scheme represented in Figure
4.8a, and the elementary steps followed to derive the ORR mechanism are
provided in Text S5, Supporting Information. As shown in Figure 4.8b, the
irregular trends observed in AG and n values reflect the distinct behavior of
oxidized Pt;04 and PtgO, isomers compared to bare Pt;/G and Ptg/G
isomers. In the gas phase, LM2 with a stable configuration of Pt;04 and
PtgO¢ emerged as the thermodynamically active isomer. However, in the
solvent phase, GM with a Pt;0, configuration and LM1 with a PtgOg
configuration became the thermodynamically most active isomers,
exhibiting the lowest 1 values. Additionally, in the solvent phase, the stable

phase isomers of Pt,0y consistently exhibited higher n values compared to
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the stable phase isomers of PtgO, (Figure 4.8c). This observation
emphasized the change in the scaling relationship under a high coverage of
intermediates during ambient ORR conditions, further distinguishing the
activity at low and high intermediate coverage.

4.4. CONCLUSIONS

In summary, our study on graphene-supported Pt,; and Ptg subnanoclusters
highlights the critical role of solvent-mediated fluxionality and statistical
ensemble representation in the oxygen reduction reaction (ORR). Structural
exploration revealed numerous metastable isomers within 0.4 eV of the
global minimum, reflecting the complex potential energy surface of
supported clusters compared to bare clusters. Mechanistic analysis shows a
clear preference for the dissociative pathway over the associative pathway,
with significantly reduced overpotentials for the thermodynamic rate-
determining step (RDS) at the subnano cluster scale compared to bulk
Pt(111) surfaces and Pt clusters. Compared to bare Pt, clusters, the root-
mean-square displacement (RMSD) of adsorbed ORR intermediates on Pt,
and Ptg supported clusters underscore their fluxional behavior. Statistical
ensemble analysis further demonstrates that isomers with lower activation
energy barriers and greater cluster-to-support charge transfer contribute
most strongly to overall activity. Inclusion of solvent effects leads to notable
changes in adsorption energies, thermodynamics, and kinetics, altering the
contribution of individual isomers under reaction conditions. Specifically,
the overpotential for the dissociative pathway increases in solvent,
reflecting stabilization of intermediates, which aligns with experimental
observations and complements known dispersion and relativistic effects.
Overall, high-energy metastable isomers of supported and solvated clusters
play a significant role in ORR due to their unique ensemble and reduced
energy barriers in aqueous environments. While these trends depend on
cluster size and reaction conditions, solvent-mediated metastability
provides a reliable framework to model complex, fluxional electrochemical

interfaces accurately.
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5.1 Introduction

Electrochemical energy conversion technologies are widely regarded as one
of the most promising solutions to address global energy demands and
environmental challenges within a sustainable, carbon-neutral framework
[1]. Among them, fuel cells /2] and metal-air batteries /3] stand out as
potential candidates for clean energy applications. However, their large-
scale deployment is hindered by the sluggish kinetics of the oxygen
reduction reaction (ORR) at the cathode, which leads to high overpotentials
and reduced efficiency. To this end, platinum-based electrocatalysts are
valued for their high activity for ORR; however, their widespread
commercialization is limited by high cost and vulnerability to poisoning
during long-term operation, motivating the search for low-cost alternatives
[4].

Subnanometer clusters have recently drawn significant attention as a distinct
class of electrocatalysts because of their high atomic utilization and
remarkable catalytic properties. Unlike bulk materials, these clusters at
finite temperatures are characterized by a relatively flat potential energy
surface, which imparts fluxionality and non-Arrhenius behavior /5/. Their
large fraction of undercoordinated sites contributes to dynamic structural
changes, resulting in size-dependent, non-monotonic catalytic activity /6/.
In this non-scalable regime, cluster structures and electronic distributions
are highly complex, giving rise to metastability-driven reactivity. Therefore,
accurate modelling of their catalytic performance requires ensemble
representations that capture the diversity of accessible states [7].
Importantly, the interaction between subnano clusters and their support can
locally reshape coordination environments, modify conventional scaling
relationships, and create opportunities to overcome the volcano-plot
limitations /&/. Despite these promises, systematic evaluation of how
different sizes of supported subnano clusters impact the catalytic activity

remains limited. This gap reflects both the intrinsic complexity of the non-
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scalable regime and the challenges of performing high-throughput ab initio
simulations in a size range where “every atom count”.

Machine learning (ML) has emerged as a powerful tool for accelerating
catalyst discovery by capturing complex interactions between catalysts and
adsorbates, while unravelling the multidimensional structure-property
relationships /9/. ML algorithms have been applied to a wide range of
electrochemical reactions, enabling faster discovery and optimization of
catalysts across vast chemical spaces [10,11]. Descriptor-driven
frameworks have also been used to identify cost-effective Pt-free catalysts,
including single-atom and dual-atom systems as well as high-entropy alloys
[12,13]. While these advances demonstrate the promise of ML in catalyst
discovery, their applications to subnanometer regime clusters remain
limited. In particular, the factors governing adsorption energies and the
catalytic behavior of supported subnano clusters are not fully understood.
Additionally, systematic studies of the multifidelity features contributing to
the non-scaling relationships arising from intermediate adsorption at
undercoordinated active sites are still in their infancy and require in-depth
data-driven explorations.

Herein, we present a combined DFT-ML study on the ORR activity of size-
selected Pt, clusters (n = 7 — 13) supported on graphene (Pt,/G), as

shown in Figure 5.1.
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Figure 5.1: Machine learning (ML) framework for catalyst discovery. The
workflow consists of four streamlined steps: (1) global optimization of
graphene-supported Pt,,(n = 7 — 13) subnano clusters to identify relevant
global and local minima, followed by construction of an adsorption energy
database for *O, *OH, and *OOH intermediates using DFT calculations; (2)
feature space design to encode elemental, geometric, and electronic
descriptors that capture the local coordination environment and structure-
activity relationships in the subnanometer regime; (3) ML model evaluation
and interpretability; and (4) uncertainty quantification, DFT validation, and
ab initio phase diagrams under higher intermediate coverage and derivation
of reaction networks.

To model the electrodes with graphene-supported subnano clusters
Pt,/G (n =7 —13), we performed systematic global optimizations to
sample the potential energy surface and extract an ensemble of low-energy
isomers for catalytic investigations. We demonstrate that the fluxional
nature of these clusters leads to strong variations in intermediate
interactions, resulting in a complex, non-monotonic structure-activity
relationship. Using the Sabatier principle as an optimal screening criterion,
we trained ML models to predict ORR activity from non-ab initio features

that capture the interplay of geometric and electronic environments. A
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feature-driven interpretability analysis reveals that the geometric descriptors
of heterogeneous active sites play a crucial role in breaking scaling
relationships, a finding further validated by the uncertainty principle. The
ML predictions were validated, active electrocatalysts were screened, and
the ORR mechanism was derived following the adsorbate evolution
mechanism. We further examined low-coverage-based active catalysts to
construct reaction networks and phase diagrams at higher intermediate
coverages. Overall, our combined DFT and ML explorations provide insight
into the non-scaling behavior, fluxional dynamics, and coverage-dependent
ORR activity of graphene-supported subnano clusters through combined
DFT and ML explorations.

5.2 Computational Details

5.2.1 Electronic Structure Calculations

All the plane-wave spin-polarized density functional calculations were
conducted using the Vienna ab initio simulation package (VASP) [14] with
the Perdew-Burke-Ernzerhof (PBE) functional within the generalized
gradient approximation (GGA) [15]/. Ion core and valence electron
interactions were described using the projector augmented wave (PAW)
method //6]. For relaxation calculation, kinetic energy cut-offs of 470 eV
with energy convergence criteria of 10 were employed, and geometric
relaxation continued until forces on atoms were smaller than 0.02 eV/A.
Gaussian smearing with a sigma value of 0.2 eV was applied, and the I'-
centered (1x1x1) K-points grids were considered for the sampling of the
Brillouin zone in congruence with the previous reports. A sufficiently large
box with dimensions 18x20x20 A® was utilized to optimize the distinct
geometries to avoid the possibility of spurious interactions between the
adjacent images along each axis.

5.2.2 Global Optimization Method

Initial geometries of Pt,, /G subnano clusters were generated using a parallel
global optimization pathway toolkit (PGOPT) /17]. PGOPT generates
structures based on the bond-length distribution algorithm (BLDA) through
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an efficient sampling of configurational space. More details on the working
mechanism of BLDA to generate the initial population for global
optimization are provided in /77]. A total population of 4368 was generated
and optimized with DFT, and only unique geometries were extracted, while
the duplicates were discarded through a depth-first-search (DFS) similarity
measurement.

5.2.3 Structural Design of Pt,,/G Subnano Electrocatalysts

To investigate the size-dependent ORR activity of Pt,/G (n=7 — 13)
subnano clusters, we first extracted representative structures by exhaustively
sampling the energy landscape of each size. Global optimization searches
were performed for Pt clusters containing 7-13 atoms on graphene using the
Parallel Global Optimization Pathway Toolkit to identify the global minima
(GM) and low-energy local minima (LM) configurations //7]. Multiple
states for each size were generated using the bond-length distribution
algorithm approach, and unique geometries were extracted through the
depth-first search method. For their local optimization, the plane-wave spin-
polarized DFT calculations were employed in the Vienna ab initio
simulation package (VASP) [14] with the Perdew-Burke-Ernzerhof (PBE)
functional within the generalized gradient approximation (GGA) [15]. The
thermodynamic energy distributions of the sampled states, referenced to the
GM energy (0 = E;m — Egm), are shown in Figure 5.2a, with the total
number of sampled configurations indicated above each distribution. In
total, 4368 unique catalytic states were obtained from independent searches
across different cluster sizes. The Boltzmann distribution of all the isomers
within Q = 0.4 eV of the GM, representing the most accessible states for the
neutral system, is shown in Figure 5.2b. Side and top views of the GM and
low-lying LM structures included in our ensembles for further investigations

are presented in Figured 5.2¢c and 5.3.
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Figure 5.2: Energy distribution from global optimization. (a) Isomeric
energy distribution of the global minima (GM) and local minima (LMs) of
Pt,/G (n =7 — 13) sampled in this study, with each state’s energy
referenced to that of the GM (Q = E; vy — Egum, in €V). The number of
configurations for each size regime is indicated above the corresponding
distribution. The horizontal dashed line indicates the Boltzmann cutoff at ()
= 0.4 eV. (b) Boltzmann distribution of all unique structures within 0.4 eV
of the GM, representing the most accessible states for the neutral systems.
(c) Side and top views of the most stable GM configurations for each cluster
size, highlighting the size-dependent structural variations of these subnano
clusters. The geometries of the LM states for each size regime, utilized to
construct our ensemble representation within a Q = 0.4 eV difference for the

ML-DFT analysis, are provided in Figure 5.3.
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Figure 5.3: Low-lying local minima configurations of Pt,,/G (n = 7 — 13)
subnanoclusters and their relative energies (RE) with respect to the global
minimum (in eV).

In the Pt,/G (n =7 — 13) size regime, subnano cluster shows diverse
conformations with a distinct evolution in morphology, symmetry, and
stability driven by the interplay of Pt-Pt bonding and Pt-C interactions on
the graphene substrate. For Pt, /G, GM adopts a compact, non-planar Csv-
symmetry structure [/8/, in contrast to the planar or prismatic motifs
typically favored by unsupported or oxide-supported clusters [79,20].
Similarly, the accessible isomers of Ptg/G are dominated by bilayer and
trilayer non-planar arrangements with shallow energy landscapes, reflecting
their high fluxionality and dynamic behavior. The LM1 of Ptg/G lies only
0.05 eV above the GM, underscoring its high accessibility within the
ensemble-derived activity. For Ptg/G, although planar geometries are
preferred for unsupported Pt clusters due to relativistic effects /21/, the
supported GM shifts to a non-planar geometry, marking the onset of distinct
3D cluster character. As the size increases from Pt;,/G to Pt;,/G, the GM
and LM adopt disordered tetrahedral and octahedral motifs, losing the
“magic number” stability observed in vacuum because of strong d-m
hybridization and binding with graphene /22]. For Pt,3 /G, the GM becomes
a distorted tricapped pentagonal prism or a distorted octahedron, in contrast
to the icosahedral or high-symmetry structures typically observed for bare
clusters. For further catalytic investigations, we constructed an ensemble of

the most stable GM and the first five LMs, which are expected to have the
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highest population within Q = 0.4 eV of the GM, and performed a combined
ML and DFT-based ORR mechanistic analysis on them.

5.3 Results and Discussion

5.3.1 Adsorption Energy Landscape of Pt, /G clusters

In line with the Bell-Evans-Polanyi (BEP) principle, the adsorption energy
(Eags) of the ORR intermediate serves as an important descriptor to evaluate
the catalyst’s performance [23]/. However, the inherent fluxionality of
subnano clusters due to the presence of multiple heterogeneous active sites
makes it challenging to identify the most stable adsorption configurations
on the local atomic environment. Therefore, to generate our initial E 4
database, we optimized multiple configurations of single-intermediate
adsorbed on GM and LM isomers, while sampling different top and bridge
positions for principal ORR intermediates (*O, *OH, and *OOH). The total
number of configurations explored to construct the initial database is
provided in Table 5.1. The E_ 45 for each intermediate was computed using

the following equation:

Eads = EPtn/G (*o*om,*00H)~ (EPtn/G + E*O,*OH'*OOH) (5.1

where Ept /G« Ept, /6, and E represents the total

#OH,*OOH) ’ *0,*OH,*0OH
energies of the cluster with *O, *OH, and *OOH, supported cluster and their
corresponding intermediates, respectively. The E.4s trends for each
intermediate are summarized in Figure 5.4a, illustrating the overall energy
distribution sampled across various Pt,, /G sizes and heterogeneous sites.

Table 5.1: Total number of configurations sampled for each isomer of

Pt,/G (n = 7 — 13) to identify the most stable adsorption configurations.

Clusters| Sites | GM | LM1 | LM2 | LM3 | LM4 | LMS5
P/S | idge | | e | ¢ | 1 | e | 12
Pt/ | ridee | 11|20 | s | |5 | s
P/S | e | |9 |15 |9 ||
Pbo/S | g |15 |17 |12 |15 | 1 |13
Pbu/S | idge |0 |12 |12 | 12 | us |1
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Top 15 15 18 21 18 21
Pt1,/G Bridge 12 18 28 21 12 21
Top 24 24 21 21 24 18
Pt,./G Bridge 28 33 23 21 32 15

Table 5.2: Adsorption energies (E,45) of ORR intermediates (in eV units)
corresponding to their most stable intermediate-cluster adsorbed
configuration. Here, t, and b represent top, and bridge sites, respectively.

The sign * indicates adsorbed intermediates on active sites of isomers.

Adsorption Energy (Eads)

Clusters Int. GM LM1 LM2 LM3 LM4 LMS5

*O | -4.83(t) | 4.91(b) | -5.01(t) | -5.06(b) | -4.89(t) | -4.89(b)

Pt,/G | *OH | -3.17(t) | -3.47(t) | -3.37(t) | -3.46(t) | -3.33(t) | -3.47(t)

*OOH | -1.84(t) | -1.86(t) | -1.94(t) | -2.17(t) | -1.85(t) | -2.09(t)

*O | -4.94(b) | -4.96(t) | -5.92(b) | -4.83(t) | -4.99(t) | -5.69(t)

Ptg/G | *OH | -3.61(t) | -3.43(t) | -4.19(b) | -3.24(t) | -3.64(t) | -4.28(t)

*OOH | -2.22(t) | -2.08(t) | -2.82(t) | -L.66(t) | -2.47(t) | -2.54(t)

*0 | -4.86() | -5.56(b) | -4.95(t) | -4.72(b) | -5.06(b) | -4.97(t)

Pt,/G | *OH | -331(t) | -4.04(t) | -3.41(t) | -3.27(t) | -3.47(b) | -3.37(t)

*OOH | -2.10(t) | -2.84(t) | -2.03(t) | -1.94(t) | -1.97(b) | -2.07(t)

*0 | -5.67(t) | -5.09(t) | -5.54(b) | -5.48(t) | -5.31(b) | -4.86(t)

Pt,,/G | *OH | -4.20t) | -3.65(t) | -3.92(b) | -3.92(t) | -3.65(b) | -3.23(b)

*O0OH | -2.79(t) | -2.00(t) | -2.77(t) | -2.49(t) | -2.27(b) | -1.87(t)

*0 | -4.94(t) | -5.14(b) | -6.16(b) | -5.14(b) | -5.17(t) | -4.85(t)

Pt,,/G | *OH | -3.47(t) | -3.28(b) | -4.64(t) | -3.51(b) | -3.53(t) | -3.42(t)

*O0OH | -2.22(t) | -1.89(t) | -3.23(t) | -2.02() | -2.23(t) | -1.77(t)

*O | -4.98(t) | -5.03(t) | -5.18(t) | -5.60(b) | -5.49(b) | -5.06(t)

Pt,/G | *OH | -3.42(t) | -3.26(t) | -3.76(t) | -4.06(b) | -3.81(b) | -3.88(t)

*O0H | -2.21(t) | -2.12(t) | -2.44() | 2.93(b) | 2.57(t) | -2.37(t)

*0 | -5.06(b) | -5.19(b) | -5.46(t) | -5.28(b) | -5.53(t) | -4.93(t)

Ptys/G | *OH | -3.24(t) | -3.38(b) | -3.95(t) | -3.65(t) | -4.05(t) | -3.43(t)

*OOH | -1.81(t) | -1.99(b) | -2.52(t) | -2.31(b) | 2.62(b) | -2.24(t)
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Figure 5.4: Database generation for intermediate adsorption. (a) Adsorption
energy distribution (E,4s, in €V) of key ORR intermediates (*O, *OH, and
*OOH) on Pt,/G subnano clusters (n = 7-13), sampled across global
minima (GM) and low-lying local minima (LM) structures. The variations
reflect sensitivity to cluster size, isomeric distribution, and coordination
environment. (b) Distribution of E, 45 for the most stable single-intermediate
configurations across GM and LM isomers within 0.4 eV of the GM, based

on Boltzmann statistics. (¢) Side-view representations of the most favorable
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adsorption configurations for *O, *OH, and *OOH on GM structures of
Pt,/G clusters, where adsorbed species are denoted with an asterisk (*).
Platinum, oxygen, and hydrogen atoms are shown in grey, red, and pink,
respectively. (d) Schematic representation of the screening strategy used to
extract optimal E, 45 values for *O, *OH, and *OOH following the Sabatier

principle, enabling identification of promising ORR electrocatalysts.

The E, 45 values for each intermediate lack a consistent trend, with their peak
energy distribution spanning distinct regions: —3.22 to —6.11 eV for "0,
—1.97 to —4.64 eV for *OH, and —0.12 to —3.23 eV for *OOH. Compared to
the bulk Pt(111) surface with E. ) =—4.69 eV, E, , =—-2.63 ¢V, and E =

*OH *OOH

—1.64 eV [24], the subnano clusters exhibit a broad range of E 45, with the
majority showing stronger binding to the intermediate, attributed to the
presence of undercoordinated active sites. Notably, the E,4s for Ptg/G
exhibits a wide range of distribution for ORR intermediates across different
isomers (E,, = —5.92 eV for LM2; E, , = —4.28 ¢V for LM5; E,  , =
—2.82 for LM2), compared to other Pt, /G size regimes (Table 5.2). Figure

5.4b represents the energy distribution of the most stable single-intermediate

configurations across different isomers in the ensemble (E,, = —5.92 ¢V for

LM2 of Ptg/G, E._. = —4.29 eV for GM of Pt;,/G, and E,__ = —2.84 eV

*OH *0O0H

for LM1 of Pty/G) (Table 5.2). The side views of the optimized geometries
for these configurations on the GMs are shown in Figure 5.4c. In the
subnanometer regime, the intermediate preferentially binds to the top and
bridge sites, unlike on the Pt(111) surface, where the *O intermediate favors
adsorption at the hollow site /24/. Within this sampling space, we have
curated a data set of 1275 data points with three intermediates (428 for E
423 for E

Figure 5.4d.

*02

and 424 datapoints for E, ), represented as “Dataset-1" in

*OH? *OOH

Owing to their multiple undercoordinated sites, every atom in subnano
clusters exhibits a unique electronic structure and coordination geometry,

resulting in significant variations in E,4s. According to the Sabatier
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principle /23], the intermediate should neither bind too strongly (E,, =

—6.11 eV as in Pt{1/G) leading to chemisorption, nor too weakly (E =

*OOH

—0.12 eV as in Pt;3/G) leading to physisorption, to achieve high ORR
activity (Figure 5.4b). After acquiring Dataset-1, we applied three screening
criteria based on the E,45 of each intermediate to screen the active
electrocatalysts, as shown in Figure 5.4d. The upper and lower limits for
E.., E

and E were determined through a comprehensive analysis of

*0> T*OH® *OOH
various systems, including Pt;_;, subnano clusters, Pt;q nanocluster, and
Pt(111) surface [6,19,24,26,27]. Additionally, to account for the
metastability-triggered reactivity, weighted by the Boltzmann statistics, we
extended each energy window by +0.4 eV (total extension of 0.8 eV),
allowing us to preliminarily exclude the thermodynamically inaccessible
states /6,28-30]. Following this screening criterion, we curated Dataset-2,
and E

comprising 421, 422, and 416 datapoints for E E

*0> *OH? *00H’
respectively. Therefore, this E, 45 dataset is uniformly sampled across
catalysts with varying sizes, coordination environments, and three
intermediates, which is pivotal for developing robust ML models.

5.3.2 Feature Space Design for ML Models.

Integrating both physical and chemical descriptors into ML models is
critical for achieving high predictive accuracy. In this context, feature
engineering plays an important role in model development, enabling the
effective representation of complex local chemical environments while
mapping the structure-activity relationships /9/. To capture the factors
governing intermediate adsorption on active sites of subnano clusters, we

constructed a comprehensive set of input descriptors, categorized into three

groups: elemental, electronic, and geometric, as summarized in Table 5.3.
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Table 5.3: List of Primary Features including elemental, electronic, and

geometric descriptors.

Groups Descriptors Symbol
Elemental Number of Pt atoms N
Features Number of exposed Pt atom of the cluster M
Sum of number of d electrons xd,
Electronic Sum of electronegativity of the cluster Iy
Features Sum of electron affinity of the cluster YEA
Sum of atomic weight of cluster AW
Adsorption site (top, bridge) S
Coordination number CN
Geometric Perpendicular distance between adsorbate and surface | Djg
Features Perpendicular distance between active Pt atom and 7
surface
Pt-O bond length L
Number of Pt atoms binding to the surface A

Elemental descriptors characterize the physical composition of the catalysts,
providing a direct measure of cluster size and the density of the active sites.
Electronic descriptors characterize the electronic structure of the cluster,
which reflects its ability to donate or accept electrons during adsorption,
thereby influencing reactivity. Geometric features define the local chemical
environment of the subnano clusters. Features including the perpendicular
distance between the adsorbate (D,g) and the active Pt atoms (Z) relative to
the surface are especially significant, as they describe the strength of
interaction between the Pt atoms, adsorbates, and the surface. Together,
these features capture the structural and electronic determinants governing
catalytic performance.

Further, to derive a rational and non-redundant feature set for ML
investigation, we evaluated both linear and monotonic relationships between
input features and the target E,qs using Pearson’s correlation coefficient
(PCC) and Spearman’s rank correlation coefficient (SCC) (Figure 5.5)

[31,32]. To minimise redundancy, we retained only those features with low
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feature-feature correlation (|PCC| < 0.8 and |SCC| <0.8) and high
correlation with the target variable. The target E,45 for each intermediate
can be expressed as a function of the most relevant features:

E;(t):/(z}H_*oOH = f(Zdn' S,CN,Dps,Z,L,A) (5.2)

= 2 3 == ¢
z"‘u“i"‘”‘ﬁgﬁﬁggm

Figure 5.5. (a-c) The Pearson Correlation Coefficient (PCC) and (d-f)

Spearman’s correlation coefficient (SCC) matrix for E, ., E and E

*02 T*OH’ *OOH’
where the colour gradient encodes the strength and direction of the
correlations, ranging from strong positive correlation (+1) to strong negative
correlation (—1).

5.3.3 Model Training and Performance Evaluation

Following feature engineering, model training was carried out to optimise
the parameters of various ML algorithms to minimise the discrepancy
between predicted and actual E,45. Dataset-2 was split into training and
testing subsets using an 80:20 ratio. Hyperparameter tuning was performed
using both grid search and randomised search strategies, each integrated
with 5-fold cross-validation to identify optimal models. Model performance
was evaluated based on the lowest mean absolute error (MAE), root mean

square error (RMSE), and the highest coefficient of determination (R?)
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values. To ensure robust and generalizable prediction across the chemically
diverse subnano cluster space, seven regression algorithms were employed:
kernel ridge regression (KRR), eXtreme gradient boosting regression
(XGBR), random forest regression (RFR), adaptive boosting regression
(ABR), extra trees regression (ETR), gradient boosting regression (GBR),
and CatBoost regression (CR). All models were implemented using the
open-source Scikit library /33/. Given the complexity and heterogeneity of
the subnanometer catalyst, the combination of kernel-based and ensemble-
based methods offers a balanced strategy capable of capturing both linear
and non-linear relationships in the data. Model performance metrics are
summarized in Figure 5.6.

In Figure 5.6, panels (a-c) show the comparative test performance of various
ML models for predicting the E,45 of the three key intermediates. Due to
variations in the statistical distribution and feature-target relationships
across the datasets, different models performed best for different
intermediates. The GBR model showed the highest accuracy in predicting

E.,and E with MAE/RMSE values of 0.26/0.33 and 0.28/0.36 eV,

*OOH

respectively, for the test datasets. In contrast, the RFR outperformed other

models for E with an MAE/RMSE of 0.21/0.28 eV for the test dataset.

*OH

Notably, we have achieved this accuracy for E,_, E and E values

*02 T*OH? *00OH

across different heterogeneous sites of Pt,/G subnano clusters (n=7-13).
The predictive reliability of these models is further supported by the parity
plots in panels (d-f) of Figure 5.6, which display correlations between DFT-
calculated and ML-predicted E_, 45 for both training and testing sets. Based

on the above ML model performances, GBR was selected for predicting E, |

and E while RFR was selected for predicting E, _, in the subsequent E, 45

*OOH’ *OH

evaluations and ORR mechanistic pathway analysis.
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Figure 5.6: ML model training and evaluation. Mean absolute error (MAE),
and root-mean-square error (RMSE) for KRR, XGBR, RFR, ABR, ETR,

GBR, and CR models using (a) E,_, (b) E and (c) E datasets (eV

*0? *OH’ *0OH
units). The best-performing model for each intermediate is highlighted in
bold. Parity plots comparing DFT-calculated and ML-predicted values for
(d) E.,, (¢) E,,,, and (f) E,,,, obtained from the respective best-performing
models.

5.3.4 Feature-driven Interpretability of Low Scaling Relationships
Note that subnano clusters can readily adapt their shapes and binding sites
in response to different adsorbates, which gives rise to non-Arrhenius
behavior /6]. To examine this, we analyzed the correlations between E, | vs.

E and E

*OH xon VS E

for both ML and DFT datasets (Figure 5.7). The

*OOH

consistently low R? values across different size regimes indicate the
breaking of scaling relationships in the subnanometer regime. This non-

scaling behavior arises from the high fluxionality of the clusters and the
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presence of multiple heterogeneous active sites on their irregular

geometries, in contrast to bulk surfaces where R? = 0.91 /§].

a) -4.6 b)
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-1.34
< Pt,/G Pt,/G
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Figure 5.7: Scaling Relationships Analysis for Pt,/G(n=7—13)
subnano clusters. Panel (a) and (b) show the ML-predicted scaling

relationships between E, vs. E, , and E,, vs. E respectively. The

*OH *OH *OOH’

coefficient of determination (R?) of the best-fitted line is displayed on the
right side of each plot. Panels (c¢) and (d) present the corresponding DFT-

predicted scaling relationships for E,  vs. E and E vs. E

*OH *OH *OOH’

respectively.
To identify the factors responsible for this deviation, we performed a
feature-driven uncertainty analysis to identify the size regimes and key

E and E are

geometric descriptors. Figure 5.8 shows that the E, , E, . *00H
spread across distinct and irregular regions, further reflecting this
heterogeneity. We then carried out a leave-one-feature-out analysis on
Pt,,/G, where each size regime was sequentially excluded, and the model

performance (RMSE and MAE) was re-evaluated for E,_, E and E

*0° T*OH? *OOH

(Figure 5.8a-d). Notably, excluding Ptg/G clusters (denoted as e€g)
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consistently lowered both training and test errors, whereas removing other
sizes had a minimal effect. Unlike bare Ptg clusters with planar geometries
[18], Ptg/G isomers are especially heterogeneous, contributing most to the
low R? values. Their broad and inconsistent descriptor distribution acts as

noise, reducing the overall model's robustness.
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Figure 5.8. Quantitative Evaluation of Uncertainty in the Dataset (a-d)
Training and testing RMSE and MAE values of the GBR model upon
systematic exclusion of individual cluster sizes. The shaded bar highlights
the minimum error observed for different intermediates when Ptg /G clusters
are excluded from Dataset-2 (denoted as €g). (e) Bar plots showing the
variance contributions in the GBR model across cluster sizes, based on
descriptor-driven cluster behavior within the optimal E_ 45 window (-4.92 <
E.gs <-1.23 eV). (f) Quantification of geometric feature-based variance in
the Ptg/G isomers dataset.

We further analyzed the combined variance of Pt,/G clusters within an
optimal E,4; window (-4.92 < E, 45 < -1.23 eV) relevant for ORR
intermediates (Figure 5.8e). Again, Ptg/G displayed the highest variance,
strongly linked to overfitting and reduced predictive accuracy compared to
other cluster sizes. To interpret the underlying cause of this uncertainty, we
performed a feature-level variance analysis of Ptg/G systems (Figure 5.8f).
Geometric descriptors, specifically Z, A, and Das, contribute the most to the

variance, followed by CN. Among these, Z emerges as the single most
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influential descriptor, reflecting its dual role in encoding cluster height
(anchoring of graphene) and electronic coupling with the substrate. This
explains the heterogeneity observed in Ptg clusters anchoring, spatial Pt
atom arrangements, and coordination environments across GM and LM

isomers, which collectively degrade model performance.
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Figure 5.9: SHAP Analysis: Global interpretation of the best-performing

models for predicting the adsorption energies of a) E, , (b) E and (c)

*0’ *OH’

E The top row shows bar plots of mean absolute SHAP values,

*OOH"
indicating the average importance of each feature in the model's predictions.

The bottom row (d—f) presents beeswarm plots for (d) E.,, (¢) E.;, and (f)

E illustrating how individual feature values affect model outputs. Each

*OOH’
point represents a sample, with its SHAP value plotted on the x-axis. The
color gradient along each feature axis reflects the actual feature value,
ranging from low (cyan) to high (magenta).

Although ML models capture complex non-linear patterns effectively, they
often lack interpretability, reinforcing their “black-box™ perception. To
improve transparency, we applied TreeExplainer-based SHapley Additive
exPlanations (SHAP) analysis /34/, a cooperative game theory approach
that assigns a contribution value to each feature for a given prediction.
SHAP analysis provides both global and local interpretability, offering

insights into feature importance and model decision pathways for E,45. A

detailed SHAP-based global feature attribution analysis is provided in
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Figure 5.9. For *O, the coordination number (CN) of the binding site exerts
the strongest influence, with higher CN correlating with weaker adsorption
due to electron delocalization and reduced orbital overlap. In contrast, *OH
and *OOH adsorption are primarily controlled by the bond length (L) and
the perpendicular adsorbate-surface distance (Djpg), underscoring their
sensitivity to local geometric and electronic environments. Specifically,
shorter L values lead to stronger binding, whereas larger D, g values weaken
adsorption. Interestingly, the effect of CN is intermediate-specific: it
enhances *O binding but suppresses *OOH adsorption, suggesting
preferential binding at lower-coordinated sites. Collectively, these results
demonstrate that adsorption energetics in subnano clusters arise from the
interplay between coordination environment, geometric structure, and
electronic coupling, with bond length emerging as the most consistent

determinant across all intermediates.
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Figure 5.10: Correlation between DFT-calculated and ML-predicted
overpotential (1) values for the screened catalysts. The two faded dashed
grey lines intersect at | = 0.92 V, corresponding to the benchmark
overpotential of Pt(111) (faded grey dashed line) and serve as a reference

for identifying top-performing catalysts. The five most catalytically
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efficient candidates exhibiting lower overpotentials in both methods are
highlighted within the dark pink circle.

5.3.5 Validation of ML-Predicted Adsorption Energy.

To explore the catalytic activity of all the isomers extracted in our ensemble,
we considered the most stable intermediate adsorption configuration from
the DFT-calculated and their corresponding ML-predicted values from the
E.qs dataset. Subsequently, we derive the ORR mechanism via an
associative pathway to identify the active electrocatalysts, compiled as
Dataset-3 in our investigation. We utilized the computational hydrogen
electrode (CHE) model proposed by Nerskov and co-workers to calculate
the reaction energy at 0 and 1.23 V, following the elementary steps outlined

below /35]:

0,(g) + (H* + e") +* - OOH* (AR))
OOH* + (H* + ™) - 0"+ H,0 () (AR»)
O+ (H"+ e7) » OH* (AR3)
OH*+ (H*+ e™) » H,0() + = (ARy)

The ORR activity of the subnano clusters in the ensemble is evaluated by
the overpotential values (1) for the rate-determining step (RDS) at 1.23 V,

using the following equations:

DFT/ML _ max (ARyAR;,AR3,ARy)
NorrR = .

(5.3)

The variable distribution of the DFT-calculated n35% and ML-predicted
nokr values for the RDS (Figure 5.10) underscores the non-monotonic ORR
activity in the subnanometer regime with size and isomers. Specifically, the
GM of Pt;/G, LM3 of Ptg/G, and LMS5 of Pt;,/G emerged as the active
electrocatalysts with lower nggﬂ values of 0.79 V, 0.83 V, and 0.83 V,
respectively, with RDS involving *OH — H,0 formation (AR4) for each
catalysts (Table 5.4). In both the DFT and ML datasets (Figure 5.11a,b),
these catalysts lie near the apex of the volcano plots. Figure 5.11c-d presents
DFT

bubble plots highlighting the similarity in the trends of n8kk and n¥xgr

values for all catalysts in our ensemble across each size range at 1.23 V.

239



CHAPTER 5

Compared to bare Pt; and Pt,; clusters, the supported Pt;/G and Pt,3/G
isomers exhibits higher n values in both DFT and ML dataset /79,29].
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Figure 5.11: ORR volcano plot and activity mapping. Volcano plots

showing the ORR performance of subnano clusters based on (a) DFT-

ML
ORR

DFT

orr) @nd (b) ML-predicted overpotential (1

calculated overpotentials (1

for electrocatalysts in Dataset 3. Catalysts near the apex, located at the

DFT
ORR

ML

and n ORR

intersection of the dual-gradient bands, exhibit the lowest 1
values, indicating high ORR activity. The horizontal dashed line represents
the overpotential of the Pt(111) surface (n = 0.92 V), taken from our
previous investigation for comparison. Panels (c) and (d) show bubble plots
of DFT-calculated ngrr and ML-predicted myx, Vvalues, respectively,
across different cluster sizes and isomers.

Table 5.4: Overpotential value (1) of the thermodynamic rate-determining
step (RDS) for best catalyst in the DFT and ML dataset within each size-

regime. The elementary steps followed to derive the ORR mechanism via

an associative pathway at 0 and 1.23 V are as follows:
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Active RDS RDS
Catalysts NORR noke
Isomers (DFT) (ML)
OH* OH*
Pt;/G GM 0.79 1.12
7 - H,0 () - H,0 ()
OH* OH*
Pts/G LM3 0.83 1.29
’ - H,0 (D) - H,0 ()
OH* OH*
Pto/G LM3 0.89 1.37
& - H,0 () - H,0()
OH* OH*
Pt1o/G LMS5 0.83 1.21
1 - H,0 (D) - H,0 ()
OH* OH*
Pt1\/G LM1 0.88 1.31
: > H,0() > H,0()
OH* OH*
Pt1»/G LM1 0.87 1.21
o > H,0 (1) > H,0 (1)
OH* OH*
Pt13/G GM 0.85 1.42
N > H,0 () > H,0 ()
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Figure 5.12: DFT-calculated and ML-predicted E,, E,_,, and E

*OOH (ln

eV) of the five most promising catalysts. The overpotential values (1) for
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the thermodynamically rate-determining step (RDS), calculated by

combining the E, _, E and E values in DFT and ML datasets in

*0° T*OH’ *OOH
Dataset-3 for an associative pathway. The 1 values of the best catalyst were
calculated through the computational hydrogen electrode (CHE) model,
tabulated in Table 5.4.

For enhanced ORR performance in fuel cells, the catalyst at the apex of the
activity volcano should exhibit near optimal E, 45 for each intermediate /36/.
Upon closer examination, the DFT-calculated and ML-predicted E, ., E. .

and E values of the best electrocatalysts at the volcano peak fall within

*OOH

an optimal energy range, closely matching the predefined E_, 45 interval
defined by the equation:
-4.92 eV <E,qs <-1.82eV (5.4)

Within this specified range, the active subnano clusters exhibit optimal
binding affinities with each intermediate and emerge as the most promising
candidates (Figure 5.12). This E_45 range in the subnanometer regime can
therefore be used to directly identify active electrocatalysts, potentially
overcoming the conventional scaling relationship for ORR.

5.3.6 Ab initio Thermodynamic Analysis

Since multiple cluster configurations are expected to coexist under reaction
conditions, we investigated the nature of active isomers at higher
intermediate coverage. Under experimental ORR conditions, Pt clusters are
prone to oxidation, forming oxide-driven structures at ambient temperatures
and pressures relevant to catalysis /37]. To capture these effects, we
developed an ab initio thermodynamic framework to analyse the oxidation
thermodynamics of Pt 0y (n=7-13, x=1-13). For each size and coverage,
we sample the configurational space by generating oxide-based structures,
followed by DFT optimisation. In this framework, the chemical potential of
gas-phase oxygen was treated as a function of temperature and pressure,

Uo (T, P), expressed as:

o (T, P) = 2 |Eq, (T = 0K, P°) + 5, (T,P®) + kg In (Pio)] (5.5)

242



CHAPTER §

where T is temperature, P is the partial pressure of oxygen, P? is the standard

atmospheric pressure, and kg is the Boltzmann constant. Vibrational

contributions from Pt and O atoms were included in the free energy

calculations. The Python Multiscale Thermochemistry Toolbox (pMuTT)

was used to compute temperature- and pressure-dependent thermodynamic

corrections from vibrational frequency analysis /38/. The resulting phase

diagram of *O coverage at ambient ORR conditions are shown in Figure
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Figure 5.13: Ab initio thermodynamic analysis. Phase diagrams for active
isomers illustrating the evolution of stable *O coverage configurations.

Panels (a-g) correspond to Pt; 04 (x = 1-7), PtgO4 (x = 1-8), PtyO4 (x = 1-
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9), Pt1904 (x = 1-10), Pt;1 04 (x = 1-11), Pt;,04 (x = 1-12), and Pt;504 (x
= 1-13). For each cluster size, the most stable high-coverage geometries
under ambient ORR conditions are shown alongside the corresponding
phase diagram.

All isomers undergo significant geometric transformations at the core under
high *O coverage, indicating fluxionality under reaction conditions. Unlike
the recent report by Zhang et al., the Pt,0, clusters in each size regime
remain intact /39/, without oxygen insertion into the core or sintering of Pt-
O motifs, highlighting their stability. At higher coverage, O intermediates
predominantly occupy top sites in each configuration, in contrast to the more
diverse adsorption sites observed at lower coverage. Under ambient ORR
conditions (T = 300 K, Py, = I bar), the isomers tend to form a complete
oxygen monolayer, suggesting a strong oxidation tendency. The extent of
this coverage may vary with experimental parameters such as electrolyte
concentration and pH, potentially leading to even more pronounced
structural changes in the subnano clusters. Overall, our results demonstrate
that increasing oxygen coverage, coupled with cluster restructuring, drives
adsorbate-dependent fluxionality across different sizes and provides a
systematic framework to model these complexities.

5.3.7 Ensemble Level Understanding of Reaction Networks.

Since the RDS involves *OH — H,0 formation (AR4) at low intermediate
coverage for different isomers, it is important to derive their ORR
performance at higher *OH coverage. To account for this, we extend our
analysis to include the progressive addition of *OH intermediates to the
cluster ensemble. The configurations for higher *OH coverages were
derived using Yan et al.’s bond model /40/, which allows construction of a
reaction network by connecting neighboring structures with successive *OH
coverage (e.g., Pt,OH, and Pt,OH,, ), as illustrated in Figure 5.14 /41].
The pairwise energetics was then calculated, and the reaction energies for

each elementary step were plotted, assuming full monolayer formation.
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Within this framework, the reaction barriers are assumed to scale linearly

with the reaction energies, following the BEP relationship.
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Figure 5.14: Reaction energy diagram at higher *OH coverage (Ogp).
Schematics of the hydroxylation process on the active Pt,, /G cluster catalyst
leading to complete monolayer *OH coverage: Pt;OH, (x = 1-7), PtgOHy
(x = 1-8), PtyOH, (x = 1-9), Pt;(OHy; (x = 1-10), Pt;;OH, (x = 1-11),
Pt;,OH, (x =1-12), and Pt;30H (x = 1-13). For each cluster size, the most

stable high-coverage geometries and their reaction networks (e.g.,
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Pt,,OH, and Pt,0OH,, ) are shown alongside the corresponding reaction

energy diagram.

Note that for each size regime, adsorption of the first OH#1 is
thermodynamically favorable, revealing that the real catalytic interface will
be initially covered by *OH. Unlike the irregular reaction energies seen for
successive *OH additions on Pt, /G, the Ptg_;, /G isomer show more stable
reaction energies, with the most endothermic steps at OH#6 — OH#7, OH#7
— OH#8, OH#9 — OH#10, and OH#6 — OH#7, respectively. For
Pty9-13/G, the endothermic step begins with formation of OH#4, OH#4,
OH#5, and #OHS5, marking the inflexion point corresponding to the onset of
saturation, which is often accompanied by structure rearrangements in the
clusters and a shift in adsorption from top to bridge sites. Beyond this point,
the further *OH addition results in steric hindrance and lateral interactions
among neighboring adsorbates, which further hinder stabilization.
Consequently, the ORR activity diminishes at high *OH coverages,
underscoring the importance of adsorbate-induced fluxionality and coverage
effects in determining the catalytic performance of subnano clusters.

5.4 Conclusions

In summary, our combined DFT-ML investigations of Pt,/G (n = 7-13)
identify the geometric factors of supported nanoclusters that govern the
breaking of scaling relationships in ORR. The perpendicular distance
between the active Pt atom and the graphene surface emerges as the most
influential descriptor underlying the observed non-Arrhenius behavior.
Furthermore, feature interpretability reveals that Ptg/G isomers exhibit the
highest structural heterogeneity, which introduces noise and reduces model
robustness. Using a data-driven framework, we capture the trends in ORR
activity from both ML-predicted and DFT-calculated overpotentials within
the catalyst ensemble. The trained ML models, based on accessible non-ab
initio geometric descriptors, achieve reasonable accuracy in predicting

*OOH, *0, and *OH adsorption energies (MAE = 0.28, 0.26, and 0.21 eV,
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respectively). Thermodynamic analysis indicates that graphene-supported

clusters favor complete *O monolayer formation, leading to relatively high

overpotentials compared to bare clusters. Overall, this study highlights the

structural origins of non-monotonic ORR activity in the subnanometer

regime for their fuel cell applications.
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6.1 Introduction

Electrochemical technologies such as fuel cells, water splitting, metal-air
batteries, and CO, conversion offers great promise for clean energy
conversion and storage, driving progress toward sustainable and efficient
energy solutions /7,2]. Their performance, however, strongly depends on
the intrinsic properties and structural design of the electrocatalysts.
Therefore, achieving well-defined active sites has long been a key objective
in heterogeneous catalysis, yet the structural complexity and dynamic
nature of catalysts make this goal challenging /3/. The development of
single-atom catalysts (SACs), where isolated metal atoms are anchored on
conductive supports, has enabled precise control over the active sites for
various electrochemical reactions /4/. These range from single-intermediate
reactions, such as the hydrogen evolution reaction (HER), to multi-
intermediate reactions such as the oxygen evolution reaction (OER), oxygen
reduction reaction (ORR). This performance is attributed to key advantages
of SACs, including their unsaturated coordination environment, maximal
metal utilization and relatively uniform active sites. However, when each
active sites behaves as a single isolated center, it enforces a fixed adsorption
mode. This makes the adsorption energies of multi-step intermediates
strongly correlated at that site, leading to scaling relationships that restrict
design flexibility and limit further improvements in catalytic activity /5,6/.
Dual-atom catalysts (DACs) have emerged as another promising class,
offering enhanced reactivity through synergistic interactions between
paired metal atoms /7/. DACs retain the key benefits of SACs while
offering added flexibility. The presence of two neighbouring metal atoms
introduces synergistic effects, giving dual-metal sites the ability to adjust
and optimize the adsorption energies of specific intermediates involved in
multi-step reactions /§]/.

The composition of DACs gives rise to two main features that define their
distinct catalytic behaviour. First, the dopant atoms form the active sites,

while the more inert host surface can serve as a desorption site for reaction
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products. In this configuration, the dopant governs the catalytic activity, and
the host helps suppress side reactions by stabilising intermediates or
facilitating product removal once they spill over from the active site. This
spatial and functional separation enhances selectivity by promoting product
desorption and minimising undesired reactions /9/. The second key feature
is the free-atom-like nature of the dopant’s d-states, which can strongly
interact with the molecular orbitals of reactants when their energy level
aligns, a concept that has been widely discussed /70]. More specifically,
the d-band centre relative to the Fermi-level has been widely used to explain
adsorption trends on pure transition metals and alloys, serving as a key
indicator of their electrocatalytic activity ///]/. However, given the vast
number of possible homometallic and heterometallic pairs that can be
embedded in the host surface, in silico analysis of the d-states for each
catalyst becomes prohibitively expensive. This challenge underscores the
necessity for developing a data-driven approach that incorporates these key
descriptors as features to effectively capture the structure-activity
relationship within the local coordination environment of DACs.

Recently, machine learning (ML) has played a central role in optimizing the
electrocatalysts performance, while capturing the interactions between
catalysts and reaction intermediates to reveal the complex structure-activity
relationships /72-15]. However, a major challenge is designing ML models
with descriptor variables that enhance both predictive power and
interpretability /16,17]. To address this challenge, quantitative structure-
property relationship (QSPR) models have been developed to correlate the
structural properties of catalysts with their performance and to identify key
parameters such as electronic structure, physicochemical properties, and
adsorption energies /[I8]. These correlations offer a pathway for
understanding catalytic behavior and guiding the rational design of efficient
catalysts. While explicit QSAR equations are limited, ML methods can
uncover governing factors more effectively by leveraging large datasets and

advanced algorithms, showing strong capability in identifying the
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determinants of catalytic efficiency. However, it remains challenging to
design ML models encoded with descriptors that accurately capture both
adsorption behavior and the catalytic origins of the multistep OER and ORR
reactions on transition-metal-based DACs. Most importantly, incorporating
d-band characteristics of intermediate adsorption into ML models still
depends heavily on DFT calculations, highlighting the need for electronic
features that can capture these characteristics reliably without relying on

DFT.
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Figure 6.1: Workflow of the machine learning framework used to screen
active dual-atom catalysts (DAC) electrocatalysts for the OER/ORR. The
process involves: (1) building an adsorption energy database for *OOH, *O,
and *OH intermediates on different transition-metal DACs and designing
features to capture their local chemical environment, (2) evaluating and
interpreting ML models, and (3) predicting, screening, and establishing
scaling relationships among key intermediates.

In view of the myriad possibilities, we developed a ML framework to screen
late transition-metal-based heterometallic dimers embedded in a Pt (111)
surface for OER and ORR activity (Figure 6.1). By encoding the d-band
model using elemental numerical values from the solid-state table for the
embedded dimers, we aimed to uncover structure-activity relationships and

capture the non-monotonic trends observed for both OER and ORR in these
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DACs. Using model interpretability technique, we identified the key
descriptors that govern the adsorption of reaction intermediates at the active
sites. We also examined the scaling behavior between the principal
intermediates and emphasized the need for a multicomponent descriptor
that better reflects overall reactivity. By validating the ML-predictions with
DFT-calculations, we identified bimetallic compositions with optimal OER
and ORR activity and established the Sabatier range for adsorption energies
linked to the highest performance. The insights from this study support the
rational screening of dual-atom catalysts for fuel-cell applications and point
to promising directions for developing improved descriptors for ML models
in heterogeneous catalysis, guided by scaling relations and Sabatier
principles.

6.2 Computational Details

6.2.1 Electronic Calculations: All plane-wave spin-polarized density
functional theory (DFT) calculations were performed using the Vienna
ab initio simulation package (VASP) [19] with the Perdew-Burke-
Ernzerhof (PBE) exchange-correlation functional based on the
generalized gradient approximation (GGA) /[20/. The interactions
between ion cores and valence electrons were treated using the projector
augmented wave (PAW) method. During structural relaxations, a kinetic
energy cut-off of 500 eV was used, and convergence was achieved when
the total energy difference between interactions was below 10™* eV and
atomic forces were reduced to less than 0.02 eV/A. Gaussian smearing
with a width of 0.2 eV was applied, and I'-centered k-point grids of
(1x1x1) were adopted for Brillouin zone sampling, consistent with
earlier studies. A higher (3 x 3 x 3) k~-mesh was used to calculate the
partial density of state. Bader atomic charges /21] were determined using
the Henkelman code with the near-grid algorithm refine edge method.
All the isosurface values for the charge density difference analysis were
set to be 0.0025 eV A~3, where pink and green colors represent the charge

depletion and accumulation zones, respectively.
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6.2.2 Surface Charging Method: To simulate the electrode-electrolyte
interface under varying applied potentials, we employed the Surface
Charging (SC) method /22]. Within the computational hydrogen
electrode (CHE) framework /23], the applied potential influences only
the chemical potential of exchanged electrons, while the electronic
energy remains independent of the potential and is taken from the neutral
system. However, the free energies of intermediates in the neutral case
differ from those at U = 0.0 V. To capture the potential-dependent
reaction energies of the best OER/ORR electrocatalysts across the range
-1.2 to 1.2 V vs SHE, we used the SC approach. This model is based on
the linearized Poisson-Boltzmann (PB) equation and involves several
key approximations:

1. Constant surface charge density: Assumes the surface charge remains
constant, which may not hold under large charge transfers in the Stern
layer.

2. Constant electrolyte concentration: Assumes no variations in
electrolyte concentration during charging.

3. Linearized PB equation: Assumes the PB equation can be linearized,
which becomes less accurate at high surface potentials.

4. Constant dielectric constant: Assumes the solvent’s dielectric constant
does not vary with time or position.

The electrode potential relative to the standard hydrogen electrode (SHE)

was obtained using:

Pp— PsHE
- (6.1)

Ushe =
where Ugyg is the potential versus SHE, @ is the Fermi work function,
gy = 4.3 eV is the absolute potential of the SHE, and e is the
elementary charge. The Fermi work function is given by:

®p = Eyac — Ep (6.2)
where E,;. and Ep are the vacuum level and the Fermi energy,
respectively. Finally, the relationship between the electrode potential and

total energy follows a quadratic form:

259



CHAPTER 6

g(x) =ax? +bx+c (6.3)
6.3 Results and Discussion
6.3.1 Engineering DACs Chemical Space
In our investigation of active DAC electrocatalysts, we first model the
structures using a 4 x 4 x 1 supercell of the Pt (111) surface. The divacancy
site was created by substituting two Pt atoms in the surface lattice with two
different transition metals (MM'Pt), as shown in Figure 6.2a. To evaluate
the effect of each metal site on the catalytic performance separately, DACs
composed of two different metal atoms are analysed as two separate
instances, where M and M’ are defined as the centre metal atoms and the
assistance metal atom, respectively. Based on the high activity and recent
synthesis strategies reported for late transition metals /8/, we select Fe, Co,
Ni, Cu, Pd, and Pt as candidates for M, and screen a range of 3d, 4d, and 5d
transition metals for M'. Metals such as Tc, Cd, La, and Hg were excluded
due to concerns related to radioactivity or toxicity [24]. In total, we
extracted 156 electrocatalysts (6x26) electrocatalysts, consisting of 6
homometallic and 150 heterometallic DACs, for subsequent
electrocatalytic investigations. All these structures were optimized using
plane-wave spin-polarised DFT calculations in Vienna ab initio simulation
package (VASP) with the Perdew-Burke-Ernzerhof (PBE) functional
within the generalized gradient approximation (GGA) /19,20]. Note that
during geometric optimization, the dopant atoms in all DACs systems
remained in-plane without significant bulging or segregation, confirming
the structural stability of the investigated surfaces.
6.3.2 Adsorption Energy Landscape on DACs
According to the Bell-Evans-Polanyi (BEP) principle, the adsorption
energy (E,qs) of key intermediates is a crucial descriptor for evaluating
catalytic performance /[25,26]. Therefore, to accurately investigate the
catalytic performance of the active sites on the catalyst surface, E,45 is
selected as the target variables in this work to derive the ORR and OER

mechanism (Figure 6.2b). To generate our initial database, we sampled
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single-intermediate configurations across the DACs by adsorbing

intermediates on different M’ sites while keeping M fixed. The E_q4 of the

*OOH, *O, and *OH intermediates (hereon represented as E, ., E. and
E..;) at the M’ site of the DACs is computed as:
Eaqs= EMM’Pt(*OOH,*O,*OH) - (EMM’Pt + E*OOH,*O,*OH) (6.4)

where Eywpecs Eym/pe. and E represent the total

OOH *0,*0H)’

energies of the DACs with *OOH, *0O, and *OH at site M', MM'Pt, and the

*OOH,*0,*OH

corresponding intermediates in the gas phase, respectively.

ml SC || Ti Vv Cr Mn| Fe Co | Ni | Cu| Zn

w(v J(zr (v (Mo ][ J(Ru|rh [Pd [ag [ )
" (0wt )G ) 0w )Cre JCos JCr pe [au )

ORR = OER

Active Sites
i R, R, R, R, | O@®
<~ <~ . <~ ~
Rq Ry yrrrrrrrrrrrrrrr Re Ry
Pt (111) Surface OOH* Adsorption| 0* Adsorption OH* Adsorption H,0 Desorption

Sc Ti V CrMnFe Co NiCuZn Y Zr NbMoRu Rh Pd Ag Hf Ta W Re Os Ir Pt Au
3d

Sc Ti V CrMnFe Co Ni CuZn Y Zr NbMoRu Rh Pd Ag Hf Ta W Re Os Ir Pt Au

Figure 6.2: Input Dataset Curation for ML Model Evaluation. (a)
Schematic of the heterometallic dual-atom catalyst (DAC) systems studied
on the Pt (111) surface, featuring different transition metals (TMs) at the
active sites. A cropped periodic table highlights the selected elements,
where M atoms (M = Fe, Co, Ni, Cu, Pd, and Pt) are fixed and outlined with
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black boxes, while M’ spans across the 3d, 4d, and 5d series. Empty blocks
indicate TMs not included in this study. (b) Reaction scheme for ORR and
OER demonstrating the end-on adsorption configurations of the key
intermediates (*OOH, *O, and *OH) on DAC active sites. (c-¢) Adsorption
energy (E,qs) profiles of *OOH, *O, and *OH across the MM'Pt
combinations, with solid lines connecting the markers acting as a visual
guide. The alongside density plot illustrates the distribution of adsorption
energies across all evaluated DACs, with the peak regions highlighted in
grey shade.

The calculated values and trend of E,4s for each intermediate across
different DACs i1s summarised in Figure 6.2c-e, with four interesting
observations emerging within the diverse distributions of the E, 45 dataset:
(1) the E 45 values for each intermediate exhibit a lack of consistent trend,
with the density of distributions falling within different energy ranges. The
E..,, E

peak density distribution of E ranges from —1.3to —

*OOH’ *0° *OH

28eV, —3.6to —5.6eV, and —2.8to —4.1eV, respectively. (ii)
Compared to the bulk Pt(111) surface with E =-1.64 eV, E, = -4.69

*OOH

eV,and E,  =-2.63 eV [27], these DACs exhibit a broader range of E 45,

*OH
with majority showing stronger adsorption towards the key intermediates.
(i11) Interestingly, few catalysts exhibit significant negative E,45 values
(E.,= -7.23 eV for CuFePt), indicating an over-binding of intermediates
with active sites, potentially leading to the poisoning of the catalyst. (iv)
Transitioning from the 3d to 5d TM series, we predominantly observed a
periodic U-shaped pattern for each intermediate, with E_ 45 increasing from
v! to v*~> (metal with 3-6 valence electrons) and then decreasing from v®
to v1°, with a few exceptions. Within this chemical space, we have curated
a comprehensive dataset of 156 DACs with three ORR intermediates,
resulting in 468 E, 45 datapoints (156 x 3) for subsequent investigations.
6.3.3 Feature Design Space for DACs

Prior to the construction of ML models, mining effective features that

uniquely define the local environment and accurately reveal the structure-
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activity relationship is crucial /[/2,18]. To encode the -electronic
characteristics of catalytic centres influencing the electron transfer during
the intermediate adsorption, we classified the extracted features into four
different categories: (i) elemental, (ii) electronic, (iii) d-band specific
features, and (iv) combined features, as tabulated in Table 6.1. To
distinguish between the M and M’ metals, features pertaining to both metals
were included. For instance, the atomic number of M and M’ is denoted as
Z, and Z,, respectively.

Table 6.1. List of Features Including Elemental, Electronic, d-band
Specific Indicators, and Combined Features. Features pertaining to M and

M’ elements for DACs Alloys are distinguished by subscripts “1” and “2”,

respectively.
Category Feature M M'
Atomic number 7, Z,
Elemental Atomic weight A A,
Atomic radii R, R,
Pauling’s electronegativity PE, PE,
Total valence electrons \'A V,
Electron Valence d electrons % \%
ectronic
Number of unfilled d electrons u¢ Ud
First ionization potential IP, IP,
Sum of polarizability SP, SP,
Idealized d-band filling 1df; Idf,
d-band
. d-band center € €
Specific
Coupling matrix vad vad
Average atomic number Z
Average atomic weight A
Average atomic radii R
Average Pauling’s electronegativity PE
Combined =
Average total valence electrons \Y
Features =
Average valence d electrons vd
Average number of unfilled d electrons ud
Average first ionization potential P
Average sum of polarizability SP

Elemental features describe the physical properties of transition metals
involved in adsorption, whereas the electronic features reflect the donation

and acceptance capabilities of the active sites. Considering the significant
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role of the electronic density distributions of d-states on TM site atoms,
Hammer and Nerskov introduced a physics-inspired d-band theory to
conceptualize the adsorption of transition-metal systems /28/. According to
this theory, the contribution of metal sp states is approximated as constant,
while the variations in E,4¢ are predominantly governed by the metal d
states, thereby establishing a link between the electronic properties of TM
and E,qs. For this purpose, the most common descriptors used are d-band
centre (¢q) and d-band filling (d¢) associated with the metal center. In
addition to the &4, and df, recent studies have also underscored the
effectiveness of reactivity descriptors like d-band centre plus half the d
bandwidth (ef), and the maximum of the d-band Hilbert-transform (g,),
which explicitly accounts for the higher-order characteristics of the d-band
moments /29/. Although these features have the potential to accelerate the
data-driven exploration of catalytic activity of bulk surfaces, their
generalizability across the DACs has yet to be explored. Moreover, many
prototypical electronic descriptors associated with d-band characteristics
require expensive self-consistent quantum calculations.

To address this limitation, we attempted to encode the d-band model using
elemental-specific numeric values provided in the solid-state table for
surfaces and categorized them as “d-band specific”, as shown in Table 6.1
/30]. This includes the coupling matrix (VZ,), idealized d band filling (14¢),

ded
d In SBW’

and d-band center with respect to size (€4), where €4 = and Sgw

represents the Bulk Wigner-Seitz radius. Notably, these features govern the
inherent characteristics of d-band electronic states and can be easily
substituted without resorting to expensive DFT calculations. Additionally,
we have incorporated the average features as “combined features” to
account for the influence of different TM atoms constituting the dual-active
sites. The linear and monotonic correlations between features and target
E.qs properties were evaluated using the Pearson correlation coefficient
(PCC) /31]. To minimize redundancy and simplify the input dataset, we
retained feature pairs exhibiting [PCC| < 0.9, while ensuring that the
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features with the highest contribution to the target variable were retained
for the ML analysis. Overall, the E 45 of ORR intermediates at the local

coordination environment of DACs can be expressed as a function of:

Eqop 07001 = f (IP,, SP,, 1dfy, 1dfy, €5, €5, V24, V39, R, PE, U4, TP)  (6.5)

Ultimately, the final dataset captures the inherent complexity of
characterising E, 45 across diverse DAC sites, highlighting the need for a
data-driven framework to address this combinatorial challenge.

6.3.4 Machine Learning Training and Evaluation

Following feature engineering, model training involves identifying suitable
parameters for the mathematical formulation of the respective model to
minimise the gap between the model’s validation results on the specified
dataset and real predictions //2]. We employed seven different ML
algorithms, namely catboost regression (CR), gradient boosting regression
(GBR), extra tree regression (ETR), adaboost regression (ABR), random
forest regression (RFR), and extreme Gradient Boosting Regression
(XGBR), kernel ridge regression (KRR), as available in the Scikit-learn
open-source library (Figure 6.3A) /32]. The entire dataset was divided into
training and testing sets in an 80:20 ratio, and models were optimised
utilising the randomised searchCV method and evaluated with standard
metrics (MAE/RMSE and R? score), with hyperparameters for each model
optimized utilizing the RandomizedSearchCV method. Consequently, the
E,. ., E

best models were employed to predict the E values for all

*OOH’> ~*0° ~*OH

the electrocatalysts present in our dataset.
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Figure 6.3: (A) ML Models Training and evaluation: Mean absolute error
(MAE), root-mean-square error (RMSE), and coefficient of determination
(R?) for CR, GBR, ETR, ABR, RFR, XGBR, and KRR models using (a)
E.oon> (b) E.q, and (c) E,qy datasets (in eV). The best-performing models
for each intermediate are outlined with a rectangular dotted box, with their

performance metrics marked in bold. Parity plots comparing DFT-
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calculated and ML-predicted (d) E,qon, (€) E.q, and (f) E,oy values are
shown for the best-performing GBR model. (B) ML Models Explainability
and Interpretability: Global interpretation of the best-performing models for

extracted features in predicting (g) E (h) E, , and (i) E, .. Beeswarm

*OOH’ *02 *OH

plot that displays an information-dense summary of how the most important
(k) E, ., (1) and E

features affect the prediction of (j) E A solitary

*OOH’ *0° *OH"®

dot on the feature row represents each datapoint with its SHAP value on the
x-axis. The color gradient along the y-axis represents the feature values,
ranging from low to high.

Figure 6.3a-c represents the final test scores of various ML models for each
intermediate after hyperparameter tuning. Among them, the GBR model

achieved the best performance in predicting E E.., E with low

*OO0H? *0? *OH?

MAE: RMSE values of 0.20: 0.26 eV, 0.24: 0.33 ¢V and 0.19: 0.28 eV
along with high R? scores of 0.89, 0.95, and 0.85 for test datasets,
respectively. Furthermore, the parity plots (Figure 6.3d-f) show a linear
correlation between DFT-calculated and ML-predicted E,4s values,
demonstrating the prediction accuracy of the best-performing models for
different intermediates across both training and test datasets. Similarly, the
E..,and E

GBR model was chosen to predict E values to screen

*OOH’> ~*0° *OH

the most effective catalysts in our further investigations.

6.3.5 Machine Learning Explainability and Interpretability

ML algorithms capture complex relationships through ensembles of
decision trees, but this often makes them “black boxes”, limiting their
interpretability. To address this, we employed explainable Al using Shapley
Additive exPlanations (SHAP) analysis /33/, a game theory-based
approach that interprets ML model outputs by assigning each feature a
value representing its contribution to a specific prediction. This analysis

reveals how individual features influence the prediction of E E

*OOH> ~*0°

E as represented in Figure 6.3B, providing both local and global insights

*OH?

into feature importance.
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In SHAP analysis, the features I4¢, and €, consistently ranked among the
top three in the bar plots, highlighting the strong influence of d-states on
intermediate adsorption at DACs (Figure 6.3g-1). For each intermediate,
higher values of I3 showed a positive correlation with E,q4¢ (Figure 6.3j-1),
and the same trend was observed for €,. In the solid-state table, the I4¢, and

€, vary in tandem, with higher positive values observed from left to right
across the series [30/. These trends are consistent with d-band theory,
where increase in Ig¢, and €, lead to repulsive interactions and weaker
metal-adsorbate coupling, thereby lowering E_ 4. Additional key features
emerged for specific intermediates: PE for E,qop, U4 for E.o,and V34 for
E.on. Low PE values drive E,qoy towards negative ranges, while low ud
and V29 shifted E,q toward positive ranges for E,o and E,qy, indicating
their inverse relationship with adsorption strength. Overall, these results
suggest that both d-states of TMs primarily govern the adsorption behavior
of intermediates within the local chemical environment of DACs.

6.3.6 Screening and Validating Active Electrocatalysts

To validate the accuracy of our best-performing GBR model, we predicted

the E E,.,and E,_ values for all catalysts included in our dataset. To

*OOH’> ~*0° *OH

identify the active electrocatalysts, we combined the DFT-calculated and

ML-predicted E E,.,and E, . values and derived an ORR mechanism

*OOH’> ~*0° *OH
via the adsorbate evolution mechanism (AEM) for comparison. The
reaction energies were then evaluated using the computational hydrogen
electrode (CHE) approach introduced by Nerskov and coworkers /23], at
both 0 V and 1.23 V, based on the following elementary steps:

In an acidic medium, the OER is considered a four-step process as follows:

* +H,0 (1) > OH* + (H" + e7) (ARy)
OH* > 0"+ (H*+ e7) (AR,)
0*+ H,0() —» OOH*+ (H*+ e7) (ARj3)
OOH* - 0,(g) + (H* + e7) + = (ARy)
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And the 4¢” ORR s the reverse reaction of the OER, with a four-step process

as follows:

0,(8)+ (H"+ e7)+* - OOH" (ARs)
OOH*+ (H*+ e7) » 0"+ H,0 (1) (ARg)
0*+ (H*+ e”) —» OH* (AR~)
OH*+ (H*+ e™) » H,0() + = (ARg)

The catalytic activity of the DACs was evaluated by calculating the
overpotential values (1) of the rate-determining step (RDS) at 1.23 V, using

the equation:

ML/DFT __ max (ARy,ARz,AR3,AR,)
OER - e

(6.6)

ML/DFT __ max (ARs,AR6,AR7,ARg)
ORR - e

(6.7)

In fuel cells, OER corresponds to the charging process, while ORR is linked
to the discharging process. As the state-of-the-art catalytic structures, the
IrO, (110) and Pt(111) surfaces were chosen as benchmarks for OER and
ORR, with .= 0.35, and n .= 0.45, respectively.

Figure 6.4A illustrates the trends of ML-predicted and DFT-calculated OER
and ORR activities for the DACs alloys, obtained from the best-performing

GBR models. For OER, CoPdPt, CoCuPt, and PtRhPt were predicted as the

OER OER _

most active electrocatalysts with a low overpotential of nyg ™: Npor =

0.37:0.36 V, nOER n ER—038055V ananER n ER—038038V

DF DF

with RDS involving *OH — *O, *OH — *O, and *O — *OOH,
respectively [23,24]. These nOER values are comparable to that of
Ru0,(110) (ygg= 0.35 V). In contrast, FeVPt, CoRePt, and FeNbPt were

predicted as the worst OER electrocatalysts with higher overpotential for

RDS as follows: nOER nOER =2.57:2.57V, nOER Npr ER =2.04:2.04 V, and

DFT DF

noER: MOER = 2.00:2.00 V, with RDS involving *O — *OOH, *O —

*OOH, and *OOH — O(g), respectively.
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Figure 6.4: (A) OER and ORR activity plot. Distribution of overpotentials

for OER and ORR activity derived from (a) ML-predicted (n&ER, n&ER),

and (b) DFT-calculated (ngg,?, ngg,ll?) screening. The intersection of the

horizontal and vertical dashed lines indicates the low-overpotential regions,

serving as a reference point to identify active bifunctional electrocatalysts

from the ML and DFT dataset. Radar plots represent the predicted (c) notR

and (d) nJER values from the trained GBR model for late-transition metal-

based DACs (M = Ag, Au, Ir, Os, Rh, and Ru) included as the unseen
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dataset. (B) Electronic States Analysis. Partial density of states (PDOS) for
key OER/ORR intermediates of (e-g) CoCuPt and (h-j) CoPdPt, with Fermi
level represented by Ef. Insets represent the charge density difference
(CDD) plots of the cropped surface motifs of the active electrocatalysts,
where pink and green denote the regions of charge accumulation and
depletion, respectively (isosurface = 0.0025 eVA~3). The numeric values
correspond to the charge transfer estimated from Bader charge analysis,
reported in |e| units.

For ORR, CoCuPt, CuCuPt, and NiCuPt were predicted as the active

electrocatalysts with lower overpotential values for RDS as follows: noi:

NARR = 0.28:0.28 V, noRR: nIRR = 0.33:0.52 V, and n{RR: nORR =

0.44:0.44 V, with RDS involving *OH — H>O(1), O2(g) — *OOH, and
*OH — HO(1), respectively. These no=* values are lower compared to Pt
(111) surface (nyrg= 0-45 V), representing high ORR activity of these

DACs for ORR process. In contrast, FeWPt, FeHfPt, and CoTaPt were
predicted as the worst OER electrocatalysts with higher overpotential for

RDS as follows: nORR Npr RR =3.07:3.07V, nORR NpF RR =2.96:3.03 V, and

DF DF

nlc\),[]iR n%?{f =2.91:2.91 V, all with RDS involving *OH — H>O(l).

For efficient OER and ORR in fuel cells, the most effective catalysts are
located near the apex of the activity volcano, characterised by E, 4 close to
the optimum for each reaction intermediate /35/. The DFT-calculated and

ML-predicted E, , E and E for the best OER and ORR catalysts

*02 T*OH’ *OOH
show strong agreement, validating the ability of our trained GBR model to
capture the non-monotonic activity trend across DACs (Figure 6.5).
Importantly, E.qs for these active catalysts fall within the optimal
adsorption energy range (-4.92 eV <E_ 45 <-0.92 eV), where DACs achieve
the best balance in adsorption strength and outperform benchmark surfaces

such as Ru0,(110) and Pt(111) /23,24].
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Catalysts *OOH Configuration *0 Configuration *OH Configuration
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CoCuPt

ML
TORR
) (0.58)

Figure 6.5: ML-predicted and DFT-calculated adsorption energies of the
best three electrocatalysts for the OER and ORR processes. The
overpotential values (1) for the thermodynamically rate-determining step
(RDS) were determined by combining the adsorption energies of *OOH,
*QO, and *OH intermediates obtained from both DFT and ML datasets,
following the associative pathway.

After validating, we utilized the best-performing GBR model to predict the
OER/ORR activity of the unseen RuM’'Pt, RhM'Pt, AgM'Pt, OsM'Pt,
IrM'Pt and AuM'Pt, with the trends of R, and nJRR values for these
catalysts are represented in Figure 6.4c-d. To identify an active bifunctional
electrocatalyst that efficiently facilitates both reactions, we computed the
widely accepted descriptor, ng; = NSER + NURR, represented near the
intersection of the Pt(111) and RuO, lines in Figure 6.4a-b. Among the
catalysts, CoCuPt emerged as the best bifunctional electrocatalyst with a

low ng; = 0.66 V, outperforming the benchmark Ru/C systems (ng; = 1.01
V). Additionally, CoPdPt emerged as an active bifunctional electrocatalyst
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with lower ng; values of 0.84 V. The reaction energy diagram for OER and
ORR at 0 V and 1.23 V for these electrocatalysts is provided in panels a and
b of Figure 6.6. Further, we examined the electronic structures of CoCuPt
and CoPdPt to understand the origins of their higher OER and ORR activity,
respectively (Figure 6.4B). The partial density of states (PDOS) analysis
reveals the presence of frontier Co (3d) and Cu (3d) states in CoCuPt, and
Co (3d) and Pd (5d) states in CoPdPt near the Fermi level (E¢), highlighting
the synergistic interaction between the two constituent metal atoms in
driving the overall catalysis in DACs. In addition, the narrow distribution
of O (2p) states near the E¢, together with a moderate charge transfer from
the surface to the intermediates, indicates optimal adsorption strength,

which accounts for their enhanced catalytic activity.
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Figure 6.6: Reaction energy diagrams for OER and ORR mechanisms of
the top five bifunctional electrocatalysts at 0 V and 1.23 V, respectively.
6.3.7 Scaling Relationship for OER/ORR Activity.

Scaling relationships in catalysis describe simple linear correlations
between the thermodynamic properties of chemically related species across
different catalytic surfaces /6,8,36]. Although useful, these relationships
impose intrinsic limits on the maximum catalytic activity. Previous studies

have shown that single-atom catalysts (SACs) and subnano clusters can
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break these scaling constraints, enhancing performance [37,38]. More
recently, DACs, particularly those with heteronuclear active sites, have
demonstrated the ability to surpass SACs while also mitigating the scaling
limitation /&/. In our study, we examined the correlation between OER and
ORR for our DACs, as presented in Figure 6.7. To derive the meaningful
descriptors for the OER/ORR activity of DACs in our database, we
streamline our scaling investigation into two different analysis: (1)

and E vs. E

correlation between ML-predicted Euqs (E. vs. E. von VS Eugon)

(Figure 6.7a-f), and (2) ML-predicted E, | and nggr /Mo (Figure 6.7g-1).
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Interestingly, a strong linear correlation is observed between E, j and E,
for RuM'Pt (0.85), RhM'Pt (0.86), and AgM'Pt (0.91). In contrast, the 3d-
based DACs (FeM'Pt, CoM'Pt, NiM'Pt, and CuM'Pt) and 5d-based DACs
(OsM'Pt, IrM'Pt, PtM'Pt, and AuM'Pt) show weaker correlations,
compared to the R? = 0.91 for bulk surfaces. For E,qy and E,qoy, the
correlation remains consistently strong across most DACs, except FeM'Pt
(R? = 0.71). In scaling relationship, the slope of the fitted line reflects the
optimal electron density contribution from the catalyts to the bound
intermediates, oxygen in this case and the intercept represent the surface

geometries /36]. However, the computed slopes for E, ) vs. E and E

*OH’ *OH

vs. E deviate from the expected values of 0.5 and 1.0, respectively. This

*OOH

deviation indicates a reduced electron contribution to the bound oxygen
atom in most MM 'Pt systems. Overall, these results highlight the limitations
of the effective medium theorem in describing E, 45 for DACs.

Further, we examined the scaling relationships between the ML-predicted
E.q4s and the overall OER/ORR activity to uncover the underlying structure-
activity relationships for DACs. For this purpose, we analyzed the
correlation between the ML-predicted E, and the n§gr/MOKg, selecting

E, . as the descriptor owing to its stronger adsorption tendency and its

*0
frequent involvement in the RDS across most electrocatalysts (Figure 6.7g-
1). For OER, a weak correlation is observed, with R? values ranging from
0.09 to 0.64, indicating a slight improvement in R*values for ORR activity.
This deviation highlights that the activity of MM'Pt-based DACs cannot
be captured by a single descriptor, unlike bulk systems, where scaling
relations often reduce catalyst performance to a single dominant adsorption
energy. Instead, DAC's activity emerges as a multi-component descriptor
E and E

requiring contributions from E to be considered

*0° *OH’ *OOH
simultaneously. Consequently, the weak scaling observed here reflects a
breaking of conventional scaling relations and points to NyER /MSRR aS @

multi-component descriptor. This is particularly relevant for constructing
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accurate activity volcano plots for DACs, where deviations from bulk

scaling open pathways for surpassing conventional catalytic limitations.
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Figure 6.8: Potential-dependent activity. Adsorption energies of *OOH,
*Q, and *OH intermediates for (a) CoPdPt and (b) CoCuPt as a function of
applied potential (vs. SHE). Reaction energy diagrams for (¢c) OER and (d)
ORR of the best performing electrocatalyst at 1.23 V.

6.3.8 Potential Dependent Activity

The above catalysts are screened using the CHE model developed by
Norskov and colleagues, which maintains a constant electron count during
the reaction /23,29,40]. These simulations employ a constant charge model
(CCM), where the total number of electrons remains fixed and the applied
potential is implicitly incorporated into the reaction free energy, thereby
maintaining system neutrality. However, this method overlooks the
dynamic electron exchange with electrodes during the reaction, which can
cause inaccuracies by neglecting charge effects. To address these
limitations, we use the constant potential method (CPM) for the best OER
and ORR electrocatalysts in our ML dataset to more accurately capture their

behaviour under realistic conditions. In CPM, the number of electrons
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varies with changes in electrode potential, enabling grand canonical DFT
calculations where the electrode can exchange electrons with an external
reservoir to maintain a constant potential /22].

Table 6.2: Potential dependent ., and 1. of the best electrocatalysts
(vs SHE) at 1.23 V.

Potential (vs SHE) |_C0P4Pt(OER) | CoCuPt (ORR)
U=-12V 1.10 0.64
U=-08V 1.27 1.16
U=-04V 1.85 1.90
U=00V 0.34 0.35
U=04V 1.09 0.81
U=08V 0.97 0.27
U=12V 0.73 0.26

Figure 6.8a-b shows the sensitivity of the E, 45 as a function of the applied
potential when explicitly accounting for potential via surface charging, with
all energy points well fitted to quadratic relationships. For CoPdPt, E

*07

E and E show weaker adsorption at negative potentials due to

*OH? *OOH
electrostatic repulsion with the negatively charged surface, while at positive
potentials, E,4s becomes more negative, indicating stronger adsorption.

However, for CoCuPt, the E remains nearly constant, showing a clear

*OH
crossover with E,  at U=-0.5V, consistent with the previous investigations
on nanoclusters /41]. Furthermore, we derive the U-dependent reaction
energy diagram via the AEM mechanism at 1.23 V (Figures 6.8c-d).
Notably, the reaction energy does not linearly correlate with the electrode
potential, with a sudden boost in the thermodynamic 1., and 1. as the
electrode potential goes from 0.0 V to +0.4 V (Table 6.2). This
demonstrates that tuning the external potential can modulate
electrocatalytic activity by controlling the flow of electrons during the

charging of the catalyst surface.
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6.3.9 Conclusion
In summary, we developed an ML framework to investigate the structure-
activity relationships governing the OER and ORR performance of late-
transition-metal based heterometallic dual-atom catalysts (MM'Pt)
embedded in the Pt(111) surface. Using feature engineering, we represent a
new set of non-ab-initio descriptors derived from solid-state data that can
capture the adsorption behavior of key intermediates without relying on
DFT-derived electronic features. With these easily accessible inputs, the
trained ML models achieve MAEs of 0.20, 0.24, and 0.19 eV for *OOH,
*Q, and *OH adsorption energies. The dopant atom’s d-band filling and d-
band center strongly dictate the adsorption on local environment, providing
a practical route to approximate d-state characteristics while avoiding
expensive calculations. Among the systems screened, CoPdPt stands out as
a bifunctional catalyst with a low combined overpotential of 0.84 V. Most
importantly, we represent the non-scaling behaviour of DACs, indicating
deviation from the Sabatier principle and representing optimal activity
compared to bulk RuO, and Pt(111) surface, suggesting routes to enhance
activity beyond the volcano apex. Further, grand canonical DFT
calculations further show that the activity varies non-linearly with applied
potential, with a steep increase in overpotential between applied potential
of 0.0 and £0.4 V. Overall, this study introduces a set of descriptors that
effectively captures the catalytic trends in DACs and highlights the need to
identify such fundamental, low-cost features to accelerate catalyst
discovery through ML-driven screening.
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Section: A

7.1 Introduction

The progressive energy and environmental crisis raise imperative demands
for the development of sustainable and efficient energy processes to meet
global energy needs //]. Among the most promising technologies are metal-
air batteries /2], regenerative fuel cells /3/, and proton-exchange membrane
fuel cells (PEMFCs) /4], which offer low greenhouse gas emissions, high
energy density, and efficient energy conversion. Central to these devices are
electrocatalysts, which facilitate the conversion of chemical energy into
electrical energy. In particular, the oxygen evolution reaction (OER) and
oxygen reduction reaction (ORR) are key 4-electron transfer processes, with
OER functioning as the anode reaction in electrolyzers and ORR as the
cathode reaction in fuel cells /5/. However, both OER and ORR reactions
are limited by their sluggish kinetics, high overpotential, and multistep
proton-coupled electron-transfer (PCET) reactions, further restricting their
widespread commercialization /6,7]. Therefore, optimizing bifunctional
electrocatalysts that facilitate both OER and ORR is crucial for scaling up
industrial energy production. Currently, commercial ORR and OER
catalysts, primarily based on precious metals like Pt and IrO,, have limited
potential for enhancement through increased catalyst loading or surface
roughening to expose more active sites /8,9/. Therefore, there is a strong
impetus to improve intrinsic catalytic activity by exploring other classes of
materials, such as nanoclusters and their alloys /10, 11]. Alloy nanoclusters,
composed of two or more metals, enhance catalytic activity through
synergistic effects while providing a cost-effective alternative to precious
metals like Pt and Pd by reducing their usage in electrocatalysis. Amid these
alternatives, core-shell nanoclusters have garnered growing attention for
their ability to optimize catalytic activity through careful selection of
constituent metals and fine-tuning of surface state properties /72].
Core-shell nanoclusters, composed of a low-cost metal core and a noble

metal shell, are designed to sustain electrochemical conditions while
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optimizing catalytic performance, offering versatility due to diverse
thermodynamically feasible metal combinations. Previous studies on core-
shell catalysts for ORR focused on extended surface alloys (ESAs), where
“Pt-skin” surfaces formed by leaching and “Pt-skeleton” surfaces formed
by annealing exhibited high activity [713,14]. Greeley demonstrates
enhanced ORR activity in Pt;M (M= Ti, Fe, Co, Ni) alloy with Pt
overlayers, attributed to weaker Pt-O bonds reducing oxygen site blocking
[15]. Henkelman and colleagues correlated O-binding energy with catalytic
activity in ~1.5 nm clusters, while binary and ternary Pt alloys with early
transition metals (e.g., T1, Cr) showed promising performance //6/. Despite
progress, systematic explorations of 3d, 4d, and 5d transition metal-based
core-shell clusters remain limited, highlighting the need for comprehensive
evaluations of energetics and overpotential for OER/ORR. Additionally, the
vast chemical space of core-shell electrocatalysts also necessitates data-
driven approaches to enable accurate high-throughput predictions of
catalytic performance.

Recently, machine learning (ML) has become a powerful tool for
accelerating catalyst discovery by disentangling the complex catalyst-
intermediate interaction in reactions like nitrogen reduction reaction (NRR)
[17], hydrogen evolution reaction (HER) /18], CO, reduction reaction
(CO,RR) /19] and ORR/OER /20,21]. However, all these studies focused
on bulk-based systems. For core-shell nanoclusters, Mao et al. employed
DFT-based high-throughput screening to evaluate the HER activity of
icosahedral Cuss_,M,, (M=Co, Ni, Ru, and Rh) nanoclusters, identifying
CuygNig as the most active catalysts /22/. Similarly, Xu et al. and Jager et
al. evaluated icosahedral core-shell nanoclusters as HER-active catalysts,
highlighting the importance of surface electronic structure /[23,24].
Notably, these studies often consider a single geometry of the nanocluster,
neglecting the activity derived from the multiple coexisting structurally
diverse isomers for the magic-sized nanoclusters. Furthermore, the

fundamental determinants of adsorption and the catalytic origins of
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multistep OER/ORR with varying elemental composition are yet to be
thoroughly investigated.
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Scheme 7.1: Schematic illustration of the ML framework for screening
active bifunctional electrocatalysts for OER/ORR in core-shell TMsg
nanoclusters with an icosahedron (ICO), face-centered cubic (FCC), wheel-
type (WHE), and distorted-reduced core (DRC) geometries. The framework
involves four streamlined processes: (1) Generation of adsorption energy
database for *O, *OH, and *OOH intermediates across nanoclusters with
various geometries and compositions, (2) Designing feature space to encode
structure-activity relationships of the local chemical environment of core-
shell TMs5 nanoclusters, with subscripts 1 and 2 referring to features of the
shell and core atoms, respectively, (3) Evaluating and interpreting the ML
model, and (4) Validation and screening of electrocatalysts using DFT and
ML predictions, based on reaction energies and overpotential at 0 V and
1.23 V, where the horizontal black line represents the neutral catalyst. The
framework highlights identifying bifunctional electrocatalysts with DFT-

calculated (nQrt,mory) and ML-predicted (nfy
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values for OER and ORR.
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Herein, we present a machine-learning framework for the structural
screening of 234 electrocatalysts, consisting of 9 unary and 225 binary core-
shell nanoclusters derived from 55-atom transition metal-based structures,
exhibiting multiple geometries for OER, ORR, and bifunctional activity, as
illustrated in Figure 7.1. By distinguishing the feature space of shell and
core atoms, we define the single-cluster catalyst identity of these
electrocatalysts, elucidating the intricate relationship between intermediate
adsorption strength, catalytic activity, and elemental composition. Using
ML algorithms, we predict the adsorption energies of key intermediates
(*O, *OH, and *OOH) across a vast chemical space to identify active
catalysts for OER, ORR, and bifunctional applications. The versatility of
our ML approach is demonstrated by mapping the reaction energy changes
and reshaping the activity volcano, transitioning from RuO,(Ir0O,)/Pt (111)
to late-transition Au/Ag-based nanoclusters for OER/ORR. Furthermore,
we address the selectivity challenge between the competing two-electron
and four-electron ORR pathways, facilitating the classification of catalysts
into these dominant mechanisms. The trends observed here provide
valuable insights for screening bimetallic catalysts suitable for fuel cell
applications.

7.2 Computational Details

All plane-wave spin-polarized density functional theory (DFT) calculations
were performed using the Vienna ab initio simulation package (VASP)
[25] with the Perdew-Burke-Ernzerhof (PBE) exchange-correlation
functional based on the generalized gradient approximation (GGA) /26].
The interactions between ion cores and valence electrons were treated
using the projector augmented wave (PAW) method /27/. During
structural relaxations, a kinetic energy cut-off of 500 eV was used, and
convergence was achieved when the total energy difference between
interactions was below 107* eV and atomic forces were reduced to less
than 0.02 eV/A. Gaussian smearing with a width of 0.2 eV was applied,

and I'-centered k-point grids of (1x1x1) were adopted for Brillouin zone
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sampling, consistent with earlier studies /28,29]. The Pt (111) and RuO»
surfaces are modelled using 4 x 4 x 1 and 4 x 2 x 1 supercells,
respectively, comprising four atomic layers for Pt and six layers for
RuOs. A vacuum spacing of 20 A is introduced along the z-direction to
eliminate spurious interaction between periodic images.

For the RuO: (110) surface, a Hubbard U correction of U = 3.2 eV is
applied to better account for the on-site Coulomb interactions and
accurately describes the electronic structure of the oxide system. To
employ the implicit solvation method, we used the VASPsol package that
integrates solvation into the VASP within a self-consistent continuum
model to simulate the reaction in aqueous electrolyte solution /30/. We
set a relative permittivity of 78.4 for the aqueous electrolyte and a Debye
screening length of 3.0 A, corresponding to an ionic force of 1 M at 298

K. Note that we have employed the PBE functional for all DFT
calculations. While the DFT+U approach is valuable for systems with
strong electron correlations, such as transition metal oxides /31/, its
applicability to metallic or alloy nanoclusters is limited and may result in
overestimated overpotentials or lattice parameters [32]. Furthermore,
achieving accurate predictions requires system-specific benchmarking of
U, values, which is computationally expensive and beyond the scope of
the present work.

7.3 Methods

7.3.1 Structure Design of TMs5 Nanoclusters

Among metal clusters, 55-atom nanoclusters have gained significant interest
due to their “magic size”, offering significant stability and making them
ideal for catalytic applications /33/. When composed of late-transition
metals, these clusters exhibit tunable electronic properties alongside
improved catalytic performance for ORR/OER. Using DFT calculations, we
curated a database of 234 electrocatalysts by optimizing the most stable
geometries of late-transition metal TMg5 (TM = 3d: Co, Ni, Cu; 4d: Rh, Pd,
Ag; 5d: Ir, Pt, and Au) identified in previous studies, using the VASP code
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[33,34]. Often considered reliable putative global minima configurations
(pGMCs), these geometries were selected from a diverse pool of structural
candidates. Each structure is characterized by a unique atomic arrangement
specific to its respective TM, including high-symmetry icosahedron (ICO)
for Cogs, Nigs, Cuss, and Agss; bulk-like face-centered cubic (FCC) for
Rhss, and Pdss; hexagonal close-packed wheel-type (WHE) for Irgs; and
distorted-reduced core (DRC) for Ptss; and Auss, as illustrated in Figure
7.2a.

Compared to Pt (111), the surface atoms of these TM55 geometries exhibit
diverse coordination numbers (CN) ranging from 4 to 12, highlighting a
broader range of coordination environments (Figure 7.2b) /35]/. Among
these, 3d and 5d TMsgs nanoclusters display relatively saturated
coordination environments, with the majority of surface atoms having CN
values of 8-9 for 3d clusters and 7 for 5d clusters. Interestingly, these
pGMCs are further distinguished by distinct structural motifs, featuring
various core-shell arrangements with core atom occupancies of 7, 9, 10, and
13 for different TMgs nanoclusters (Figure 7.2¢). Such variations in core
composition may significantly influence the structural, electronic, and
catalytic properties of the clusters, driven by the interplay of size effects,
lattice strain, electronic factors, and chemical interactions between the core

and shell elements /36/.
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a) Most Stable Geometries of TM;; Nanoclusters

Cuss Rhgs Pdss Ir Augg

@ Niss . Agss 55 Ptss
FCC WHE E DRC

FCC ICO DRC

b) Coordination Environment

c) Varying Core-Shell Geometry

Ir,sM
Coy,My3 Cu,,My5 FagV7 AugM,

7-atom 7-atom
13-atom 9-atom

13-atom

Figure 7.2: (a) Most stable geometries of the putative global minimum
DFT-PBE configurations (pGMC) of TMgg nanoclusters (TM = 3d: Co, Ni,
Cu; 4d: Rh, Pd, Ag; 5d: Ir, Pt, and Au), (b) Coordination environments of
different structural motifs, with each atom colored by its coordination
number (CN) ranging from 4 to 12, and the average metal-metal bond
distance M — M in A, and (c) Variations in core-shell geometries of TMgg
nanoclusters with core atom occupancies (M) of 7,9, 10 and 13 for different
TM;5 nanoclusters.

7.3.2 Core-Shell Engineering

Compared to pure clusters, core-shell nanoclusters experience tensile or
compressive strain due to lattice mismatch between core and shell metals,
which alters their electronic structure and influences catalytic properties
[37]. To design the core-shell catalyst model, we systematically replaced
the core atoms of TMgs nanoclusters (TM = Co, Ni, Cu, Rh, Pd, Ag, Ir, Pt,
and Au) with 3d, 4d, and 5d transition metals, creating bimetallic
compositions with one element in the shell and another in the core. This

process resulted in the following compositions: Ag,,M;z, AuyugM-,
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Co4pMy3, CuypMys, IrggMy, NigpMyz, PdysMyg, PtygMg, and RhysMyy
(Figure 7.3a). Metals such as Tc, Cd, La, and Hg were excluded due to their
radioactivity and toxicity /38/. In total, we extracted a dataset of 234
electrocatalysts, comprising 9 unary and 225 core-shell TM55 nanoclusters,
for subsequent electrocatalytic investigations. Notably, no surface
segregation or core melting was observed during optimization, confirming
the stability of these alloys. The average metal-metal bond length (M — M)
in these bimetallic nanoclusters followed a non-linear trend: Ag,,M;3 >
AuygMy > PdysM;o > PtygMg > RhysMyg > IrygMy > CuyyMy3 > NigpMy3 =
Coy4yM; 3. This irregularity arises from a combination of orbital

hybridization, and atomic size mismatch.
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Figure 7.3: (a) Schematic illustration of the elemental composition of the
core and shell of the closed-shell TMg5 (TM = Co, Ni, Cu, Rh, Pd, Ag, Ir,
Pt, and Au) across different structural motifs (ICO, FCC, WHE, and DRC),
where the empty blocks denote the excluded transition metals from the core,
(b) Distinct hollow and top positions considered for single-intermediate
adsorption. Note that the distorted geometries representing surface
segregation were removed from our dataset, (c) Range of adsorption energy
(E,qs) distribution for *O, *OH, and *OOH intermediates, demonstrating
variations specific to different core-shell TMs5 nanoclusters alloys, and (d)
Screening criteria for E, 45 of *O, *OH, and *OOH following the Sabatier
principle to identify active OER, ORR, and bifunctional electrocatalysts.
7.4 Results and Discussion

7.4.1 Adsorption Energy Landscape

After extracting the stable bimetallic core-shell geometries, we explore the
bifunctional activity on their surfaces. In line with the Bell-Evans-Polanyi
(BEP) principle, the adsorption energy (E,45) of an intermediate serve as a
key descriptor for evaluating a catalyst’s performance and predicting its
activity /39,40]. Therefore, to investigate the catalytic properties of our
nanoclusters, we select the E,45 of the principle OER/ORR intermediate

(*O, *OH, and *OOH), hereon represented as E, , E and E as the

*02 T*OH’ *OOH’
target variable. However, given the inherent fluxional nature originating
from the multiple heterogeneous sites on the nanocluster surface, we apply
the bond-centric model of Yan et al. to describe the stability of binding sites,
justifying that chemically unsaturated sites generally exhibit stronger
adsorbate binding /41]. Additionally, to generate our initial E 45 database,
we follow our previous investigation to identify the stable binding sites for
*QO, *OH, and *OOH intermediates on TMz5 bimetallic NC alloys (Figure
7.3b) [42]. The E, 45 of the intermediates (*O, *OH, and *OOH) at the most

stable site of the clusters are then computed as:

Eads = ENC+Intermediate - (ENC + Elntermediate) (7~1)
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where Exciintermediate » ENc» a0d Ejntermediate T€present the total energies
of the cluster with *O, *OH, and *OOH, bare nanoclusters, and the
corresponding intermediates in the gas phase, respectively.

During intermediate adsorption, we observed surface segregation in several
nanoclusters, where core atoms migrated to the surface, leading to
significant deformation of the overall geometries (Figure 7.3b). After
excluding these geometries, the density distribution of E,4s for the
remaining geometries is summarized in Figure 7.3c, highlighting the
E and E

variations of E across 234 electrocatalysts. The E_, 45

*02 T*OH’ *OOH

values display a broad distribution without a consistent trend, indicating a

diverse range of adsorption energies. The peak density distribution of E, |,

E and E ranges from -3.4 to -6.4 eV, from -2.5 to -4.3 eV, and from

*OH? *OOH
-0.9 to -2.6 eV, respectively. Compared to the bulk Pt (111) surface with
E,,= -4.69 eV, E, = -2.63 ¢V, and E, , = -1.64 eV [42], these alloys

exhibit a broad range of E_ 45, with the majority showing stronger binding
to the intermediate due to the presence of undercoordinated active sites
(Figure 7.3c). Within this chemical space, we have compiled a
comprehensive dataset of 234 electrocatalysts with three OER/ORR
intermediates, resulting in 644 E, 45 datapoints (211 for O, 217 for *OH,
and 216 for "OOH), labelled as Dataset-1 in Figure 7.3d.

7.4.2 Screening Optimal E 4, Dataset

After acquiring our initial E,q4¢ dataset (Dataset-1), the next step involves
E and E

extracting the optimal E values. In accordance with the

*02 T*OH’ *OOH
Sabatier principle /43/, the interaction between the intermediate and the
active site of the cluster should neither lead to strong chemisorption (E, =

-6.85 €V as in PdysPt;o) and weak physisorption (E, = -0.19 €V as in
Coy,Feq3). Such interactions can either lead to poisoning or deactivation,
reducing the overall catalytic efficiency. Therefore, to screen active
bifunctional electrocatalysts from Dataset-1, we apply three criteria based

on the E,45 values of each intermediate to eliminate inactive catalysts, as
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shown in Figure 7.3d. The lower and upper extremes for E,_, E and

*07 *OH’

E were selected based on previously reported E,qs values for

*OOH
intermediates across different surfaces, including bulk surfaces, bulk
nanoclusters, and subnano regime [28,42,44-47]. To further enhance the
robustness of the dataset, we extended these limits by 0.4 eV on both ends
(total of 0.8 eV), weighted by Boltzmann statistics to account for
metastability-induced  reactivity under experimental  conditions
[28,29,48,49]. By applying these screening criteria, we extracted our
E

Dataset- 2 encompassing 197, 215, and 213 data points for E and

*Q° ~*QH?

E respectively (Figure 7.3d). We highlight that this E, 45 dataset was

*QOH’
uniformly sampled across a wide range of chemical elements (9 shell and
26 core compositions) and three intermediates, which is crucial for
developing a robust ML model.

7.4.3 Feature Design for Machine Learning

Incorporating physical and chemical properties into ML models has proven
to enhance prediction accuracy. Therefore, feature engineering is a crucial
step in building robust ML models while encoding the local chemical
environment and quantifying the structure-activity relationships /50/. To
effectively capture the electronic and geometric properties during
intermediate adsorption on active sites of bimetallic NC alloys, we extracted
a comprehensive set of features, categorized as elemental, electronic,
geometric, and d-band-specific features, as detailed in Table 7.1. However,
to distinguish between the core and shell compositions, features for both
metals were included. For instance, the number of valence electrons for
shell and core atoms is denoted as N; and N,, respectively.

Table 7.1: List of Primary Features including Elemental, Electronic,
Geometric, and d-band Specific Descriptors. Features Pertaining to the
Shell and Core of bimetallic NCs alloys are distinguished by subscripts 1

and 2, respectively.
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Feature Shell Core
Atomic Number yA 7,
Atomic Weight w; W,
Sum of Atomic Weight LA W,
Sum of Period P, 2P,
Sum of Group G, G,
Atomic Radius R, R,
Covalent Radius CR, CR,
Pauling Electronegativity PE, PE,
Number of Valence Electrons N; N,
Total Number of Valence Electrons IN; N,
Valence d Electrons VE; VE,
Total Number of Valence d Electrons XVE, 2VE,
Polarizability of Atoms P; P,
Idealized d-band Filling (Size-dependent) Idf; Idf,
Size-Dependent d-band Center €dq €d,
Coupling Matrix Vad? Vad3
Diftference in Pauling Electronegativity DPE
Site of Adsorption S
Coordination Number of Binding Site CN

Elemental features (Z;, Z,, W;, W, W, EW, XG;, £G,, Ry, R, CR;, and
CR,) describe the physical properties of transition metals involved in
adsorption, whereas the electronic features (XP;, XP,, PE; PE, N; N, XN;,
2N, VE; VE, X2VE, XVE, P;, and P,) reflect the donation and acceptance
capabilities of the active site. Geometric features, such as the active site of
adsorption (S) and coordination number (CN), represent the local chemical
environment. Additionally, summation features were included to account
for geometric differences and variations in core-shell occupancy among the
bimetallic NC alloys investigated.

The d-band model proposed by Hammer and Nerskov has been particularly
successful in correlating systematic perturbations in the -electronic
structures of adsorbates, thereby explaining chemisorption trends across
various transition metal surfaces /5/]. Advanced descriptors such as the d-
band center (eq), d-band filling (df), d-band center plus half the d-

bandwidth (eg§’), and the maximum of the d-band Hilbert-transform (e,)
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have been used in previous studies to link the electronic properties of
transition metal surfaces with E_ 45 /52,53/. While these descriptors show
potential for accelerating data-driven exploration of catalytic activity on
bulk surfaces, their applicability to nanoclusters remains largely
unexplored. Moreover, many standard electronic descriptors tied to d-band
characteristics often require self-consistent quantum mechanism
calculations. To overcome this limitation, we encode the d-band model
using elemental-specific numerical values obtained from the Solid-State
Table, classifying them as “d-band-specific” features (Table 7.1) /54]. This
set included the coupling matrix (Vad?,Vad3), idealized d-band filling

(Idfy, Idf,) and d-band center with respect to size (edq,ed,), where €4 =

dEd

TS and Sgw represents the Bulk Wigner-Seitz radius. These
BW

descriptors effectively capture the intrinsic properties of d-states, enabling
their use without the need for costly DFT calculations.
To derive a rational feature set, the linear and monotonic relationship
between features and target properties were evaluated using the Pearson
correlation coefficient (PCC) and Spearman’s rank correlation coefficient
(SCC) [55,56]. To streamline the input dataset and avoid redundancy,
pairwise features with low correlation ([PCC| < 0.9, |SCC| < 0.9) and
maximum contribution towards the output were allowed to coexist for our
ML analysis. As a result, the final set of independent features were chosen
for the ML analysis. Using these features, the E, 4 for each intermediate on
various bimetallic nanocluster alloys can be expressed by the equation:
E = f(XW,, CR4, CR,, PE;, PE,, DPE, N4, 2N,, XVE,, VE,, P;,
CN, Idf;, ed,, ed,, Vad?, Vad3) (7.2)

*0,*OH,*O0H
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Figure 7.4: Performance evaluation of machine learning (ML) models: root
mean squared error (RMSE in eV) for KRR, XGBR, RFR, ABR, ETR,

GBR, and CR models for (a) E, , (b) E and (¢) E for training and

*OH? *OOH
testing datasets. Parity plots comparing DFT-calculated and ML-predicted

values for (d) E,_, (e¢) E and (f) E using the best-performing GBR

*0? *OH’ *OOH

model.

7.4.4 Model Training and Evaluation

Following feature engineering, model training focuses on optimizing
parameters for the selected mathematical model to minimize discrepancies
between the model’s validation performance and predictive accuracy. The
entire Dataset-2 was divided into training (80%) and testing (20%) sets,
with 5-fold cross-validation employed to ensure well-representative
samples instead of relying solely on random splitting. Subsequently, seven
ML models were used: kernel ridge regression (KRR), extreme gradient
boosting regression (XGBR), random forest regression (RFR), adaboost
regression (ABR), extra trees regression (ETR), gradient boosting
regression (GBR), and catboost regression (CR), as implemented in Scikit-
learn. Both ensemble and kernel-based approaches were employed to

capture complex E,45 trends across the large chemical space. The models
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were optimized using RandomSearchCV and evaluated using RMSE, and
R? metrics, with results represented in Figure 7.4.
After training the regression models for the intermediate dataset, GBR

E and E

emerged as the best predictor for E, , E. ., *00H

values (panels a-c of

Figure 7.4). In contrast, other models exhibited poor performance,
exhibiting significant deviations between predicted values and true values,
along with instances of overfitting and underfitting. Furthermore, the linear
correlation between DFT-calculated and ML-predicted E,45 values, as
shown in the parity plots (panels d-f of Figure 7.4), highlight the prediction
accuracy of the GBR model for both training and testing data sets. In GBR,
weak learners are constructed sequentially, with each new learner aiming to
reduce the errors of the cumulative model from previous iterations /58]/.
Thus, the GBR model was selected to screen active bifunctional catalysts in
the subsequent investigation.

7.4.5 ML Interpretability with SHAP: ML algorithms excel in capturing
complex relationships within datasets but are often considered “black box”
due to their lack of transparency. To improve interpretability, we use
SHapley Additive exPlanations (SHAP) analysis, a model-agnostic
technique based on cooperative game theory, which quantifies each
feature’s contribution to the model’s predictions /59/. Figure 7.5 displays
the SHAP summary and beeswarm plots, highlighting the hierarchical
ranking of global feature importance in descending order and summarizing

the impact of these key features on the predictions.
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Figure 7.5: SHAP Analysis: Global interpretation of the best-performing
ML models for extracted features in predicting (a) E,, (b) E._,, and (¢)

E The Beeswarm plot displays an information-dense summary of how

*OOH"
the most important features affect the predictions of (d) E., (¢) E.,, and
(f) E. gy A solitary dot on the feature row represents each data point with

its SHAP value on the x-axis. The color gradient along the y-axis represents
the feature values, ranging from low to high.

Interestingly, VE;, CR,, and ¥N; consistently ranked among the top three
features in the bar plots, underscoring the pivotal role of valence d-electrons
(electronic features) in intermediate adsorption on bimetallic nanoparticle
alloys (panels a-c of Figure 7.5). Additionally, higher VE; and XN, values
positively correlate with E, 45, suggesting that increased valence electrons
enhance interatomic repulsion with adsorbed intermediates, thereby
reducing the adsorption strength (panels d-f of Figure 7.5). Similarly, higher
values of CR; exhibit a positive correlation with the E_ 45, attributed to the
repulsion between the incoming adsorbate and the delocalized metallic radii
of transition metals. Notably, XN; and XN, also exert a non-negligible

impact on E,45, where XN; predominantly drives adsorption trends, and
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XN, impacts both lower and higher impacts both lower and higher extremes
of E,q4s, reflecting a nuanced interplay. This underscores the synergistic
interaction between the electronic properties of core and shell atoms, where
polarization between these regions modulates adsorption strength, capturing
the intricate interdependence of local atomic environments on catalytic
behavior. Unlike subnano clusters where the d-band specific features
(1df, ,Idf,,ed, ed,,Vad?,Vad3) significantly influence E,q5 /60], they play
a less dominant role in the core-shell TMgs5 nanoclusters. This distinction
underscores that while subnano clusters resemble single-atom catalysts
(SACs) behavior, the catalytic properties of core-shell TMss magic
nanoclusters align with single-cluster catalyst, where intermediate
adsorption is predominantly governed by the electronic and elemental
characteristics of the ensemble active site.

7.4.6 Predicting Active Electrocatalysts: To validate the accuracy of our
E and E

best-performing GBR model, we predicted the E values

*02 T*OoH’ *OOH

of all the catalysts falling within our defined Sabatier range. Subsequently,

we screened 188 nanoclusters with common E, , E and E values

*02 T*OH’ *OOH
from ML-predicted datasets, and derived the OER and ORR mechanisms,
compiled as Dataset-3. For this, we utilized the computational hydrogen
electrode (CHE) model proposed by Nerskov and co-workers and
calculated the reaction energy at 0 and 1.23 V following the elementary
steps outlined below [61]:

In an acidic medium, the OER is considered a four-step process as follows:

* +H,0 (1) > OH*+ (H" + e7) (AR;)
OH* - 0"+ (H*+ e7) (ARj)
0*+ H,0() » OOH*+ (H* + e7) (AR3)
OOH* - 0,(g) + (H* 4+ e7) + = (ARy)
And the 4e” ORR is the reverse reaction of the OER with four-step as
follows:

0,(g)+ (H*+ e )++ — OOH* (AR5)
OOH*+ (H*+ e™) » 0"+ H,0(D) (ARg)
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0*+ (H*+ e7) —» OH* (AR~)
OH*+ (H*+ e™) - H,0() + = (ARg)

The catalytic activity of the nanocluster alloys was evaluated by calculating
the overpotential values (1) of the rate-determining step (RDS) at 1.23 V,

using the equation:

__ max (ARy,ARy,AR3,ARy)

Nogr = - (7.3)
__ max (ARg,ARg,AR7,ARg)
T]ORR — 5 - 6 7 8 (7.4)

7.4.7 Screening OER/ORR Electrocatalysts: Figure 7.6 illustrates the
irregular trends in OER and ORR activity observed with variations in the
core-shell compositions of bimetallic NC alloys. In fuel cells, OER
corresponds to the charging process, while ORR is linked to the discharging
process. For the OER, Au,gW,, Pt,sMny, and Au,gMo-, were predicted as
the active electrocatalysts (Figure 7.6) with low nygg values of 0.33, 0.40,
and 0.42 V, respectively, with RDS involving OH* - O0* (AR») for
AuygW-, and 0 - OOH™* (AR3) formation for Pt,gMng and AuyugMo,.
These n¥Eg values are lower (or comparable) to traditional active OER
catalysts, such as RuO, (Mggr= 042 V) and IrO, mgggr = 0.56
V). Interestingly, Au,gW, also exhibits superior OER activity (Mgg = 0.33
V) compared to previously theoretically reported carbon-based single-atom
catalysts like N/C-coordinated graphene (Co-doped), C3;N, (Ni-doped),
graphdiyne (Co-doped), covalent organic framework (Cu-doped), and
metal-organic framework (Co-doped), which show nggr values of 0.46 V,
0.96 V,0.64 V,0.69 V, and 0.29 V, respectively /63]. In contrast, Ir,gHf,,
Co4, Vi3, and Auss are predicted as inactive OER electrocatalysts with
significantly higher nMEg values of 2.64 V, 2.66 V, and 3.35 V respectively,
with the RDS involving 0* - OOH* (AR3) for Ir,gHf,, and Co,,Fe 3 and
OH* - 0* (AR») for Auss.
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Figure 7.6: Distribution plot of overpotential for catalysts in OER (ng"l[:“R

and ORR (n l\o/llliR)’ derived from ML-based screening. The intersection of the

ML
OER

ML

dark and light blue lines indicates catalysts with low m ORR’

and n
serving as a reference point for identifying active bifunctional
electrocatalysts, highlighted within the blue circle. The blue horizontal and
vertical lines indicate our theoretically computed overpotential values for
ORR (0.55 V) and OER (0.62 V), corresponding to the Pt (111) and RuO»
(110) surfaces, respectively.

For the ORR, Au,gW,, AuygNi,, Ag,,Re 3, and Ag,,Ru,; were predicted
as active electrocatalysts (Figure 7.6) with lower nMEg values of 0.43, 0.44,
0.44, and 0.45 V, respectively, with the RDS involving O, — OOH”
(ARs) for Au,gWy, and AuygNi,, and OH* - H,0 (1) (ARs) for Ag,,Re; 3
and Ag4,Ru;3. In contrast, Ir,gPt;, Auss, and Co,,Fe 3 are categorized as
poor electrocatalysts with higher nMkr values of 2.13 V, 2.39 V, and 4.60
V, respectively. For majority of the electrocatalysts, the ORR
predominantly involves the formation of H,0 (1) via the OH* - H,0 (1)
(ARg) formation; however, for the OER, the RDS for most electrocatalysts

is the O"— OOH" (ARs) formation. Interestingly, the active
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electrocatalysts are predominantly associated with Au and Ag shell
compositions, reshaping the OER/ORR activity volcano plots by shifting
the apex from benchmarked systems like RuO, and Pt(111) surface to
AuygM, and Ag,,M;3; based nanoclusters exhibiting DRC and ICO
geometry /64]. Additionally, we computed the OER and ORR overpotential
of the top-performing electrocatalysts under implicit solvation conditions
and found that the Au-based nanoclusters consistently exhibit low
overpotential and exhibit low overpotentials and superior catalytic
performance (Table 7.2). Apart from these clusters, Pt,Mng and Pd s W;
bimetallic NC alloys have also emerged as active catalysts for OER and
ORR activity, with overpotential values nhgz = 0.40 V and nykz = 0.48 V,
respectively.

Table 7.2: Computed OER and ORR overpotential values (in V units) for
the rate-determining step (RDS) at 1.23 V for the top five electrocatalysts

under gas-phase and implicit solvent-phase conditions.

OER ORR
Catalysts Gas Solvent Catalysts Gas Solvent
AuagW7 0.33 0.66 AuigW7 0.43 0.64
AusgMo7 0.42 0.38 AuagNiy 0.44 0.49
AusgAgy 0.44 0.62 AgpRers 0.44 0.84
AugRer 0.44 0.58 AgspnRuiz 0.45 0.82
Pt4ssMno 0.40 1.49 PdisWio 0.48 0.85

7.4.8 Screening Bifunctional Electrocatalysts: To identify an active
bifunctional electrocatalyst that efficiently facilitates both reactions, we
computed the widely accepted descriptor, Ng; = Nyer + niks /65],
represented near the intersection of the Pt(111) and RuO, lines in Figure
7.6. Among the catalysts, Au,gW, emerged as the best bifunctional
electrocatalyst with a low ng; =0.76 V, outperforming the benchmark Ru/C
systems (ng; = 1.01 V) /66]. Additionally, Ag,,Ru;3, Pt;sMng, AuygRe,,
and AuyugMo, emerged as active bifunctional electrocatalysts with lower ng;
values of 1.03, 1.00, 1.00, and 0.94 V, respectively. The reaction energy
diagram for OER and ORR at 0 V and 1.23 V for these electrocatalysts is
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provided in panels a and b of Figure 7.7. In contrast, Niy,Sc;3 and Co,, V3
were identified as inactive bifunctional electrocatalysts, exhibiting
significantly higher ng; = 4.42 V and 4.72 V, respectively. Additionally,
Ir,gM,, CoyyMy3, RhysMyo, and Niy,M;; based-electrocatalysts were
identified as inactive bifunctional electrocatalysts with significantly higher

nete and nykg values, rendering them unsuitable for both OER and ORR.

a) Bifunctional Activity (0.00 V) b) Bifunctional Activity (1.23 V)

6.0 —
s | oye)+s ORR = OER — g [ 091 ORR 3= OFR Aaafs
@ 5.01 .. OOH* —— Pt,Mn, 0.6 OOH tigMng
> N AugRe ’ AuggRe;
:é: 407 ™. “a, Au SM; 0.3 4 !‘.gf' % AuggMo,|
= 3.0 x o* —auw, | ool 0,(g) + # . AuggW,
9] ™, ‘-—." OH* 2 .
= 204 S l?}‘ s, e 5T 50(g) +
7 My, on* -0.34 SN
S 1.0 S — ~ —
£ 004 Mo 0(g) + * 0.6 N
= 4.0 AH +e) 3(H'+e) 2(H'+e) (H'+e) 091 4 re) 3 re) 2Hre) (Hre)

Reaction Coordinate Reaction Coordinate
Figure 7.7: Reaction energy diagrams for OER and ORR mechanisms of
the top five bifunctional electrocatalysts at (a) 0 V and (b) 1.23 V,
respectively.
For enhanced OER and ORR performance in fuel cells, the catalysts at the
apex of the activity volcano should exhibit near optimal E,45 for each

intermediate. The DFT-calculated and ML-predicted E, , E and E

*02 T*OoH’ *OOH

for the top five bifunctional catalysts align closely, highlighting the
accuracy of the GBR model in capturing non-monotonic ORR activity
E and E

across nanoclusters (Figure 7.8). Notably, the E values

*0° T*OH’ *OOH
of the active electrocatalyst fall within the optimal E 45 interval window of
—492 < E,qs < 0.00eV, where nanoclusters demonstrate optimum
binding affinity and outperform the RuO,(110) and Pt(111) surface. This
E.qs range offers a pathway to identify active electrocatalysts that could
disrupt conventional scaling relationships and volcano plots for the
OER/ORR, potentially replacing the Ru and Ir/Pt and Pd elements at the

peak.
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Catalysts *Q Configuration | *OH Configuration [*OOH Configuration
AggRuy;

*00H
EDF
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Figure 7.8: DFT-calculated and ML-predicted E, , E and E n

*0’ *OH) *00H (i
eV) for the top five bifunctional electrocatalysts. The ML-derived

overpotential values for OER (n3t.) and ORR (ng§k.), determined from
the thermodynamically rate-determining step (RDS), were derived using
the adsorption energies from the ML dataset (Dataset-3).

Note that we employed the standard PBE functional for all DFT
calculations. Although the DFT+U method effectively corrects self-
interaction errors in transition metal systems with localized d-electrons, its
accuracy relies on selecting appropriate system-specific Ugg values.
However, due to the lack of experimental data for our nanoclusters,
determining reliable U.g values for different transition metals remains

challenging. Further, to assess the impact of the Hubbard correction, we

evaluated My, on bulk Pt (111) surface by varying Uegr from 2 to 6 eV
(Table 7.3). The calculated n,,, using PBE functionals (0.55 V) and

moderate Ugg values (~0.55 V) align well with the reported value of 0.45 V
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by Nerskov et al. /61], while Uy = 6 eV leads to significant deviation.
More importantly, although n .. remain similar, the reaction energies of
individual ORR steps vary considerably with changing U.¢ (Figure 7.9),
contrasting with a recent report on pure nanoclusters where OH adsorption
was largely unaffected /67].

Table 7.3: Comparison of overpotential values n .. with varying Ueg

values for bulk Pt (111) surface.

Ueff (eV) TIORR (V)
PBE 0.55
2 0.54
3 0.57
4 0.54
5 0.54
6 2.36
a) b) 50
%‘ -2.0 R;: 0,(g) + * + (H* + ) > *OOH ~ R,: *OOH + (H* +e’) = *0 + H,0 ()
';"_1‘5 2-16
3 %
o -1.0 5 -1.2
S o
';' -0.5- fir]
2 0.0 5708
(%]
3 054 B 04
= &
1.0 4 0.0
0 2 3 4 5 6 ’ 0 2 3 4 5 6
C) 1.0 Uefl' d) 3.0 Ueff
= R;: *O + (H*+ e) > *OH + H,0 (I) = R;: *OH + (H* + ) & 2H,0 (I) + *
o8 o 24
g e
E 0.6 E 8
_g 0.4 _5 1.2 4
5] k5]
EU.Z E 0.6
0.0 0 2 3 4 5 6 0.0 0 2 3 4 5 6
Ueff Ueﬂ

Figure 7.9: Reaction energies (in eV) for the elementary steps of the ORR
on the bulk Pt (111) surface as a function of Ugg (ranging from 0 to 6 eV)
at 1.23 V (equilibrium potential). Adsorbed species are denoted with an
asterisk (*), while species without the asterisk represent the bare Pt (111)
surface.
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Table 7.4: Comparison of OER and ORR overpotential values for the rate-

determining step (RDS) at 1.23 V for the top five electrocatalysts with DFT
and DFT+U with Uy = 2.0 eV.

Catalysts OER Catalysts ORR
DFT DFT+U DFT DFT+U
AuagWr 0.33 0.55 AusgW7 0.43 0.59
AusgMoy 0.40 2.54 AusgNiy 0.44 1.88
AusgAg; 0.42 2.06 AgwRers 0.44 0.68
AussRer 0.44 0.48 AgsrRuiz 0.45 0.93
PtssMno 0.44 0.53 PdssWio 0.48 1.26

We also tested Uggr = 2.0 eV, following Piotrowski et al, and compared DFT

+ U and standard PBE results (Table 7.4). We found that applying U¢r tends

to overestimate OER and ORR overpotentials at the RDS for most of the

top-performing bifunctional electrocatalysts. Given the sensitivity to Ugg,

the absence of benchmarking data, and the good agreement of PBE results

with previous reports /61,68, we resorted to the standard DFT. This

ensures consistent and reliable trends across all calculations without

introducing uncertainties from arbitrary U selection.
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ML

Figure 7.10: Selectivity plot illustrates pathway preference for ORR (nrr

and H,0, (nl\H’IZLOZ) formation, classifying catalysts into two dominant

pathways. Catalyst sizes are scaled by activity strength, annotated with key
properties, and compared against a diagonal benchmark line indicating
equal activity.

7.4.9 Steering Reaction Pathway Selectivity

Note that the two-electron process leading to H,0, formation is
thermodynamically less favored due to its lower equilibrium potential but
is kinetically preferred over the four-electron pathway to H, O, as it involves
fewer proton-electron transfers and avoids the constraints of scaling
relations [69,70]. To address the selectivity challenge between these two
competing reaction pathways, we normalize the key performance metrics of

ML-predicted ORR (nyi.) and hydrogen peroxide (ngjoz) activity

indicators, enabling the classification of catalysts into two dominant
pathways (Figure 7.10). Among 188 bimetallic NC alloys, 34 favor the
H,0, pathway and 154 favour H,0 pathway, with Ausg (ngjozz 0.32 V)

ML _

and AuugNi; (Mggr

0.44 V) demonstrating superior activity for their

respective pathways. Upon deeper investigation, catalysts such as Augs,
AU48V7, AU48Ag7, Ag42Nb13, and Ag42V13, which favor the H202

formation, exhibit lower E values compared to those such as Au,gNi-,

*OOH

Au,gW,, Auy,Re; 3, Auy,Ruy 3, and Pd,s W, o which prefers H, O formation.
7.5 Conclusion

In summary, we present a combined DFT-ML approach to evaluate the
ORR and OER performance of 234 core-shell TMss nanoclusters alloys
composed of 9 shell metals and 26 core metals, exhibiting different
morphologies. Our trained ML model accurately maps the shift in the apex
of the OER and ORR activity volcano from RuO, and Pt to Au/Ag-based
nanoclusters, which predominantly exhibit different geometries. This study
established the single-cluster catalyst identity of TMss nanoclusters,

demonstrating that adsorption at local active sites is governed by the
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electronic and elemental characteristics of the metal atoms rather than d-
states. Among the screened candidates, our ML model predicts Au,g W, as
the most promising bifunctional electrocatalyst, exhibiting a significantly
lower overpotential (ng; =0.76 V) compared to the benchmark Ru/C system
(ng; = 1.01 V). Additionally, we address the selectivity challenge between
the two-electron and four-electron ORR pathways, showing that catalysts

with lower E values favor H,0, formation over H,0. Unlike previous

*OOH

studies, which consider icosahedral geometry as the global minima state for
TM;s nanoclusters, our ML model highlights the significant contributions
and superior activity of coexisting low-energy isomers with different
geometry. This data-driven approach offers an effective strategy for
screening bimetallic TMg;5 alloys, paving the way for the rational design of
efficient bifunctional cluster catalysts.

Section: B
7.6 Introduction
Traditional ML models rely on human-engineered descriptors, such as
group, period, electronegativity, ionic radius, partial charge, and d-band
characteristics, to numerically represent atomic environments [71].
Advanced descriptors-based frameworks, including atom-centered
symmetry functions (ACSF) [72], smooth overlap of atomic positions
(SOAP) /73], and Coulomb matrices [74/, attempt to preserve rotational
and translational invariance while encoding chemical and structural
information. Despite their interpretability, these handcrafted features are
constrained by human intuition and may overlook latent structure-property
relationships.
To overcome these limitations, deep learning (DL) approaches have gained
prominence for their ability to autonomously learn hierarchical feature
representations directly from raw structural inputs. Graph neural networks
(GNNs) have emerged as state-of-the-art (SOTA) architectures for material
representation, leveraging the natural graph topology of atomic structures,

where atoms are nodes and bonds are edges [75-77]. Unlike fixed
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descriptors, GNNs employ trainable embeddings that evolve through
message-passing and neural updates during training, enabling them to
capture both local coordination environments and global topological
information. Since the introduction of models like CGCNN /78] and
SchNet /79] in 2018, GNN variants such as MEGNet /80/, iCGCNN /81],
and ALIGNN /82] have demonstrated excellent performance across
molecules, crystalline solids, and surfaces. These models differ in their
convolutional operators, edge/node feature encodings, and readout
schemes. Nonetheless, their application to nanoclusters remains nascent
due to challenges associated with irregular, non-periodic geometries,
geometric invariance, and graph construction methods.

Herein, we evaluate the performance of three SOTA GNN architectures for
predicting adsorption energies (E,4,) of key ORR intermediates (*O, *OH,
and *OOH) on bimetallic TMgss nanocluster alloys, exhibiting diverse
morphologies and core-shell compositions (Figure 7.11). Our curated DFT
dataset spans a large E_ 45 value from -0.26 to -8.68 eV, ensuring diversity
while training the powerful GNN models. Each GNN is systematically
optimized for our non-crystalline dataset through parameter tuning and
scalability analysis. By coupling GNN-based predictions with DFT
validation, we identify three active nanocluster electrocatalysts Pd,5Scyg,
Pd,sNb;y, AuugCr,, exhibiting low theoretical overpotentials and
enhanced ORR activity. To gain mechanistic insights, we correlate catalytic
performance with physics-based descriptors such as the coupling matrix
(V2;) and the d-band center (eq). Statistical analysis of these quantities
reveals optimal descriptor ranges associated with low E_ 4, values,
supporting rapid, descriptor-informed screening. Further analysis of the
projected density of states (PDOS) underscores the role of d-p orbital
hybridization in modulating adsorption strength and electronic properties.
This integrated DFT-GNN framework offers a robust pathway for

accelerating the discovery of efficient ORR electrocatalysts by combining
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predictive accuracy, chemical interpretability, and computational
scalability.

7.7 Computational Details

All the plane-wave spin-polarized density functional calculations were
conducted using the Vienna ab initio simulation package (VASP) /34] with
the Perdew—Burke—Ernzerhof (PBE) /83/ functional within the generalized
gradient approximation (GGA) [84/.lon core and valence electron
interactions were described using the projector augmented wave (PAW)
method. For relaxation calculations, kinetic energy cut-offs of 500 eV with
energy convergence criteria of 10*eV were employed, and geometric
relaxation continued until forces on atoms were smaller than 0.02
eV/A. Gaussian smearing with a ¢ value of 0.2 eV was applied, and the I'-
centered (1 x 1 x 1) K-point grids were considered for the sampling of the
Brillouin zone in congruence with the previous reports. A higher (3 x 3 x
3) k-mesh was used to calculate the density of states (DOS). A sufficiently
large box with dimensions 20 x 20 x 20 A3 was utilized to optimize the
distinct geometries to avoid the possibility of spurious interaction between
the adjacent images along each axis. Further, crystal orbital Hamilton
population (COHP) /85] analysis was employed using the LOBSTER
package.
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GNN Framework for Structural Screening of Morphology-Diverse Nanoclusters Toward ORR
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Figure 7.11. Schematic illustration of the GNN workflow. The process
involves: (A) encoding adsorption of a single intermediate on bare
bimetallic TM55 nanoclusters alloys into three GNN architectures - crystal
graph convolution neural network (CGCNN), atomistic line graph neural
network (ALIGNN), and deeper global attention graph neural network
(DeeperGATGNN), to predict the adsorption energy (E,q45) of *OOH, *O,
and *OH intermediates. (B) Prediction of E,4¢ from the best GNN model
comparing the GNN-predicted overpotential values (MSRR) and DFT-
calculated overpotential values (N35%) for ORR. The model interpretability
includes deriving the complex-relationships between the d-band descriptors
and nSRY. Statistical analysis including unsupervised clustering-based
analysis to derive the morphology-based ORR activity.

7.8 Results and Discussion

7.8.1 Data Analysis for Deep Learning Training. Initially, we select
TMss nanoclusters as a parent system to investigate their morphology-

dependent ORR activity while encoding them in the graph networks. Using
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DEFT calculations, we created our initial database of 55-atom nanoclusters
(NCs), which represent a distinct class of ‘magic-sized’ clusters known for
their enhanced stability during experimental synthesis /33/. All the plane-
wave spin-polarized DFT calculations were conducted using the Vienna ab
initio simulation package (VASP) with the Perdew-Burke-Ernzerhof (PBE)
functional within the generalized gradient approximation (GGA). Owing to
their closed-shell configurations, these clusters exhibit a bulk-like
environment at their core, while a subset of surface atoms simultaneously
displays pronounced surface effects. Previous investigations have often
identified high-symmetry icosahedral (ICO) motifs as stable geometries
due to their dense atomic packing and reduced surface energy [33].
However, the fluxional behaviour at key active sites introduces structural
sensitivity, arising from the interplay between morphological and electronic
factors. This results in varying geometries of putative global minima
(pGMs) for different elements based on NCs. Therefore, to capture the
structure sensitivity of the reaction across different ensemble sites, we
considered the diverse geometries exhibited by late transition metal (TM)
55-atom NCs. To explore their structure-activity relationship, we
considered 3d (Co, Ni, Cu), 4d (Rh, Pd, Ag), and 5d (Ir, Pt, Au) series-based
nanoclusters exhibiting distinct geometries: high-symmetry icosahedral
(ICO) structures for Coss, Nigs, Cuss, and Agss; bulk-like face-centered
(FCC) structures for Rhs;, and Pdss; a hexagonal closed-packed wheel-like
(WHE) structure for Irss; and distorted reduced-core (DRC) structures for
Ptss and Auss, as illustrated in Figure 7.12a.

Interestingly, the geometries of different TM55 NCs exhibit distinct core
atom arrangements, ranging from 7 atoms in the WHE structure, 9 atoms in
the DRC, 10 atoms in the FCC, to 13 atoms in the ICO configurations /33].
To design core-shell NCs, the core atoms of these TMgs clusters were
systematically substituted with 3d, 4d, and 5d TMs, resulting in bimetallic
compositions with 9 TM atoms in the shell and 26 TM in the core, as

illustrated in Figure 7.12b. This strategy yielded a diverse dataset of
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bimetallic alloy nanoclusters with compositions as  Co,y,M;3, Nigy My3,
CugyMy3, RhysMyg, PdysMyg, AgsaMis, IrygMy;, PtygMo, and AuyggMy,
which were selected for further investigation of their ORR activity.
Elements such as Tc, Cd, La, and Hg were excluded from the core due to
their radioactivity and toxicity concerns /[38/. In total, we initially
constructed 234 electrocatalysts, including 9 monometallic and 225
bimetallic alloy nanoclusters for subsequent evaluation of their
electrocatalytic performance. Notably, initial structural optimizations
revealed no signs of surface segregation or core melting, highlighting the
intrinsic thermodynamic stability of the selected alloy configurations.

To further evaluate the ORR activity of these bimetallic electrocatalysts, we
calculate the adsorption energy (E,45) of key ORR intermediates, which
serve as essential descriptors for catalytic performance in accordance with
the Bell-Evans-Polanyi (BEP) principle [39,40]. Specifically, we
considered the adsorption energies of *OOH, *0O, and *OH, denoted as E

E

*07

and E as the target variables. Given the inherent fluxionality of

*OH? *OOH?
nanoclusters and the presence of low-symmetry adsorption sites, we
employed a bond-centric coordination model to characterize local atomic
environments and assess site-specific adsorption behaviour [41]. This
approach effectively captures the role of under-coordinated surface atoms,
known for their enhanced binding affinity due to their unsaturation, and
offers a physically meaningful descriptor of adsorption stability in
morphologically complex systems. Additionally, building on our previous

investigations, we identified the thermodynamically most favorable

adsorption.
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Figure 7.12: Curation of the Input Dataset for GNN Models Evaluation. (a)
Schematic illustration of a closed-shell TMs5 nanoclusters (TM = Co, Ni,
Cu, Rh, Pd, Ag, Ir, Pt, and Au), featuring diverse geometries including ICO,
FCC, WHE, and DRC motifs. (b) Geometric arrangements and elemental
composition at the core of the TMgs nanoclusters, with empty cells
indicating core-composition excluded from this study. (¢) Violin plots
and E

depicting the distribution of E across various core-shell

*0? *OH’ *OOH
TMss combinations, in eV units. The distributions are estimated using
Gaussian kernel density estimation (KDE), and the accompanying
heatmaps summarize the compositional overview of adsorption energies
(E,qs), With a color gradient representing the range from highest to lowest

values. Note that the blacked-out entries indicate the data points excluded
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from the analysis due to significant structural distortions following
intermediate adsorption.
adsorption sites for ORR intermediates across a series of TMg5 bimetallic

nanoclusters. The E_ 4 values at these preferred sites for intermediates are

ads
computed as follows:
Eads = Enc+intermediate — (Enc + Elntermediate) (7.5)
where Enciintermediate » ENc» a0d Erptermediate T€Present the total energies
of the cluster with *O, *OH, and *OOH, bare TMss nanoclusters, and the
corresponding intermediates in the gas phase, respectively. During
intermediate adsorption, several nanoclusters exhibited surface segregation,
wherein core atoms migrated/exposed toward the surface, leading to
pronounced structural distortions; these unstable geometries were excluded
from further analysis.
The energy distribution of E_ 4, for the remaining stable configurations is
E

summarized in Figure 7.12¢, showcasing the variation of E and

*O0OH?’ *0?

E, .., across the evaluated electrocatalysts. Three key observations emerged

*OH
from the distribution of E_ 44 across the dataset: (1) The E_ 45 values span a
broad range with no uniform trend, highlighting the structural and
compositional diversity of the nanoclusters. The highest density of E_ 45 is
observed in the following intervals: -0.9 to -2.6 eV for *O0OH, -3.4 to -6.4
eV for "0, -2.5 to -4.3 eV for "OH. (2) When compared to E, 45 on the

Pt(111) surface (E =-1.64 eV, E, ) =-4.69¢V,and E, , =-2.63 eV)

*OOH *OH
[42], a majority of the nanoclusters demonstrate stronger binding to ORR
intermediates, attributed to the presence of undercoordinated active sites on
the surfaces. And (3) Notably, a subset of nanoclusters exhibits strong
negative E_ 4 values, indicating over-binding of intermediates. This
overbinding deviates from the Sabatier optimum /43/, and can lead to
surface poisoning, ultimately lowering the catalytic efficiency in ORR. We
highlight that this dataset is uniformly sampled across 26 elements,

encompassing 9 monometallic and 225 bimetallic [234%3] TMgs
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nanoclusters, three distinct adsorbates (*OOH, *O, and *OH) and a wide
range of E, 4, (from -0.26 to -8.68 eV). This diversity ensures a
representative dataset, essential for training reliable and generalizable GNN
models.

7.8.2 Graph Representation and Deep Learning Framework. In the
following section, the optimized non-Euclidean geometries are encoded as
graph-based descriptors and used in regression tasks employing different
SOTA GNN architectures: CGCNN /78], ALIGNN [/82], and
DeeperGATGNN [86/. During training, these models autonomously
extract and learn structural representation directly from the crystal graphs,
while primarily utilizing atomic features and interatomic distances to
construct node and edge-level descriptors. By combining feature extraction
and property prediction into a unified, end-to-end learning framework,
GNNs infer target material properties directly from the topological and
geometric configurations of atomic structures. Their distinct message-
passing strategies enable effective capture of both local and global
structural information, making them well-suited for data with complex,
non-Euclidean geometry.

Specifically, CGCNN applies atom-wise message passing based on
neighboring atoms and interatomic distances. These messages are
processed through gated and message-processing layers, followed by
average pooling of atom-level features, which are then passed through fully
connected layers for property prediction. ALIGNN extends this approach
with a dual-graph framework, performing edge-gated convolutions on both
the atomic graph and its line graph, where bonds become nodes and edges
represent bond pairs sharing a common atom. This enables simultaneous
updates of node and edge features while effectively capturing angular
dependencies. DeeperGATGNN further advances these architectures by
stacking multiple Augmented Graph Attention (AGAT) layers, each
integrated with additive skip connections and Differentiable Group

Normalization (DGN). A global attention pooling mechanism, followed by
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a series of fully connected layers, enables deep, hierarchical representation
learning, significantly enhancing predictive performance.

7.8.3 Optimization and Scalability Comparison: To ensure a fair
evaluation and meaningful comparison among SOTA GNN models, we
evaluated the performance of CGCNN, ALIGNN, and DeeperGATGNN on
our nanocluster datasets using identical data splits, consistent cross-
validation protocols, and model-specific hyperparameter optimization.
Following the benchmarking methodology of Fung et al. /71/, each model
was initially trained for 2500 epochs using default hyperparameters to
monitor convergence behavior and assess overfitting tendencies. This pre-
screening phase provided insight into the learning dynamics and early
stopping points unique to each architecture, as shown in Figure 7.13a-c. The
training stabilized at different epochs for each model: CGCNN around 500,
ALIGNN near 300, and DeeperGATGNN close to 500, reflecting their
distinct optimization landscapes. CGCNN exhibited a relatively noisy loss
profile, suggesting sensitivity to learning rate and batch size, likely due to
its gated message-passing mechanism that relies solely on atomic neighbors
and bond distances. In contrast, ALIGNN showed smooth and stable
convergence, attributed to its dual-graph framework that incorporates
angular information via edge-gated convolutions on both atomistic and line
graphs. DeeperGATGNN also demonstrated stable training behaviour,
enabled by its deep architecture comprising stacked AGAT layers, additive
skip connections, and DGN, which together facilitate multi-hop message

passing and robust hierarchical representation learning.
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Figure 7.13: Comparative Evaluation of GNN models: CGCNN, ALIGNN,

e DFT Value (ev) ™ Trie OFT Vaite (o)
and DeeperGATGNN on nanocluster datasets. (a-c) Training loss curves
over 2500 epochs, illustrating convergence behaviour and learning stability
across different architectures. (d-f) Scalability comparison analysis across
model-specific parameters, where overall lower MAE values (in eV) reflect
higher predictive accuracy and robustness. (g-i) Parity plots comparing
predicted and DFT-calculated adsorption energies for training, testing, and
validation sets, with test set mean absolute error (MAE) values are
annotated to highlight each model’s generalization performance.

To evaluate the scalability and performance sensitivity of each GNN
architecture, we conducted a systematic hyperparameter optimization study
using 5-fold cross-validation on our dataset (Figure 7.14). Each model was
initially tested using default settings, followed by targeted tuning of key
model-specific parameters. First, we examined the effect of batch size on
prediction accuracy by conducting three parallel runs for each model with
batch sizes ranging from 8 to 40 in increments of 8. As shown in Figure
7.14, CGCNN and ALIGNN achieved optimal performance with a batch
size of 24, while DeeperGATGNN reached its lowest mean absolute error

(MAE) at a batch size of 32. Second, we assessed the influence of graph
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convolution (GC) depth on model performance by progressively increasing
the number of GC layers in steps of 5. CGCNN exhibited declining
predictive accuracy with increasing depth, with the MAE rising to 0.31 eV
at 25 GC layers, indicating limited scalability. In contrast, ALIGNN and
DeeperGATGNN demonstrated strong depth scalability, both achieving a
minimum MAE of 0.19 eV at GC layers. Third, we assessed the impact of
learning rate (LR) on model performance by incrementally increasing it
from 0.001 to 0.005 in steps of 0.001. Both ALIGNN and DeeperGATGNN
demonstrated improved performance at higher LR, achieving their lowest
MAE at LR = 0.005, and consistently outperforming CGCNN across all
tested values.

Fourth, we evaluated the effect of training data size on model
generalizability by varying the training set ratio from 0.50 to 0.90 in
increments of 0.10. All three models achieved their lowest MAE when
trained on 90% of the data, indicating strong scalability and the capacity to
effectively learn from larger datasets. Finally, we fine-tuned architecture-
specific parameters: the number of hidden layers (H Layers) for CGCNN,
ALIGNN layers (A Layers) for ALIGNN, and dropout rates (D Rates) for
DeeperGATGNN. For CGCNN, increasing the number of hidden layers
from 5 to 25 led to a sharp deterioration in performance, with MAE rising
from 0.19 to 1.21 eV, suggesting high sensitivity to network depth. In
contrast, ALIGNN and DeeperGATGNN exhibited relative robustness,
with changes in A Layers and D rates producing only minor variations in
performance. A comparative overview of model scalability across these
parameters is presented in Figure 7.14d-f, where the configuration yielding
the lowest MAE is considered the most predictive. To ensure
methodological rigor, we adopted the optimal hyperparameter settings
corresponding to the lowest MAE for each model, and generated parity
plots for the training, validation, and test sets (Figure 7.13c¢). All three GNN
architectures performed reasonably well on our nanocluster dataset.

However, CGCNN and DeeperGATGNN clearly outperform ALIGNN,
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achieving substantially lower test MAEs of 0.19 eV and 0.16 eV, which
indicates their superior ability to capture the underlying structure-property
relationships in nanoclusters. Based on this comprehensive analysis,
DeeperGATGNN was selected for downstream evaluation to identify the
most active electrocatalyst, due to its parsimonious architecture, strong

scalability, and compatibility with our dataset.
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Figure 7.14: Parameter study of GNN models. (a) MAE vs Batch Size, (b)
MAE vs GC Layers, (c) MAE vs Learning Rate, (d) MAE vs Training
Ratio, and (e) MAE vs Model Specific parameters, for CGCNN, ALIGNN,
and DeeperGATGNN models. All the experiments are done using a

minimum of epochs and 5-fold cross-validation on the overall datasets.
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7.8.4 Activity Comparison and Impact of the d-band Centre Analysis.
We now employ our trained DeeperGATGNN model to predict the E

*0?°

E and E values for all catalysts in our dataset, enabling the

*OH? *OOH
construction of the full ORR mechanism via the associative pathway for all
the catalysts in our training dataset. To identify active electrocatalysts, we
apply the computational hydrogen electrode (CHE) model proposed by
Norskov and coworkers, calculating the reaction free energies at both 0 V

and 1.23 V based on the following elementary steps /61]:

Oz + (H + e7) +* — OOH" (Ry)
OOH*+ (H*+ e7) » 0"+ H,0 () (R2)
O*+ (H*+ e”) —» OH* (R3)
OH*+ (H*+ e™) » H,0 (1) + * (Rs)

Further, we compute the activity of each nanocluster alloy by calculating
the overpotential values (1) of the rate-determining step (RDS) at 1.23 V,

using the equation:

GNN _ max (ARl,ARz,AR3,AR4)
NorR = (7.6)

e

The overpotential values (nGNY ) for the rate-determining step (RDS) at 1.23
V for each catalyst were calculated using CHE model. Figure 7.15a-c
highlights the non-monotonic trend in ORR activity observed as a function
of core-shell composition in the bimetallic nanoclusters. Interestingly,
Pd4sScqg, PdysNbyg, AuygCr,, were identified as the active catalysts for
ORR with their low 1) values for RDS as follows: n9&% : nSRkY = 0.60V :
041V, ndEE : nS¥Y = 0.73V:0.60V, and ndEL : nSRN = 0.79V :
0.47 V, exhibiting FCC, FCC, and DRC based geometries. While the
majority of nanoclusters exhibit the last proton-electron transfer step (*OH
to H,0, denoted as R,) as the RDS, Ag,,M;; and AuyugM,-based clusters
primarily feature the *OOH formation from 0,(g) as the RDS. In contrast,

IrygAus, Ir,gCr5, IrygZn, exhibit notably high 1 values for RDS as follows:
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MOk ¢ MoRR = 2.02V: 213V, ngki : nfRx = 2.11V:2.07V, and
nBEL ¢ SN = 2,08V : 2.07 V.
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Figure 7.15: Activity comparison for transition metal clusters. Radar plots

showing variations in DeeperGATGNN-predicted ORR overpotentials

(m&RNY) at 1.23 V for different core-shell compositions: (a) 3d: Co,,My3,

NigyMy3, CuyyMys, (b) 4d: RhysMyg, PdysMyg, AgyaMys, (¢) 5d: IrygM5,
Pt,cMy, and AuyugM-,. Elements labelled in the legends and circles indicate

shell and core compositions, while vertical lines show the range of predicted

n&RR. Note that nanocluster (NC) electrocatalysts excluded from the dataset

are marked by n&RN = 0.00 V. Kernel density estimation (KDE) plots

illustrating the correlation between electronic descriptors and NSRR:
Coupling matrix vs 8RN for (d) 3d: Co4,M;3, NigyMy3, CuyyMys, (e) 4d:

RhysMyg, PdysMyg, Ag4nMy3, and () 5d: IrygM;, PtygMs, and AuygM5; d-
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band center vs SRR for the same metal groups are represented in (g-i). KDE
contours represent smoothed density distributions, highlighting regions of
high data concentration in descriptor-overpotential space. Marginal
histograms display distribution trends of individual variables, offering
insight into underlying structure-activity relationships.

Note that the node- and edge-level embeddings in the DeeperGATGNN
model utilize higher-order neighbour information, enabling the model to
learn from extended structural environments and basic elemental-based
features. However, the catalytic activity of TM alloys is fundamentally
governed by their electronic structure, particularly d-state characteristics.
This limits the physical interpretability of GNNs, which often lack explicit
connections to physics-based descriptors. To bridge this gap, we integrate
concepts from the d-band model proposed by Hammer and Nerskov, which
has been widely successful in correlating catalytic activity with the
electronic structure of TM surfaces. While extracting d-band-related
descriptors such as the coupling matrix and d-band center typically requires
self-consistent  quantum  mechanical  calculations, which are
computationally expensive. To circumvent these limitations, we utilize
element-specific numerical values derived from solid-state surface tables
that encode key d-band characteristics of each element without requiring ab
initio calculations. Specifically, we employ the coupling matrix (V) and

dEd
d In SBw

the d-band center (eq = ), where Sgy is the Wigner-Seitz radius.

These descriptors capture intrinsic d-state properties across the periodic
table, enabling us to efficiently relate electronic structure features to ORR
activity.

To establish the relationship between these descriptors and catalytic
performance, we visualize the correlation between nSRR and the descriptors
VZ; and €4 using kernel density estimation (KDE) plots for our metal alloy

compositions, represented in Figure 7.15d-i. The KDE plots provide both

joint probability distributions (2D contours) and marginal densities (1D

327



Chapter 7

ridges) across three nanoclusters of transition metal families: 3d (Co, Ni,
Cu), 4d (Rh, Pd, Ag), and 5d (Ir, Pt, Au). The top row displays nSNR vs V2
(plots 7.15d-f), while the bottom row shows SRR Vs €4 (plots 7.15g-i). In
the 3d series, Co and Ni exhibit broad distributions over moderate to high
coupling strengths (VZ; = 5-15) and €4 in the range of 0-1.5 eV. Their
predicted hSNN span 0.8-1.4 V, suggesting relatively strong E,4s. In
contrast, Cu lies in the low VZ; regime (< 5) and has a more negative €4 (~
-1.0 eV), resulting in lower nSXY (0.6 — 0.8 V), consistent with more
optimal binding energies and enhanced ORR activity. For the 4d metals
(plots 7.15¢,i), Rh and Pd span similar VZ; ranges (~5-15), but exhibit

different catalytic profiles. Rh shows a KDE peak at nSXX ~ 0.7 V, while
Pd skew towards higher values (~1.2-1.6 V), indicating stronger binding
and less favorable desorption kinetics. Ag appears distinctly in the low-
coupling, more negative €4 regime, with sharp KDE peaks at low SRy,
reaffirming its experimentally known catalytic activity.

In the 5d metals (plots 7.15f,h), Pt and Ir are concentrated at high V24 (~10-

20). Pt exhibits a bimodal KDE, with one lobe at nSXX ~ 0.8 V, indicative

of partial optimization. However, Ir shows a high-density KDE at nSRR ~

1.6 — 2.0 V, reflecting excessive binding strength and overpotential
penalties. Au stands out with a KDE peak at low nSXR values (~ 0.6 — 0.8
V), despite only moderate coupling. This behaviour stems from its deep €4
(< -0.5 eV), which weakens adsorbate interaction and facilitates optimal
catalytic energetics. Focusing on the KDE analysis in the bottom row (plots
7.15g-1), a clear trend emerges: more negative €4 strongly correlate with
lower nSXR, supporting the principles of the d-band theory and the Sabatier
principle. Cu, Ag, and Au consistently show KDE maxima at 5 <-0.5 eV
and RN ~ 0.6-0.8 V, validating their favourable ORR activity profiles. In
contrast, Pd and Ir, characterized by shallower €4 values (> 0 eV), exhibit
KDE peaks at higher overpotentials (~ 1.2-2.0 V), indicating overbinding

of intermediates and reduced catalytic performance. Overall, KDE analysis
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reveals that catalysts with the lowest nSNN value (~0.6 — 0.8 V) consistently
fall within an optimal V2 range of 2-8 and €4 range of -1.2 to -0.4 eV.
These descriptor ranges correspond to moderate metal-adsorbate
hybridization strengths and stabilization, which together facilitate optimal
adsorption energies for key ORR intermediates.

7.8.5 Statistical Data Analysis and Prediction. Further, we employ

statistical tools to group catalyst materials based on the predicted nGRN and

computed nSkL values to understand the variation of morphology towards
the ORR activity. Initially, we distribute the catalysts based on predicted
n&RN and computed n9R% values in the scatter plot, as represented in Figure
7.16a (with respect to Pt). The bimetallic nanoclusters such as Ag,,M;3,
AuygM,, and Pd,sM,, are positioned in the low nSRR and n3kL regime,
indicating their high suitability for the ORR. In contrast, clusters like
Nig; M3, Co4pMy5 and IrygM, fall into the high n&RY and nBE% range,
rendering them less favourable for ORR catalysis. Additionally, we expand
our dataset to include Os,sM;o, Reyn M3, RuysMyg, and ZnyggMg - based
bimetallic NC alloys. For these, the E, 4, of key ORR intermediates were
predicted using the DeeperGATGNN model, initialized with optimized
model checkpoints, while computing the predicted nSXR values for the

same.
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Figure 7.16: Statistical analysis of ORR activity. (a) Scatter plot comparing

GNN

GNN-predicted ORR overpotentials nggrg

with DFT-computed values
nokL for various core-shell nanocluster configurations. Each marker
represents a unique nanocluster, and the orange and blue dashed lines
indicate the benchmark overpotentials of Pt(111) from DFT and GNN,
respectively. The shaded orange region highlights catalysts outperforming
Pt(111) by both methods. (b) Pearson correlation coefficients showing
relationships among input features and their correlation with E_ 4 and nSkk.
(c) t-SNE projection of NC alloys coloured by Cluster ID, illustrating
distinct zones corresponding to high and low-overpotential (1) catalysts

based on E_ 45 and n9&E.

(d) Silhouette score analysis used to determine the
optimal number of K-means clusters applied to t-SNE reduced data. The
maximum score (~0.65) is achieved at K = 4, indicating the optimal
clustering configuration.

Notably, the scaling relationship in heterogeneous catalysis establishes a
linear correlation between the easily computable thermodynamic properties
and catalytic activity, facilitating descriptor-based designing. To probe this

phenomenon for ORR on TMjgs nanoclusters, we evaluate the Pearson
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correlation coefficient (PCC) /55/ in both input-input (intermediate-
intermediate) and input-output (intermediate-activity) correlations using
E,qs and SRR as a principal component for ORR (Figure 7.16b).
Interestingly, we observed a breaking of the scaling relationship between
E*o vs E

andE,  vs E with R% ~ (.75, suggesting no single variable

*OH *OOH
can be utilized as an independent descriptor for predicting overall activity
across these nanoclusters (Figure 7.16a). To further elucidate the influence
of compositional diversity on predicted nSRR, we employ the t-distributed
stochastic neighbour embedding (t-SNE) approach /55/, an unsupervised
nonlinear dimensionality reduction technique based on the Eads. The
resulting low-dimensional projection qualitatively reveals clusters of
catalysts with similar characteristics, with catalysts positioned closely in the
embedding space exhibiting similar reactivity descriptors and local
neighbourhood similarities (Figure 7.16¢). To uncover the latent chemical
groupings, we applied K-means clustering to the t-SNE embedded space.
The optimal number of clusters (K = 4) was selected based on the elbow
method, which corresponds to the highest silhouette score of 0.64 at n;,;; =
400, indicating distinct clusters formation (Figure 7.16d). This provides an
important comparison of the four catalyst clusters (Clusters 1-4) based on
their composition, geometry, E,45 ranges and predicted nSRY, with
reference to our previous investigations.

Cluster 1 primarily consists of ICO geometry-based Co,,;M;3, NigyMy3,
RhysM; g, Reyy, My 5, and IrygM,, where the *O intermediates exhibit strong
physisorption (~ -5 to -6.5 eV), resulting in very high predicted hSRN
ranging from 1.06 to 3.56 V. Cluster 2 included FCC geometry-based
Pd4sMyg, Os45M1g, and RuysMy o, with E, 4 values for ORR intermediates
falling near the optimal range (-1.00 to -4.50 eV), and comparatively lower
nSNN values between 0.41 and 0.71 V. Cluster 3 is solely composed of

Ag4,My3, AuygM; nanoclusters, showing E_ 4 values close to the Sabatier

optimum (-0.60 to -0.35 eV), along with low nS$NN, suggesting favourable
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ORR activity. Finally, Cluster 4 includes Cuy,;M;3, PtyeMg, and Zn,gMq

based nanoclusters, where most E_ 4 values lie within the Sabatier optimal

window (-1.23 to -4.2 eV), coupled with low predicted SRR ranging from

0.64 to 1.01 V.

7.8.6 Electronic Properties Analysis of Active Catalysts. To gain deeper
insights into the metal-adsorbate interactions, we selected *OH
intermediate involved in the RDS for Pd,sSc,,, and Pd,sNb;, exhibiting
the highest ORR activity and analyzed their electronic structures through
partial density of states (PDOS) and crystal orbital Hamilton population
(COHP) analysis /85/, as shown in Figure 7.17. The PDOS analysis
indicates a stronger hybridization between Pd (4d) and O (2p) states near
the Fermi level (Ef) indicating optimal binding interaction between metal

and OH intermediate (Figure 7.17a-b). In the context of d-band theory /87],
the position of the d-band center (?Ed) serves as a key descriptor for the

adsorption strength: a egd with respect to the Ef corresponds to stronger
metal-adsorption coupling due to greater orbital overlap. Both Pd-based
alloys exhibit similar distant values for ;Ed relative to Ef
(Pd45Scq9: —2.08 eV; PdyusNb,y:—2.00 eV), indicating optimal binding

strength rather than strong chemisorption.
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Figure 7.17: Electronic structure analysis: Partial density of states (PDOS)
analysis of (a) PdysScig, and (b) PdusNb,y, during *OH adsorption
involved in the RDS at 1.23 V. The Fermi level, d-band center, and p-band
center are represented by Eg, ed , and ep, respectively. (c) Crystal orbital

Hamilton population (COHP) analysis of the Pd-O bond of Pd,5Sc, (filled

in red), and Pd,sNb,, (filled in green). (d) Comparison of ed , g and

integrated crystal orbital Hamilton population (ICOHP) of Pd,sSc;,, and
Pd,sNb,, electrocatalysts.

COHP analysis further resolves the bonding and antibonding characteristics
of the metal-oxygen (M—O) interactions (Figure 7.17c¢). In this framework,
bonding states are represented by positive COHP values (right of the axis),
while antibonding states appear as negative values (left of the axis). The
valence states of Pd contribute predominantly to bonding interactions, while
antibonding states are located near the E¢ in the valence band and extend
into the conduction band, under —OH adsorption conditions. These
antibonding states, when partially occupied, indicate a balanced metal—
oxygen bond that is neither too strong nor too weak—an essential

requirement for higher catalytic activity. To quantitatively assess the M—O
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bond strength, the integrated COHP (ICOHP) values were computed,
reflecting the overall orbital overlap between the metal atoms and adsorbed
oxygen species (Figure 7.17d). The Pd-based alloys present a more
favorable balance between bond strength and reactivity, consistent with
their superior OER activity. Collectively, these results demonstrate that the
upshift in egd, coupled with moderate ICOHP values and optimized d—p
hybridization, promotes effective charge redistribution and stabilizes
oxygen-containing intermediates, thereby enhancing catalytic performance.
7.8.7 Conclusion

In summary, we present a combined DFT and GNN framework to
accelerate the screening of late-transition metal-based TMgs nanocluster
alloys for ORR. By constructing a representative dataset of adsorption
energies (E,q4s) for key ORR intermediates, spanning a wide range from
0.26 to -8.68 eV, we evaluate the performance of three state-of-the-art GNN
models on nanoclusters with varying compositions and morphologies. Our
findings underscore the importance of GNN model optimization,
emphasizing the need to fine-tune baseline models to enhance sensitivity to
the underlying dataset. Among the evaluated models, DeeperGATGNN
achieved the highest predictive performance, with a mean absolute error of
0.27 eV. Through a comparative scalability analysis, we demonstrate the
advantages of SOTA GNNs in capturing complex, compositionally diverse
datasets, owing to their learned rather than explicitly defined
representations. We further report the non-monotonic ORR activity trends
by incorporating physics-based d-band descriptors, such as the coupling
matrix (VZ;) and the d-band center and identify their optimal regions in
alignment with the d-band theory. Additionally, we employ an
unsupervised machine learning approach to identify the breakdown of
linear scaling relationships and to derive optimal E,4s cutoffs for each
intermediate. Finally, we analyze the electronic structures of key

intermediates using PDOS and COHP analysis to assess the role of d-p
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orbital hybridization in enhancing charge distribution and intermediate

stabilization.
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Chapter 8

8.1 Scope for Future Work

The future scope of this work lies in advancing a unified framework to
capture the dynamic ON and OFF states of ligand-protected gold
subnanoclusters under realistic electrochemical conditions. The proposed
direction emphasizes the development of accelerated dynamics simulations
driven by machine-learning interatomic potentials to resolve time-
dependent structural and electronic transformations that are inaccessible
through static first-principles approaches. A key focus will be on
establishing a reliable training protocol capable of describing ligand
passivation and depassivation events, including bond dissociation and
reformation processes that govern catalytic switching behavior. This will
enable a detailed understanding of the true nature of ligand-based metal—
passivation networks and the dynamic evolution of core—shell architectures

across different cluster sizes.

[ Scope of Future Work ]

4 ML-Driven Dynamics ) (ProvideAtomistic Insights\
iRing: Auyg X
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Adsorption Energies

Figure 8.1: Schematic illustration of the proposed framework for exploring
ON/OFF catalytic states in ligand-protected gold nanoclusters. The scheme
highlights ML-driven accelerated dynamics for capturing ligand
passivation and depassivation, atomistic insights into electronic
redistribution and structural evolution, potential- and pH-dependent
stability analysis via Pourbaix diagrams, and automated microkinetic

modeling. Together, these elements aim to establish a predictive
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understanding of structure—dynamics—activity relationships and extend
applications toward ORR/OER catalysis.

The methodology will be extended to quantify how these dynamic states
influence adsorption energetics and reaction pathways relevant to oxygen
reduction and oxygen evolution reactions. Higher intermediate coverages
and potential-dependent stability will be systematically explored using
Pourbaix diagram analysis to bridge atomistic insights with electrochemical
environments. Finally, the integration of automated microkinetic modeling
will allow direct translation of atomistic dynamics into reaction rates and
activity trends, offering a predictive link between structural fluxionality and
catalytic performance. Collectively, this future work aims to establish a
transferable and data-driven paradigm for understanding and designing
subnanometer  electrocatalysts  beyond  static  structure—activity

relationships.
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