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Abstract  

A prevailing challenge in computational catalyst design is to discover nanostructures which are 

thermodynamically stable and synthesizable in practice. Important metrics for the stability of 

nanostructures include the chemical potential of supported nanoparticles, cohesive energies of 

nanoparticles, surface and adhesion energies of crystal planes that bound the nanoparticle, and 

segregation energies in bimetallic nanoparticles. Ab initio methods can accurately calculate these 

metrics but are computationally intensive due to the large configurational space that these 

nanostructures span. Moreover, sub-nm nanoparticles are structurally flexibility under reaction 

conditions. Hence, physics-based & machine-learning-derived data-driven approaches are 

becoming prevalent to determine the stability of nanostructures. In this review we discuss the 

recent advances in data-driven methods to predict stability metrics of nanoparticles. 

 

Highlights 

• Overview of data driven methods to compute nanoparticle stability metrics. 

• Stability metrics include chemical potentials and cohesive energies of nanoparticles, 

surface energies of crystal planes, adhesion energies of supported nanoparticles, and 

segregation energies in bimetallic nanoparticles. 

• Physics based and machine learning approaches are employed to predict the stability 

metrics of both atomically dispersed clusters and large nanoparticles. 
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1. Introduction  

Reactivity, selectivity & stability represent the holy trinity in heterogeneous catalysis but are 

rarely studied concurrently. While the computational design of reactive and selective nanoparticle 

catalysts is well-established [1,2], considerations for nanoparticle stability in high-throughput-

screening have emerged more recently [3-13]. An enduring challenge in in silico catalyst design 

is to design nanoparticles that are: (1) thermodynamically stable under reaction conditions and (2) 

synthesizable in practice. The first step in determining the potential synthesizability of 

nanoparticles is to evaluate their thermodynamic stability. For sub-nm particles, low energy 

metastable structures are accessible under temperatures typical to thermal catalysis [11,14]. 

Therefore, while determining thermodynamic stability, it is necessary to focus on both global 

minima and low energy isomers of nanoparticles. Catalytic nanoparticles span a wide range of 

sizes, shapes, compositions, and chemical ordering. While first-principles methods like density 

functional theory (DFT) can accurately evaluate the thermodynamic stability of these 

nanostructures; these methods remain computationally intensive. To reduce computational cost, 

data-driven models for evaluating nanoparticle stability metrics have emerged.  

This focused review covers data-driven models for determining four metrics of nanoparticle 

stability, namely: (1) the chemical potential of supported nanoparticles [3,15,16], (2) cohesive 

energies of nanoparticles [7,10,13,17-20], (3) surface and adhesion energies of crystal planes 

which bound the nanoparticle [3,4,8,15,21,22], and (4) segregation energies in bimetallic 

nanoparticles [5,6,10]. The cohesive energy is the energy gained in forming a nanoparticle from 

metal atoms in the gas phase, thus indicating nanoparticle stability. Surface and adhesion energies 

represent the energies required to cleave crystal planes from bulk structures and to separate a metal 

nanoparticle from its support respectively. Segregation energies represent energy changes due to 

re-ordering of atoms in a bimetallic nanoparticle. We discuss these stability metrics for both sub-

nm clusters and larger nanoparticles (diameters > 2 nm). Data-driven methods for determining 

nanoparticle stability will open avenues for operando computational design [23]; wherein rates 

and selectivity are evaluated on catalyst structures that exist under reaction conditions.  
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Figure 1: (a) Ag nanoparticle supported on MgO (100). Stability metrics like chemical potential, 
cohesive energy, adhesion energy, and surface energy are marked. Ag, Mg, and O are depicted in 
grey, green, and red respectively. (b) Experimentally measured chemical potential of Ag supported 
on MgO (red points). The solid black line indicates estimates from equation 1. Reprinted with 
permission from Ref [16]. Copyright (2021) American Chemical Society. (c) Adhesion energies 
of different metals on a given support are directly proportional to the metal oxophilicity (equation 
2). Reprinted with permission from Ref [3]. Copyright (2017) American Chemical Society. (d) 
Adhesion energies at a given oxophilicity for different supports are inversely proportional to the 
reducibility of the support (equation 3). Reprinted with permission from Ref [3]. Copyright (2017) 
American Chemical Society. 
 

2. Predicting the chemical potential of supported nanoparticles from experiments 

The chemical potential of nanoparticles has emerged as a descriptor for both their reactivity 

towards small molecules and for sintering [16]. Experiments [3,15,16] and computational reports 

[22,24] indicate that metal nanoparticles with higher (lower) chemical potential bind adsorbates 
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strongly (weakly). Such stability-reactivity relations have also been experimentally observed on 

perovskites [25]. Campbell et al. [3] expressed the chemical potential of a supported metal 

nanoparticle using equation 1.  

 

𝜇(𝐷) = &(3𝛾! − 𝐸"#$) +1 +
%!
%
./ &'"

%
+ (∆𝐻()* − ∆𝐻()*∗)                  (1) 

 

For a given nanoparticle diameter (𝐷), the chemical potential (𝜇) is computed using the surface 

energy (𝛾!), metal-support adhesion energy (𝐸"#$), molar volume (𝑉!), and a correction factor 

(𝐷+ » 1.5 nm) for size effects [26,27] prevalent in nanoparticles smaller than ~ 4 nm. For metals 

like Ni, an additional term (∆𝐻()* − ∆𝐻()*∗) accounts for the difference in the sublimation energy 

between the bulk phase of the nanoparticle (e.g., hcp) and the most stable bulk phase of the metal 

(e.g., fcc) [16]. Since 𝛾!, 𝑉!, and ∆𝐻()* are available in databases, equation 1 yields the chemical 

potential of arbitrary supported metal nanoparticles provided 𝐸"#$ and, if applicable, ∆𝐻()*∗ are 

known. Campbell et al. [3] predicted the 𝐸"#$ using simple correlations involving physicochemical 

properties of supported metal nanoparticles as inputs (Figure 1). For a given support (e.g., MgO) 

and different transition metals, they observed a linear correlation (equation 2) between the 

experimentally measured 𝐸"#$ and the metal oxophilicity (X). The metal oxophilicity per area is 

the heat of formation of the metal’s most stable oxide from metal and oxygen atoms in the gas 

phase. This oxophilicity (X) is computed as the difference between the metal sublimation energy 

(∆𝐻()*,-) and the heat of formation of its most stable oxide (∆𝐻.,!/0). 
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             (2) 

𝐸"#$,			789& = −0.333	∆𝐻:;#,/0<)= + 266                     (3) 

 

For a given metal oxophilicity (e.g., X = 12 in equation 3), the 𝐸"#$ across different oxide supports 

correlate linearly with the reducibility of the support (equation 3). The reducibility is determined 

from the enthalpy of reduction of the oxide support to its next lowest oxidation state (∆𝐻:;#,/0<)=). 

The correlation in equation 3 has a negative slope, indicating that weakly adsorbed oxygen atoms 

in reducible oxides form stronger bonds with the metal atoms of the nanoparticle. This explanation 
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is congruent with the bond order conservation principle [28]. Equations 1, 2, and 3 form a general 

model to estimate the chemical potential of supported metal nanoparticles having arbitrary sizes. 

This model predicts chemical potentials with errors of 10-20 % [3].  

 

The experimentally derived correlations in equations 2 and 3 have guided first-principles-based 

statistical learning approaches [4,29-32] which estimated the adhesion energies of transition metals 

on oxide supports. Statistical models [4,29-32] based on these experiments [3,15,16] uncovered 

similar features driving metal/support adhesion; namely, the oxophilicity of the metal, the 

reducibility of the support, and the density of oxygen atoms. Hence, the experimentally measured 

chemical potential of metal atoms can calibrate the statistical learning models, thereby increasing 

their accuracy.  

 

3. Computing the cohesive energies of metal nanoparticles 

Cohesive energies of nanoparticles have a similar interpretation as the chemical potential of 

nanoparticles discussed in section 2. The magnitude of the cohesive energy reflects the overall 

stability of a nanoparticle, referenced to metal atoms in the gas phase. More stable nanoparticles 

have higher magnitudes of cohesive energies. Structure-energy relationships to estimate cohesive 

energies of nanoparticles have been derived using physics-based [7,10,13,17,18,20,33] and 

machine-learning-approaches [19,34]. From the wide range of approaches already established, we 

highlight two methods to predict cohesive energies.  

Yan et al. [13] developed the bond centric model which predicts the cohesive energy (CE) of 

bimetallic nanoparticles in terms of the bulk cohesive energy (𝐶𝐸>)?@	) and coordination numbers 

(𝐶𝑁A 	or 𝐶𝑁B) of each metal, i and j (equation 4). This model is derived from the square-root bond-

cutting model [13]. The bond centric model splits the cohesive energy into half bond energy 

contributions for each metal, i and j. These contributions are fused together using metal dependent 

weights (γi, γj). Equation 4 can determine the cohesive energies of bimetallic nanoparticles having 

different morphologies, compositions & chemical ordering. The weights, γ, are computed using 

bond dissociation energies of bimetallic clusters derived from either experiments or theory [13]. 

We note that the bond centric model captures the DFT energetics accurately for CuAg bimetallic 

systems (Figure 2a).  



6 
 

 

𝐶𝐸	 = 	
∑ 	D.	×	

/01%234.	
/6.

F/6.
7,

(
7 G	D8	×	

/01%2348	
/68

F/68
7,

H
               (4) 

 

Since equation 4 is analytical, it was recast within a mixed-integer linear program to identify 

optimally stable nanoparticles [35]. For bimetallic clusters, the optimization problem was 

decomposed into a mixed-integer linear program which optimized the chemical ordering, and a 

simulated annealing framework which modified cluster shapes [36]. These two steps were 

combined within an iterative co-optimization process (Figure 2b) and used to quantify how the 

size and composition of AgCu, AuAg and CuAu nanoclusters influences their overall cohesion 

[36]. Maximizing the stability of nanoparticles by modifying their composition can also be 

achieved using a genetic algorithm [17]. 

The alloy stability model proposed by Abild-Pedersen and co-workers [7,10,20,37,38] partitions 

energies of metal atoms into contributions arising from individual metal-metal bonds 

(a A8IJJ:#AH"KAJH	H)-*;:
L8(AK;	A#;HKAKM ). This model explicitly considers the coordination numbers of nearest 

neighbours with mean-field treatments for compositional variations. Streibel et al. [20] 

incorporated strain effects within this approach. The energies of metal atoms, in turn, yield the 

stability of atomic sites, cohesive energies, and surface energies. Since these coordination-based 

models were derived from extended surfaces and bulk structures, they have limited accuracy for 

disordered structures and for particles below ~2 nm [26,27]. For nanoparticles below 2 nm, the 

machine learning approach proposed by Lamoureux et al. [7] outperforms the linear form of the 

alloy stability model. A genetic algorithm was used to identify the five most-important features 

for describing metal-metal interactions in the machine learning model. These features include 

readily available properties like interatomic distances, coordination numbers, atomic numbers, etc. 

Figure 2c illustrates how features of the machine learning model evolve with increasing 

nanoparticle size. As the nanoparticle size increases, interatomic distances and bond angles 

diminish in importance while the importance of chemical composition and coordination numbers 

is enhanced.  
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Figure 2: (a) Parity plot between model predicted (Bond Centric and Square-root Bond Cutting 
models) and DFT-derived cohesive energies for CuAg nanoparticles. Labels indicate total number 
of atoms in the nanoparticle and the percentage of Ag in the CuAg nanoalloys. Reprinted with 
permission from Ref. [13]. Copyright 2018 American Chemical Society. (b) Two-step 
optimization strategy for identifying bimetallic nanoclusters with high cohesive energies. 
Reproduced from Ref. [36] with permission from the Royal Society of Chemistry. (c)  Evolution 
of best-performing features with increasing particle size. In the sub-nanometer to nanometer size 
regime, machine learning models are needed to accurately determine stability metrics. These 
models use features like the site identity (Zsite), site coordination number (CNsite), interatomic 
distances, bond angles, etc. As the nanoparticle size increases, structural features diminish in 
importance with the site identity and the site coordination number remaining as the two most 
important features. Reproduced from Ref. [7] with permission from the Royal Society of 
Chemistry. 
 

Although predicting nanoparticle stability in vacuum is well-established, further progress in 

determining nanoparticle stability under reaction conditions is necessary, to bridge the materials 

gap in catalysis. Cohesive energy models integrated with optimization algorithms [35,36] enable 

the inverse design of nanoparticles; wherein the chemical structure is optimized such that a pre-

specified cohesive energy is obtained.  
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4. Estimating surface energies, adhesion energies, and segregation energies 

The nanoparticles discussed in earlier sections can be deconstructed into crystal planes which 

bound their surfaces. The stability of these crystal planes is reflected by their surface energy. The 

surface energy is a fundamental property that influences nanoparticle equilibrium morphology [1], 

surface stability against reconstruction [39] and segregation [6]. Ma et al. established a method 

based on chemical intuition to predict surface energies using the concept of generalized atomic 

valence [21]. Surface energies are represented by a simple geometric descriptor - the degree of 

surface undercoordination. The degree of surface undercoordination quantifies the disorder of 

intermolecular bonds based on the coordination environment of surface atoms. Their model 

predicted surface energies of body-centred cubic (BCC), face-centred cubic (FCC), and hexagonal 

close-packed (HCP) transition metal surfaces with a root mean standard error of 0.087 J/m2 

(Figure 3a). This model was extended to other high-index non-symmetrical facets and used to 

estimate the equilibrium crystal morphology for group VIII transition metals. In contrast to 

monometallic structures, the cleavage of intermetallic bulk alloys along crystal planes yield 

asymmetric slabs. The surface energy of these slabs is termed as the cleavage energy. Palizhati et 

al. [8] formulated an ab initio workflow to predict cleavage energies of intermetallic alloys using 

high-throughput DFT and a crystal graph convolutional neural network. They predicted the 

cleavage energy of 3033 intermetallic alloys with combinations of 36 elements and 47 space 

groups with a mean absolute test error of 0.0071 eV/A2. 

Metal nanoparticles are anchored on supports to prevent sintering and exploit electronic metal-

support interactions for chemical reactions [40,41]. In such cases the adhesion energy between the 

metal and support determines the particle shape & energetics. Dietze et al. [4] proposed an intuitive 

model (equation 5) to predict adhesion energies (𝐸"#$) for a given metal−oxide system using two 

descriptors: (1) the adsorption energy of atomic oxygen on clean metal surfaces (𝐸"#(J:=KAJH(𝑂)) 

& (2) the concentration of interfacial oxygen atoms making interface metal-oxygen bonds (𝑐/). 

These descriptors are consistent with experimental models [3,15,16] discussed in section 2. Figure 

3(b) shows the parity plot depicting model predicted and DFT calculated adhesion energies of 

metal films on oxide supports. 

𝐸"#$ ≈	 J𝐸"#(J:=KAJH(𝑂)𝛼 + 	𝛽M𝑐J                (5) 



9 
 

 

Figure 3: (a) Comparing DFT-derived and model-predicted surface energies (γ) using the concept 
of generalized atomic valence for relaxed surfaces. Reprinted with permission from Ref. [21]. 
Copyright (2020) American Chemical Society. (b) Parity plot depicting predicted and calculated 
adhesion energies of metal films on oxide supports using the adsorption energy of oxygen on the 
metal as a descriptor. Reprinted with permission from Ref. [4]. Copyright (2019) American 
Chemical Society. (c) Four morphologies of bimetallic nanoparticles based on segregation 
patterns: mixed, low-level core−shell, high level core−shell, and Janus-like core-shell structures. 
The cross-sectional view is on the right side. Reprinted with permission from Ref. [5]. Copyright 
(2021) The Authors. Published by American Chemical Society. (d) Segregation preferences for 
bimetallic nanoparticles classified according to the four morphologies shown in (c). Reprinted with 
permission from Ref. [5]. Copyright (2021) The Authors. Published by American Chemical 
Society. 
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For bimetallic nanoparticles, the energy needed to alter the relative ordering of the two elements 

is called as the segregation energy. Segregation energies of bimetallic nanoparticles dictate their 

preference to form mixed, low level core−shell, high level core−shell or Janus-like core structures 

[5] (structures in Figure 3c) and thus play a crucial role in nanoparticle synthesis and applications 

[42]. Using molecular dynamics and Monte Carlo simulations, Eom et al. [5] determined trends in 

how core−shell preferences change with metal composition for 45 bimetallic systems (Figure 3d). 

Using principal component analysis and linear discriminant analysis they found that both the 

Wigner−Seitz radius difference and cohesive energy difference together dictate the degree of 

segregation in an “additive” manner. Each element was scored with a higher score provided for a 

large cohesive energy and a smaller radius. The elements are arranged in the order of increasing 

score (left to right/ top to bottom in Figure 3d) to form a lower triangular matrix. Mixed structures 

lie along the diagonal & the highly segregated Janus-like structures lie near the right-angled vertex. 

Segregation energies can be predicted using adsorption energies of molecular fragments. Liu et al. 

[43] observed that the segregation energies in bimetallic systems scale linearly with the difference 

between the adsorption energy of CO2 hydrogenation intermediates on the two pristine metal 

surfaces that compose the bimetallic structure. Farsi et al. [6] developed a statistical model which 

predicts the segregation energy of transition metal dopants. This model uses as inputs the d-band 

width (𝑊>), d-band filling of the dopant (𝑁>), coordination number in the surface (𝑍<) and in the 

bulk (𝑍>), elastic energy release PQ+:1
:9
.
N
− 1R

&
𝑟ONS, and the surface energy (𝐸<):."I;!;K"? ) difference 

of the host and the dopant. Equation 6 can distinguish segregation patterns in different stepped 

and terraced surfaces (including (100), (111), (110) & (210)). 

𝐸<;P:;P"KAJH>→O = 𝛽+ +	𝛽9𝑊> +	𝛽&𝑁> +	𝛽N	J𝐸<):."I;> −	𝐸<):."I;O M +	𝛽R Q+
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:9
.
N
− 1R

&
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,U                  (6) 

 

Accelerated schemes to determine surface energies [8,21,38], adhesion energies [4], and 

segregation energies [6,10,17,36] can generate equilibrium morphologies of bimetallic 

nanoparticles on-the-fly. Computational models employing such nanoparticle morphologies for 
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catalysis studies are a step-change from ubiquitous low-miller-index crystal planes. For 

nanoparticles in the sub-nm size regime, special approaches are needed. These approaches are 

discussed in section 5.  

5. Evaluating the stability of atomically dispersed catalysts 

Atomically dispersed catalysts maximize precious metal loading while unlocking unique catalytic 

properties [44]. Predicting the thermodynamic stability of atomically dispersed catalysts is 

essential to both establish the driving force for sintering [30,31], and to find metastable states 

beyond the global minimum which contribute to reaction rates [11,14]. We discuss data-driven 

approaches to estimate stability metrics of single atom alloys, single atoms adsorbed on supports, 

and of supported sub-nm clusters. 

 

Rao et al. [9] determined whether promoters added to a transition metal host preferentially exist as 

single atom alloys, dimers, single atoms in the subsurface, or as adatoms. Their best performing 

model (errors ~ 0.2 eV) integrates a physics-based bond counting approach with a machine learned 

error correction term. This hybrid approach enables accurate transferability to new structures 

without changing the input vector. Han et al. [45] predicted the stability of single atom alloys in 

the presence of adsorbed hydrogen using compressed sensing. This method generates new 

descriptors by combining low-cost primary features (e.g., cohesive energy, d-band centre, 

ionization potential etc.) with mathematical operators (e.g., +, -, ∙, and ⁄). It would be exciting to 

unleash such techniques originally formulated for extended surfaces, onto nanoparticles, to 

uncover if quantum- and finite-size effects stabilize different compositions of single atom alloys. 

 

The stability of single site catalysts dispersed on oxide supports is governed by adsorption energies 

[29-32] and diffusion barriers [46] of metal atoms. O’Connor et al. [31] forecasted the adsorption 

energies of single metal atoms on oxides using compressed sensing. Compressed sensing 

operations indicate that the adsorption energies of metal atoms depends on the metal oxophilicity 

(enthalpy of oxide formation), and the oxide reducibility (oxygen vacancy formation energy in the 

support). These features are consistent with experiments [3,15,16] (Figure 1) and linear models 

[4]. Descriptors for metal-support interaction established for single atoms on one support (MgO) 

were transferable to chemically similar supports (CaO, BaO, ZnO), demonstrating the robustness 

of this method [30]. Data-driven approaches also generate intuitive, physically interpretable 
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models. Su et al. [46] used feature selection methods and genetic programming to build a scaling 

law for the diffusion barriers of d-block single metal atoms on diverse supports (equation 7). This 

empirical relationship expresses diffusion barriers (𝐸") using both the metal adsorption energy 

(𝐸*AH#) and the metal cohesive energy (𝐸U) as descriptors.  

 

𝐸" = 0.636 V&.:;
,

V/
− 0.203                (7) 

 

 
 

Figure 4: (a)-(b) Low energy metastable structures for bare Pt13 and H* covered Pt13. Pt and H 
atoms are in grey and pink respectively. The three lowest energy structures are shown. Reprinted 
with permission from Ref. [11]. Copyright (2018) American Chemical Society. (c) Multiscale 
model which unites different Hamiltonians for determining the stability of CO* covered sub-nm 
Pt particles. The energy outputs from the Hamiltonians and DFT-calculated diffusion barriers are 
inputs to kinetic monte carlo simulations. Reprinted with permission from Ref. [12]. Copyright 
(2021) The Authors. Published by Springer Nature.  
 
Single atom catalysts can sinter under reaction conditions forming sub-nm clusters [12]. Under the 

high temperatures prevalent in catalysis, isomers of sub-nm clusters interconvert across several 

low energy metastable structures [11,14]. Such low energy metastable clusters often dominate the 
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overall rate [11]. Data-driven approaches are necessary to exhaustively sample these metastable 

structures and to efficiently evaluate their stability. Sun et al. [11] modified a genetic algorithm, 

which typically identifies global minima, to specifically find low energy metastable structures. 

This genetic algorithm is powered by a high dimensional neural network potential [11,47]. This 

potential computes the total energies of the clusters using symmetry functions based on the local 

chemical environment. Sun et al. [11] deployed these sampling and energy prediction methods to 

identify low energy metastable Pt structures in vacuum (Figure 4a) and in the presence of 

hydrogen (Figure 4b). These metastable structures displayed higher rates for hydrogen evolution 

and methane activation. While the thermodynamic stability of sub-nm clusters is important, their 

morphological changes are kinetically controlled. Wang et al. [12] formulated a multiscale model 

(Figure 4c) to investigate the dynamics of Pd nanoclusters supported on CeO2. Their approach 

integrates two cluster expansion Hamiltonians which determine the energies of bare Pd clusters 

and CO* covered clusters respectively. Sub-nm clusters are sampled using a genetic algorithm and 

the cluster expansion is trained using active learning, thus reducing computational cost. The 

diffusion barriers for Pd atoms and clusters are computed using density functional theory. The 

Hamiltonian models and diffusion barriers are inserted into kinetic Monte Carlo simulations, 

which determine the cluster dynamics. This multiscale workflow reveals that in CO environments, 

single atoms sinter rapidly forming flat Pd clusters which are kinetically trapped.   

 

To effectively study the cluster dynamics of sub-nm catalytic nanoparticles, it is necessary to 

consider thermodynamic stability beyond the global minimum [11,12,34]. Data-driven approaches 

are vitally important in these tasks because they can (1) predict cluster stability on-the-fly 

[7,11,14,34], (2) efficiently sample metastable sub-nm clusters [11,34], and (3) uncover new 

structure-function relationships [30,31,45,46].  

 

6. Outlook  

Data-driven methods have enabled us to predict stability metrics of nanoparticles [3-5,7-

11,13,20,30,34,36,38] with computational efficiencies on-par with evaluating descriptors for 

catalytic reactivity [28,48,49]. While these models predict internal energy changes with near-DFT 

accuracy, further developments are needed for estimating the entropy of nanoparticles. Can we 

build semi-empirical models to evaluate the entropy of the collective dynamics of metal atoms 
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[50] without needing molecular dynamics? These contributions to entropy are important for 

structurally flexible nanoparticles below ~ 2 nm diameters and for nanoparticles at elevated 

temperatures. Integrating on-the-fly determinations for stability and reactivity will enable inverse 

design through catalytic-property → structure connections. Including thermodynamic 

(meta)stability as constraints in inverse design [51,52] will engender realistic outputs of 

nanoparticle structures for a pre-specified catalytic property. We note that synthesizability metrics 

for nanomaterials may not always depend on thermodynamic (meta)stability [53]. Shifting from 

nanoparticle (meta)stability to nanoparticle synthesizability will require new descriptors 

discovered through the unity of data-driven methods for (meta)stability, controlled nanoparticle 

synthesis, and operando characterization.  
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