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Two-dimensional transition metal borides (MBenes) have emerged as promising
anode materials for metal-ion batteries due to their intrinsic conductivity and structural
tunability. However, most existing studies focus on a limited set of compositions,
phases, and charge carriers, lacking a systematic and comparable assessment across
the full transition metal series. To address this gap, this thesis presents a
comprehensive computational screening of M;B, monolayers, where M spans 26
transition metals across four crystal phases, using density functional theory. A
consistent computational framework, combined with interpretable machine learning,
was employed to evaluate structural, electronic, and electrochemical properties. Pre-
screening based on cohesive energy, phonon stability, electronic conductivity, and ion
diffusion narrowed the candidate pool by half. Further electrochemical analysis
identified two promising groups: (1) Sc-, Ti-, and Y-based phases with high gravimetric
capacity and low open-circuit voltage (OCV); and (2) V-, Cr-, Mn-, and Fe-based phases
with low diffusion barriers and moderate OCVs. Interpretable ML models were used to
better understand the structure—property relationships governing cohesive energy and
OCV, revealing key performance descriptors. These findings demonstrate the potential
of M,B, MBenes for next-generation battery anodes and provide data-driven guidelines

for their rational design.
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CHAPTER |
INTRODUCTION

1.1 Research background and significance

Energy storage has become increasingly important due to the rising demand for
portable electronic devices, electric vehicles, and the growing use of renewable energy
sources such as solar and wind, which require storage systems to manage their
intermittent supply. To support these needs, battery technology must be efficient,
high-performing, and cost-effective, making them a key part of technological progress
across many industries (Ding et al., 2019; dos Reis et al., 2021). Among various battery
types, lithium-ion batteries (LIBs) have become the most widely used because of their
high energy density and well-developed technology. LIBs are currently the most
advanced option and come closest to meeting global requirements for energy density,
power output, and lifespan, although further improvements are still needed (Arico et
al,, 2005; Armand and Tarascon, 2008; Cheng et al., 2021; Dubal et al., 2015; Niu et al,,
2024; Tarascon and Armand, 2001; Weiss et al., 2021).

The working principle of LIBs involves the reversible movement of Li-ions
between the anode and cathode during charge and discharge cycles, as illustrated in
Figure 1.1. While Li-ions migrate through the electrolyte and separator, electrons flow
through an external circuit to power devices. These processes are driven by redox
reactions at both electrodes (Goodenough and Park, 2013). The effectiveness of this
process, and performance of LIBs, depends largely on the electrode materials,
especially the anode. An ideal anode should offer high Li-ion capacity, fast Li-ions and
electrons transport, structural stability over repeated charge-discharge cycles, and
chemical compatibility with the electrolyte. In addition, the anode’s electrochemical
potential strongly influences the overall cell voltage and energy density of the battery
(Landi et al., 2009). Therefore, optimizing anode materials remains crucial for advancing

the performance and cost-effectiveness of next-generation LIBs.



(A) Battery charging (B) Battery in use
Electron . .._§ypgly _____ _ Current Current . Electron
Flow | | Flow Flow | I Flow

Cathode(+) Anode(-) Cathode(+) Anode(-)
Cathode Anode Cathode Anode
Material Electrolyte Material Material Electrolyte Material

Figure 1.1 Schematic illustration of the components and operating principles of a

lithium-ion battery during (A) charging and (B) discharging (Menye et al., 2025).

Despite continuous advancement over the past several decades, commercial
LIBs still face inherent limitations. Graphite is widely used as the standard anode
material in current LIBs due to its excellent electrical conductivity, structural stability,
and low cost (Dahn et al, 1995; Endo et al., 2000). However, its relatively low
theoretical capacity of 372 mAh/g and sluggish Li-ion intercalation kinetics hinder fast-
charging performance and limit rate capability (Armand and Tarascon, 2008). Beyond
LIBs, alternative metal-ion batteries (MIBs) using carrier species such as Na, Mg, Al, or
Ca have attracted growing attention due to concerns over the rising cost and uneven
distribution of lithium resources (Delmas, 2018; F. Liu et al., 2021; Taylor, 1964). These
systems also offer potential advantages in energy density, for example, Mg-ion
batteries, as the Mg-ion can transfer two electrons per ion, enabling higher charge
storage compared to monovalent ions. However, graphite is generally incompatible
with these ions due to poor intercalation behavior, resulting from size mismatch and
strong electrostatic interactions (DiVincenzo and Mele, 1985). These challenges
highlight the urgent need for new anode materials that combine high capacity, fast ion
transport, structural stability, and compatibility with a broader range of carrier species
to support the development of next-generation, high-performance, and cost-effective
batteries.

Two-dimensional (2D) materials have garnered significant attention as promising
anode materials for MIBs due to their high surface area, short ion diffusion paths, and
excellent electronic conductivity (Bahari et al., 2021). Examples include graphene and
its derivatives (Kucinskis et al., 2013; Liang and Zhi, 2009; Ling and Mizuno, 2014),
borophene (Jiang et al,, 2016; Zhang et al.,, 2016), transition metal dichalcogenides



(Hwang et al, 2011; Jing et al, 2013; Yang et al, 2015), and transition metal
carbides/nitrides known as MXenes (Ghidiu et al,, 2014; Tang et al,, 2012; Xie et al,,
2014; D. Xiong et al,, 2018). Among these, MXenes stand out due to their metallic
conductivity, high ion mobility, suitable operating voltage, and tunable composition
and surface chemistry (Tang et al., 2012). MXenes are one of the few 2D materials that
have been both synthesized and tested as anodes in LIB systems (Aghamohammadi
and Khazaeli, 2024; Chy et al., 2024; D. Xiong et al., 2018). Their layered structure and
tunable surface chemistry also make them suitable for alternative metal-ion systems
like Mg-ion batteries (Zhao et al., 2019). These advantages, along with their ability to
form stable composites, contribute to their strong electrochemical performance.

A newly emerging class of 2D materials known as MBenes has attracted
attention as promising candidates. MBenes share a similar concept with MXenes as 2D
layered transition metal compounds, but are composed of metal borides instead of
carbides or nitrides (Bandaru et al., 2023; Guo et al., 2017). The substitution of lighter
boron atoms in place of carbon or nitrogen is expected to provide higher theoretical
capacities due to a lower atomic weight. The unique bonding nature of boron enables
MBenes to form a wide range of complex crystal structures, often more diverse than
MXenes (Braunschweig and Colling, 2001; Sun et al., 2017) Figure 1.2 illustrates the
structural comparison between a representative hexagonal MXene (M5C,) and MBenes
(M,B,) across different crystal phases, highlighting the structural diversity of MBenes (Bo
et al,, 2018, 2019; Guo et al., 2017; Tang et al., 2012). In addition, experimental studies
have reported encouraging performance for Mo,B, MBene, showing good Li storage
capacity and cycling stability, in some cases outperforming MXenes (Miao et al., 2023;
W. Xiong et al.,, 2022). However, experimental studies on MBenes remain limited,
primarily due to challenges in synthesis and scalable production of these materials.

To accelerate the discovery and support experimental research on MBenes,
Density Function Theory (DFT) has become an indispensable tool for predicting
material properties at the quantum mechanical level. It offers fast and reliable
estimates of anode properties, including structural stability, electronic structure,
storage capacity, open-circuit voltage, and ion diffusion barrier (Bahari et al., 2021). At

the initial stage of computational research on MBenes, orthorhombic Mo,B, and Fe,B,



(Guo et al,, 2017) and hexagonal Ti,B, (Bo et al., 2018), were suggested as promising
candidates for MIB anodes due to their favorable calculated properties. Subsequent
computational screening of hexagonal M,B, compounds (M = 3d and 4d transition
metals), suggested that hexagonal Sc,B, possesses favorable anode characteristics,
including high capacity, low reaction voltage, and good electronic conductivity (He et
al,, 2021). In addition to orthorhombic and hexagonal M,B,, many computational
studies have investigated other MBene compositions and phases—including M,B, MB,,
MB3, MBg4, and MBs—demonstrating a wide range of structural and electronic properties
with potential for MIB applications (more details in Section 2.4).

Despite over 40 computational studies in the past eight years, most research
has focused on individual compositions without establishing clear trends or
generalizable structure-properties relationships. Moreover, variations in computational
setups, such as differences in functionals, supercell size, and adsorption models,
introduce inconsistencies that can make direct comparisons across studies challenging
and often unreliable. As a result, it remains challenging to build a unified understanding
of MBene behavior across different compositions and crystal phases. There is a need
for systematic screening using consistent computational setups. A homogenous
database would allow fair comparison across compositions and phases, while also

support the development of statistical models to reveal key structure-property trends.

M;C, MXene M,B, MBene

hexagonal  orthorhombic hexagonal trigonal tetragonal

Figure 1.2 Comparison of crystal structures between a typical MXene and various
MBene phases. a) MsC, MXene in hexagonal phase (Tang et al., 2012). b-e) M,B, MBenes
in orthorhombic, hexagonal, trigonal, and tetragonal phases (Bo et al., 2018, 2019; Guo
et al,, 2017). Transition metal (M), boron (B), and carbon (C) atoms are shown in purple,

orange, and gray, respectively. Slight color shading is used to enhance visual clarity.



To address these challenges, this study systematically screens a wide range of
MBenes with the M,B, composition as potential anode materials for MIBs. Transition
metals from the 3d, 4d, and 5d series are considered across four crystal phases. By
applying a consistent DFT-based workflow, the study evaluates structural and
electrochemical properties. These results are used to suggest promising MBene
candidates for storing carrier species ions and to develop a structure—property model
that can support the rational design of next-generation MBene-based anodes. The

specific objectives and scope are described in the following sections.

1.2  Research objectives

l.  To systematically screen M,B, MBenes with varied compositions and crystal
phases as potential anode materials for metal-ion batteries using DFT, and to
suggest promising candidates based on their predicted anode properties.

Il.  To develop statistical or machine learning models for better understanding
some material-property relationship and identifying the important descriptors

from the computed dataset.

1.3  Scope and limitations

This thesis focuses on the computational screening of MBene materials with
the M,B, chemical composition, where M represents a transition metal from the 3d
(Sc, Ti, V, Cr, Mn, Fe, Co, Ni, Cu), 4d (i.e., Y, Zr, Nb, Mo, Tc, Ru, Rh, Pd, Ag), or 5d (i.e.,
Hf, Ta, W, Re, Os, Ir, Pt, Au) series. M,B, is selected as the representative system due
to its frequent appearance in literature and demonstrated feasibility of synthesis. For
each selected element, four different crystal phases (orthorhombic, hexagonal,
trigonal, and tetragonal) are explored based on Mo,B, prototype structure.

The anode performance of these M,B, MBenes is evaluated for four carrier
species namely Li, Na, Mg and Al. Two broad categories of properties are assessed. The
first includes fundamental material characteristics such as structural stability evaluated
through cohesive energy and phonon band structure (to confirm the absence of

imaginary frequencies) and electronic conductivity, determined by the presence or



absence of an electronic band gap. The second category comprises properties
associated with metal-ion interaction: theoretical capacity is estimated by
incrementally adsorbing up to three layers of ions on both top and bottom sides of
the monolayer; open-circuit voltage (OCV) is calculated using the average voltage of
the first adsorption layer; and ion diffusion is analyzed using the climbing image nudged
elastic band (CI-NEB) method to identify energy barriers for ion migration between
adjacent adsorption sites. These descriptors provide a reliable and computationally
efficient framework for comparing and screening M,B, MBenes.

All calculations are carried out using Density Functional Theory (DFT) as
implemented in the Vienna Ab initio Simulation Package (VASP) (Kresse and
Furthmaller, 1996a, 1996b; Kresse and Hafner, 1993). The modellings employ a plane-
wave basis set along with projector augmented-wave (PAW) pseudopotentials (Blochl,
1994; Kresse and Joubert, 1999). The exchange—correlation energy is treated using the
Perdew—-Burke-Ernzerhof (PBE) functional within the generalized gradient
approximation (GGA) (Perdew et al., 1996). Standard parameters settings are applied,
with further computational details provided in section 3.4.2.

This thesis has two primary limitations. First, the storage of carrier species is
modeled using a surface adsorption mechanism on monolayer M,B, structures.
Although intercalation between layers could occur in multilayer systems, it is not
considered here due to the focus on single-layer MBenes. Additionally, it is assumed
that adsorption of carrier species does not alter the lattice parameters of the M,B,
monolayer during relaxation. Second, all calculations are conducted under vacuum
conditions, meaning that potential interactions between the electrode material and
the electrolyte (solvent) are neglected. These simplifications may limit the accuracy of
predicted performance metrics when compared to real-world battery conditions,
where factors such as multilayer intercalation and electrolyte interactions can

significantly influence material behavior.
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CHAPTER Il
LITERATURE REVIEW

2.1  Overview of metal-ion batteries

Metal-ion batteries (MIBs) encompass a broad category of rechargeable
batteries that store and deliver energy through the reversible transport of metal carriers
between two electrodes. Among them, lithium-ion batteries (LIBs) represent the most
established and commercially mature system. A conventional LIB comprises four
essential components: anode, cathode, electrolyte, and separator (see Figure 2.1). The
cathode typically consists of Li-based transition metal compounds, such as lithium
cobalt oxide (LiCoO,), which acts as a Li source. The anode is commonly graphite,
serving as the host material for Li-ions during charging. The electrolyte comprises Li
salt dissolved in an organic solvent, enabling ion conduction between the electrodes.
A porous polymer separator electrically isolates the electrodes while allowing ion
conduction, thereby preventing short circuits and ensuring battery safety.

The operation of LIBs governed by interconversion of chemical and electrical
energy through redox reactions occurring at the electrodes during the charge and
discharge processes (Deng, 2015). Upon charging, Li-ions (Li*) are extracted from the
cathode (e.g., LiCoO,) and inserted into the anode host (typically graphite), where they
are stored as Li,Cs. This process is driven by an externally applied potential, which
forces electrons to flow from the cathode to the anode through external circuit, while
Li* migrates through the electrolyte across the separator to maintain charge neutrality.
When the battery is discharged, such as when powering an electronic device, the
stored Li" are released from the anode and travel back through the electrolyte toward
cathode, propelled by the electrochemical potential difference between the
electrodes. Simultaneously, electrons flow from the anode to the cathode through
the external circuit, performing useful electrical work. This coupling of ionic and
electronic motion enables continuous current generation until the electrochemical

potentials of the electrodes equalize. The process is reversible: applying a charging
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voltage once again drives Li" ions back into the anode and restores the battery to its
high-energy state. The fundamental half-cell reactions at each electrode are as follows
(Goodenough and Park, 2013):

Anode (e.g. graphite) reaction:  C¢ + xLi* + xe” € Li,C4

Cathode (e.g. LiCoO,) reaction: LiCoO, € Li,CoO, + xLi* + xe”
While charging, both reactions proceed from left to right: Li* are extracted from LiCoO,
and intercalated into graphite. During discharging, the reactions proceed from right to
left: Li* de-intercalate from graphite and return to the LiCoO, structure. The overall
cell voltage arises from the difference in redox potential between the cathode and

anode reactions, which defines the energy storage and delivery mechanism of LIBs.
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Figure 2.1 Schematic illustration of the working principles of a lithium-ion battery,
showing the directions of lithium-ion and electron flow during discharge (top panel)

and charge (bottom panel) processes (Michael M. Thackeray et al., 2012).
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As the demand for LIBs continues to grow, especially in electric vehicles and
renewable energy storage, it is expected that current LIB technology will soon reach
its energy density limit and may no longer be able to meet future needs (Berg et al,,
2015). Another important issue is the limited amount and uneven distribution of
lithium resources in the world. This can lead to higher prices and possible shortages
as more batteries are needed (Delmas, 2018; F. Liu et al., 2021; Taylor, 1964). Because
of these problems, researchers are looking for new types of batteries that are more
sustainable and affordable.

One important direction is the development of alternative MIBs. These
batteries work in a similar way to LIBs, using the movement of metal ions between the
anode and cathode during charging and discharging. However, instead of Li*, they use
other metal ions, such as Na*, Mg?*, or Al**, which are more widely available and
cheaper. For example, sodium-ion batteries (SIBs) are seen as good options for large-
scale energy storage, such as power grids, because Na is much more common and less
expensive than Li. They also have good performance and a long cycle life
(Chayambuka et al., 2020; Yabuuchi et al,, 2014). In addition, SIBs also have similar
electrochemical properties and can share the same manufacturing processes and
protocols as LIBs, which is beneficial for commercialization (Chayambuka et al., 2020).
Other types of MIBs use multivalent ions, like Mg®" or Al**. These ions can carry more
than one electron, which means they could store more energy in the same space
(Canepa et al., 2017; Guo et al., 2020; Jayaprakash et al., 2011). The lower reactivity of
Mg and Al 'and their compatibility with non-flammable aqueous electrolytes also make
these batteries much safer than Li-based ones (Matsui, 2011; F. Wang et al., 2017).

These alternative MIBs hold the promise of overcoming some of the limitations
of LIBs, thereby playing a crucial role in the future of energy storage technologies.
However, substantial research and development efforts are still required to address

their respective challenges and bring these technologies to commercial viability.

2.2  Anode materials
Anode materials play a crucial role in the operation of MIBs by serving as the

host for metal-ion intercalation and de-intercalation during charge and discharge
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cycles. Their properties significantly influence key battery performance, alongside
cathode materials and electrolytes. To be effective, an anode material must meet
several important criteria: 1) high reversible capacity to store a large number of metal
ions in a limited weight and space; 2) fast ionic and electronic conductivity to
support rapid fast charging and deliver high power density during discharging; 3) high
structural stability over multiple charge and discharge cycles to ensure that the
framework remains unchanged and prolongs battery lifespan; 4) suitable operating
potential that not only contributes to a high overall cell voltage, which is determined
by the difference between the cathode and anode potentials but also falls within the
stable voltage window of the electrolyte. Typically, operating potential of 0-1 V is
favorable for maximizing cell voltage and enhancing energy density for LIBs. It also
helps reduce safety risks by lowering the potential for electrolyte decomposition and
dendrite formation during cycling; and 5) cost-effectiveness and environmental
safety to ensure sustainable large-scale application (Xu et al., 2023). Therefore,
optimizing electrode materials is imperative for developing high-performance and cost-
effective batteries.

The ideal anode material for MIBs is metal itself, since it offers the highest
theoretical capacity and lowest reduction potential. For example, metallic Li delivers
extremely high theoretical specific and volumetric capacities of 3860 mAh/¢ and 2061
mAh/cm?, respectively, along with a low reduction potential of -3.04 V vs. standard
hydrogen electrode, resulting in extremely high energy density (Tarascon and Armand,
2001). However, the use of Li metal poses serious safety risk during the charge process,
particularly in organic electrolytes. The metallic Li tends to deposit in the form of high-
surface-area dendrites rather than homogenously, which can grow toward the cathode
and cause short circuits, potentially leading to fires or explosions. As a result, safer
alternatives have been developed to replace Li metal anodes in commercial batteries.

Currently, graphite is the most widely used anode material in commercial LIBs
due to its excellent electronic conductivity, high coulombic efficiency, low cost, and
natural abundance (Dahn et al., 1995; Endo et al., 2000). However, graphite also has
significant drawbacks. Its theoretical specific and volumetric capacities are limited to

372 mAh/g and 735 mAh/cm?, respectively, and its Li-ions intercalation kinetics are
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relatively slow, which restrict the rate capability and limit further increases in energy
densities for commercial LIBs (Armand and Tarascon, 2008). In addition, graphite
performs poorly with larger ions like Na-ions, which do not intercalate effectively into
its layered structure but instead mostly deposit over the anode surface by weak
interaction (DiVincenzo and Mele, 1985; Stevens and Dahn, 2001). These limitations
have motivated the search for alternative anode materials, especially for MIBs.

Beyond graphite, silicon and various alloy-based materials have been
investigated as high-capacity anode candidates for MIBs (Nzereogu et al., 2022). Silicon
anodes offer an extremely high theoretical capacity of 3579 mAh/gfor LIB and is both
earth-abundant and environmentally friendly (Chan et al., 2008). However, it suffers
from significant volume expansion and contraction up to 300% during lithiation and
de-lithiation, leading to mechanical stress, cracking, and capacity fading. Alloy anodes
such as germanium, tin, and phosphorus offer moderate theoretical capacities and
improved safety but face challenges from low electronic conductivity and high volume
changes up to 100% during cycling (Lao et al., 2017; Park et al., 2010).

Two-dimensional (2D) materials have attracted considerable attention as
promising anode materials for MIBs. Their atomically thin structures provide large
surface areas, short diffusion paths, and superior electronic conductivity, which are
advantageous for achieving fast charging and high power density (Bahari et al., 2021,
Lin et al.,, 2020; Mukherjee et al., 2018). Unlike bulk materials that rely on intercalation,
many 2D materials enable surface adsorption of metal-ions, which helps maintain
structural integrity over repeated cycles. Examples of 2D anode materials include
graphene and its derivatives (Kucinskis et al., 2013; M. Liang and Zhi, 2009; Ling and
Mizuno, 2014), silicene (Tritsaris et al., 2013) germanene (Sharma et al., 2018), stanine
(Wu et al., 2018), phosphorene (S. Zhao et al., 2014), borophene (Jiang et al., 2016; Y.
Zhang et al., 2016), transition metal oxides, transition metal dichalcogenides (Hwang
etal,, 2011; Jing et al,, 2013; E. Yang et al,, 2015), and transition metal carbides/nitrides
known as MXenes (Ghidiu et al., 2014; Tang et al., 2012; Xie et al., 2014; D. Xiong et
al.,, 2018).

Among these, MXenes have been extensively studied as MIB anodes due to

their unique combination of high electronic conductivity, excellent mechanical
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properties, chemical stability, and tunable properties by surface termination (Tang et
al,, 2012; D. Xiong et al., 2021; Y. Zhang et al,, 2024). Their 2D layered structure also
facilitates ion transport and surface adsorption. MXenes have shown potential for
various carrier species, including Li*, Na*, K*, Mg*, and Al**, making them suitable for
different MIB systems (Y. Zhang et al., 2024). However, they still face challenges such
as structural restacking, limited cycling stability, and the need for deeper understanding
of their working mechanisms (Aghamohammadi et al., 2022; Y. Zhang et al., 2024).
Inspired by the success of MXenes, a newly emerging class of 2D materials
called MBenes has attracted growing attention as promising candidates for MIBs. Similar
to MXenes, MBenes are layered transition metal compounds, but instead of carbides
or nitrides, they are composed of borides (Bandaru et al., 2023; Guo et al.,, 2017). The
substitution of lighter boron atoms in place of carbon or nitrogen is expected to result
in higher theoretical capacities due to the reduced atomic mass. While early studies
have shown promising electrochemical properties, fundamental understanding of their

synthesis, structure, and performance as anode materials is still in the early stages.

2.3 MBenes as emerging anode materials

MBenes, derived from layered transition metal borides, are an emerging class
of materials known for their unique properties and versatile applications. Thanks to
the characteristics of boron, transition metal borides showcase a diverse range of
structures and properties. Boron is a semi-metallic element with electronegativity of
2.04, considered as intermediate between metal and non-metal. Due to the small size
of boron, three valence electrons are tightly bound to its nucleus and overcome its
electron deficiency. As a result, transition metal borides feature various types of bonds,
including covalent B-B bonds, metallic M-M and M-B bonds, and ionic M-B bonds.
This variety in bonding allows borides to form numerous complex lattice crystal
structures with unique covalent boron arrangements that are not typically seen in
sulfides, nitrides, or oxides (Braunschweig and Colling, 2001; X. Sun et al., 2017). Among
these complex structures, a notable subset includes the layered ternary borides known

as MAB phases.
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MAB phases were first reported in 1942 (Halla and Thury, 1942) and include
materials such as Fe,AlB,, and MoAIB, as well as a series of chromium-containing
phases with varied stoichiometries (Cr,AlB,, Cr;AlB,, and CrsAlBg) (Ade and Hillebrecht,
2015). These ternary compounds consist of an early transition metal (M), a main group
element (A, typically from groups 13-15), and boron (B). MAB phases generally
crystallize in either orthorhombic or hexagonal symmetry, featuring alternating stacks
of transition metal-boride (M-B) layers and mono- or bi-layers of A atoms (Khazaei et

al,, 2019; Y. Liu et al., 2020), as illustrated in Figure 2.2.
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Figure 2.2 Possible compositions and structures of MBenes (Nair et al., 2022).
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MBenes were first proposed in 2017 by a computational study (Guo et al., 2017),
which laid the foundation for subsequent theoretical and experimental investigation,
illustrated in Figure 2.3. In this pioneering work, Guo et al. demonstrated that 2D
MBenes can be obtained by selectively removing the A-layers from MAB phases.
Building on this concept, a common synthesis approach now involves using MAB
phases as precursors and selectively breaking the weaker M-A bonds to isolate the M-
B layers. This is typically achieved through hydrothermal etching in acid solutions such
as HF or HCl (J. Wang et al.,, 2019; H. Zhang et al., 2018) or via topochemical
intercalation using NaOH (Alameda et al,, 2018; Z. Li et al,, 2023). This delamination
yields 2D M-B sublattices. This chemical treatment could unintentionally leave surface
functional groups such as -F, -Cl, -O, or -OH. The resulting MBenes vary in lattice
symmetry (e.g., orthorhombic, hexagonal) and stoichimetry (e.g., MB,, M5B, M,Bs, M3B,),
depending on the precursor MAB phases as shown in Figure 2.2c (Nair et al., 2022).
Moreover, recent computational studies suggest lower-energy trigonal and tetragonal
phases of Mo,B, as shown in Figure 2.2d, which could form via structural reorganization
of orthorhombic or hexagonal Mo,B, upon exfoliation (Bo et al., 2019). Compared to
MXenes, which typically adopt hexagonal symmetry, MBenes, exhibit greater structural
diversity, which could lead to completely different properties and applications (J. Chen
et al.,, 2025).

2019
Ti,InB,

Figure 2.3 Timeline highlighting key discoveries in MBene research (Javed et al., 2024).
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MBenes exhibit a range of properties that make them highly suitable for
applications in electrocatalysis and energy storage. These include a large specific
surface area, high electrical conductivity, hydrophilicity, and robust mechanical and
thermal stability. Their performance can be further optimized by tuning their
composition and surface functionalization, enabling tailored structure-property
relationships (Javed et al., 2024). Such tunability makes MBenes promising candidates
for electrochemical applications. For instance, CryBs has demonstrated superior
hydrogen evolution reactions performance, with overpotentials lower than that of Pt
(B. Zhang et al, 2020). Cu@Mo,B, shows lower overpotentials for bifunctional
electrocatalysis for oxygen evolution and reduction reactions compared to IrO, and Pt
(T. Zhang et al., 2021). Fe,B, have also shown potential in nitrogen reduction reactions
(Cheng et al, 2021). Beyond electrocatalysts, multilayer MBenes have been
successfully applied as electrode materials for supercapacitors (S. Wei et al., 2023).
Additionally, surface-functionalized Mo,B, has been used to improve lithium-sulfur
battery performance by effectively anchoring lithium polysulfides, thereby mitigating
the shuttle effect (Xiao et al., 2021).

In addition to their applications in electrocatalysis and capacitive energy
storage, MBenes have also emerged as promising candidates for anode materials in
MIBs, offering distinct advantages over many other 2D materials due to their structural
versatility, high conductivity, and abundant active sites (Xu et al., 2023). This potential
is increasingly supported by experimental evidence demonstrating their
electrochemical performance in Li- and Na-ion systems.

For LIBs, Xiong et al. reported the electrochemical performance of 2D Mo,B; as
an anode, achieving a specific capacity of 671.6 mAh/g after 50 cycles at 50 mA/g and
a stable capacity of 144.2 mAh/g after 1,000 cycles at 2 A/g, confirming the structural
stability of the material during long-term cycling (W. Xiong et al., 2022). Similarly, Varma
et al. synthesized TiB,-based hierarchical nanosheets that delivered a reversible
capacity of 350 mAh/g at 0.025 A/g and ultrafast charge/discharge times with 80%
capacity retention over 10,000 cycles (Akash Varma et al, 2022). Miao et al.
demonstrated the synthesis of 2D hexagonal Hf,B,0, via selective etching of In from

Hf,In,B,, reporting a capacity of 420 mAh/g as an anode (Miao et al., 2023). Chen et al.
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prepared Mo,B, MBenes with an accordion-like structure from MoAIB using a molten
salt method. It exhibited a high specific capacity of approximately 645.6 mAh/g after
100 cycles at 0.1 A/g and retained 207 mAh/g even at 4 A/g in LIBs (Y.-Z. Chen et al,,
2024). Recently, Khan et al. synthesized Mog/3B,T, MBenes via fluoride salt etching and
achieved specific capacities of 283 mAh/g, along with 91.96% coulombic efficiency and
stable cycling over 100 cycles (Khan et al., 2025).

For SIBs, Suriyakumar et al. explored TiB,-derived nanosheets as anode
materials, achieving an initial discharge capacity of 252 mAh/g at 0.1 A/g and significant
cycling stability at 1 A/g. In their Na-ion full cell, the anode delivered an energy density
of 111 Wh/kg at a power density of 500 W/ke (Suriyakumar et al., 2022). Xiong et al.
introduced a microwave-assisted hydrothermal etching process to exfoliate MoAlB into
Mo,B, MBenes, which delivered a reversible capacity of 196.5 mAh/g for Na-ion storage
at 50 mA/g, maintaining 138.6 mAh/g after 500 cycles at 0.5 A/g (W. Xiong et al., 2025).

While these experimental results demonstrate the promising potential of
MBenes as anode materials, research in this area remains in its early stages. The
number of studies is still limited, with most efforts focused on a narrow range of
compositions and structures. This may be partly due to the challenges of synthesizing
MBenes with controlled phases and surface terminations. To advance their practical
application, further work is needed to improve synthesis methods, explore broader
compositional spaces, and better understand their electrochemical behavior, long-
term cycling stability, and full-cell performance. In this context, computational
screening offers a powerful approach to accelerate discovery by identifying promising

MBene candidates and helping prioritize experimental efforts.

2.4  Computational studies on MBene anodes

Density Functional Theory (DFT) is a first-principles quantum mechanical
method used to investigate the electronic structure and atomic-scale behavior of
materials. In the field of energy storage, DFT has become an essential tool for
accelerating materials discovery, enabling cost-effective and reliable predictions of key
material properties prior to experimental synthesis and testing. In the context of MIBs,

the key properties of high-performance anode materials are high reversible capacity,
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good ionic and electronic conductivity, structural stability, suitable operating potential,

and long-term safety as outlined in Section 2.2. DFT provides a practical and systematic

framework to evaluate or screen many of these essential characteristics, thus

facilitating the rational design of advanced anode materials. The methodologies for

computing these properties using DFT have been well established in prior studies (He

et al,, 2019; Lin et al., 2020; Xu et al., 2023). In brief, the following parameters can be

estimated:

Structural stability: evaluated using cohesive energy, formation energy,
phonon dispersion, and molecular dynamics simulations. Cohesive energy
measures the bonding strength within the crystal. Formation energy quantifies
the energy required to form the compound from its elemental components.
Phonon dispersion analysis confirms dynamic stability by ensuring the absence
of imaginary vibrational modes. Molecular dynamics simulations assess thermal

stability by tracking atomic trajectories at finite temperatures.

Electronic properties: assessed through density of states (DOS) and band
structure calculations. DOS and Band structure reveals the distribution of
electronic states near the Fermi level and identifies whether the material is
metallic or semiconducting, which directly affects its ability to conduct

electrons during charge and discharge.

Charge storage behavior: evaluated using adsorption energy of metal ions and
theoretical capacity. Adsorption energy measures the interaction strength
between metal ions and the anode surface. The number of ions that can be
adsorbed per formula unit is converted to capacity using simple stoichiometric

formulas.

Open-circuit voltage (OCV): calculated from the total energy difference
between pristine and ion-inserted structures. OCV provides an estimate of the
anode’s average operating potential and is critical for determining the overall

energy density and voltage safety margin of the battery.

lon transport kinetics: determined by calculating the diffusion barrier using the

climbing image nudged elastic band (CI-NEB) method. The diffusion barrier
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represents the energy required for ion migration between neighboring

adsorption sites and influences rate performance and ionic conductivity.

By simulating these properties, DFT enables high-throughput screening of
candidate materials and reveals trends across different compositions and structures.
This not only reduces experimental trial-and-error but also supports the development
of machine learning models for materials informatics. For novel systems like MBenes,
where experimental data remain limited, DFT serves as a predictive tool to assess
feasibility, guide synthetic efforts, and uncover structure—property relationships central
to rational anode design.

The first theoretical investigation proposing MBenes as anode materials was
reported by Guo et al. in 2017, marking a key milestone in MBene research (see Figure
2.3) In this study, the authors used DFT calculations to propose that 2D MBene could
be obtained by selectively removing the A-site elements from layered MAB phases,
yielding 2D transition metal borides with structural similarity to MXenes The
orthorhombic Mo,B, and Fe,B,, MBenes were predicted to exhibit metallic electronic
character, high thermal stability, and promising electrochemical properties for LIBs.
Specifically, the calculated specific capacities for Mo,B, and Fe,B, are 444 and 665
mAh/g, respectively, while the diffusion barrier for single-atom Li ranged from 0.24 to
0.29 eV. These values compare favorably with conventional anode like graphite (372
mAh/g and ~0.3 - 0.4 eV) (Persson et al., 2010), and typical MXenes like Ti;C,, (320
mAh/g and 0.28 eV) (Tang et al,, 2012; Xie et al., 2014), indicating the potential of
MBenes over conventional anode materials.

Since the pioneering work by Guo et al., more than 50 computational studies
have been conducted to investigate MBenes as anode materials for MIBs (see Table
2.1). Early research mainly focused on M,B,-type MBenes, inspired by the initial
proposal of Mo,B, and Fe,B, pioneer study. These M,B, structures typically crystallize
in orthorhombic (ort) or hexagonal (hex) symmetries. In terms of Li storage capacity,
they have been shown to offer high theoretical capacities for Li storage, ranging from
265 to 969 mAh/g, depending on the number of Li layers that can be stably
accommodated. For instance, both ort-Ti,B, and hex-Ti,B, can adsorb one Li layer per

side, corresponding to a moderate capacity of 456 mAh/g (Bo et al., 2018; J. Wang et
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al, 2019). In contrast, structures such ort-Cr,B,, ort-Mn,B,, ort-Fe,B,, ort-Mo,B,, and
hex-Hf,B, can adsorb up to two Li layers per side, resulting in significantly higher specific
capacity (Jia et al., 2019; Miao et al., 2020; X. Sun et al., 2017). Surprisingly, ort-V,B,,
hex-Y,B,, and hex-Zr,B, can even adsorb up to three Li layers without significant
structural distortion, reaching substantial capacities of up to 969, 806 and 654 mAh/g,
respectively (Gao et al., 2021; Jia et al,, 2019; Miao et al., 2020). These results suggest
that the choice of transition metal significantly influences the number of Li layers that
can be adsorbed, thereby affecting the overall capacity. In addition, crystal symmetry
also plays an important role. For example, two lower-energy Mo,B, phases, i.e., trigonal
(tri) and tetragonal (tetr), identified through global structure searching method, exhibit
lower theoretical capacities compared to the ort-phase (Bo et al., 2019).

Another key performance factor is the charge/discharge rate, which can be
implied from the diffusion barrier of Li atom on the MBene material surface. Several
hex-M,B, structures have demonstrated exceptionally low diffusion barriers, including
0.017 eV for hex-Ti,B, (Bo et al., 2018), 0.013 eV for hex-Y,B, (Gao et al., 2021), and
0.017-0.018 eV for hex-Zr,B, (Miao et al., 2020; Yuan et al., 2019), respectively. These
values are significantly lower than those reported for most ort-M,B, structures, which
typically fall in the range of 0.21-0.29 eV (Guo et al., 2017, Jia et al., 2019).

As summarized in recent reviews (Akgul et al., 2024; Xu et al., 2023), most M,B,
MBenes generally offer both higher theoretical capacities and lower diffusion barriers
compared to conventional anodes such as graphite and TisC, MXene. Furthermore, the
average open-circuit voltage (OCV) of hex-Y,B, has been calculated to range from 0.43
to 0.24 V, which is lower than that of Ti;C, MXene (0.62 V) and comparable to graphite
(~0.2 V). This combination of high capacity, fast ion mobility, and favorable voltage
characteristics highlights the strong potential of hex-M,B, MBenes—particularly hex-
Y,B,—as next-generation anode materials for LIBs (Gao et al., 2021).

While most early computational studies on MBenes focused on LIBs, recent
efforts have extended their evaluation to alternative charge carriers such as Na*, Mg?",
and Al**. These systems are of increasing interest due to the limited Li supply and the
potential of multivalent ions to offer higher charge storage per ion, potentially

increasing energy density.



Table 2.1 Comprehensive review of computational studies on MBenes-based anode for MIBs.

Composition Phase M Charge carrier Modification Reference
M,B, ort Mo, Fe Li - (Guo et al., 2017)
M,B, hex Ti Li, Na - (Bo et al., 2018)
M,B, tri, tetr Mo Li, Na - (Bo et al,, 2019)
M,B, ort V, Cr, Mn Li, Na - (Jia et al,, 2019)
M,B, ort Ti Li, Na - (J. Wang et al,, 2019)
M,B, hex Zr Li - (Yuan et al, 2019)
MB, - Ti Li, Na 2 (R. Li, Wang, et al., 2020)
M,B, ort Cr, Mo Mg - (R. Li, Liu, et al., 2020)
M,B, ort Sc, Ti, V, Cr, Na - (Z. Ma et al., 2020)

Mn, Fe, Co, Mo
M,B, hex Zr, Hf Li, Na A (Miao et al., 2020)
M,B - Mo Li, Na - (Z. Wang et al., 2020)
M,B - Mo Li 1 (Zha et al.,, 2020)
M,B, hex Y Li, Na - (Gao et al,, 2021)
M,B, hex Sc, Ti, V, Cr, Li, Mg, Al - (He et al,, 2021)
Zr, Nb, Mo

9¢



Table 2.1 (Cont.) Comprehensive review of computational studies on MBenes-based anode for MIBs.

Composition Phase M Charge carrier Modification Reference
M,B, ort Mo Na, K functional group (K. Liu et al., 2021)
M,B - Ti Li, Na - (S.-F. Wang et al., 2021)
MB; - V, Nb, Ta Li - (Jiahui Wang et al., 2022)
M,B, tetr Mo Li - (Jin and Schwingenschlogl, 2022)
MB; - Mo Li - (Jin and Schwingenschlosgl, 2022)
M,B, ort Sc, Ti, V Li, Na - (Y. Li et al,, 2022)
M,B - Ti Li, Na, K functional group (B. Liang et al., 2022)
M,B - Sc, Ti, V Li, Na, Mg - (N. Ma et al,, 2022)
M,B - Mo Mg - (Mei et al., 2022)
M,B, hex Sc, Ti Li alloy (J. Wang et al., 2022)
M,B - Ti Li, Na functional group (Y. Wang et al., 2022)
M,B, hex V Na - (F. Wei et al., 2022)
M,B, hex Sn Na, K, Mg - (Yue Kuai et al., 2022)
MB, - Mo Li - (Barik and Pal, 2023)
MB¢ - Ti Na - (R. Li et al., 2023)
MB, - Ti Li, Na, K - (Y. Li et al,, 2023)

LC



Table 2.1 (Cont.) Comprehensive review of computational studies on MBenes-based anode for MIBs.

Composition Phase M Charge carrier Modification Reference
M,B, ort Fe Li functional group (Y. Liu et al., 2023)
MB, - Fe Li, Na, K, Mg, Ca - (Luo et al., 2023)
MB, - Ti Li, Na - (S. Ma et al,, 2023)
M,B, ort Fe Li, Al heterostructure (Pang et al., 2023)
M,B - V Na functional group (Y. Wang, Huang, et al., 2023)
M,B - \% Li functional group (Y. Wang, Ma, et al., 2023)
MB, - Sc, Ti, V, Nb, Mo, W Li 2 (Han et al., 2024)
M,B; - \% Li, Na functional group (S. Li et al., 2024)
M,B, hex Ti Li functional group (Lu, Kang, et al., 2024)
MB, - Cr, Mo, W Mg - (Masood et al., 2024)
M,B, ort Cr Li, Na functional group (Nirjhar et al., 2024)
M,B, ort Cr, Mn, Fe Li, Na, K, Mg, Ca - (Y. Wang et al., 2024)
M,B - \Y Li, Ca functional group (Jadav et al., 2024)
M,B, ort Mo Li functional group (W. Zhang et al., 2024)
M,B, hex Nb Li, Na functional group (X. Li et al., 2024)
MB, - Ti Li, Na, Mg - (Y. Zhao et al., 2024)
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Table 2.1 (Cont.) Comprehensive review of computational studies on MBenes-based anode for MIBs.

Composition Phase M Charge carrier Modification Reference

MB, - Ti Na - (J. Yang et al., 2024)
M,B - Be Li - (Lu, Liu, et al.,, 2024)
M,B, ort Mo Li metal doping (Shi et al.,, 2024)
MB, - Cr, Mo, W Li, Na, K - (Masood et al., 2024)
M,B, hex Mg, Ca Li, Na - (Y. Sun et al., 2024)
M,B - Mo Li, Na, K functional group (Ahmad et al., 2024)
M,B, ort Mo Na - (W. Xiong et al., 2025)

6C
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For SIBs, Jia et al. reported that ort-V,B, can adsorb up to three Na layers,
achieving an extreme specific capacity of 614 mAh/g without structural degradation.
The calculated diffusion barrier for Na on ort-V,B, surface was also found to be
relatively low, indicating favorable ion mobility (Jia et al,, 2019). Similarly, hex-Ti,B,,
hex-Y,B,, and hex-Zr,B, have been suggested as promising candidates for Na storage.
Although these materials typically exhibit lower specific capacities due to the higher
atomic mass of Na compared to Li, they may benefit from enhanced diffusion kinetics,
as weaker Na-surface interactions (Bo et al., 2018; Gao et al., 2021; Miao et al., 2020).

For multivalent-ion batteries, Li et al. investigated Mg-ion storage on ort-Cr,B,
and ort-Mo,B, (R. Li, Liu, et al., 2020). The reported theoretical capacities were 853.4
and 502.1 mAh/g, respectively, with corresponding diffusion barriers of 0.38 eV and
0.81 eV, and average OCVs of 0.53 V and 0.67 V. Although these values are promising,
the higher diffusion barriers reflect the larger ionic radius and stronger interaction of
multivalent ions with the MBene surface, which could limit their rate performance.
Further systematic screening by He et al. (He et al., 2021) on seven hex-M,B, systems
for multivalent-ion batteries showed similar trends. MBenes containing heavier
transition metals generally demonstrated stronger bonding to the carrier species, lower
reaction voltages, and higher dynamic stability. Adsorption energies across different
carrier species followed the trend Al > Mg > Li, reflecting increased binding strength
with higher charge and smaller ionic radius. These results suggest that while MBenes
are promising multivalent-ion storage, performance trade-offs must be considered,
particularly in balancing ion mobility and adsorption strength.

In addition to the widely studied M,B,-type MBenes, a growing number of
theoretical studies have explored MBenes with other stoichiometries, such as M,B, MB,,
MBs, MB4, and MBy. These studies aim to expand the MBene design space and discover
structures with optimized performance for anode applications. Unlike M,B, structures,
which are typically derived from known layered MAB phases, many of the alternative
stoichiometries have been proposed through global structure prediction methods. For
example, Jin et al. used structure searching and phonon calculations to assess the
stability of Mo-based MBenes including Mo,B,, MoB,, MoBs;, and MoB, (Jin and
Schwingenschlogl, 2022). Among them, only Mo,B, and MoB; were identified as



31

dynamically stable and potentially suitable for anode applications, whereas MoB, and
MoB, showed structural instabilities. Other stoichiometries and compositions such as
M,B (N. Ma et al., 2022; S.-F. Wang et al., 2021; Z. Wang et al,, 2020), MB, (Han et al,,
2024; Luo et al., 2023), MB;, (Jiahui Wang et al., 2022; R. Li, Wang, et al., 2020), and MB,
(Y. Li et al,, 2023; S. Ma et al,, 2023), have been computationally screened. These
materials exhibit a wide range of structural configurations and electrochemical
behaviors, with some showing high theoretical capacities and reasonable ion diffusion
barriers. However, their stabilities and synthesis feasibility remain less understood
compared to the M,B,-type MBenes.

This section presents a statistical analysis of computational studies on MBene
anode materials, focusing on publication trends and identifying areas that remain
underexplored. The analysis includes works published between 2017 and 2025, based
on the dataset summarized in Table 2.1 and visualized in Figure 2.4.

As shown in Figure 2.4a, the number of publications has steadily increased
since the first computational report in 2017, with a marked rise beginning in 2020. This
upward trend reflects growing interest in the potential of MBenes for metal-ion battery
applications and underscores the need for a broader and more systematic exploration
of their compositional and structural diversity. Among the compositions studied, M,B,
type MBenes dominate the field, accounting for approximately 60% of all structures
reported (Figure 2.4b). These are followed by M,B and MB, stoichiometries, while MB,
MB4, and other less conventional forms remain relatively rare in the literature. Within
the M,B, family, most studies have focused on ort- and hex-phases, which are directly
derived from layered MAB precursors. Although lower-energy tri- and tetr-phases
variants have been predicted especially for Mo,B,, these alternative phases have not
yet been widely explored for other transition metals (Figure 2.4b).

Regarding elemental composition, research has primarily concentrated on early
transition metals such as Ti, V, and Mo (Figure 2.4c). In contrast, MBenes containing
late 3d elements (e.g., Fe, Co, Ni, Cu), many 4d elements (beyond Mo), and nearly all
5d elements remain largely uninvestigated. Figure 2.4d shows that Li is the most
extensively studied charge carrier in MBene anode, followed by Na and Mg. Studies

involving other carrier species such as K, Al, and Ca are scarce.
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At the earlier, while most screening efforts focus on bare (unfunctionalized)
MBene surfaces, recent studies consider surface terminations (e.g., O, -OH, —F) result
from either chemical treatments or intentional modification and likely to form under
realistic synthesis conditions. In this thesis, we focus on bare M,B, because the M,B,
stoichiometry is the most widely studied and well-characterized and bare surfaces
allow for direct evaluation of intrinsic material properties without the added
complexity and variability introduced by surface terminations. Figures 2.4e-f present
a consistent pattern: most studies have concentrated on a limited group of early
transition metals (e.g., Ti, V, Mo) and carrier species (primarily Li, followed by Na and
Mg), while other potentially promising carrier species remain largely unexplored.

This narrow research focus highlights an imbalance in current computational
screening efforts. To develop a more comprehensive understanding of MBene anode
behavior, future studies should expand to include underexplored compositions,
diverse crystal phases, and multivalent carriers. Broadening this scope will help capture
more complete structure—property relationships and may uncover new candidates
with superior electrochemical performance for next-generation MIBs.

Despite the increasing number of computational studies on MBene anodes (see
Table 2.1), comparing their predicted electrochemical performance remains
challenging due to methodological inconsistencies. Variations in computational setups,
such as the choice of exchange—correlation functional, treatment of van der Waals
(vdW) interactions, supercell size, convergence criteria, and definitions of performance
metrics, can lead to significant discrepancies in the reported results. For example, ort-
Fe,B, has been studied by three independent groups (Guo et al., 2017; V. Liu et al,,
2023; Y. Wang et al., 2024), with notable variations in key performance. Although two
studies reported the same Li diffusion barrier of 0.24 eV, the third reported a
significantly higher value of 0.37 eV, likely due to the inclusion of DFT-D2 vdW
corrections. Reported average open-circuit voltages (OCVs) are varied from 0.33, 1.08,
and 4.7 V, while gravimetric capacities span from 665, 364, and 804 mAh/g, depending
on the number of adsorbed Li layers and the formulas used to compute these values.
These inconsistencies limit the ability to draw meaningful comparisons across studies

or identify generalizable structure—property relationships. To improve data reliability
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and support reproducible screening, future studies should adopt standardized

methodologies and report key computational parameters in a transparent manner.

Such practices are critical for building high-quality databases and enabling the use of

data-driven approaches, including machine learning, in MBene-based anode design.
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Recent advances in high-throughput DFT and data-driven approaches have
enabled more systematic screening of MBene materials, supporting both synthesis
planning and performance prediction. These efforts rely on consistent, high-quality
computational databases that reveal correlations between composition, structure, and
electrochemical behavior.

One application of this approach is in guiding the synthesis of MAB phases, the
precursors to MBenes. Using DFT calculations combined with machine learning, several
studies have proposed synthesizable MAB compositions (S. Li et al., 2024; Miao et al,,
2020; Y. Sun et al,, 2023). For instance, Hf,InB, was computationally predicted as a
viable precursor for Hf,B,, and its successful experimental synthesis later confirmed
the model (Miao et al., 2023). This illustrates the value of computational screening in
bridging theoretical design and experimental realization.

In addition, several studies have focused on uncovering chemically intuitive
trends to explain the electrochemical behavior of MBenes through analysis of their
electronic and structural properties, providing valuable insight grounded in physical
chemistry. He et al. (He et al., 2021) examined seven hex-M,B, systems composed of
3d and 4d transition metals and identified the important descriptor. Within each period,
heavier transition metals correlated with greater dynamic stability, stronger binding to
carrier species, and lower reaction voltages. The study also found that electronegativity
of carrier species influenced its behavior: more electronegative carrier showed stronger
adsorption but reduced diffusion, highlighting a trade-off between carrier retention and
mobility. In a related study, Han et al. (Han et al., 2024) investigated MB, MBenes and
identified electronic structure features that correlate with Li adsorption and diffusion
behavior. They observed that the shift of the B p-band center closer to the Fermi level
led to stronger Li adsorption (Figure 2.5b), attributed to enhanced hybridization
between metal and boron orbitals (Figure 2.5a). Additionally, systems with greater
charge transfer from Li to the MBene surface tended to exhibit higher diffusion barriers
(Figure 2.5¢c). These findings demonstrate how electronic features can help explain

observed performance trends and offer useful guidance for rational MBene design.
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Together, these studies underscore the role of data-driven methods in
uncovering meaningful structure—property relationships. As emphasized by Ghiringhelli
et al. (Ghiringhelli et al., 2015), a key challenge in materials informatics lies in identifying
physically interpretable features that connect atomic-scale interactions with
macroscopic performance. In the context of MBenes, such descriptors are essential for
understanding carrier adsorption, optimizing anode behavior, and accelerating the

discovery of next-generation battery materials.

2.5 Summary of literature gap

The search for high-performance anode materials for MIBs has led to increasing
interest in 2D materials, particularly MBenes. Despite their potential, current studies
remain fragmented and limited in scope. Experimental work on MBenes is still in its
infancy due to synthetic challenges, with only a few compositions such as Mo,B,, Hf,B,,
and TiB, explored to date. From a computational perspective, most studies have
focused on a narrow subset of MBenes, specifically bare M,B, structures composed of
a small group of transition metals (Ti, V, Cr, Mo) and evaluated primarily for Li and Na
storage. Other promising transition elements, alternative phases, and multivalent ions
such as Mg and Al remain largely unexplored. Furthermore, inconsistent use of
computational parameters—such as supercell size, vdW corrections, and capacity or
voltage formulas—has made it difficult to compare results across different studies or

extract general trends.
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Although some studies have proposed candidate materials and observed
property trends, few have systematically explored how structural or compositional
features influence anode performance across the MBene family. In particular, there
remains a lack of studies aiming to identify important descriptors and explain their
effects from a chemical perspective. As a result, much of the existing work is limited
to isolated case studies, and the design of new MBene anodes lacks general guidance
based on structure—property understanding.

To address these limitations, this thesis undertakes a comprehensive and
consistent computational screening of bare-M,B, MBenes as potential anode materials
for MIBs. This study is designed with the following objectives:

e Systematically explore bare-M,B, structures across various crystal phases: ort,
hex, tri, and tetr;

e Expand the compositional space by considering transition metals from 3d, 4d,
and 5d;

e Evaluate various carrier species: Li, Na, Mg, and Al

e Apply a unified DFT framework to consistently calculate key anode-relevant
properties: structural stability, electronic structure, adsorption capacity, open-
circuit voltage, and diffusion barrier;

e Identify performance trends and suggest promising candidates beyond those
previously studied;

e Propose physically interpretable structure—property relationships to support
rational material design and deepen understanding of carrier species and
MBene interactions.

By addressing both the methodological inconsistencies and the limited chemical and
structural scope in existing studies, this research seeks to provide a clearer
understanding of MBene performance and offers practical insights for the development

of next-generation anode materials.
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CHAPTER IlI
RESEARCH METHODOLOGY

3.1  Overview

This chapter outlines the theoretical background and research methodology
used to explore the potential of M,B, MBene as anode materials for metal-ion batteries
(MIBs). The study integrates density functional theory (DFT) calculations with machine
learning (ML) techniques to pursue two main goals: (1) systematically screen M,B,
compounds across various compositions and crystal phases to suggest promising
anode candidates, and (2) reveal key relationships between material features and
anode-relevant properties using statistical and ML analyses.

Section 3.2 introduces the theoretical concepts of DFT and related
computational techniques used to perform geometry optimization, phonon dispersion
calculation, and transition state finding. These methods are central to computing the
intrinsic and electrochemical properties of candidate materials.

Section 3.3 presents the ML approaches used to construct descriptive models
and extract insights into the relationships between material descriptors and anode
properties.

Section 3.4 summarizes the complete computational workflow, combining DFT

and ML methods to meet the research objectives.

3.2 Density Functional Theory (DFT)

Density Functional Theory (DFT) is a powerful computational approach based
on quantum mechanics for modelling materials at the atomic level. In materials
science community, it has become a standard approach to describe materials
properties such as electronic, optic, energetic, and magnetic character, which are
dominated by behaviour of electrons. The propose of this section is to provide a brief

overview of the fundamental concepts underlying DFT. The content presented here is
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primarily summarized from a textbook by Sholl and Steckel (Sholl and Steckel, 2009).
The more in-depth theoretical details are encouraged to consult the reference

textbook or other comprehensive DFT resources.

3.2.1 Many-body problems in material systems
In quantum mechanics, the fundamental behaviour of a material system, e.g.,
containing N interacting electrons and M nuclej, is governed by the time-independent

Schrodinger equation:

HY(ry, ..., 1) = EY(ry, oo, 7y).

The total Hamiltonian (H) includes the kinetic energy of electrons and nuclei, the
Coulomb interaction between all particles, and the external potential arising from the
nuclei. Solving this system exactly is infeasible due to the complexity of the many-
body wavefunction, which exists in a 3N-dimensional space for N electrons. To make
the problem tractable while retaining reasonable accuracy, several well-established
approximations are employed to reduce its computational complexity.

The Born-Oppenheimer = approximation (Born and Oppenheimer, 1927)
decouples nuclear and electronic motions by assuming that nuclei move much more
slowly than electrons. This separation allows us to first solve the problem of electron
motion for fixed positions of the nuclei, finding the lowest energy configuration or
ground state of the electrons. This ground state energy as a function of the nuclei’s

positions, is called the adiabatic potential energy surface.

3.2.2 Concept of density functional theory

The field of DFT is built on two fundamental mathematical theorems known
as Hohenberg-Kohn theorems (Hohenberg and Kohn, 1964). The first theorem states
that “the ground-state energy from the Schrodinger equation is a unique functional
of the electron density”. This establishes that all ground-state properties, including
energy and wavefunction, are determined entirely by electron density. This theorem
significantly reduces the complexity of the problem by shifting the focus from the
many-body wavefunction, which depends on 3N variables, to the electron density,

which depends only on three spatial coordinates. The second theorem states that
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“The electron density that minimizes the energy of the overall functional is the true
electron density corresponding to the full solution of the Schrodinger equation.” If the
exact functional were known, the ground-state energy and corresponding electron
density could be found variationally by minimizing this functional.

While the Hohenberg-Kohn theorems establish the existence of a functional
that maps electron density to energy, they say nothing about what the functional is.
To make the theory computationally practical, Kohn and Sham (Kohn and Sham, 1965)
introduced a framework by mapping the original interacting many-electrons system to
a fictitious system of non-interacting electrons that experience an effective potential.

The set of equations for non-interacting electrons is so called Kohn-Sham equation:

2

h
=5V Ve M| 9 () = epi ()

where lp{{S(T) are the single-electron wave functions (often called Kohn-Sham
orbitals). The i is the band index (in general, the value of i is ranged from one to the
number of occupied electron bands which is equal to a half of the total number of
electrons). And €; is the corresponding energy of band index i. Note that these single-
electron wave functions depend on only three spatial variables. The crucial part is the
effective potential, Vs s [n(r)], which is constructed such that the ground state density
obtained from these non-interacting orbitals is the same as the ground state density
of original interacting many-electrons system. The V,¢¢[n(r)] consists of three main
terms:
1. Vexe[n(r)]: The potential due to the interaction between an electron and the
atomic nuclei, which also appeared in the full Schrodinger equation.
2. Vy[n(r)]: The Hartree potential, which accounts for Coulomb repulsion
between electron being considered and the total electron density defined by

all electrons in the problem.

v [n()] = J ln(r')

The Hartree potential includes an unphysical self-interaction, where an

electron interacts with its own contribution to the total density.
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3. Vxc[n(r)]: The exchange-correlation potential, which incorporates all the
quantum mechanical effects not captured by the nuclear and Hartree
potentials, namely exchange and correlation contribution including unknown
contribution. It is formally defined as the functional derivative of the exchange-

correlation energy functional with respect to the electron density:

SExc[n(r)]

Veeln)] = =2

3.2.3 Exchange-correlation energy functional

A central complication in DFT is that the exact form of the exchange-correlation
energy functional E,.[n(r)] is unknown. Practical DFT calculations rely on
approximations for E,..[n(r)], The development of functionals that better represent
nature remains an active research area. Two common classes of approximations are
the Local Density Approximation (LDA) and the Generalized Gradient Approximation
(GGA). LDA treats the exchange-correlation energy as a function of electron density,
assuming homogeneous electron gas. In contrast, GGA improves accuracy for
inhomogeneous systems by incorporating the gradient of electron density term. In this
thesis, the Perdew—Burke-Ernzerhof (PBE) functional—a widely adopted GGA model—
is used throughout all DFT calculations. PBE offers a good balance between
computational efficiency and accuracy, especially for solid-state system. The formal

definition and derivation of the PBE functional can be found in (Perdew et al., 1996).

3.2.4 Self-consistent field method
The Kohn-Sham equations are intrinsically self-consistent, as the effective
potential Ve ¢[n(r)] depends on the electron density n(r), which is itself constructed
from the Kohn-Sham orbitals 1; (7). This circular dependency is resolved through an
iterative process known as the Self-Consistent Field (SCF) method, which gradually
refines the electron density until convergence is achieved. The overall SCF procedure
is illustrated in Figure 3.1, highlighting the iterative loop used to obtain the ground-
state electron density and total energy. This includes:
1. Set initial electron density n(r): Begin with a trial density, typically obtained

from a superposition of atomic electron densities.
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2. Construct effective potential V,rr[n(r)]: Calculate the Hartree potential
Vy[n(r)], the external potential V,,:[n(r)], and the exchange—correlation
potential Vyc[n(r)] based on the current electron density.

3. Solve the Kohn-Sham equations: Use the effective potential to solve the
Kohn-Sham equations and obtain a set of single-particle wavefunctions y; (r).

4. Calculate new electron density n'(r): Generate an updated electron density
from the computed wavefunctions.

5. Check for convergence: Compare the new electron density n'(r) with the
previous one n(r). If the densities are sufficiently close (within a specified
tolerance), convergence is achieved.

6. If not converged, mix densities and repeat: Combine the previous and current
densities to form a new trial density and return to step 2.

7. Once converged, compute total energy and properties: Use the self-consistent
ground-state density to calculate the total energy, atomic forces, and other

properties of interest.

Define trial n(r)

¥

Construct Vi, Voye, Ve

!

Solve Kohn-Sham equation

Set ) i ’
s | Calculate new n'(r)
F 3 \ J

Yes

A 4

Calculate total energy and
other physical properties

Figure 3.1 The scheme of self-consistent field iterations for solving the Kohn-Sham

equation and obtaining total energy and other physical properties.
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3.2.5 Pseudopotentials

In plane-wave-based DFT calculations, accurately describing the behavior of
tightly bound core electrons poses a significant computational challenge. These core
states exhibit rapid oscillations near the nucleus, which require an extremely large
number of plane waves to represent properly. This drastically increases the
computational cost. However, since chemical bonding and most material properties
are governed primarily by the valence electrons, the core electrons can be treated
using an effective approximation. This approach is known as the pseudopotential
method, and it is based on the frozen-core approximation, where the core electrons
are considered inert and their influence is incorporated into an effective potential
acting on the valence electrons.

A pseudopotential replaces the strong nuclear potential and the core electron
contributions with a smoother potential that simplifies the resulting wavefunctions. As
shown in Figure 3.2, the true wavefunction Y and the exact potential V' exhibit rapid
oscillations near the nucleus (i.e., for distances r < 1., where 1, is the cutoff radius),
while the pseudo-wavefunction Yysendo and pseudopotential Vyseyq, are constructed
to be smooth and computationally efficient. Importantly, both the potential and
wavefunction are required to match their all-electron counterparts beyond the cutoff
radius (r = 7,.) to ensure physical accuracy.

To be effective, a pseudopotential should satisfy several key criteria:

1. Consistency: The pseudo and exact wavefunctions and potentials must
coincide beyond the cutoff radius.

2. Smoothness: The pseudo-wavefunction should eliminate strong oscillations
within the core region to reduce basis set requirements.

3. Transferability: The pseudopotential must accurately reproduce valence
behavior across different chemical environments.

4. Continuity: The pseudo and real wavefunctions must be continuous at r = 7.

5. Charge preservation: The pseudo-wavefunction should retain the same charge
distribution as the real wavefunction within the cutoff region.

6. Relativistic corrections: For heavier elements, relativistic effects should be

incorporated into the pseudopotential generation.
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Figure 3.2 Schematic illustration of a real (blue) and a pseudo (red) potential and their
corresponding wavefunctions. The cutoff radius 7, is the position where both values

are matched (Payne et al., 1992).

In this thesis, we employed projector-augmented wave method (Blochl, 1994,
Kresse and Joubert, 1999) that retains near all-electron accuracy by reconstructing the
full wavefunction in the core region from a pseudo-wavefunction and a set of atom-
centered projectors. The projector-augmented wave method has become widely

adopted in-modern DFT codes due to its combination of accuracy and efficiency.

3.2.6 Dispersion correction: DFT-D3

Conventional DFT methods are known to underestimate long-range van der
Waals (vdW) or dispersion interactions, which arise from correlated fluctuations in
electron density. These weak and non-covalent interactions play a critical role in
systems such as molecules, surface adsorption, and layered materials. Accurate
treatment of dispersion typically requires high-level wavefunction-based methods that
explicitly account for long-range electron correlation. However, the standard exchange-
correlation functionals cannot capture this vdW interaction reliably, often leading to

errors in predicted structures and binding energies.
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To address the limitations of conventional DFT in capturing long-range
dispersion interactions, several correction schemes have been developed. Among
them, the DFT-D3 method, introduced by Grimme and co-workers (Grimme et al., 2010,
2011), is one of the most widely adopted due to its balance of accuracy and
computational efficiency. DFT-D3 improves upon earlier approaches (DFT-D and DFT-
D2) by adding a semi-empirical dispersion energy term to the total DFT energy. This
correction accounts for pairwise interactions between atoms, enabling more reliable
predictions across a broad range of systems e.g., from isolated molecules to periodic

solids. The corrected total energy is given by:

Eppr-p3 = Eppr + Eaisp

.
n

Eqis = _Z Z ﬁfdamp(Rij)
i

i<j n=68 Y

where R;; is the interatomic distance between atom i and j. Crilj are dispersion
coefficients (Cg and Cg) that depend on the atomic species and their chemical
environments. And fdamp(RL-j) is @ damping function that smoothly attenuates short-
range interactions to prevent double counting of electron correlation effects already

included in the main functional. The damping function is expressed as:

fdamp(Rij) =1-—exp (_a(Rij Y Rs)z)

where «a is a damping parameter that controls the rate of decay and Ry is a cutoff
radius beyond which the correction becomes negligible.

A key feature of DFT-D3 is the environment-dependent calculation of
dispersion coefficients using fractional coordination numbers, which enhances accuracy
and transferability across diverse bonding environments. It is computationally efficient
and straightforward to implement in plane-wave DFT codes. It is broadly compatible
with many exchange-correlation functionals, including PBE. In this thesis, DFT-D3
corrections are applied throughout the computational screening of MBenes to better

capture metal carrier adsorption phenomena.
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3.2.7 Geometry optimization

Geometry optimization is a procedure to find the lowest-energy structure of a
system by minimizing its total energy with respect to atomic positions, i.e., the local
minimum on potential energy surface. This corresponds to the equilibrium structure
where the net forces on all atoms are ideally zero. In the context of DFT calculations,
this is achieved by iteratively updating the positions of atoms until the net forces acting
on them fall below a predefined threshold, indicating that the system has reached a
local minimum. The forces acting on each atom are calculated based on the
Hellmann-Feynman theorem (Feynman, 1939), which allows the force F; on atom i

to be evaluated directly from the DFT total energy as:

_ aEtot

Fy =
' oR;

A typical geometry optimization process involves two nested loops: an inner
SCF iteration for converging the electron density and an outer ionic relaxation loop for
updating atomic configurations. The procedure is outlined schematically in Figure 3.3.

1. Start by specifying the initial geometry of the atomic structure, including
atomic positions. This serves as the starting point for optimization.

2. Based on the initial configuration, initiate a trial electron density n(r). This
density is used to construct the effective potential Verr = Vi + Voyr + Vie
The Kohn-Sham equations are solved self-consistently to obtain a new
electron density and repeated iteratively until convergence is achieved.

3. Once the electron density is converged, the Hellmann-Feynman forces F;
acting on each atom are computed using the resulting ground-state
electron density.

4. Compare the magnitude of each atomic force F; against a predefined force
threshold F;,; (e.g., 0.01 eV/A).

e If all F; £ Fyy;, the geometry is considered optimized, and the process
terminates.

e Ifany F; > F;,;, proceed to the next step.
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5. Adjust the atomic positions in the direction that minimizes the forces F;.
This is typically done using a gradient-based optimization algorithm, such
as the conjugate gradient algorithm. These methods use information about
the energy gradients to efficiently find the nearest local energy minimum.

6. After updating the atomic positions, a new SCF calculation is initiated for
the updated geometry. Steps 2-5 are repeated until all atomic forces fall

below the force threshold F,;, resulting in an optimized configuration.
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Figure 3.3 The scheme of configuration updating iterations for geometry optimization.
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3.2.8 Phonon dispersion calculation

Phonon dispersion calculation is a fundamental tool for analyzing the
vibrational and dynamical properties of crystalline solids. Phonons or quantized modes
of lattice vibrations also determine thermal conductivity, heat capacity, and electron-
phonon interactions of the material. In this thesis, phonon analysis was used to access
dynamical stability of crystal structures. The presence of imaginary frequencies
(commonly plotted as negative values) in the phonon bandstructure plot indicates
soft vibrational modes, which may lead to structural instabilities, lattice distortions, or
phase transitions at 0 K.

Phonon calculations were carried out using finite displacement method, also
known as the supercell method, as implemented in the open-source package Phonopy
(Togo, 2023). The procedure begins by generating a periodic supercell, formed by
repeating the primitive unit cell to account for long-range atomic interactions. Small
displacements (typically ~0.01 A) are then applied to atoms along coordinate
directions. The resulting forces on all atoms are computed using DFT. These forces are
used to numerically derive the interatomic force constants via finite differences.
Finally, the dynamical matrix is constructed in reciprocal space and diagonalized at

selected points to obtain the phonon dispersion curves and vibrational eigenmodes.

3.29 Climbing image nudged elastic band (CI-NEB) method

The climbing-image nudged elastic band (CI-NEB) method is a computational
technique used to determine the minimum energy path (MEP) between two stable
configurations, i.e., between the initial and final state of a diffusion or reaction process
(Henkelman et al,, 2000). In the context of battery materials, CI-NEB is widely employed
to estimate the diffusion barrier of carrier species atom across electrode surface or
within bulk electrodes. These barriers provide insight into the ionic conductivity and
rate performance of electrode materials.

The standard nudge elastic band (NEB) method begins by interpolating a series
of intermediate configurations, or images, between the initial and final states. These
images are connected by artificial spring forces to form an elastic band, ensuring even
spacing along the diffusion path. During the optimization process, the total force on

each image is decomposed into two components: (i) the true interatomic force acting
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perpendicular to the path, which guides the image toward the MEP, and (ii) the spring
force acting along the path, which maintains uniform image spacing. The NEB
optimization converges once the perpendicular forces on all intermediate images fall
below a predefined threshold (e.g., 0.05 eV/A), yielding an approximate MEP. To ensure
that one of the images is placed at the transition state, the CI-NEB method drives the
highest-energy image uphill by removing its spring forces, allowing it to climb directly

to the saddle point. The energy barrier is determined from the saddle point.

3.3  Machine learning

Machine learning (ML) is a subfield of artificial intelligence that enables
computer algorithms to automatically learn patterns from data and make predictions
or decisions without being explicitly programmed. In recent years, ML has become an
essential tool across various domains, including materials science, where it accelerates
the discovery and optimization of functional materials by capturing complex and non-
linear relationships between input features and target properties.

ML problems are typically classified into two main categories: supervised and
unsupervised learning. In supervised learning, the model is trained on labeled data,
where both input features and corresponding target values are known. This category is
further divided into regression and classification tasks. Regression focuses on predicting
continuous numerical values, whereas classification involves assigning inputs into
discrete categories. In this thesis, we focus exclusively on supervised regression tasks,
aiming to predict continuous material properties relevant to anode performance.

The purpose of this section is to introduce the fundamental concepts of
machine learning regression as applied in this thesis. Special attention is given to the
concept of explainability for machine learning models, which plays a crucial role in
scientific research where interpretability and physical understanding are essential.
Rather than treating ML as a black box, these methods enable us to extract insights
from trained models, helping to identify key descriptors that govern material
performance. This aligns with the second objective of this thesis: to uncover
meaningful structure—property relationships that can guide the rational design of high-

performance MBenes for MIB anodes.
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3.3.1 Regression models

Regression analysis is a fundamental approach that focuses on modelling the
relationship between a continuous dependent variable (target) and one or more
independent variables (features or descriptors). The ultimate goal is to learn a function
that maps features to target, enabling accurate predictions for unseen data or
uncovering hidden features-target relationships.

In supervised learning, regression models are trained on a dataset containing
known features-target pairs, The model learns the underlying relationships by
minimizing a loss function, such as mean absolute error (MAE), which quantifies the
difference between predicted and actual values. After the training process, the model
performance is evaluated using accuracy metrics such as mean absolute error (MAE),
root mean squared error (RMSE) and R-squared (R?), which together they assess
prediction error and goodness of fit of the model. The choice of regression algorithm
significantly affects model flexibility, interpretability, and robustness to overfitting. In
this thesis, several regression models were explored, including linear regression,
decision tree, and ensemble tree-based methods including random forest, gradient
boosting, and XGBoost. Figure 3.4 illustrates the conceptual mechanisms of linear
regression, decision tree, random forest, and gradient boosting; XGBoost, built upon
gradient boosting with additional enhancements, is not shown.

Linear regression is the simplest form of regression that assumes a linear
relationship between the input features and the target output. It models the target
output y as a weighted sum of the input features x4, x5, ..., X, plus an intercept term.

The mathematical form is:

Yy =Po+ P1xy + Poxz+ -+ Ppxy + €

where f3; are the coefficients and € is the error term. These coefficients are typically
estimated using the ordinary least squares (OLS) method, which minimizes the sum of
squared residuals. Despite its simplicity, linear regression offers high interpretability and
is useful for establishing baseline trends or identifying linear dependencies between

features and target.
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Figure 3.4 Illustration of regression model concepts: linear regression, decision tree,
random forest, and gradient boosting, each showing how model builds predictions

from data.

Decision tree regression is a non-parametric method that partitions the feature
space into regions by recursively splitting the data according to feature thresholds. At
each split, the algorithm selects the feature and threshold that minimizes loss metric
with each resulting subset. Predictions are made by averaging the target values for all
data points within each terminal subset (leaf node). The resulting model is
interpretable as a set of conditional rules, but decision trees are prone to overfitting
unless pruning techniques or maximum depth constraints are applied.

Random forest (Breiman, 2001) is an ensemble method that mitigates the
overfitting tendency of individual decision trees by aggregating predictions from many
independently trained trees. Each decision tree is trained on a bootstrap sample of
data and uses a random subset of features at each split (bagging and feature sampling).
The final prediction is typically the average of predictions from all trees. Random
forests are robust to noise and perform well across a wide range of problems, though

interpretability is reduced compared to a single decision tree.
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Gradient boosting (Friedman, 2001) is another ensemble method that
constructs decision trees sequentially, with each new tree trained to minimize the
residual errors of the current ensemble. Unlike random forests, where trees are trained
independently, gradient boosting iteratively refines the model by correcting the
mistakes of its predecessors. Each tree is trained on the gradient of the loss function
with respect to the prediction, and a learning rate controls how much each tree
contributes to the final output. Gradient boosting often outperforms bagging methods
in accuracy but is more sensitive to hyperparameter tuning and prone to overfitting if
not regularized properly.

XGBoost (Extreme Gradient Boosting) (Chen and Guestrin, 2016) is an optimized
and scalable implementation of gradient boosting that incorporates algorithmic
enhancements and system-level optimizations. It includes regularization terms (L1 and
L2) in the objective function to control model complexity and improve generalization.
XGBoost also uses second-order gradient information (i.e., both gradients and Hessians)
to speed up convergence, supports sparse data handling, and allows parallel
computation during tree construction. These innovations make XGBoost highly efficient

and accurate, particularly in high-dimensional, noisy, or imbalanced datasets.

3.3.2 Model evaluation
To assess the predictive performance of regression models, several standard
metrics are used to quantify the discrepancy between predicted and actual values:
Mean Absolute Error (MAE) quantifies the average magnitude of prediction

errors, providing a straightforward interpretation in the same units as the output target:

n
1
MAEz—Z P,
-y 1Iyl Vil
=

Root Mean Squared Error (RMSE) penalizes larger errors more than MAE by

squaring the residuals before averaging and then taking the square root:

n
1
RMSE= |~ (= 9))?
i=1
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Coefficient of determination (R?) evaluate the proportion of variance in the

target output explained by the model, defined as:

Z?:l(yi - 5;1')2

RZ=1- —
?:1(3’1' - y)?

In these equations: y; is the actual observed value, y; is the predicted value
of the regression model and ¥ is the average of all actual observed values, and n is
the total numbers of data points. MAE reflects the average performance, while RMSE
emphasizes the impact of large errors. R? provides a relative measure of model fit, with

the value closer to 1 indicating better explanatory power.

3.3.3 Model interpretation

As ML models become increasingly integrated into scientific research,
interpretability has become a critical concern, especially in materials science, where
understanding the rationale behind a prediction is often as important as the prediction
itself (Linardatos et al., 2021). In conventional regression tasks, model performance is
often typically evaluated using metrics such as MAE, RMSE, or R?. While these metrics
assess predictive accuracy, they offer no insight into the internal logic of the model.
This black-box nature limits trust, hinders generalizability, and reduces the scientific
value of many ML applications (Hassija et al., 2024).

Interpretable ML addresses this challenge by providing explanations for how
features influence a model’s prediction. These explanations are vital in scientific
contexts, where model-derived insights must align with established domain knowledge
or reveal new interpretable patterns that guide future experiments. Interpretable ML
enables researchers to go beyond pure prediction and uncover the structure—property
relationships that govern material behavior.

Some models are naturally interpretable by design. For example, decision trees
offer transparency through a hierarchical set of rules that lead to each prediction and
Linear regression, for instance, offers explicit coefficients for each feature, making it
straightforward to quantify how each input contributes to the output. Figure 3.5

illustrates two such examples: a decision tree and a linear model trained to predict
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Figure 3.5 Illustration of (a) a decision tree and (b) a linear model used to predict loan
approval outcomes based on applicant aga and salary. Red starts indicate approved

loan, while blue circles represent rejected applications (Delaunay, 2023).

loan approval based on applicant age and salary. In the decision tree (panel a), the
decision path is explicit, young applicants with salaries below a certain threshold are
rejected. In the linear model (panel b), the relative importance of age and salary is
visible through the size of their respective coefficients (Delaunay, 2023). These models
are useful not only because they make predictions, but because they do so in a way
that is understandable to human users.

However, not all models provide this level of transparency. Ensemble methods
like random forests, gradient boosting, and XGBoost aggregate the decisions of many
individual models—often hundreds of decision trees—making it extremely difficult to
understand how any single feature affects a particular prediction. Although these
models offer strong predictive performance, they sacrifice interpretability. In many
applications, such as energy materials design, medicine, or policy-making, deploying a
highly accurate but opaque model can lead to missed insights, reduced trust, and
ultimately suboptimal or even risky decisions.

To interpret black-box models, researchers often turn to post-hoc explanation
techniques, which are applied after a complex model has been trained. These
techniques aim to elucidate the model’s decision-making process by analyzing the
relationship between input features and output target predictions, typically by
estimating how changes in individual features influence the predicted outcome. The
most widely used post-hoc methods includes LIME (Local Interpretable Model-

Agnostic Explanations) (Ribeiro et al., 2016), which approximates the complex model
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locally around a specific prediction using a simple surrogate model such as linear
regression or a shallow decision tree. Another widely used method is SHAP (Shapley
Addition exPlanations) (Lundberg and Lee, 2017), which is the primary interpretability

tool employed in this thesis and will be discussed in the following section.

3.3.4 SHAP technique

SHAP (SHapley Additive exPlanations) is a widely used technique to interpret
ML model predictions by attributing the contribution of each feature to a specific
prediction. Its foundation lies in cooperative game theory, specifically the concept of
Shapley values developed by Lloyd Shapley. The main idea is to treat the model
output as a “payout” that needs to be fairly distributed among the input features,
which are considered as “players” in a game. SHAP provides an approach to assign
credit to each feature, answering the question: “How much did each feature contribute
to this prediction?”

To build an intuition for how SHAP works, consider a simple model that predicts
house prices using two features: number of bedrooms and floor area. Suppose the
baseline model output (i.e., average predicted price) is $300,000. If using only the
number of bedrooms increases the predicted price to $400,000, and using only the
floor area raises it to $500,000, while using both together leads to $600,000, SHAP
would assign $100,000 to the number of bedrooms and $200,000 to the floor area.
These values represent each feature's marginal contribution and add up to the total
prediction increase of $300,000. This example highlights how SHAP explains the output
by decomposing the prediction into additive contributions from each input feature.

Mathematically, SHAP values for a feature j in an instance x to the prediction

output are defined as:

SITCN| =[S = D)!
L lINI|! = 0 - £i)

¢ =
SEN\{j}
e Nisthe full set of all features (i.e., feature index), for example N = {1, 2, ..., p}
if the model has p features.
o {j}is the set containing only the feature j the one which are calculating SHAP

value.
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e S C N\{j} are all possible subsets of features excluding feature j. For each
subset §, we assess the contribution of adding feature j to that subset.
e |S]is the number of elements (features) in the subset S.
e Sis a subset of features that does not contain j,
e fs(x) is the model output (prediction) when only the features in subset S are
known (i.e., other features are ‘unknown’ or marginalized out).
e fsugjy(x) is the model output when features in § and also j are known.
o fsuy(x) — fs(x) is the marginal contribution of features j when added to
subset S.
. W is a weighting term (Shapley weight), which ensures fairness by
averaging over all possible feature orders. The weights depend on the size of
S and total number of features |N|.
This formula computes the average marginal contribution of feature j across all
possible subsets of other features. The weighting term ensures fair attribution by
considering the number of subsets a feature can appear in. SHAP values satisfy
desirable properties such as efficiency (the sum of SHAP values equals the prediction
difference from baseline), symmetry, and additivity, making them theoretically sound
for feature attribution (Lundberg and Lee, 2017).
In practice, calculating exact SHAP values requires evaluating the model on all
2N subsets of features, which becomes computationally infeasible for large N.
Therefore, approximation methods are employed. For tree-based models, an efficient
algorithm known as TreeSHAP enables exact SHAP value computation in polynomial
time. For model-agnostic applications, methods such as KernelSHAP use Monte Carlo
sampling to estimate SHAP values without relying on internal model structure.
While SHAP values are primarily used to explain individual predictions (local
interpretability), they can be aggregated across many samples to evaluate global

feature importance. This is typically done by computing the mean absolute SHAP value

of each feature over the dataset:

M
. 1
SHAP importance = MZ b3
j=1
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This measure reflects how strongly feature j influences model predictions across the
dataset, regardless of direction. It provides an intuitive, model-agnostic metric of global
importance, enabling comparisons across different models or datasets.

In addition to numerical summaries, SHAP values can be visualized in multiple
ways. Summary plots show feature rankings and distributions of SHAP values.
Dependence plots reveal how SHAP values change with feature values, uncovering
nonlinear trends or interactions. Force plots offer a breakdown of how each feature
pushes the prediction above or below the baseline for a single instance.

In summary, SHAP offers a robust framework to explain both individual
predictions and global model behavior. By decomposing model outputs into additive
feature contributions, SHAP enhances interpretability, helping researchers understand
how complex models make decisions, which is an essential step for transparent and

trustworthy machine learning in scientific research.

3.4 Research methodology

3.4.1 Workflow

This section presents the computational methodology used to evaluate the
electrochemical performance of M,B, as anode materials for MIBs and to uncover
material-property relationships. The workflow integrates DFT and interpretable ML into
a framework for property prediction and feature analysis. The computational setup
and model configurations for DFT calculations are detailed in Section 3.4.2. These DFT
calculations were employed to optimize M,B, structures for each composition and
lattice phase, and to compute their intrinsic and anode-relevant properties, as
described in Section 3.4.3. The resulting dataset enabled comparison of properties
across different candidates, facilitating the identification of promising anode materials
for various MIB systems. The representation of M,B, systems using material features is
presented in Section 3.4.4. Section 3.4.5 describes how interpretable ML models were
used to uncover relationships between material features and anode properties.
Together, these components form an integrated methodology for both predictive

modeling and scientific interpretation of MBenes in the context of MIB applications.
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3.4.2 Computational setup and model

All periodic model calculations in this thesis were done using DFT as
implemented in Vienna Ab initio Simulation Package (VASP) (Kresse and Furthmaller,
1996a, 1996b; Kresse and Hafner, 1993). The projector-augmented wave method was
employed to describe the core-valence interactions (Blochl, 1994; Kresse and Joubert,
1999), using pseudopotentials based on the Perdew-Burke-Ernzerhof (PBE) exchange-
correlation functional within the generalized gradient approximation (GGA) (Perdew et
al., 1996). Minimal pseudopotentials were selected for all elements for fast screening.
A plane-wave basis set with an energy cutoff of 500 eV was used to expand valence
electron wavefunctions. Long-range dispersion interactions, particularly important for
adsorption of carrier species on MBene surface, were accounted for using the DFT-D3
method of Grimme (Grimme et al., 2010). Electronic SCF convergence was set to 10°
eV, and geometry optimizations were carried out with a convergence criterion of 0.01
eV/A for residual atomic forces. Brillouin zone sampling used a I'-centered 7 x 7 x 1
Monkhorst-Pack k-point mesh (Monkhorst and Pack, 1976).

M,B, MBene were modeled as a periodic monolayer using a 2 x 2 supercell,
consisting of eight transition metal (M) and eight boron (B) atoms. Four crystal phases
were examined: orthorhombic, hexagonal, trigonal, and tetragonal. A vacuum spacing
of at least 20 A was applied along the z-direction to eliminate spurious interlayer
interactions. Initial geometries for Mo,B, in all phases were reproduced from the
literature (Bo et al., 2019) and used as templates. For other M,B,, the desired metal
element was introduced by substituting Mo atoms, followed by full relaxation of lattice
parameters and atomic positions. For each composition, multiple magnetic
configurations were tested, and the lowest-energy spin state was selected for further
calculations.

Pre- and post-processing were facilitated using VASPKIT (Wang et al., 2021) and
the Atomic Simulation Environment (ASE) (Larsen et al., 2017). Structural visualization

were generated using the VESTA software package (Momma and Izumi, 2011).

3.4.3 Calculated material properties
This section describes how key intrinsic and anode-relevant properties of M,B,

monolayers were computed using DFT methods. These properties include structural
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stability, electronic conductivity, theoretical capacity, OCV, and diffusion barrier, which
are critical for evaluating the suitability of M,B, as an anode material for MiBs.
Structural stability: cohesive energy and phonon dispersion

After full relaxation of the M,B, monolayer structures, their energetic stability
was determined by calculating the cohesive energy per atom. Cohesive energy reflects
the energy required to disassemble a compound into its isolated atomic constituents
and is commonly used as a measure of thermodynamic stability. A higher cohesive
energy indicates a more stable structure, as it implies stronger binding between atoms.
In this study, cohesive energy was computed for the model containing 8 M and 8 B

atoms, using the following expression:
Econ = (BEm + 8Eg — Evi,8,)/16

where Ey and Efy are the total energies of isolated M and B atoms, respectively, and
Em,B, is the total energy of fully relaxed M,B, monolayer in the supercell.

To assess dynamical stability, phonon dispersion curves were computed using
the finite displacement method as implemented in the PHONOPY package (Baroni et
al,, 2001; Togo and Tanaka, 2015). Structures with no imaginary frequencies in their
phonon spectra were considered dynamically stable.

Electronic conductivity: density of states

Electronic conductivity of the M,B, monolayers was qualitatively assessed by
calculating their density of states (DOS) using a dense 15 x 15 x 1 k-point mesh. A finite
DOS at the fermi level indicates metallic behavior and suggests that the material can
efficiently conduct electrons, which is generally desirable for fast charge transport.
Theoretical capacity and layer adsorption

The storage capacity of M,B, monolayers was evaluated through modelling the
layer-by-layer adsorption of carrier species (A = Li, Na, Mg, or Al) on both sides of the

monolayers. This process models the reversible half-cell electrochemical reaction:
MZBZ + xAZ+ + xze = AxMsz

where z is the number of electrons transferred per carrier atom (1 for Li/Na, 2 for Mg,
and 3 for Al). Here, x denotes the amount of carrier atoms on both sides. Specifically,

xis 2, 4, and 6 correspond to the adsorption of 1, 2, and 3 layers, respectively.



72

To evaluate the energetic feasibility of adsorption, the average adsorption
energy per carrier atom was calculated. This is defined as the energy difference
between the adsorbed and non-adsorbed systems, normalized by the amount of

carrier atoms. Mathematically, it is given by:

_ Ea,m,B, — Em,B, — XEp
Eavg - x

where Ej m,B, is the total energy of MyB, with x adsorbed carrier species, Ey,p, is
the total energy of the pristine monolayer, and E, is the energy per atom of the carrier
in its bulk metallic phase.

To identify how many layers of carriers can be stably accommodated, the
consecutive adsorption energy was calculated. This quantity represents the energy
required to adsorb an additional layer of carrier species and is defined as:

Eny,M,B, = Eng M,B, = (3 = X1 )Ep

Econ = (xz = xl) , (xz > xl)

where x; and x, represent the number of carriers before and after a new adsorption
layer, respectively. A negative E 4y indicates that the additional layer is energetically
favorable. However, to account for thermal excitation, a threshold of -0.05 eV/atom
was used, which is comparable to thermal energy of 0.03 eV at 300K. This criterion is
used to determine the maximum number of adsorbed layers (nq,) for each
composition, defined as the largest value of n such that all E,,, values up to n satisfy
the threshold condition. In this study, adsorption scenarios were examined up to three
layers on each side of the monolayer.

The theoretical capacity of M,B, anode using carriers (A) was then estimated by

the amount of charge containing in the anode normalized by total mass of the anode:

n -z F
C= max

muy,B, T+ Nppax " Ma

where F is Faraday’s constant of 26,801 mAh/mol. The my,g, and m, are the

molecular masses of M,B, and charge carriers, respectively.
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Open-circuit voltage (OCV)
The OCV was estimated from Gibbs free energy differences between structures
with successive carrier species contents (x). Following the DFT-based thermodynamic

formulation, the average OCV over the range from x; to x,is given by:

AG

V= TG e

where AG = AE + PAV —TAS is the Gibbs free energy change, F is the Faraday
constant. At room temperature, the entropic (TAS = 25 meV) and pressure-volume
(PAV = 0.01 meV) contributions are negligible compared to internal energy changes,

allowing for the commonly used approximation:

AE

O~ =z

Thus, the calculated OCV represents an average voltage over the range from x; to x5,

and can be expressed as:
Eay,M,8, = Eay m,B, — (X2 — X1 )Ep Econ

ocV = — = -
(x, — xq)ze ze

lonic conductivity: diffusion barrier

To assess the ionic conductivity of carrier species on M,B, monolayer, the
diffusion barrier of a single carrier atom was evaluated using CI-NEB method
(Henkelman et al., 2000). Diffusion was modeled as surface migration between nearest-
neighbor adsorption sites along inequivalent directions. Five intermediate images

between endpoints were used to map the minimum energy pathway.

3.4.4 Material features

To uncover structure—property relationships of M,B, anode materials, we
constructed a comprehensive feature set encompassing elemental and structural
descriptors. These features were used as input for ML model training. The features are
grouped into three main categories:

Elemental features of the transition metal (M): These descriptors capture

intrinsic chemical and physical properties of the M atoms forming the M,B, lattice.
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They include the metallic radius, electronegativity, cohesive energy, number of
unpaired d-electrons, and total number of d-electrons. These parameters are closely
related to bonding strength, electronegativity-driven charge transfer, and electronic
structure, which can influence adsorption behavior and conductivity. The elemental
features were fetched from Mendeleev python library (Mentel, 2014).

Elemental features of the carrier species (A): Features of carrier species were
selected to capture the chemical behavior of the adsorbed carrier. These include the
metallic radius, electronegativity, cohesive energy, first ionization energy, and number
of valence electrons. These features may affect adsorption strength, diffusion barriers,

and redox activity on the anode M,B, surface.

Table 3.1 The elemental and structural parameters used as features for machine

learning model training.

Category Feature name Description
Elemental M M metallic_radius Metallic radius of M
M _EN Electronegativity (Pauling scale) of M
M _cohesive _energy Cohesive energy of M
M ne d Number of valence d-electrons of M
M ne_unpair Number of unpaired d-electrons of M
Elemental A A metallic_radius Metallic radius of A
A EN Electronegativity (Pauling scale) of A
A cohesive_energy Cohesive energy of A
A IE First ionization energy of A
A ne valence Number of valence electrons of A
Structural M,B,  PC1 First principal component from SOAP
pPC2 Second principal component from SOAP
PC3 Third principal component from SOAP

Structural features of M,B, monolayers: To encode the atomic environment
and geometry of M,B, monolayers, the Smooth Overlap of Atomic Positions (SOAP)
descriptor were employed (De et al., 2016). This descriptor captures radial and angular

distributions of atoms around a local environment of different lattice phases:
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orthorhombic, hexagonal, trigonal, and tetragonal. The SOAP features were computed
using the dscribe Python package (Laakso et al., 2023), with a cutoff radius of 4.0 A,
maximum radial basis functions of 12, and maximum angular basis functions of 12.
Principal component analysis (PCA) was subsequently applied to the SOAP vector to
reduce dimensionality and extract the first three principal components (PC1, PC2, and
PC3), which serve as compact and informative representations of the atomic structure
for model input.

This feature set ensures that both chemical identity and atomic configuration
are captured, providing a robust basis for training interpretable ML models aimed at

predicting material properties.

3.4.5 Model construction and interpretation

To uncover the underlying relationships between materials features and anode
performance of M,B, MBenes, this thesis employed a ML framework focused on both
predictive power and scientific interpretability. The design of the modeling strategy
was guided by three concepts: (1) simplicity, by constructing models using minimal and
informative feature subsets to redundancy between features and enhance clarity; (2)
sufficient accuracy, by ensuring reliable predictions through rigorous evaluation; and
(3) monotonic interpretation, by selecting models in which each feature exhibits a
consistent, directional effect on the target property. In this thesis, five regression
models were studied namely linear regression, decision tree, random forest, gradient
boosting, and XGBoost.

The dataset used in this step consisted of DFT-computed target properties of
M,B, (in Section 3.4.3) and corresponding input features (in Section 3.4.4). Prior to
modeling, outliers were removed to improve data robustness. The dataset was then
randomly split into training and testing subsets in a 90:10 ratio, with stratified sampling
applied to preserve the target distribution. All features were standardized using
standard scaling, fitted on the training data and applied to the test data.

For ML models training, all valid combinations of selected features from the
three feature categories (see Section 3.4.4) were systematically enumerated. To
balance model simplicity and interpretability, one or two features were selected from

each feature category. This enumeration strategy reduces model complexity and helps



76

mitigate redundancy and dilution of feature importance. For cohesive energy model,
the features of A group were omitted from the combination.

For each enumerated feature subset, the regression models were trained and
model hyperparameters were tuned using Optuna with 200 trials. The hyperparameter
optimization was conducted with two simultaneous objectives: (1) minimizing the 10-
fold cross-validation mean absolute error (CV-MAE) for predictive accuracy, and (2)
maximizing the interpretability score, defined as the minimum absolute Spearman

correlation between each feature and its corresponding SHAP value:
interpretability = min|p;|
L

where p; is the Spearman correlation between the it feature and its SHAP value. This
metric captures the monotonicity of the worst-behaving feature.

The models and metric results from all Optuna training trials across all feature
subsets were aggregated. A Pareto frontier was constructed to visualize the trade-off
between predictive accuracy (CV-MAE) and model interpretability score. The final
model was selected as the one with the lowest CV-MAE among those satisfying the
interpretability threshold. In this case, the interpretability score threshold was chosen
to be 0.5, which is an empirical threshold that balance interpretation and accuracy.

This final model was then evaluated on the unseen test data using standard
regression metrics: MAE, RMSE, and R2. Finally, to interpret the model, SHAP summary
and dependence plots were generated. These visualizations revealed global and local
feature effects, highlighting which features most strongly influence the target property
and how they affect the predictions, thereby supporting scientific interpretation and

rational design of MBenes for anode applications.
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CHAPTER IV
RESULTS AND DISCUSSION

4.1  Overview

This chapter presents the results and discussion of the computational screening
of M,B, MBene as potential anode candidates for metal-ion batteries (MIBs). The
screening covers 26 transition metals (M) across four crystal phases: orthorhombic (ort),
hexagonal (hex), trigonal (tri), and tetragonal (tetr). Four charge carrier species are
considered: Li, Na, Mg, and Al. The evaluation begins with intrinsic properties, including
crystal structures, energetic and dynamical stability, and electronic behavior.
Electrochemical performance is then assessed based on key metrics: theoretical
capacity, open-circuit voltage (OCV), and diffusion barriers of carrier species. All
properties are analyzed and compared to suggest promising candidates. Ultimately,
this chapter fulfills the research objectives by systematically identifying and
rationalizing promising MBenes, thereby contributing to the design of next-generation

energy storage materials.

4.2 Geometry, stability, and electronic properties of M,B,

This section presents intrinsic properties of the screened M,B, monolayers,
including their crystal structure, cohesive energy, phonon dispersion, and electronic
structures, as determined by DFT. These characteristics are crucial for evaluating

structural stability and electronic conductivity as potential anode materials.

4.2.1 Crystal structure of M,B,

The crystal structures of M,B, MBenes for various M were constructed from the
prototype of Mo,B, across four structural phases: ort, hex, tri, and tetr (details in
Section 3.4.2). These phases significantly differ in their lattice symmetry, atomic
arrangements, and coordination environments, as illustrated in Figure 4.1 using Mo,B,

as a representative example.
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orthorhombic hexagonal trigonal tetragonal

Figure 4.1: Optimized crystal structures of M,B, MBenes in four distinct phases:
orthorhombic, hexagonal, trigonal, and tetragonal. Top and side views are shown for
each structure, using Mo,B, as a representative example. Purple and orange spheres
represent transition metal (M) and boron (B), respectively. Slight variations in colors

shades are used for visual clarity.

Orthorhombic (ort): This phase possesses rectangular symmetry (y = 90°), with
slightly different lattice constants a and b. B atoms form buckled chains extending
along the b-direction and are connected by M atoms, forming internal layers with M
atoms on the surface. Each M atom is connected to 6 B atoms, resulting in a
coordination number of 6 (CN = 6). While each B atom is bonded to 2 B atoms within
their buckled lines and to 6 M atoms (CN = 8).

Hexagonal (hex): This phase is defined by a hexagonal lattice (y = 120°), with
equal lattice constants a and b. The B atoms are arranged in a flat hexagonal
honeycomb-like structure. M atoms are positioned on top and bottom of the 6-fold
hollow site of the B sheet, forming exposed layers. Each M atom forms bonds with 6
B atoms (CN = 6). Conversely, each B atom forms bonds with 6 M atoms and 3
neighboring B atoms within the B-sheet (CN = 9)

Trigonal (tri): This phase maintains the hexagonal lattice (y = 120°) but features
differ due to the vertical buckling of the hexagonal B sheet. Instead of CN = 6, the M
atoms are positioned on top of the lowered buckled B sites. Each M atom is bonded
to another 4 B atoms (CN = 4). Correspondingly, each B atom is connected to 3
neighboring B atoms within the buckled sheet and to 4 exposed M atoms (CN = 7).

Tetragonal (tetr): This phase possesses rectangular symmetry (y = 90°), with

equal lattice constants a and b. B and M atoms alternate in checker’s board pattern.
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Each M and B atom has CN of 5, exclusively forming bonds with atoms of the opposite
type. Unlike the other phases, both B and M atoms are exposed to the surfaces, and
there are no covalent B-B bonds present within this configuration.

To further analyze the diversity of M,B, MBene structures across various
compositions and crystal phases, the Smooth Overlap of Atomic Positions (SOAP)
descriptor was employed to encode local atomic environments into high-dimensional
numerical representations. By capturing both radial and angular distributions of
neighboring atoms, SOAP effectively distinguishes subtle geometrical variations across
a large structural dataset. To reduce the complexity of the high-dimensional SOAP
descriptor space and enable efficient analysis, Principal Component Analysis (PCA) was
applied. This process yields a set of orthogonal principal components ranked by
explained variance. In this study, the first three components, PC1, PC2, and PC3, were
selected. Although the exact physical meaning of each component is not
straightforward, they serve as compact numerical encodings of structural information
and are retained as input features in subsequent machine learning (ML) models.

To explore the structural information captured by the selected principal
components, we examined their distributions and correlations with some geometric
features. The following observation illustrates possible correlations between the
components and structural characteristics. As shown in Figure 4.2a, the PC1-PC2 plot
reveals clustering that corresponds to the four crystal phases. PC1 appears to separate
rectangular (y = 90°) from hexagonal (y = 120°) lattices, while PC2 could be associated
with the coordination number (CN) of the M. Higher CN phases (i.e., ort and hex) tend
to occupy different regions than those with lower CN phases (i.e., tri and tetr). Figure
4.2b shows a negative correlation between PC3 and surface area, indicating that PC3
captures structural compactness. Similar trends are observed from lattice constants,
M-B and M-M distances, and the metallic radius of M, as all of which are inherently
related to surface area.

Thus, PC1, PC2, and PC3 serve as compact numerical descriptors of the local
atomic environments derived from the high-dimensional SOAP representations. While
these components show observable correlations with structural features such as

lattice symmetry, coordination environment, and compactness, these interpretations
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Figure 4.2 Principal component analysis (PCA) of SOAP-derived structural descriptors
for M,B, MBenes. (a) PC1 vs. PC2 projection showing phase-based clustering. PC1
primarily captures differences in  lattice symmetry, separating rectangular
(orthorhombic, tetragonal) and hexagonal (hexagonal, trigonal) systems, while PC2
reflects the coordination number (CN) of M atom, distinguishing low-CN (4-5) from
high-CN (6) structures. (b) PC3 plotted against surface area, indicating variation in

structural compactness.

are heuristic and do not imply definitive physical meaning or causality. The principal
components primarily provide a reduced and tractable representation of structural
variation, which will be used as input features in subsequent ML models to explore

and predict structure—property relationships across the MBenes dataset.

4.2.2 Energetic stability: cohesive energy

Material stability is a key factor in determining the suitability of a compound as
an anode material for MIBs. This section focuses on energetic stability, which serves as
a fundamental criterion for the likelihood of successful material synthesis. Acommonly
used computational metric for this purpose is cohesive energy, which reflects the
strength of atomic bonding within the compound. Materials with higher cohesive
energy are generally more thermodynamically stable and are considered more

promising for long-term cycling stability in battery applications.
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The cohesive energies per atom of each M,B, composition and phase was
calculated using DFT, as described in Section 3.4.3. Two structures, i.e., tri-Ag,B, and
tri-Au,B,, were excluded due to structural transformation observed during geometry
optimization. As shown in Figure 4.3, the cohesive energies vary systematically across
the 3d, 4d, and 5d transition metals series, exhibiting a characteristic M-shaped trend.
Minor variations are observed among the four crystal phases. A detailed discussion of
this trend is provided in a later section.

While cohesive energy alone does not guarantee synthesizability, it provides a
meaningful thermodynamic reference. Among the experimentally reported M,B,
compounds, namely ort-Mo,B,, ort-Cr,B,, and hex-Ti,B,, the cohesive energy of ort-
Cr,B, is the lowest and is thus used as a practical benchmark (indicated by the dashed
line in Figure 4.3a. Compositions with higher cohesive energies may are considered
more energetically favorable and may have higher potential to be synthesized under
suitable conditions. However, this assumption should be interpreted with caution, as
actual synthesizability also depends on kinetic barriers, reaction pathways, and
synthesis environments. Additionally, the relatively small energy differences between
phases suggest that metastable structures may be experimentally accessible with

appropriate synthetic strategies and conditions.

more
sl ort —— hex —— tri | — tetr stable

Cohesive energy [eV]

3d 4d 5d
Sc T V¥ Cr Mn Fe Co Ni Cu Y Zr Nb Mo Tc Ru Rh Pd Ag Hf Ta W Re Os Ir Pt Au
Transition metal (M)

Figure 4.3 Cohesive energy per atom of M,B, MBenes across 3d, 4d, and 5d transition
metals (M) for different crystal phases. The dashed horizontal line marks the cohesive
energy of ort-Cr,B,, a compound successfully synthesized in prior work, which is used

here as a practical benchmark to guide the assessment of synthesizability.
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To assess the accuracy of our calculations, the cohesive energies were
compared with previously reported values. For hex-M,B, with M = Sc, Ti, V, Cr, Y, Zr,
Nb, and Mo, our results are within ~0.1 eV/atom of those by He. et. al. (He et al., 2021),
demonstrating strong consistency. Similarly, the values for tetr-Mo,B, and tri-Mo,B,
(6.31 and 6.26 eV/atom) are in good agreement with those by Bo et al. (Bo et al., 2019)
(6.49 and 6.40 eV/atom). Slightly larger discrepancies for ort-Mn,B, and ort-Zr,B,,
compared to Jia et al. (Jia et al., 2019) and Z. Jiang et al. (Jiang et al., 2018), may arise
from differences in computational settings. These comparisons support the reliability
of our DFT calculations.

To gain deeper understanding of the factors influencing the cohesive energy of
M,B,, ML models were employed to identify key contributing features. Five regression
models were trained using a combination of elemental features of M and structural
features derived from SOAP principal components. The details of features and model
training are written in Sections 3.4 and 3.5. As shown in Figure 4.4a, all five models
demonstrated reasonable predictive performance, with Gradient Boosting emerging as
the best-performing approach (MAE = 0.110 eV, R2 = 0.974). The parity plot in Figure
4.4b shows that the predicted cohesive energies align closely with DFT-calculated
values across the dataset. Linear Regression also performed well, slightly
outperforming Random Forest and XGBoost, while the Decision Tree model lagged
significantly. Due to its superior accuracy and ability to model complex structure-
property relationships, Gradient Boosting was chosen for detailed interpretation.

To investicate the Gradient Boosting model and identify the key factors
influencing the cohesive energy of M,B,, SHAP analysis was conducted (see Figure
4.4¢). The cohesive energy of constituent element M emerged as the most influential
feature, with a SHAP importance score of 0.724, far exceeding that of the other
selected features. These include PC2 (0.080), electronegativity (EN) of M (0.073), and
PC3 (0.069). Although PC2 and PC3 contribute less than the cohesive energy of M, they
still capture meaningful structural variations. These features help explain subtle
differences in the cohesive energies of M,B, compounds and reflect trends associated

with crystal phase preferences.
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Figure 4.4 Machine learning prediction and SHAP-based interpretation of cohesive
energy for M,B, MBenes. (a) Model comparison showing Gradient Boosting (GB) as the
best-performing regressor. (b) Parity plot of predicted vs. DFT-calculated cohesive
energies using the GB model. (c) SHAP summary plot identifying the four selected
features: cohesive energy of M (M_cohesive), PC2, PC3, and EN of M (M_EN). (d—g) SHAP
dependence plots. (e) also includes the Van Arkel-Ketelaar triangle of bonding

illustrating bonding types based on electronegativity (Jensen, 1995).

The strong contribution of cohesive energy of M is further supported by a clear
and consistent positive correlation between the cohesive energy of M and their SHAP
value (contribution on the predicted cohesive energy of M,B,), as shown in the
dependence plot (Figure 4.4d). As we can see from Figure 4.3, cohesive energies of
M,B, MBene exhibit a characteristic M-shaped trend across the 3d, 4d, and 5d transition
metal series, which is similar to cohesive energies of elemental M in their bulk state. It
shows an initial increase among early transition metals, a dip near the middle of the
series, a slight rise and a sharp decline among late transition metals. These findings

indicate that the bonding characteristics in M,B, compounds closely resemble those
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in their corresponding pure transition metals. Moreover, these bond strengths and
structural stability also vary systematically across the transition metal series, reflecting
the influence of elemental character on cohesive energy.

Among various bonds in M,B, structures, the dominant M-B bonds could play
the main contribution in overall cohesive energy. We find that the characteristic of
these M-B bonds is similar to that of the metallic type of bonding, as supported by
the Van Arkel-Ketelaar triangle diagram (Figure 4.4e), where chemical bond type can
be classified based on average and difference of electronegativity. Specifically, the
electronegativity of B is 2.0, which is relatively high compared to most transition metals
(ranging from 1.2 to 2.4), thereby resulting in moderate average and small difference
and fall into metallic region or near the metallic-covalent boundary on the diagram as
shown in Figure 4.4e. This can be implied that the bonding character in M,B, shares
similar features with metallic bonding in pure transition metals, supporting their M-
shape characteristic trend of cohesive energies and their high correlation.

The cohesive energy of pure transition metals reflects the strength of metallic
bonding. Across the 3d, 4d, and 5d series, cohesive energy generally follows a parabolic
trend with respect to d-electron filling: it rises with the progressive occupation of
bonding d-states, peaks near half-filled configurations, and declines as antibonding
states become populated. This characteristic behavior is well explained by Friedel’s
rectangular d-band model, which links the evolution of bonding strength to the filling
of bonding and antibonding orbitals (Friedel, 1954). Down a group, cohesive energies
tend to increase from 3d to 5d elements due to greater orbital overlap, broader d-
bands, and enhanced electron delocalization in heavier atoms (Boring and Smith,
2000). Notably, the 3d series deviates from the ideal parabolic shape due to strong
magnetic exchange and electron correlation effects. Near half-filling, Hund’s rule
promotes spin alignment and local moment formation, which competes with metallic
bonding and reduces cohesive energy. This effect is particularly pronounced in
elements like Mn, resulting in an M-shaped curve rather than a smooth parabola. In
contrast, the 4d and 5d metals exhibit more regular trends, as their broader d-bands
suppress localization and mitigate magnetic anomalies (Didukh, 2018; Tomacruz et al,,

2025).
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In addition to elemental features, structural descriptors derived from SOAP,
particularly PC2 and PC3, provide information on phase-dependent variations in
cohesive energy across M,B, compounds. While their influence is much smaller than
the cohesive energy of the transition metal, they still capture the structural effect. PC2
reflects differences in local atomic coordination and shows a trend with cohesive
energy. As shown in the SHAP dependence plot (see Figure 4.4f), structures with
positive PC2 values, i.e., ort- and hex-phases, generally exhibit higher cohesive energies.
These phases typically feature sixfold coordination of the M by B atoms, increasing the
number of M-B bonds and thereby contributing to greater stability. In contrast, tri- and
tetr-phases, associated with negative PC2 values and lower coordination numbers,
tend to have lower cohesive energies. PC3, associated with lattice compactness, shows
relatively minor importance and has no clear explanation with cohesive energy.

Although a detailed physical explanation of how crystal phase influences the
cohesive energy of M,B, remains unclear, distinct preference can be observed across
the transition metal series. Early transition metals such as Sc, Ti, Y, Zr, and Hf tend to
favor ort- and hex-phases based on higher cohesive energies. In contrast, for many
mid-to-late transition metals, especially those in the 4d and 5d series, the tri- and tetr-
phases become energetically more favorable, with the exceptions of Cu, Ag, and Au.

This variation in phase stability across M,B, composition can be further
examined by considering both structural coordination and the EN of M. SHAP analysis
reveals a parabola-like trend in contribution of EN to cohesive energy, with minimum
SHAP values occurring near the EN of B (see Figure 4.4g). For early transition metals
with low EN, the large EN difference (AEN) relative to B promotes polar metallic
interactions, where ort- and hex-phases with high CN of B and M, are preferred, as they
maximize electrostatic bonding contributions. These phases also feature short, strong
B-B bonds, especially in the hex-phase, further enhancing cohesion. However, in the
tri-phase, the B-B bond is more diffuse and less contribute to overall cohesion. As the
EN of M increases across the series, AEN decreases and both high EN, the M-B bonds
become less polar and more covalent-like, though still within the metallic bonding

regime. In this range, tri- and tetr-phases become more stable. Their geometries allow
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more localized and directional M-B interactions, better accommodating the covalent
component of bonding that emerges with higher EN metals.

In summary, the energetic stability of M,B, MBenes, as evaluated by cohesive
energy calculations, exhibits a characteristic M-shaped trend across the transition metal
series. ML and SHAP analysis suggest that this trend is primarily driven by the cohesive
energy of M, underscoring the dominant influence of elemental properties. Subtle
phase-dependent variations are also observed and can be partially explained by
differences in local coordination environments and EN, although the underlying
physical mechanisms remain not fully resolved. These results highlight the potential
of the less-studied trigonal and tetragonal phases, which have received much less
attention compared to the more commonly investigated ort- and hex-phases, as

promising structures for further exploration.

4.2.3 Dynamical stability: phonon dispersion

In addition to energetic stability, dynamical stability is important for assessing
the structural stability of the materials. It reflects the ability of material to resist lattice
vibrations without undergoing spontaneous structural distortions or phase transitions.
This is typically evaluated via phonon dispersion calculations, revealing the vibrational
modes of a crystal structure. The presence of imaginary frequencies (i.e., negative
values) indicates dynamical instability, while their absence suggests dynamical stability.

Phonon band structures were calculated along high-symmetric paths in the
Brillouin zone for various M,B, compositions and crystal phases. As shown in Figure
4.5a, the phonon spectrum of ort-Mo,B, as an example contains no imaginary modes,
suggesting its dynamical stability. A broader overview of stability for all four M,B, crystal
phases is provided in Figure 4.5b, organized by transition metal in periodic table format
across the 3d, 4d, and 5d series.

The observed dynamical stability trends generally correlate those of cohesive
energy presented in Section 4.2.2. Late transition metals based M,B, compounds,
which have lower cohesive energies, are often dynamically unstable in all phases. For
a given transition metal, the phase with the highest cohesive energy typically
corresponds to a dynamically stable structure. For instance, Sc,B, and Ti,B, are

dynamically stable in ort- and hex-phases but unstable in tri- and tetr-phases as both
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Figure 4.5 Dynamical stability of M,B, MBenes evaluated using phonon dispersion
calculations. (a) An example of phonon dispersion curve of ort-M,B,, showing no
imaginary frequencies and suggesting dynamical stability. (b) Dynamical stability
summary for all investigated M,B, compositions and phases, presented in periodic
table format. Green squares indicate dynamically stable structures; red squares denote

unstable structures.

featuring much lower cohesive energy. In contrast, Mo,B, remains dynamically stable
across all four phases, correlated with its uniformly high cohesive energies. Phases with
higher cohesive energy are more likely to exhibit stable phonon modes, while low-
cohesive-energy structures are prone to instability and phase transformation. These
findings indicate a strong correlation between energetic and dynamical stabilities.

Our predictions also align well with prior theoretical studies. Dynamical stability
of ort-M,B, has been previously reported for several M including Mo, Sc, Ti, V, Cr, Mn,
Fe, Co, Zr, Nb, Mo, and Hf (Guo et al,, 2017; Jia et al., 2019; Jiang et al., 2018; Li et al,,
2022; Z. Ma et al., 2020). For tri-and tetr-M,B,, our results for Mo,B, are consistent with
those reported by (Bo et al, 2019; Jin and Schwingenschlogl, 2022). Similarly, the
dynamical stability of hex-M,B, for Zr, Y, and V has been reported in other studies (Gao
et al,, 2021; Wei et al,, 2022; Yuan et al,, 2019). A comprehensive screening of hex-
M,B, for 3d and 4d (He et al., 2021) also showed good agreement with our findings,
with the exception of Fe and Pd. Overall, our results are aligned with existing literature.

In summary, phonon dispersion analysis provides a direct measure of dynamical
stability. The dynamical stability generally correlated with cohesive energy such that

M,B, phase with higher cohesive energy are generally more resistant to lattice
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distortion and phase transformation. For practical synthesis and application, candidate

materials should exhibit both energetic and dynamical stability.

4.2.4 Electronic structure

High electronic conductivity is a desirable property for ideal anode materials,
as it facilitates efficient charge transport during battery operation, thereby enhancing
power density and rate performance. To evaluate this aspect for M,B, MBenes, their
electronic structures were analyzed using density of states (DOS) calculations at the
PBE level of theory.

The projected DOS for ort-Mo,B, exhibits significant hybridization between Mo
and B atomic states, particularly in the energy window from -10 to -2 eV (see Figure
4.6). Near the Fermi level, the electronic states are predominantly contributed by Mo
4d orbitals, suggesting that these orbitals are primarily responsible for electronic
conduction. The absence of a band gap indicates metallic behavior, implying that
Mo,B, can facilitate electron transport more effectively than semiconductors. While
metallicity qualitatively suggests good electronic conductivity, a quantitative
evaluation would be necessary to determine the actual conductive performance.
However, such analyses are beyond the scope of this high-throughput screening.

The metallic character identified in ort-Mo,B, is consistently observed across
all M,B, compositions and crystal phases examined. The projected DOS shows minimal
variation between phases, indicating that crystal structure has little influence on the
overall electronic character. Across the transition metal series, the primary difference
is the more filling of d orbitals, which raises the Fermi level. These findings suggest that
M,B, possess favorable electronic conductivity, implying their potential as conductive
anode materials.

Our findings at the PBE level are consistent with previous electronic structure
studies of M,B, (Bo et al., 2018; Guo et al,, 2017; Y. Wang et al., 2024; Wei et al., 2022;
Yuan et al., 2019). Moreover, selected cases further verified using hybrid functionals
(HSE06) and spin-orbit coupling (SOC) also support the metallic nature of these
materials, in alignment with the results derived from PBE level calculations (Guo et al,,

2017; Y. Wang et al,, 2024).
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Figure 4.6 Projected density of states (PDOS) of ort-Mo,B,, representative of M,B,
MBenes. The finite density at the Fermi level suggests metallic character and implies

good electronic conductivity.

4.3  Electrochemical properties

This section evaluates the electrochemical performance of M,B, monolayers
as potential anode materials of MIBs. Key descriptors, including adsorption of carrier
species, theoretical capacity, OCV, and diffusion barrier of carrier atom, are evaluated

to determine their effectiveness in supporting efficient charge storage and transport.

4.3.1 Adsorption of carrier species and theoretical capacity

An ideal anode material should exhibit a high theoretical capacity. Herein, the
capacity of various M,B, monolayers was estimated by evaluating the layer-by-layer
adsorption of carrier species (Li, Na, Mg, and Al). The methodology for calculating
adsorption energies, determining the maximum number of adsorbed layers (n,44), and
computing theoretical capacity is detailed in Section 3.4.4.

To illustrate the approach, an example of Na adsorption on ort-Cr,B; is shown
in Figure 4.7. The adsorption process begins with a bare ort-Cr,B, monolayer (denoted
as OL). In the first step, eight Na atoms are adsorbed symmetrically on both top and
bottom surfaces, yielding the first layer adsorption (1L) with adsorption energy of -0.50
eV per Na atom. The subsequent second and third layers (2L and 3L) show consecutive
adsorption energies of +0.02 and +0.03 eV, respectively. As the 2L exceeds the defined
stability threshold (-0.05 eV), only the 1L is energetically favorable, and further
adsorption is unfavorable. Therefore, the 1,4, for this Na adsorption is one. In contrast,

when Li is used as the carrier on the ort-Cr,B,, the consecutive adsorption energies for
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Figure 4.7 Layer-by-layer adsorption of Li and Na on representative ort-Cr,B, MBene.
The adsorption begins with the bare monolayer (OL), followed by the stepwise addition
of carrier atoms on both sides of the surface to form the first (1L), second (2L), and
third (3L) adsorption layers. The consecutive adsorption energy per atom is indicated
at each step. The maximum number of adsorbed layers (n,,,,) determined by the

adsorption energy threshold of -0.05 eV/atom.

the 1L, 2L, and 3L are -0.96, -0.11, and -0.16 eV, respectively. All of them are below
the stability threshold, suggesting that up to three Li layers can be stably adsorbed or
the N4y for this Li adsorption is three. In this study, adsorption was considered up to
three layers, following a practical criterion commonly adopted in the literature (N. Ma
et al,, 2022). Although there is no: strict physical limit, adding more layers may be
unrealistic, as it would require an increasingly open space.

Beyond the representative case of ort-Cr,B,, the consecutive adsorption
energies for the 1L, 2L, and 3L of various carrier species on representative phase ort-
M,B, are summarized in Figure 4.8. Overall, the 1L adsorption is substantially stronger
than that of 2L and 3L—a trend consistently observed not only in the ort-phase but
across all phases. This is primarily due to the direct interaction between carriers and

exposed M or B atoms on M,B, surface, resulting in larger adsorption energy and greater



94

variation across the transition metal series. In contrast, the 2L and 3L interact
predominantly with previously adsorbed carriers rather than the M,B, surface, leading
to electrostatic screening and considerably weaker binding. In addition, 2L and 3L
adsorption energies tend to be the same and show small variation across different M.
This much weaker bind is consistent with previous report of Mg adsorption on M,B (N.
Ma et al., 2022).

The determination of 1,4, is governed by whether the consecutive adsorption
energies of the 2L and 3L fall below the stability threshold. Thus, analyzing the
adsorption behavior of these layers is essential. Figure 4.8 summarizes the N, 4, across
various M,B, compositions and crystal phases for all considered carrier species. Among
them, Al uniquely exhibits a clear distinction between the 2L and 3L adsorption
energies unlike other carriers. This enhancement in 2L adsorption for Al likely stems
from its higher ionic charge (z = 3), which promotes stronger interactions even with
pre-adsorbed layers. Therefore, most compositions can adsorb Al at 1,4, = 3. The Mg
also shows moderately strong adsorption. This enable adsorption up to Ny, = 3 in
most composition except some M,B, involving M in 3d that limits lower Ny,q, to 1 or
2. The Li displays slightly weaker the 2L and 3L adsorption, consistent with its lower
ionic charge (z = 1), resulting in weaken surface interaction and N4, is limited to 1 or
2 in nearly half of the compositions. The Na, in contrast, shows the weakest adsorption
among all carrier species. Its larger atomic radius in limited distancing from nearest
neighbor leads to strong repulsion to its neighboring Na atoms, particularly in structure
with tight lattice spacing. This effect is most pronounced in tri-phase, where Na-Na
distance (e.g., 2.86 A in tri-Mo,B,) is significantly shorter than in other phases (~3.04 -
3.07 A for Mo,B,), amplifying repulsive interactions. As a result, Na adsorption is
frequently limited to just a single layer.

The theoretical capacities of M,B, monolayers were calculated based on the
previously determined ny,q, Vvalues, following the methodology outlined in Section

3.4.4 and shown in this formula:

n -z F
C= max

muy,B, T+ Nppax " Ma



95

where F is Faraday’s constant of 26,801 mAh/mol. The my,g, and my are the
molecular masses of M,B, and charge carriers, respectively. The results for various
carrier species across different compositions and crystal phases are presented in Figure
4.9. Since capacity is directly proportional to the number of electrons transferred per
carrier (z), Al (z = 3) tends to exhibit the highest capacities, followed by Mg (z = 2),
and then Li and Na (z = 1). For a given carrier species, capacity increases with Npax
with composition achieving 1,4, = 3 showing particularly high values. Additionally, for
compositions with equal Ny, gravimetric capacity is normalized by weight of the
anode materials involving M, lishter M yields higher gravimetric capacity due to their

lower mass contribution to the anode material.
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Figure 4.8 Consecutive adsorption energies (E,qs) of Li, Na, Mg, and Al on

representative ort-M,B, monolayers up to three layers (1L-3L). Heatmaps below show
the maximum number of adsorbed layers (n,,,4) across all crystal phases (ort, hex, tri,

tetr).
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Figure 4.9 Gravimetric capacity and maximum number of adsorption layers (nmayx) for

Li, Na, Mg, and Al adsorption on M,B, across different transition metals (M) and phases.



971

Validating our predicted theoretical capacities against literature values remains
challenging due to methodological inconsistencies across different studies. Since
capacity as well as ny,q, determination highly depends on how the stability of the 2L
and 3L is evaluated. Herein, Ny, is determined by applying a threshold of -0.05
eV/carrier for consecutive adsorption energy. However, other studies have adopted
different approaches. Some assign M4, based on structural stability by observing
atomic distortions in fixed-layer configurations (He et al,, 2021; Y. Wang et al., 2024, p.
2), while others use thermodynamic criteria, where a positive adsorption energy signals
instability (Bo et al.,, 2018; Jia et al., 2019). Furthermore, discrepancy in computational
setups, such as vdW correction, may further influence the adsorption energy and 1,4
estimation. As a result, direct comparison with previously reported capacities may not
be appropriate. For instance, our results predicted n,,,,= 1 for Li adsorption on ort-
Fe,B, due to the adsorption energy of the 2L is lines above our threshold. In contrast,
some studies report two stable layers without significant structural distortions (Guo et
al,, 2017; Y. Wang et al., 2024), while another assumes only one (Liu et al., 2023). These
variations in determination of n,,4, l€ead to differences in gravimetric capacities.

The theoretical capacities calculated in this work serve primarily as estimated
descriptors for high-throughput screening. These values are based on simplified
assumptions, including idealized layer-by-layer adsorption on monolayer M,B,
surfaces, and do not account for realistic factors such as thermal effect, kinetic effect,
or morphological variations. As such, while the computed capacities provide a useful
benchmark for comparative evaluation across compositions and phases, practical

capacities achieved under real operating conditions may differ significantly.

4.3.2 Open-circuit voltage (OCV)

Another key property of anode materials is their OCV, which must lie within an
appropriate range to ensure both electrochemical performance and safety. Low OCV
can help maximize the full-cell voltage and energy density; however, if the OCV is too
low, it may trigger unwanted side reaction with electrolyte, or promote metal dendrite
growth, leading to safety risks. For LIB, the ideal OCV for anode material typically ranges
from 0 to 1 versus Li/Li". In this section, the OCV of various M,B, monolayers are

investigated by modeling the layer adsorption of different carrier species. The
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computational methodology used for OCV determination is described in detail in
Section 3.4.4.

To illustrate the OCV evaluation method, we present a representative case of
Mg adsorption on ort-Mo,B,, as shown in Figure 4.10. The consecutive adsorption
energies for the 1L, 2L, and 3L are -1.66, -0.18, -0.18 eV per Mg atom, respectively.
Using equation (OCV = —E,,,/ze), the corresponding average OCV values for each
adsorption step (OL to 1L, 1L to 2L, and 2L to 3L) are calculated to be 0.83, 0.09, and
0.09 V, respectively. As expected, the 1L exhibits the highest OCV, reflecting the
strongest interaction between Mg and the exposed Mo,B, surface. In contrast, the 2L
and 3L show significantly lower OCVs, as their adsorption is primarily influenced by
interactions with previously adsorbed Mg atoms rather than direct bonding to the
substrate. This sharp drop in OCV beyond the 1L is consistent across various

compositions, crystal phases, and carrier species.
Mg adsorption ort-Mo,B,

-1.66 -0.18 o 0 -0.18 o 0
eViMg @ © @ oyMg © © 0 oypg © 0 O

© 0 O 0 © o o 0 0O
side-view 8x0 8x0 oo 8x0 oo
O O O
oL 1L 2L 3L
0.83
Em———— | OCV,, = 0.83V
>
=
(&)
o 0.09 0.09
0 1 2 3

Charging progress (n)

Figure 4.10 Open-circuit voltage (OCV) profile of Mg adsorption on representative ort-
Mo,B,. The diagram illustrates consecutive adsorption energies from the bare surface
(0L) to three adsorbed layers (3L), along with the corresponding average OCV values at

each stage.
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Given its sensitivity to the intrinsic interaction between the carrier species and
the M,B, surface, the OCV at 1L represents the upper bound of the voltage profile. It
captures the strongest binding and the highest potential during the initial stage of
charge/discharge. Therefore, the OCV at 1L serves as a key descriptor in this high-
throughput screening.

The calculated OCV values at 1L adsorption, denoted as OCV, for all M,B,
compositions and crystal phases with various carrier species (Li, Na, Mg, and Al) are
visualized in Figure 4.11 and Figure 4.12. The distribution plot reveals distinct voltage
profiles for each carrier type. Li shows the broadest distribution, extending up to 1.7 V
with a peak centered around 0.7 V, reflecting a wide range of interaction strengths with
the substrate. In contrast, Al exhibits a narrow distribution concentrated between 0.2-
0.4 V, suggesting consistently low-voltage behavior. Na and Mg display intermediate
voltage ranges, mostly centered around 0.3 — 0.6 V. These observed differences
highlight the carrier species dependence of OCV and provide motivation for further
investigation.

To gain deeper insight into the factors influencing the OCV, ML models were
employed to identify and interpret key predictive features. Five regression algorithms
were trained using a combination of elemental features of the carrier species (A),
elemental features of the transition metal (M), and structural descriptors derived from
SOAP principal components. Details of the input features and training procedures are
provided in Sections 3.4 and 3.5. Among the models tested, Gradient Boosting
delivered the best performance, achieving a mean absolute error (MAE) of 0.078 V and
a coefficient of determination (R?) of 0.849 (see Figure 4.13a). In contrast, simpler
models such as Linear Regression and Decision Tree performed poorly, with MAEs of
0.114 V and 0.121 V, respectively. Random Forest (MAE = 0.094 V) also showed limited
accuracy. XGBoost demonstrated comparable performance to Gradient Boosting, with
an MAE of 0.080 V. The parity plot in Figure 4.13b confirms the strong agreement
between predicted and DFT-calculated OCV values. Given its high predictive accuracy
and robustness in capturing nonlinear structure-property relationships, Gradient

Boosting was selected for further interpretability analysis.
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To better understand the factors governing the OCV, SHAP analysis was applied
to the trained Gradient Boosting model. Among all five selected features, the EN of A
(A_EN) emerged as the most influential, with a SHAP importance of 0.16 as shown in
Figure 4.13c. Other contributors include PC2 (0.08), the number of unpaired d
electrons of M (0.07), PC3 (0.04), and the EN of M (0.04). In the following discussion,
we examine how these features influence the predicted OCV in relation to the carrier
species, crystal phase, and the constituent transition metal.

In the case of carrier species (A), the SHAP analysis reveals an inverse correlation
between EN and OCV: carriers with higher EN, such as Al, tend to exhibit lower OCVs.
However, this trend cannot be directly interpreted from interaction alone, since OCV
is defined as the adsorption energy normalized by the number of electrons transferred
(2), i.e., OCV < |Eg4s|/2z. As z significantly influences OCV, we investigated both the
absolute interaction energy and its normalization by z to gain a clearer understanding.

Adsorption of carrier species on a 2D monolayer is an inherently complex
process involving multiple interacting phenomena. Previous studies have introduced
theoretical frameworks to describe this adsorption by decomposing the total
adsorption energy into distinct contributions that reflect different physical origins
(Chaney et al.,, 2021; Dou and Fyta, 2020; Gong et al,, 2021). Building on these
frameworks, we adapted and simplified the approach by resolving the total adsorption
energy (Egasorption) into four contributing components, as illustrated in Figure 4.14a.

The first component is cohesive energy (Egpnesive), Which accounts for the
dissociation of the carrier in bulk phase into isolated atoms. The second component
is lateral interaction energy (Ejqterqr), arising from interactions between carrier atoms
arranged according to the adsorption configuration. This includes both repulsive forces
at too short distances and cohesive interaction at too long distances. Deviations from
optimal interatomic distance introduce an energy penalty. The third component is
distortion energy (Egistort), representing the elastic energy associated with the
structural relaxation of the M,B, in response to adsorption. Finally, the most complex
component is coupling energy (Eoyupiing), Which captures the direct interaction
between each carrier atom and the monolayer surface. This term reflects the coupling

interactions that arise from different bonding mechanisms. In our case, the bonding
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character may appear to lie in the metallic regime, encompassing charge redistribution,

electronic screening, and orbital hybridization.

(a) Diagram of carrier adsorption on M,B, and decomposed step
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Figure 4.14 Decomposed adsorption energy components for different carriers on M;B,.

(a) Schematic of adsorption energy (Eggsorption) SPUt into four components: cohesive

(E¢onesive), \ateral interaction (Ejgterq), distortion (Egistort), and coupling (E¢oypiing)

energies. (b) Averaged component energies (eV/atom) for Li, Na, Mg, and Al. The

averaged energies normalized by z are shown for Mg and Al directly compared to OCV.
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For each charge carrier adsorbed onto M,B, in different structural phases, we
explicitly calculated E pnesiver Eiaterar, and Egistort Using DFT-based reaction energies,
following the decomposition diagram shown in Figure 4.14b. The remaining
component, Ecoyupiing, Was obtained as a residual by subtracting the sum of the other
three components from the total adsorption energy.

To further investigate the impact of carrier species on each component of the
total adsorption energy. The average total and component energies across all crystal
phases and transition metals for each carrier species are used as a representative and
shown in Figure 4.14b. Our results reveal several notable trends. Although the total
adsorption energy does not exhibit a clear monotonic dependence on the charge
carrier, the underlying components do. Al exhibits the strongest E;onesive + Elateral
followed by Mg, Li, and Na. This trend reflects the fundamental nature of metallic
bonding, where adsorption involves the energy cost of detaching carrier atoms from
their bulk state and rearranging them into the adsorption configuration. The observed
order (Al > Mg > Li > Na) corresponds well with classical metallic bond strength, as
described by the electron sea model. A parallel trend is observed in E¢oypiing, With Al
exhibiting the strongest interaction with the surface. This is attributed to its higher
valence electron count and smaller ionic radius, which enhance electrostatic attraction
to surface atoms, as supported by Shannon ionic radii order Al (0.39 A) < Mg (0.57 A)
< Li (0.59 A) < Na (0.99 A) at coordination number of four (Ahrens, 1952). We also find
that the Egist0rt are nesligible across all species, suggesting that the coupling term
and carrier reorganizing term play the main role in overall adsorption energetics.

Although adsorption energy is a critical descriptor, it does not directly
correspond to OCV, as the latter depends on the adsorption energy normalized by z.
In Figure 4.14b, normalization significantly changes the trend: despite Al and Mg
showing stronger absolute adsorption energies, their high valency (Al: z = 3, Mg: z = 2)
reduces their effective contribution to OCV. Consequently, the normalized interaction
strength and OCV follows the trend: Li > Na > Mg > Al. From SHAP analysis, this is
correlated with EN of carriers where: carriers with higher EN, such as Al, tend to exhibit
lower OCVs. We hypothesize that the apparent correlation may arise because EN is

intrinsically related to z, which acts as the normalization factor in the OCV calculation.
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To investigate the influence of crystal phase on OCV, the distribution of OCV
values across all carriers and phases is presented in Figure 4.15a. For a given carrier
species, the ort- and hex-M,B, generally result in higher OCVs compared to the tri- and
tetr-M,B,. This observation is consistent with the SHAP dependence plot of PC2 (see
Figure 4.13e), where structures associated with positive PC2 values, primarily ort- and
hex-M,B,, correspond to higher OCVs. Although the physical meaning of PC2 is not fully
understood, the trend may reflect differences in coordination number of M, leading to
differences in coupling interaction at the adsorption sites.

To further analyze this phase dependence, we focus on the lateral interaction
energy between carrier atoms arranged in adsorption configuration, which is strongly
influenced by lattice parameters and phase. In Figure 4.15b, M,B, monolayers exhibit
two main adsorption patterns: rectangular arrangements (ort- and tetr-phases), and
hexagonal arrangements (hex- and tri-phases). These configurations dictate the
distance between carrier atoms (A-A distance), which vary with both crystal phase and
atomic radius of the transition metal. The boxplots summarize a deviation of these A-
A distances for each crystal phase. The median A-A distance within each phase was
primarily used as the representative value in our discussion. The tri-phase tends to
have the shortest A-A distances, while hex and ort structures are more moderate.

To assess the impact of these distances on OCV, we calculated normalized
lateral interaction energies (Ej4¢erqi/2) for all carriers, using the hexagonal arrangement
as a reference due to its higher stability and packing factor (see Figure 4.15b). For Li
and Mg, the lateral interaction energy shows little variation across phases, suggesting
that OCV differences are primarily governed by other contributions such as coupling
energy. In contrast, Na exhibits the highest lateral energy penalty, particularly in the tri
phase, where the Na-Na distance is much shorter than its equilibrium spacing. This
leads to strong repulsive interactions, destabilizing adsorption layer, and significantly
lowers the resulting OCV. Al shows an opposite trend. Its small atomic radius results
in an equilibrium Al-Al spacing shorter than those observed in all phases, reducing
lateral cohesion and increasing energy penalties. However, in the tri phase, the Al-Al
distance is relatively closer to its equilibrium spacing compared to other phases, which

reduces the lateral interaction and results in relatively higher OCV.
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Figure 4.15 Phase dependent on lateral interaction energies of various carrier species
(a) Violin plots of open-circuit voltage (OCV) distributions for Li, Na, and Mg, Al across
four M,B, phases. Median is represented as a black line. (b) Normalized lateral
interaction energy (Ejgterai/2) as a function of A-A distance for hexagonal (hex, tri) and
rectangular (ort, tetr) adsorption configurations. Gray bars show the energy landscape
for each carrier species, referenced to the hexagonal arrangement (set to 0). Box plots
represent the A-A distance distributions within each phase, with the median as a
representative value. In the ort-phase, A-A distances are averaged along the a and b
directions to account for lattice anisotropy. Lower normalized Ejgterqr generally

indicate stronger adsorption and correspond to higher OCV.

In addition, the influence of the M on OCV was also discussed. Based on SHAP
analysis, the OCV generally shows a positive correlation with the number of unpaired
d-electrons and, to some extent, the EN of M. This trend reflects the role of M in

modulating the coupling energy between the M,B, substrate and the adsorbed carriers.
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Although the underlying physical mechanism is not entirely clear, a higher number of
unpaired d-electrons of M may enhance electronic interactions at the adsorption site,
potentially leading to stronger coupling or bond formation, leading to higher OCV
values.

It is important to note that the predicted OCV values in this study are intended
to provide general trends for high-throughput screening rather than exact agreement
with experimental measurements. Even among computational studies, direct
comparison between our calculated OCV values and those reported in the literature
is challenging due to methodological differences across studies. OCV is highly sensitive
to how adsorption of carrier species is modeled, particularly the concentration
intervals or step of adding carrier atoms. In this work, carrier atoms were added layer-
by-layer on both sides of the monolayer simultaneously. In contrast, other studies may
adopt different intervals, such as one-sided layer-by-layer or even atom-by atom
addition, leading to discrepancies in the resulting OCV values. In fact, atom-by-atom
adsorption model might be more realistic and appropriate for a detailed study, but it
is beyond the scope of this screening work. Furthermore, variations in computational
settings such as the vdW correction can significantly affect both adsorption energy and
OCV profile. For example, our predicted OCV for Li adsorption on ort-Fe,B; is 1.11 V,
whereas previously reported values range from 0.33, 1.08, and 4.7 V (Liu et al., 2023;
Sun et al,, 2017; Y. Wang et al., 2024). This wide variation underscores the sensitivity
of OCV predictions to modeling parameters not only for Li adsorption on ort-Fe,B, but

across other systems.

4.3.3 lonic conductivity: diffusion barriers and pathways

Beyond charge carrier storage capacity, efficient carrier transport is critical for
achieving a better charge-discharge rate, leading to high performance MIBs. The rate
capability of an anode material is closely governed by its ionic conductivity, which in
turn depends on the diffusion of carrier species, i.e., Li, Na, Mg, and Al, across the
surface of the M,B, monolayer. To assess this kinetic aspect, we modeled the diffusion
of a single carrier atom on the surface of each M,B, composition and crystal phase

using the CINEB method as detailed in Section 3.4.3.
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For each crystal phase, inequivalent diffusion pathways were systematically
evaluated based on symmetry considerations and the locations of the most stable
adsorption sites (Figure 4.16). Diffusion was modeled as carrier migration between
adjacent adsorption sites along distinct crystallographic directions. In the ort-phase,
carriers preferentially adsorb at hollow sites coordinated by four M atoms, with two
possible diffusion paths along the a- and b-directions, labeled P1 and P2, respectively.
Typically, the direction with the lower diffusion barrier dominates, leading to quasi-
one-dimensional transport unless both barriers are comparable. The lower value was
taken as the effective diffusion barrier. In hex- and tri- phases, the preferred adsorption
site is the hollow position coordinated by three M atoms. Diffusion occurs through a

hexagonally connected network of hollow sites (P1), allowing 2D transport. In the tetr-
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Figure 4.16 Diffusion barriers of Li, Na, Mg, and Al on M,B, monolayers. (a) Violin plots
of effective diffusion barriers across four crystal phases, with insets showing
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for Li and Al diffusion on ort-M,B,, highlighting transition metal dependence.
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phase, diffusion was modeled along the diagonal path (P1) between neighboring
hollow sites, which defines a representative 2D transport network. These effective
diffusion pathways capture the intrinsic carrier mobility characteristics of each M,B,
phase. In all cases, the diffusion barrier serves as a quantitative descriptor of transport
of carrier species on M,B, monolayer. These barriers are presented as violin plots in
Figure 4.16, highlighting the distribution for each carrier species and crystal phase
combination. Lower diffusion barriers are indicative of more rapid carrier transport and
are thus favorable for high-rate battery applications.

The results revealed a clear dependence on crystal phase. The high diffusion
barriers in ort-M,B, can be attributed to a strong initial-state bonding environment. In
the initial adsorption state, the carrier atom is coordinated to four M and one B atom,
with a particularly strong and short carrier-B bond that provides significant stabilization.
During diffusion, the carrier must break this stable configuration and move into a less
favorable transition state, where it is coordinated to only two M atoms. This different
coordination led to high diffusion barrier. In contrast, the other phases feature more
gradual changes in coordination, similar coordination between initial and transition
states, supporting much lower diffusion barriers.

Carrier species significantly influences the behavior of diffusion on M,B,
monolayers, especially on the ort-M,B,. As depicted in Figure 4.16a, the overall
distribution of diffusion barriers generally follows the trend Al > Mg > Li > Na, which
could be understood by again the interaction between carrier species and M on surface
similar to the discussion on coupling energy. Al, with the highest charge (z = 3) and
relatively small radius, exhibit the strongest interaction with the surface. This results in
a higher stable initial state, leading to a deeper adsorption well and a corresponding
higher diffusion barrier. Mg (z = 2) also interacts strongly, resulting in moderate barriers.
In contrast, Li and Na (z = 1) display weaker interactions with the surface, showing
shallower potential wells and lower diffusion barriers. Between them, Na with larger
atomic radius and lower electron density, reduces its polarizing ability and surface
interaction, leading to even lower diffusion barriers compared to Li.

The influence of the M on diffusion barriers was further investigated, particularly

for the ort-M,B, where comparatively higher barriers were observed. As shown in Figure
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4.16b, the diffusion barriers for both Li and Al exhibit a nonmonotonic trend across
transition metal series. Specifically, intermediate M, such as Cr, Mn, and Fe, tend to
produce higher diffusion barriers, while early M (e.g., Sc, Ti) and late M (e.g., Ni, Cu)
result in lower diffusion barriers. This trend appears to correlate with the number of
unpaired d-electrons of the M. The higher diffusion barriers observed for transition
metals in the middle of the d-block may be attributed to strengthen the interaction
between the carrier species and M of M,B, similar to the explanation of layer
adsorption. This results in deeper adsorption wells and consequently higher energy
barriers for diffusion.

Some data points are missing in Figure 4.16 due to structural distortions
observed during single-atom adsorption. These distortions indicate instability in the
adsorption configuration, though the underlying causes remain unclear and warrant
further investigation.

To validate our findings, our predicted pathway of carrier atom diffusion on
M,B; is in good agreement with previous calculations. For instance, our results indicate
that the Li atom predominantly diffuses along a-direction of the ort-Fe,B, crystal,
consistent with earlier studies. (Guo et al,, 2017; Liu et al,, 2023; Y. Wang et al,, 2024).
The associated diffusion energy barrier of 0.29 eV falls within the range of reported
values, which are 0.24 eV (Guo et al.,, 2017; Liu et al., 2023) and 0.37 eV (Y. Wang et
al., 2024). Similarly, our predicted diffusion barriers of Li atom on other ort-M,B, show
slight deviations or equivalence to previously reported values, as detailed in Table
4.1, with discrepancies typically within 0.1 eV. These differences may stem from
variations in computational parameters, such as the application of vdW corrections.
For the hex-M,B, phase, our predictions can be compared with systematic screening
conducted by (He et al., 2021). The diffusion barriers for hex-M,B,, with M = Sc, Ti, V,
Zr, Nb, and Mo are 0.003, 0.006, 0.014, 0.008, 0.036, and 0.049 eV, respectively, which
align closely with the values of 0.003, 0.004, 0.017, 0.004, 0.033, and 0.038 eV reported
by (He et al., 2021), This similarity could be attributed to comparable computational
setups, e.g. the use of DFT-D3 vdW correction and the same supercell size.

In summary, the diffusion behavior of single carrier atom on M,B, monolayers

was systematically investigated to evaluate their ionic conductivity. The calculated
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barriers reveal clear trends governed by the carrier species, crystal phases, and M,
serving as key descriptors for this high-throughput screening. It should be noted,
however, that the values were obtained under the assumption of dilute carrier
concentration and do not account for factors such as inter-carrier interactions, surface
reconstructions, thermal effects, or morphological variations, which may influence

diffusion under realistic operating conditions.

Table 4.1 Comparison of Li diffusion barriers (in eV) on ort-M,B, from this study and
literature values: i) (Guo et al., 2017), i) (Jia et al., 2019), iii) (J. Wang et al., 2019), iv) (Li
et al,, 2022), v) (Liu et al., 2023), and vi) (Y. Wang et al., 2024).

M This work i) ii) iii) iv) ) vi)
Sc 0.08 0.11

Ti 0.13 0.11 0.11

\Y 0.22 0.22 0.26

Cr 0.26 0.28 0.44
Mn 0.24 0.29 0.37
Fe 0.29 0.24 0.24 0.37
Mo 0.38 0.27

4.4  Promising M,B, anode candidates

To systematically identify promising M,B, monolayers as anode materials for
MIBs, we evaluated their structural, electronic, and electrochemical properties based
on the data presented in previous sections. calculated in the previous sections. An
ideal anode must meet three key requirements: (1) energetic and dynamic stability, (2)
high electronic and ionic conductivity, and (3) favorable electrochemical performance
in terms of capacity and voltage. In this section, we integrate these aspects into a
comprehensive selection workflow by first applying a set of pre-screening criteria,
followed by a comparative analysis of OCV and gravimetric capacity.

The initial screening focused on eliminating monolayers that lack structural or
electronic feasibility. Only M,B, compositions satisfying all of the following criteria were

considered viable for further electrochemical evaluation:
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e Cohesive energy > 4.5 eV/atom, to ensure sufficient energetic stability and
chemical bonding strength. This threshold was chosen to be slightly below the
cohesive energy of ort-Cr,B,, one of the experimentally synthesized MBenes
with the lowest reported cohesive energy.

e No imaginary phonon modes, indicating dynamic stability of the lattice under
small perturbations.

e Metallic-like electronic structure, as determined by a no-gap density of states
at the Fermi level, to guarantee fast electron transport during charge/discharge
cycles.

e Diffusion barrier < 0.3 eV, to ensure efficient mobility of adsorbed metal
carriers on the surface, enabling high charge—discharge rates. This cutoff was
selected to be slightly below the reported diffusion barrier of Li in graphite
(0.31 eV) (Persson et al., 2010).

These pre-screening criteria serve as foundational filters to ensure that only structurally
and electronically viable M,B, candidates are retained for subsequent evaluation of
their electrochemical performance, specifically in terms of OCV and capacity.

Based on the pre-screening criteria, several M,B, monolayers were excluded.
Generally, Cu, Ag, and Au were eliminated due to insufficient cohesive energy. In terms
of dynamic stability, many late M, especially those from the Co group onward,
exhibited imaginary phonon modes and were excluded. Additionally, several early M
in tri- and tetr-phases also failed phonon stability. No exclusions were made based on
electronic conductivity as all monolayers exhibited metallic character. Most hex-, tri-,
and tetr-phases passed the diffusion barrier criterion across all carriers, while ort-phase
showed carrier-dependence: Na generally passed, Li was acceptable for 3d and 4d-5d
metals with low d-electron counts, and Al was mostly excluded. In addition, Tc
compositions were also eliminated due to their radioactivity.

To assess the electrochemical performance of the viable M,B, monolayers, we
compared their gravimetric capacity and OCV across four carrier species. These two
properties serve as key indicators of anode performance, where high capacity reflects
strong charge-storage potential, and low OCV is desirable for achieving a high overall

cell voltage when paired with common cathode materials. The calculated results are
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summarized in Figure 4.17, which plots capacity versus OCV landscape for all
candidates. The ideal anode materials lie in the upper-left region of each plot,
exhibiting high capacity and low OCV, which together contribute to high energy density
and favorable battery performance.

For Li-ion batteries, several candidates clearly occupy the ideal region,
particularly ort-Sc,B,, hex- Sc,B,, tri-Cr,B,, tri-Ti,B,, and ort-Ti,B,. These systems achieve
high capacities around 1000 mAh/g, primarily due to their low molecular weights and
ability to adsorb up to three layers of Li (N4 = 3). Their OCVs fall within a practical
range of 0.4-0.6 V, supporting safe operation while maintaining strong cell voltage. In
contrast, ort-Y,B, and hex-Y,B, exhibit slightly lower capacities (~600 mAh/g) due to
the higher atomic mass but retain low OCV values.

For Na-ion batteries, the number of viable candidates is more limited due to
weaker interactions with Na, resulting in a low number of adsorbed layers (often N,y
= 1). Additionally, the higher atomic mass of Na contributes to reduced gravimetric

capacity. Among the viable options, ort-Sc,B,, ort-Ti,B,, and hex-Y,B, exhibit high

Li Na Mg Al
2000
hex-Sc
| o ] ort-Sc ® tetr-V

ort-Sc hex-Sc m e & tetrCr
5 15001 PEXC-SC i tri-Ti tetr-Mn
b 7 tetr-Mn hex-Y tetr-Fe
£ ort-Ti (2] ®
= 1 tri-Ti 1 1 E i 1
Z =
% 1000+ A5 ‘.'i‘ ort-Sc | A ] -
8 ort-Ti
= ort-Y 7 ]
GEJ hex-Y D hex-Y IE 16
S 500_ i . |:| EvY N .
% tri-Fe ort-Y
ol o 3
© - - ARy T 1 hexY i

y tetr-Fe

D T T T T T T T T T T T T

00 02 04 06 08 00 02 04 06 08 00 02 04 06 08 00 02 04 08 08
OCV [V] QCV [V] OCV [V] OCV [V]

®v @Cr ®Mn @®Fe Y @Nb P: ot @ hex A ti Wl tetr

M: @Sc ®Ti others
Figure 4.17 Gravimetric capacity versus open-circuit voltage (OCV) for M,B, monolayers
evaluated as anode materials for Li-, Na-, Mg-, and Al-ion batteries. An optimal anode
should exhibit both high specific capacity and low OCV to ensure high energy density.

Promising candidates are highlighted by red rectangles.



114

capacities (~500 - 600 mAh/g) and low OCVs (~0.5 V). Notably, tri-V,B, and tri-Fe,B,
provide very low OCVs (~0.1 V), which is favorable for cell voltage, but their capacities
are lower due to limited adsorption layers.

For Mg-ion batteries, top candidates: ort-Sc,B,, hex-Sc,B,, tri-Ti,B,, and tetr-
Mn,B, offer high capacities (1000-1300 mAh/g) and low OCVs (0.2-0.3 V). These systems
benefit from the divalent nature of Mg. Y-based compounds show slightly lower
capacity, despite maintaining comparable OCVs.

For Al-ion batteries, the most promising candidates include hex-Sc,B,, tetr-V,B,,
tetr-Cr,B,, tetr-Mn,B,, and tetr-Fe,B,, offering high capacities up to ~1600 mAh/g,
enabled by Al trivalence, and low OCVs around 0.2 V. As Al-ion systems typically have
low cathode potential, hex-Y,B, with exceptionally low OCVs may also be attractive
despite a trade-off in capacity.

The promising M,B, anode candidates generally fall into two groups. Group one
includes ort- and hex-phases of Sc, Ti, and Y. These compounds exhibit low OCVs due
to their low number of unpaired d-electrons, leading to weaker coupling with carriers.
Their capacity benefits from high ny,qx (Up to 3 layers) and low atomic mass (especially
Sc and Ti). Their high cohesive energy reflects good structural stability among other
phases. Although Sc-M,B, offer excellent performance, their cost may limit scalability.
Ti and Y provide a better trade-off between performance and availability.

Group two consists of tri- and tetr-phases of V, Cr, Mn, and Fe. These
compounds show moderate to low OCVs, attributed to weaker interaction phases and
strong lateral repulsion, especially for Na. Despite their higher atomic mass and lower
Nmax, they offer low diffusion barriers and high structural stability (particularly tetr-
phase). Additionally, Mn- and Fe-M,B, are especially cost-effective, enhancing their
appeal for practical applications. Notably, these phases remain largely unexplored,
presenting a promising direction for future theoretical and experimental research.

Compared with commercial anode material based on graphite and Ti;C, MXene
benchmark in Table 4.2, our selected M,B, MBenes reveals substantial performance
advantages for LIB applications. The significant improvement lies in gravimetric
capacity: most M,B, compounds offer values exceeding 900 mAh/g, far surpassing the

372 mAh/g of graphite and 320 mAh/g of Ti;C,. In terms of OCV, materials such as ort-
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SC,B,, hex-Sc,B,, hex-Y,B,, and tri-Cr,B, exhibit lower OCVs relative to Ti;C,, supporting
better operating cell voltage. Although other selected M,B, compounds show OCV in
the range of 0.6 to 0.7 V, their values remain competitive to 0.62 V of Ti;C,. Diffusion
barriers further highlight the kinetic superiority of M,B, systems; all exhibit faster Li
mobility than graphite, and most also outperform Ti;C,, especially in hex-M,B, with
ultralow diffusion barrier. These combined properties, high capacity, efficient voltage
range, and fast ion transport, establish M,B, monolayers as highly promising anode

materials with advantages over traditional graphite and Ti;C, MXene.

Table 4.2: Performance comparison of selected M,B, monolayers with commercial

graphite and TizC, MXene benchmark as Li-ion battery anodes.

Material ocv Capacity Diffusion barrier Reference
V) (mAh/g) (eV)
Graphite ~0.2 372 0.31 (Persson et al., 2010)
TisC, MXene 0.62 320 0.07 (Tang et al,, 2012)
ort-Sc,B, 0.41 1050 0.148 This work
hex-Sc,B, 0.49 1050 0.003 This work
tri-Cr,B, 0.54 962 0.038 This work
tri-Ti,B, 0.61 1011 0.005 This work
tri-V,B, 0.67 974 0.024 This work
tetr-Mn,B, 0.67 929 0.056 This work
tetr-Fe,B, 0.69 919 0.066 This work
hex-Y,B, 0.37 667 0.004 This work

4.5 References

Ahrens, L. H. (1952). The use of ionization potentials Part 1. lonic radii of the elements.
Geochimica et Cosmochimica Acta, 2(3), 155-169.

Bo, T., Liu, P.-F., Xu, J., Zhang, J., Chen, Y., Eriksson, O., Wang, F., and Wang, B.-T. (2018).
Hexagonal Ti2B2 monolayer: a promising anode material offering high rate
capability for Li-ion and Na-ion batteries. Physical Chemistry Chemical Physics,
20(34), Article 34.



116

Bo, T., Liu, P.-F., Zhang, J., Wang, F., and Wang, B.-T. (2019). Tetragonal and trigonal
Mo2B2 monolayers: two new low-dimensional materials for Li-ion and Na-ion
batteries. Physical Chemistry Chemical Physics, 21(9), Article 9.

Boring, A. M., and Smith, J. L. (2000). Plutonium Condensed-Matter Physics. 26.

Chaney, G., Ibrahim, A., Ersan, F., Cakir, D., and Ataca, C. (2021). Comprehensive Study
of Lithium Adsorption and Diffusion on Janus Mo/WXY (X, Y = S, Se, Te) Using
First-Principles and Machine Learning Approaches. ACS Applied Materials &
Interfaces, 13(30), 36388-36406.

Didukh. (2018). 3d-electrons contribution to cohesive energy of 3d-metals. Condensed
Matter Physics, 21(1), 13701.

Dou, M., and Fyta, M. (2020). Lithium adsorption on 2D transition metal
dichalcogenides: towards a descriptor for machine learned materials design.
Journal of Materials Chemistry A, 8(44), 23511-23518.

Friedel, J. (1954). Electronic structure of primary solid solutions in metals. Advances in
Physics, 3(12), 446-507.

Gao, S., Hao, J., Zhang, X., Li, L., Zhang, C., Wu, L., Ma, X, Lu, P., and Liu, G. (2021). Two
dimension transition metal boride Y2B2 as a promising anode in Li-ion and Na-
ion batteries. Computational Materials Science, 200, 110776.

Gong, S., Wang, S., Zhu, T., Chen, X,, Yang, Z., Buehler, M. J., Shao-Horn, Y., and
Grossman, J. C. (2021). Screening and Understanding Li Adsorption on Two-
Dimensional Metallic Materials by Learning Physics and Physics-Simplified
Learning. JACS Au, 1(11), 1904-1914.

Guo, Z., Zhou, J.,; and Sun, Z. (2017). New two-dimensional transition metal borides for
Li ion batteries and electrocatalysis. Journal of Materials Chemistry A, 5(45),
Article 45.

He, Q., Li, Z., Xiao, W., Zhang, C., and Zhao, Y. (2021). Computational investigation of
2D 3d/4d hexagonal transition metal borides for metal-ion batteries.
Electrochimica Acta, 384, 138404.

Jensen, W. B. (1995). A Quantitative van Arkel Diagram. Journal of Chemical Education,

72(5), 395.



117

Jia, J,, Li, B, Duan, S., Cui, Z,, and Gao, H. (2019). Monolayer MBenes: prediction of
anode materials for high-performance lithium/sodium ion batteries. Nanoscale,
11(42), Article 42.

Jiang, Z., Wang, P., Jiang, X., and Zhao, J. (2018). MBene (MnB): a new type of 2D metallic
ferromagnet with high Curie temperature. Nanoscale Horizons, 3(3), Article 3.

Jin, J., and Schwingenschlogl, U. (2022). Exploration of two-dimensional molybdenum-
borides and potential applications. Npj 2D Materials and Applications, 6(1),
Article 1.

Li, Y., Zhao, T., Li, L., Huang, R., and Wen, Y. (2022). Computational evaluation of ScB
and TiB MBenes as promising anode materials for high-performance metal-ion
batteries. Physical Review Materials, 6(4), Article 4.

Liu, Y., Wang, H., Fu, Y., Li, D., Wei, M., Wu, Q., and Hu, Q. (2023). Functionalized two-
dimensional iron boride compounds as novel electrode materials in Li-ion
batteries. Physical Chemistry Chemical Physics, 25(34), 23133-23140.

Ma, N., Wang, T., Li, N, Li, Y., and Fan, J. (2022). New phases of MBenes M2B (M = Sc,
Ti, and V) as high-capacity electrode materials for rechargeable magnesium ion
batteries. Applied Surface Science, 571, 151275.

Ma, Z., Sun, F., Dou, M., Yao, Q., Liu, Y., and Wu, F. (2020). Are transition-metal borides
promising for Na ion batteries? A first-principles study on transition-metal boride
monolayer. Physics Letters A, 384(14), Article 14.

Persson, K., Sethuraman, V. A., Hardwick, L. J., Hinuma, Y., Meng, Y. S., van der Ven, A,,
Srinivasan, V., Kostecki, R., and Ceder, G. (2010). Lithium Diffusion in Graphitic
Carbon. The Journal of Physical Chemistry Letters, 1(8), 1176-1180.

Sun, X., Liu, X, Yin, J.; Yu, J,, Li, Y., Hang, Y., Zhou, X., Yu, M., Li, J., Tai, G., and Guo, W.
(2017). Two-Dimensional Boron Crystals: Structural Stability, Tunable Properties,
Fabrications and Applications. Advanced Functional Materials, 27(19), 1603300.

Tang, Q., Zhou, Z., and Shen, P. (2012). Are MXenes Promising Anode Materials for Li
lon Batteries? Computational Studies on Electronic Properties and Li Storage
Capability of Ti3C2 and Ti3C2X2 (X = F, OH) Monolayer. Journal of the American
Chemical Society, 134(40), 16909-16916.



118

Tomacruz, J. G. T., Castro, M. T., Remolona, M. F. M., Padama, A. A. B., and Ocon, J. D.
(2025). Atomic Adsorption Energies Prediction on Bimetallic Transition Metal
Surfaces Using an Interpretable Machine Learning-Accelerated Density
Functional Theory Approach. ChemistryOpen, 14(4), e202400124.

Wang, J., Ye, T.-N., Gong, Y., Wu, J., Miao, N., Tada, T., and Hosono, H. (2019). Discovery
of hexagonal ternary phase Ti2InB2 and its evolution to layered boride TiB.
Nature Communications, 10(1), 2284.

Wang, Y., Wang, S., Song, N., Wu, X., Xu, J., Luo, S., Xu, B., and Wang, F. (2024). On two-
dimensional metal borides (MBenes) as anode materials for metal-ion batteries:
A first-principles study. Computational Materials Science, 233, 112710.

Wei, F., Xu, S., Li, J., Yuan, S., Jia, B., Gao, S,, Liu, G., and Lu, P. (2022). Computational
Investigation of Two-Dimensional Vanadium Boride Compounds for Na-lon
Batteries. ACS Omega, 7(17), Article 17.

Yuan, G., Bo, T., Qi, X,, Liu, P.-F., Huang, Z., and Wang, B.-T. (2019). Monolayer Zr2B2: A
promising two-dimensional anode material for Li-ion batteries. Applied Surface

Science, 480, 448-453.



CHAPTER V
CONCLUSIONS

This thesis presents a systematic computational screening of M,B, MBene
monolayers, where M represents any of the 26 transition metals and structures span
four crystal phases: orthorhombic, hexagonal, trigonal, and tetragonal. The objective
was to explore their potential as anode materials for Li-ion, Na-ion, Mg-ion, and Al-ion
batteries using density functional theory. Interpretable machine learning models were
employed to investigate structure—property relationships.

The intrinsic properties of M,B, revealed an M-shaped cohesive energy trend
across the d-block, consistent with that of pure transition metals. SHAP analysis
identified the cohesive energy of M as the dominant factor, while phase-dependent
variations were minor, influenced by local coordination and electronegativity.
Dynamical stability, assessed via phonon dispersion, supported the cohesive energy
trend. Density of states analysis showed that all M,B, exhibit metallic character,
enabling efficient electron transport.

The electrochemical properties of M,B, were investigated through modeling of
carrier adsorption and mobility. Layer-by-layer adsorption of carriers were explored up
to three layers. First-layer adsorption is significantly stronger due to direct surface
interaction, while the overall capacity is determined by whether subsequent layer
adsorption energies fall below the stability threshold. Na is typically limited to one
stable layer, whereas Al often achieves up to three.

The open-circuit voltage (OCV) was calculated from first-layer adsorption
energy normalized by carrier valency (z). An ML model trained on carrier and substrate
features revealed three key factors influencing OCV: (1) carrier type, with z setting the
trend Li > Na > Mg > A (2) crystal phase and lattice constant, affecting carrier—carrier
spacing and lateral repulsion, particularly penalizing Na in compact trigonal phases; (3)
the number of unpaired d-electrons, modulating M—carrier coupling strength; and (4)

trigonal and tetragonal phases tend to yield lower OCVs.
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Diffusion barrier trends showed that hexagonal, trigonal, and tetragonal phases
generally exhibit lower barriers due to shorter hopping distances. In contrast,
orthorhombic phases, influenced by local coordination and strong B-carrier
interactions, often presented more constrained paths. Na consistently showed the
lowest barriers due to weak surface binding, while Al exhibited the highest due to
strong coupling.

From the constructed homogeneous dataset, we applied pre-screening based
on cohesive energy, phonon stability, electronic conductivity, and diffusion barriers,
which narrowed the candidates by half, retaining only those with structural stability
and good transport properties. Further evaluation of electrochemical performance,
specifically OCV and capacity, revealed two promising groups of anode materials. The
first includes orthorhombic and hexagonal phases of Sc, Ti, and Y, which combine low
OCVs with high capacities, particularly for Sc and Ti due to their low atomic mass. The
second group consists of trigonal and tetragonal phases of V, Cr, Mn, and Fe, which,
despite slightly lower capacities, exhibit low diffusion barriers suitable for fast-charging
applications and occasionally moderate-to-low OCVs. Notably, Mn and Fe are cost-
effective. Moreover, the structural phases in this group remain underexplored, offering
opportunities for further study.

In conclusion, this thesis highlights the potential of M,B, MBenes as anode
materials for metal-ion batteries and presents a set of promising candidates with high
capacity, suitable voltage, and favorable structural and transport properties. The
integration of interpretable machine learning revealed key material-property
relationships and important descriptors, providing rational guidelines for the design of

high-performance anode materials.
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