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SYNOPSIS

1. Introduction

As global energy demand rises, the shift from fossil fuels to renewables like
solar, wind, and hydro has become essential.//] However, the intermittent
nature of these sources poses challenges for consistent energy supply./2/
Rechargeable batteries play a vital role in addressing this gap, enabling
energy storage and controlled release./3]/ Lithium-ion batteries (LIBs)
currently dominate due to their high energy density and long cycle life, but
concerns over lithium scarcity, safety, cost, and environmental impact are
driving the search for alternative battery chemistries./4, 5]

Potassium-ion (K-ion), sodium-ion (Na-ion), magnesium-ion (Mg-ion),
calcium-ion (Ca-ion), and aluminum-ion (Al-ion) batteries have attracted
significant attention as potential successors to LIBs, owing to the earth-
abundance and favourable electrochemical properties of these elements./6/
Nevertheless, the successful deployment of such systems hinges on the
rational design of battery components such as electrodes, electrolytes, and
interfaces that are both chemically compatible and electrochemically stable.
In this regard, a fundamental scientific bottleneck persists: the discovery
and optimization of materials for diverse battery chemistries remain heavily
reliant on resource-intensive trial-and-error experimental protocols and
high-cost quantum mechanical simulations./7/

To address this bottleneck, machine learning (ML) has emerged as a
transformative tool in materials science, capable of accelerating the
screening and design of functional materials through data-driven predictive
modeling./8] However, the application of ML in battery research is still in
its early stages, particularly in relation to interpretability, generalization
across chemistries, and integration with first-principles approaches. Key
research gaps include (i) the lack of scalable, accurate models for predicting

battery-relevant properties across diverse material families, (ii) the



underutilization of ML in solvent screening and interfacial analysis, and (iii)
the absence of unified frameworks capable of navigating the vast
compositional and structural spaces encountered in energy storage systems.
This thesis aims to bridge these gaps through the development and
application of supervised, unsupervised, and physics-informed machine
learning approaches, specifically tailored for materials discovery in metal-
ion and Al-S batteries. The work spans a range of key battery challenges
like from predicting the specific capacity of bulk electrode materials and
simulating voltage profiles of two-dimensional (2D) systems, to modeling
metal-solvent interactions and mapping electrochemical stability windows
of electrolytes. Additionally, the role of surface chemistry in stabilizing
sulfur intermediates in aluminum—sulfur (Al-S) batteries is examined via
ML-guided screening of MXene materials.

Each chapter in this thesis demonstrates how targeted ML methodologies
e.g., kernel ridge regression, graph neural networks, gradient boosting, and
interpretable frameworks like Shapash can drastically reduce computational
overhead while maintaining high predictive accuracy./9, /0] Moreover, by
integrating domain knowledge with algorithmic modeling, this work moves
beyond black-box predictions toward interpretable, scalable tools that guide
both theoretical and experimental efforts.

In summary, this thesis presents a unified, data-centric strategy to tackle the
multi-dimensional challenges of battery material discovery. It leverages the
synergy between quantum chemistry and machine learning to create
efficient pipelines for screening, predicting, and understanding battery
materials. The insights and models developed here are expected to
contribute to the rational design of metal-ion and Al-S batteries with
improved  performance, cost-effectiveness, and  environmental
compatibility, ultimately supporting the global pursuit of sustainable energy
storage technologies.

2. Objectives
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The core objective of the thesis is machine learning (ML) assisted high
throughput screening of electrode and electrolyte and physical insight of
ML predicted result for metal-ion and Al-S batteries. Specifically, the
objectives of the thesis are as follows:

1) To propose optimize ML model for the prediction of specific capacity
of unknown electrode materials from Materials Project database for
metal-ion batteries and importance physical attributes affecting the
specific capacity.

1) Development of automated pipeline with the help of universal ML
potential for the prediction of stepwise voltage profile of 2D electrode
materials.

iii) Investigation of solvent-electrolyte interaction in voltage
determination and interpretable ML model to interpret ML predicted
results.

iv) Supervised learning-based screening of solvent-electrolyte based on
the electrochemical window (ECW) and unsupervised learning-based
clustering of large solvent-electrolyte space.

v) Identification of suitable anchoring cathode materials for aluminium-
sulphur battery from a large space of 2D MXene materials with the
help of machine learning guided screening.

3. Summary of the research work

The contents of each chapter included in the thesis are discussed as follows:
3.1. Introduction (Chapter 1)

In this chapter, we have briefly discussed the developing field of metal-ion
batteries (MIBs) and metal-sulphur batteries giving more emphasis on its
working mechanism. An elaborate discussion is presented about the various
part of MIBs such as cathode, anode, solvent-electrolyte and their role in
improving electrochemical performance of MIBs. A brief discussion on the
application of ML methodology to solve the battery related problem has
also been provided. In addition, we have also reviewed the recent

advancements using DFT and ML in the field of batteries.
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Our thesis work involves the density functional theory (DFT), and
predictive machine learning (ML) model and ML potential based model to
investigate for the high throughput screening of electrode and electrolyte
screening for the applicability in meta-ion and Al-S batteries. Therefore,
this chapter also includes a brief discussion of these concepts and their
importance in theoretical understanding of batteries. This chapter also
covers the computational techniques which are used to explain the results

of the computation.

3.2. Specific Capacity Prediction of Cathode Materials for Li/Na/K ion
Batteries (Chapter 2)

In this chapter, a machine learning (ML) based methodology is developed
to predict the specific capacity of electrode materials for potassium-ion (K-
ion) batteries (Scheme 1). Various ML models were evaluated using
structural features and compositional descriptors derived from elemental
properties. Among the tested models, Kernel Ridge Regression exhibited
the highest predictive accuracy. The analysis utilized data from the
Materials Project database, incorporating Li-, Na-, and K-ion battery
materials with negative formation energies, ensuring thermodynamic
stability. Feature engineering was performed to extract meaningful patterns,
and statistical techniques such as box plots, joint plots, and correlation
heatmaps were used to understand data distribution and feature
interdependence. The trained model was then applied to predict the specific
capacities of unexplored K-ion electrode materials. From these predictions,
the number of K ions that could be intercalated per formula unit was
estimated. Selected predictions were validated through density functional
theory (DFT) calculations to confirm the structural stability and
intercalation feasibility of the electrode compounds. The findings
demonstrate that ML models can effectively accelerate the high-throughput

screening of electrode materials, offering a computationally efficient
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alternative to exhaustive DFT-based methods for identifying high-capacity

candidates for next-generation K-ion battery technologies.
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Scheme 1: Illustration of the systematic steps followed in the present work.
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3.3. Automated Pipeline for High throughput Screening of Electrode
Materials (Chapter 3)

In this chapter, a fully automated high-throughput computational
framework is introduced to identify viable two-dimensional (2D) MT»-type
electrode materials for Li, Na, and K-ion battery applications (Scheme 2).
The workflow employs CHGNet (Crystal Hamiltonian Graph Neural
Network), a graph neural network-based machine learning potential
pretrained and fine-tuned to achieve near-density functional theory (DFT)
accuracy in predicting total energies and structural relaxations. Starting
solely from the unit cell structure, the pipeline performs a sequence of tasks
including the identification of favorable adsorption sites, iterative
simulation of ion intercalation and deintercalation, voltage calculation, and
monitoring of structural evolution during each stage. The methodology
allows the accurate prediction of voltage profiles and energetic stability for
a diverse range of materials, capturing both geometric and energetic

changes upon ion insertion. The role of metal and terminal group present in
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the 2D MT> type material has explained on voltage determination. Finally,
out of 289 MT> candidates screened, the pipeline identifies 46, 39, and 16
potential electrode materials for Li*, Na*, and K* ion batteries, respectively
based on the stepwise voltage change and voltage difference of consecutive
intercalation or deintercalation steps. The inclusion of CHGNet enables
direct insights into chemical reactivity and structural responses, going
beyond traditional ML-based screening techniques. This approach
significantly reduces the computational overhead associated with
conventional first-principles methods and provides a robust, chemistry-
aware framework for accelerating the discovery of 2D electrode materials,

thereby supporting more targeted experimental validation efforts.
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Scheme 2: Automated pipeline for the determination of voltage profile of

electrode materials.

3.4. Role of Metal-solvent interaction on voltage in Metal Ion Battery

(Chapter 4)



This chapter presents a machine learning (ML) based framework for
investigating the role of metal-solvent interaction energies in determining
the anodic half-cell voltage in metal-ion batteries (MIBs). A dataset
comprising 1584 metal-solvent systems including six commonly used
metals (Li, Na, Mg, Al, K, Ca) and 66 different solvents was used to train
and evaluate various ML algorithms. Among them, Gradient Boosting
Regression (GBR) was identified as the most accurate model, yielding a
root mean square error of 0.489 eV and a mean absolute error of 0.326 eV
for interaction energy prediction. The study systematically evaluates how
increasing solvent coordination around the metal center influences the
interaction energy and, in turn, the resulting voltage. Anodic half-cell
voltages were calculated using the GBR-predicted interaction energies for
each metal-solvent combination, considering a graphite anode as the
reference. An inverse correlation between interaction energy and voltage
was observed, where weaker metal-solvent interactions generally led to
lower anodic voltages (Figure 1). Based on this analysis, five optimal
solvents were identified for each metal, offering the most favorable voltage
characteristics. In addition to predictive modeling, interpretability of the
ML predictions was ensured using the Shapash library, enabling both global
and local feature importance analysis. This interpretable approach supports
reliable solvent screening for metal-ion batteries and demonstrates the
potential of ML in guiding experimental efforts by reducing the reliance on
computationally expensive methods such as density functional theory

(DFT).
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Figure 1: Average voltage and interaction energy plot for the combination
Battery Applications (Chapter 5)

3.5. Screening and Clustering of High ECW Solvent Electrolytes for
In this chapter, an integrated machine learning (ML) approach is developed
to systematically identify and analyze solvent electrolytes suitable for high-
voltage rechargeable metal-ion batteries. The study combines supervised

of all considered six metals and 66 solvents.



learning techniques with unsupervised clustering to predict the
electrochemical windows (ECWs) comprising oxidation and reduction
potentials of 4882 solvent molecules. The optimized Extreme Gradient
Boosting Regression (XGBR) model, selected through cross-validation,
feature selection (ANOV A-F value and Select-K-Best), and hyperparameter
tuning, demonstrated high predictive accuracy, surpassing the performance
of previous DFT-based methods. To further refine the vast solvent space,
K-means clustering was applied, resulting in 11 distinct clusters
characterized by a range of ECW distributions and functional group
frequencies (Figure 2). These clusters were further categorized into three
boundary classes representing solvents with low, moderate, and high
ECWs. Notably, solvents containing oxygen and fluorine functional groups
predominantly contributed to high ECW clusters, highlighting the chemical
trends underlying optimal electrochemical behaviour. The combined
supervised-unsupervised approach provides a computationally efficient
method for screening and organizing large-scale solvent datasets,
facilitating the targeted selection of candidates for experimental validation.
This framework significantly reduces the time and resources typically
required for solvent discovery, enabling more focused development of

electrolyte systems compatible with advanced electrode materials in battery

technologies.
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Figure 2: Optimization of number of clusters where (a) elbow curve, and
(b) bar plot of Silhoutte score. We have considered the maximum number

of clusters as 20.

3.6. Screening of MXene with Superior Anchoring Effect in Al-S
Batteries (Chapter 6)

In this chapter, a combined density functional theory (DFT) and machine
learning (ML) approach is presented for identifying MXene materials
capable of effectively anchoring polysulfide intermediates in aluminum—
sulfur (Al-S) batteries. The dissolution of intermediate species into the
electrolyte remains a critical challenge for Al-S battery development. A
high-throughput screening of MiM>XT> type MXenes was conducted to
predict their adsorption strength toward various Al-S polysulfide species.
A set of boosting tree-based ML models was developed and evaluated, with
the Extreme Gradient Boosting Regression (XGBR) model demonstrating
the highest accuracy. Feature selection using ANOVA F-value analysis
improved model performance by prioritizing the most relevant descriptors.
Based on the ML predictions, 42 MXene candidates were identified as
having optimal anchoring behavior, characterized by adsorption energies
that balance the need for sufficient binding without leading to irreversible
interactions (Figure 3). Analysis revealed that the nature of surface terminal
groups plays a pivotal role, with MXenes functionalized by oxygen and
fluorine groups exhibiting superior anchoring effects across multiple
intermediate  species. The developed ML framework offers a
computationally efficient approach to down-select materials from a vast
candidate space, enabling accelerated design and experimental validation of

advanced sulfur host materials for A1-S batteries.
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Figure 3: Alluvial plot showing the combinations of T1, M1, X, M2, and
T2 leading to MXenes with optimum adsorption for all of the polysulfides.

4. Conclusions

This thesis presents a comprehensive exploration of machine learning
(ML)-driven methodologies to accelerate the discovery and optimization of
materials for metal-ion and Al-S battery applications. By leveraging both
supervised and unsupervised learning strategies, we have tackled critical
challenges in predicting electrode properties, solvent compatibility, and
interfacial behavior, thereby advancing the rational design of next-
generation battery components. The key outcomes from Chapters 2 to 6 are
summarized below, with an emphasis on their integration within the broader
context of energy storage and data-driven materials design:

1. Beginning with the prediction of specific capacity, we demonstrated
how ML models, particularly Kernel Ridge Regression, can effectively
map compositional and structural features to performance metrics. This
model enabled rapid pre-screening of electrode materials, significantly
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reducing the need for exhaustive density functional theory (DFT)
calculations and setting the stage for high-throughput discovery

workflows.

To expand the search for efficient battery electrodes, a fully automated
pipeline integrating graph neural network (CHGNet) was constructed to
evaluate the voltage profiles of two-dimensional (2D) MTos-type
materials for Li, Na, and K-ion batteries. This pipeline enabled high-
throughput analysis of ion intercalation behavior, ultimately identifying
46, 39, and 16 promising candidates for Li*, Na*, and K* batteries,

respectively, by starting from only the unit cell structure.

. Extending the ML paradigm to the electrolyte domain, we investigated
how metal-solvent interaction energies influence the anodic half-cell
voltage. Using gradient boosting regression, we uncovered an inverse
relationship between interaction strength and voltage and identified
optimal solvent systems for six different metal ions. The interpretability
layer, enabled by Shapash, provided mechanistic insights into how

molecular features affect electrochemical performance.

To address the vast chemical design space of electrolytes, an integrated
supervised-unsupervised learning framework was developed to map the
electrochemical windows (ECWSs) of nearly 5000 solvents. The
optimized XGBR model predicted redox potentials with high accuracy,
while K-means clustering efficiently segmented the solvent landscape
into functional groups based on ECW characteristics. This dual
approach enabled targeted solvent selection aligned with the voltage

requirements of high-energy battery systems.

. Finally, the ML-DFT hybrid strategy was extended to identify suitable
sulfur host materials for aluminum—sulfur (Al-S) batteries. A total of 42
M:iM:XT>-type MXenes were identified with optimal anchoring
properties, balancing intermediate adsorption to suppress the

polysulfide shuttle effect. The dominant role of terminal functional
XVvi



groups—especially oxygen and fluorine—in governing adsorption
behaviour underscores the predictive power of ML in tuning material

interfaces.
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1.1. Global Energy Challenge and the Need for Sustainable Storage
With the rapid rise in population, industrial growth, and technological
expansion, global energy consumption has reached an unprecedented scale.
Traditional fossil fuel sources, such as coal, oil, and natural gas, continue to
meet the bulk of energy demand./// However, these sources are finite,
environmentally damaging, and geopolitically complex. The transition to
renewable energy technologies, such as solar, wind, hydro, and geothermal,
is seen as an essential shift toward sustainable energy./2/ Yet, despite their
promise, renewable energy sources suffer from spatial limitations and
temporal intermittency. Solar and wind energy, for example, depend on
time-of-day and weather conditions. Consequently, energy storage systems
capable of storing surplus energy and releasing it on demand are essential
for stabilizing the energy supply./3/

Electrochemical energy storage devices, especially rechargeable batteries,
have emerged as a vital technological solution in this context./4/ Batteries
offer scalable, modular, and flexible energy storage systems that can be
integrated across residential, industrial, and grid-level applications. These
batteries function by converting electrical energy into chemical energy
during charging and reversing the process during discharge. Rechargeable
batteries are widely used across a range of applications, from personal
electronics to large-scale grid storage, contributing significantly to modern
convenience and technological advancement. Among the various battery
technologies, lithium-ion batteries (LIBs) have gained prominence due to
their high energy density, low weight, and strong electrochemical
performance. LIBs operate through the reversible movement of lithium ions
between electrodes, a mechanism often referred to as a "rocking chair"
system (Figure 1.1)./5] Despite their widespread use, LIBs face limitations
in terms of resource availability and long-term sustainability./6/ This has
led to growing interest in alternative chemistries, such as other metal-ion
batteries (MIBs), which may offer more abundant materials and

complementary performance characteristics./7/
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Figure 1.1: Schematic representation of a lithium-ion battery. Figure
reprinted with permission from Ref. 4. Copyrights 2013, American

Chemical Society.

1.2. From Lithium-Ion Batteries to Beyond

Lithium-ion batteries (LIBs) have revolutionized the energy storage market
over the last three decades./4/ Their high energy density, long cycle life,
and commercial availability have made them the dominant battery
technology in smartphones, laptops, electric vehicles, and even grid
storage./6] LIBs operate on a “rocking chair” mechanism, where lithium
ions shuttle between the cathode and anode during charge-discharge

cycles./8]
However, LIBs are not without shortcomings such as:/9/
* Limited abundance of lithium, leading to supply risks and rising costs//0/

* High environmental footprint associated with mining and disposal/71]



» Safety hazards such as dendrite formation, thermal runaway, and

flammability//2]
* Scalability limitations for long-term grid-level deployment/73]

These challenges have sparked interest in post-Li battery chemistries, such
as sodium-ion (Na-ion), potassium-ion (K-ion), magnesium-ion (Mg-ion),
calcium-ion (Ca-ion), and aluminum-sulfur (Al-S) batteries. These systems
offer the advantages of elemental abundance, low toxicity, and potentially

higher capacities.//4-18]

1.2.1. Historical Background of Computational Materials Discovery in
Batteries

Historically, the discovery of novel battery materials has followed a
sequence of experimental and theoretical innovations. Initially, empirical
studies guided the identification of new battery materials, particularly
during the development of classical battery systems such as lead-acid,
nickel-metal hydride, and LIBs./4]/ With advancements in computational
chemistry, Density Functional Theory (DFT) emerged as a dominant
approach in the early 2000s, allowing researchers to simulate the structural
and electronic behavior of candidate materials from first principles.//9/
DFT provided insights into voltage profiles, diffusion barriers, electronic
structure, and reaction mechanisms, thus reducing the cost and time of

experimental exploration.

However, the DFT method, while highly accurate, suffers from several
inherent limitations. First, it is computationally expensive, especially for
systems with large unit cells, defects, or complex interfaces. Second, DFT
simulations are typically limited to ground-state properties and small
time/length scales, making them unsuitable for exploring kinetic
phenomena such as long-term cycling behavior or electrolyte degradation.
Third, exploring an entire chemical space comprising millions of possible

materials through DFT is practically infeasible.



These limitations motivated the materials science community to seek
alternatives that can complement or even replace DFT in certain
applications. As a result, machine learning (ML) began gaining traction
around 2015, driven largely by initiatives like the Materials Project, the
Open Quantum Materials Database (OQMD), and the Novel Materials
Discovery (NOMAD) project, which provided open-access databases of
DFT-calculated properties./20] Researchers began developing ML models
trained on these databases to predict target properties such as formation
energy, specific capacity, bandgap, and intercalation voltage./21] Initially,
these models relied on simple linear regressions or tree-based algorithms
using handcrafted features (e.g., elemental statistics, coordination

environments)./22]

More recently, there has been a transition to graph-based neural networks
(GNNs) that operate directly on crystal structures, bypassing the need for
manual feature engineering./23/ These models can approximate DFT-level
accuracy with dramatically reduced computational requirements. The
emergence of interpretable ML frameworks like SHAP and Shapash has
also added transparency, making it possible to understand how specific
atomic or molecular features influence predicted properties./24] Moreover,
generative models like variational autoencoders (VAEs) and diffusion
models are beginning to play a transformative role by enabling the inverse

design of novel materials that satisfy multiple design constraints./25-27]

In essence, the historical trajectory from empirical discovery — DFT —
data-driven ML — generative Al marks a profound paradigm shift in battery
materials research./28] This thesis positions itself at the frontier of this
evolution by developing scalable, interpretable, and generative ML models
to solve longstanding bottlenecks in battery design and electrolyte

optimization.



1.2.2. Specific Capacity

Specific capacity is a core performance metric for evaluating the suitability
of a material as a battery electrode./7] It quantifies the amount of electric
charge, in milliampere-hours (mAh), that can be stored and released per
gram of active material. A high specific capacity directly translates to a
longer operating time for battery-powered devices, making it crucial for

both small-scale and large-scale energy storage applications./29]

The theoretical specific capacity C, measured in mAh/g, is
mathematically expressed as,

x.n.F
My

where x and n are the charge of the metal ion and number of metal-ion
adsorbed in the formula unit, respectively. F is the Faraday constant, and Mr

1s the molecular mass of formula unit.

Traditional approaches to determining this value based on experimental
electrochemical measurements or quantum mechanical simulations such as
DFT are computationally and resource intensive, particularly when applied

across a wide materials search space.

In recent years, the demand for low-cost, sustainable alternatives to lithium-
ion batteries has prompted growing interest in potassium-ion (K-ion)
batteries, due to the earth-abundance and low extraction cost of
potassium./30/ However, the successful development of K-ion batteries
depends heavily on identifying electrode materials that not only offer high
specific capacity but also exhibit structural and chemical stability under
repeated charge—discharge cycles. While DFT can simulate K* intercalation
into candidate materials and thereby estimate capacity, the time and
computational power required to do this across thousands of materials make
the process prohibitively slow. In this context, machine learning (ML)

provides an attractive alternative./3// By learning the underlying structure—



property relationships from previously computed or experimentally
measured data, ML models can predict specific capacities of new materials

without requiring new quantum-level calculations./32]

This chapter introduces a supervised ML-based framework aimed at
predicting specific capacity for a large class of electrode materials,
particularly with applications in K-ion batteries./33/ A dataset of electrode
materials containing lithium, sodium, and potassium ions was curated from
the Materials Project database, with the inclusion criteria focused on
materials with negative formation energies to ensure thermodynamic
viability./34] Specific capacity labels were obtained either directly from the
database or computed based on the number of intercalated ions per formula
unit. A range of compositional descriptors such as average
electronegativity, atomic radius, valence electron count, and atomic mass
were extracted for each compound using Matminer and Pymatgen
libraries./35] These features are directly relevant to charge transport, ion
intercalation, and redox activity, which collectively influence a material’s
capacity. Multiple regression models were trained and compared, including
Kernel Ridge Regression (KRR), ExtraTrees Regression, and Support
Vector Regression (SVR). Among them, KRR demonstrated superior
performance in terms of R? score and Mean Absolute Percentage Error
(MAPE), achieving both high accuracy and good generalization on the

validation set.

1.2.3. 2D Materials and Stepwise Voltage Profile

The design of high-performance electrode materials for rechargeable
batteries hinges on a careful balance between structural stability, ion
mobility, and redox energetics. Among the central parameters that define
battery efficiency, voltage is critical as it directly controls the energy output
of a cell and strongly affects both power density and safety. Voltage in

metal-ion batteries arises from the difference in electrochemical potentials



between the anode and cathode, and for a cathode host material undergoing

ion insertion, the voltage is typically defined as:

AG

 nF

where AG is the Gibbs free energy change per mole of reaction, n is the
number of electrons transferred, and F is Faraday’s constant. Furthermore,
for stepwise ion intercalation (which often leads to multi-plateau voltage
profiles), the problem becomes not only computationally demanding but
also sensitive to structural relaxation accuracy and atomic-scale ion

coordination environments./36/

In recent years, two-dimensional (2D) materials have emerged as a
promising class of electrode materials due to their high surface area, tunable
interlayer spacing, and favorable ion diffusion characteristics./37] The MT-
(M = transition metal, T = chalcogen) family of layered compounds, in
particular, has drawn increasing attention for metal-ion batteries including
Li, Na, and K systems. These materials offer natural interlayer galleries for
ion storage, good structural flexibility, and electrochemical resilience.
Previous reports have demonstrated high reversible capacities and
moderate-to-high operating voltages for MoS., TiS:, and their analogues,
making the broader MT: family a fertile ground for discovering next-
generation cathode materials. However, given the combinatorial explosion
of possible M-T combinations, heteroatom doping, and surface
functionalization, exhaustive DFT calculations for voltage profiling are

prohibitively expensive.

To address this challenge, the community has started turning to machine
learning (ML) potentials, particularly those based on graph neural networks
(GNNps), to predict atomic energies and forces with near-DFT accuracy but
at a fraction of the computational cost. These models leverage local atomic
environments and long-range bonding information to learn potential energy

surfaces from large datasets of DFT-calculated structures./38/ This makes

9



them especially well-suited for predicting stepwise ion intercalation,
capturing the voltage change across multiple compositional states in a single

framework.

This chapter presents a physics-informed ML approach integrated with an
automated pipeline for screening 2D battery electrode materials. The
automated pipeline enables interpretable, scalable, and accurate voltage
profiling of 2D electrode materials, advancing both the methodology and
the materials space. It bridges the gap between fast but coarse empirical
screening and slow but precise DFT studies, offering a third way that is fast,

precise, and extensible.

1.3. Electrolyte Optimization

In electrochemical energy storage systems, the electrolyte plays a central
role that extends far beyond simply conducting ions between electrodes. It
governs interfacial stability, redox compatibility, solvation dynamics, and
ultimately impacts key battery metrics like voltage, energy density, and
cycle life. While considerable efforts have gone into optimizing electrode
materials in metal-ion batteries (MIBs), a growing body of work has
emphasized that electrolyte—metal interactions can significantly influence
battery voltage and electrochemical reversibility. Despite this, the metal—
solvent interaction energy remains an underexplored parameter in voltage
design, especially across a diverse range of metals such as lithium (Li),
sodium (Na), magnesium (Mg), potassium (K), calcium (Ca), and

aluminium (Al).

Most prior computational work, rooted in DFT or ab initio molecular
dynamics (AIMD), has focused either on the electrochemical window or
decomposition pathways of solvents, leaving a blind spot in understanding
how specific metal-solvent interaction strengths affect the thermodynamics
of ion intercalation and stripping, which are directly tied to cell voltage.
Moreover, while the concept of solvation energy has been studied in the

context of diffusion and SEI formation, its systematic relation to anodic

10



voltage—particularly across multiple metals and solvent chemistries—has

not been rigorously evaluated.

1.3.1. Metal-Solvent Interaction

In metal-ion batteries (MIBs), the role of the electrolyte extends well
beyond being an inert medium for ion transport. The nature of the solvent
molecules and their interaction with metal ions significantly influences ion
solvation, desolvation kinetics, interfacial energetics, and ultimately, the
overall electrochemical performance of the cell./39-41/] One of the most
critical but historically underexamined aspects of electrolyte design is the
metal-solvent interaction energy, which quantifies the thermodynamic

strength of the solvation shell formed around the active metal ion.

Traditionally, studies have focused on solvation energies in the context of
lithium-ion batteries, especially in relation to SEI formation, solvent
decomposition pathways, and ion transport./42] Seminal works using ab
initio molecular dynamics and DFT have shown that solvents with high
dielectric constants can stabilize Li* more effectively, leading to better ionic
mobility and lower overpotentials. However, these analyses have generally
remained limited to small data sets, often covering just a few solvents and
a single metal ion—typically Li*./43] Moreover, these studies rarely go
beyond solvation to explicitly connect the strength of metal-solvent
interactions with the battery voltage, a parameter central to energy density

and power output.

In this context, the thesis work represents a critical advancement by
introducing a large-scale machine learning (ML) framework to understand
and quantify the connection between metal-solvent interaction energy and
anodic voltage. Specifically, evaluation of a total of 1584 systems, spanning
six metals (Li, Na, K, Mg, Ca, Al) and 66 diverse solvents, with variations
in dielectric constant, donor number, molecular geometry, and electronic
structure./44/Using these inputs, the ML pipeline centered around a

Gradient Boosting Regressor (GBR) achieved a remarkably accurate

11



prediction of metal-solvent interaction energies. The regression model
captured complex, non-linear relationships between solvent features (e.g.,
HOMO-LUMO gap, dipole moment, molecular volume, polarizability) and

the thermodynamic stability of the solvated metal complexes.

A key insight from your study is the inverse relationship between metal—
solvent interaction energy and anodic half-cell voltage, modeled using the
graphite reference electrode. In electrochemical thermodynamics, this is
consistent with the notion that weakly coordinated metal ions are more
readily desolvated, thus requiring less energy (lower voltage) for stripping

and intercalation.

1.3.2. Electro Chemical Window

The widely accepted concept, first introduced by Goodenough and Kim,
proposes that the formation of the solid electrolyte interphase (SEI) occurs
when the electrode redox potentials fall outside the electrochemical stability
window of the electrolyte./45, 46] This stability window is typically
described in terms of the highest occupied molecular orbital (HOMO) and
the lowest unoccupied molecular orbital (LUMO) energy levels of the
solvent molecules. As depicted in Figure 1.2, When an electron's energy
surpasses the LUMO level, the solvent is prone to reduction; conversely,

electron energies below the HOMO level can result in solvent oxidation.

However, defining electrolyte stability solely through the HOMO-LUMO
framework is an oversimplification. Real electrolytes are complex mixtures
containing solvents, salts, and various additives that interact with electrode
surfaces in ways that are highly dependent on molecular configuration and
conformation./47-50] Additionally, the HOMO and LUMO energy levels
are typically derived from isolated molecules using approximate electronic
structure methods. These values may not accurately reflect the behavior of

molecules undergoing redox processes.
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Figure 1.2: Energy diagram of electrolyte, anode and cathode in battery.
®s and D¢ are the anode and cathode work functions. E; is the
electrochemical stability window of electrolyte. pa and pc are redox
potential of anode and cathode, respectively. Figure reprinted with

permission from Ref. 51. Copyrights 2018, Springer Nature.

In reality, redox potentials are more accurately determined by the difference
in Gibbs free energy between the initial and final states of a redox
reaction./51] As such, relying solely on orbital energy levels can lead to
inaccurate conclusions. A more reliable definition of electrochemical
stability considers the potential at which electrolyte reduction occurs at the
negative end, and the potential at which solvent oxidation takes place on the

positive end of the electrochemical window./49]

1.4. Metal-Sulphur Battery
Metal-sulphur batteries have emerged as a promising next-generation
energy storage technology owing to their exceptionally high theoretical

energy densities, cost-effectiveness, and abundant material resources./52-

13



54] Among these, lithium—sulphur (Li—S) batteries have been the most
extensively studied, demonstrating a theoretical energy density of ~2600
Wh/kg, significantly outperforming traditional lithium-ion batteries.
However, the practical deployment of sulphur-based batteries faces several
bottlenecks such as the dissolution and shuttle of polysulfide intermediates,
poor conductivity of sulphur and its discharge products, and irreversible

side reactions at the electrode—electrolyte interface./55]

Expanding beyond Li—S systems, aluminium—sulphur (Al-S) batteries have
recently garnered interest due to the natural abundance and low cost of
aluminium, which also provides a high volumetric capacity (~8046
mAh/cm?), trivalent redox nature, and excellent environmental safety./56-
58] In a typical Al-S battery, aluminium serves as the anode, and elemental
sulphur is used as the cathode. During discharge, sulphur is progressively
reduced to polysulfide species, which can dissolve in the electrolyte and
migrate to the aluminium anode resulting in capacity fading, low coulombic
efficiency, and poor cycle life. Addressing this issue requires cathode host
materials that can physically or chemically immobilize polysulfide

intermediates and improve the electrochemical reversibility of the system.

v
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Figure 1.3: Working mechanism of aluminium-sulphur battery. Figure

reprinted with permission from Ref. 56. Copyrights 2018, Springer Nature.
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Over the past decade, researchers have explored various materials as
cathode hosts, including carbon nanostructures, metal—organic frameworks
(MOFs), and conductive polymers. However, many of these fail to provide
adequate anchoring, leading to significant loss of active material. In this
context, two-dimensional (2D) materials, especially MXenes, have emerged
as one of the most promising classes of anchoring substrates due to their
tunable surface chemistry, high conductivity, and rich chemistry derived

from surface terminations./52, 59-60]

1.4.1. 2D MXene Materials and Anchoring Effect

MXenes are a large family of 2D transition metal carbides and nitrides with
a general formula Mn+1XnTx, where M is an early transition metal (e.g., Ti,
Mo, V), X is carbon and/or nitrogen, and Tx represents surface terminations
such as —O, —F, or —OH. Discovered in the early 2010s, MXenes have
rapidly grown into a diverse family with hundreds of theoretically predicted
and experimentally realized members./61, 62] Their metallic conductivity,
high mechanical strength, and versatile chemistry make them excellent
candidates for applications in Dbatteries, supercapacitors, and

electrocatalysis.

The anchoring effect in the context of Al-S batteries refers to the ability of
a host material to adsorb and immobilize polysulfide species, thereby
preventing their dissolution into the electrolyte. This anchoring can be
physical (via van der Waals interaction or pore trapping) or chemical (via
bond formation or charge transfer)./63, 64/ MXenes, owing to their high
surface area and functional terminal groups, are especially effective in
chemically anchoring intermediate species. For example, oxygen or fluorine
terminated MXenes can form strong interactions with polysulfides,
stabilizing the discharge products and suppressing the shuttle effect. Recent
studies have demonstrated the ability of TisC:Tx and Mo,CTx MXenes to
adsorb LiS or Na.S, and this behavior is now being extended to Al-S

systems.
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Despite these advances, exploring the vast MXene chemical space
experimentally or even through DFT is computationally prohibitive. Many
unexplored combinations of transition metals (M1, M2), carbonitrides (X),
and terminal groups (Tx) may possess superior anchoring properties but
remain undiscovered. Therefore, a high-throughput screening strategy
assisted by machine learning is necessary to accelerate this discovery

process.

A combined DFT and machine learning pipeline was implemented to screen
MIM2XT,-type MXenes for their anchoring capabilities in Al-S
batteries./65] Using adsorption energy as a target variable for anchoring
strength, and features derived from atomic and structural descriptors, an
XGBoost regression model was trained and validated. With growing
interest in non-lithium batteries, this work stands at the intersection of
computational chemistry, materials science, and data-driven design,
offering a robust framework to identify and engineer next-generation

cathode host materials.

1.5. Theory
This section outlines the foundational theoretical concepts and

computational strategies utilized in this study.

1.5.1. Schrodinger Equation
To explore the electronic structure of materials and molecular systems, we
rely on the time-independent form of the Schrédinger equation. This

fundamental equation is given as:
HY(r,R) = E¥Y(1,R) (1.1)

In this expression, H denotes the Hamiltonian operator, which encapsulates
the total energy contributions of the system. The wavefunction W(r, R)
encodes comprehensive information about the quantum state, including
both electronic and nuclear components. The eigenvalue E represents the

total energy associated with that state.
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The Hamiltonian operator can be expressed using equation 1.2 as follows:

ZIZ]e 2

RRI

n2 n2
H=—mZiV12—ZIZ—MIV2+ Zue]lr ZI;t]l
(12)

In this formulation, the first term represents the kinetic energy of the
electrons, where me is the mass of an electron, # is the reduced Planck’s
constant, and V? is the Laplacian operator acting on the position coordinates
of electron i. The second term denotes the kinetic energy of the nuclei, with
M being the mass of the I nucleus and V? the Laplacian operator acting

on nuclear coordinates.

The third term accounts for the electron—electron repulsion, where ¢ is the

elementary charge, and Ir; - rj| is the distance between electrons i and j. The
factor of % ensures that each electron pair is counted only once. The fourth

term represents nucleus—nucleus repulsion, where Z; and Zj denote the

atomic numbers of nuclei I and J, respectively, and |R; - Ry| is the
internuclear distance. Similarly, the pre-factor of % avoids double-counting

interactions between distinct nuclei. The final term corresponds to the
electron—nucleus attraction, which arises due to the Coulombic attraction
between negatively charged electrons and positively charged nuclei. This
interaction is attractive in nature, and the negative sign reflects this in the

total energy expression.

Altogether, Equation (1.2) provides a complete quantum mechanical
description of the total energy of a system composed of interacting electrons
and nuclei. However, solving this equation exactly for systems with more
than a few particles is intractable, necessitating the use of approximations
and computational methods such as the Born—Oppenheimer approximation

and density functional theory (DFT)./66]
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1.5.1.1. Born-Oppenheimer (BO) Approximation

The Born-Oppenheimer (BO) approximation simplifies the many-body
Schrédinger equation by separating nuclear and electronic motion /66].
Since nuclei are approximately 1836 times more massive than electrons,
their movement is much slower and can be treated as static during electronic
calculations. This allows the omission of the nuclear kinetic energy term
from the Hamiltonian, leading to a reduced form that focuses solely on the

electronic structure. Thus, the Hamiltonian operator is as follows,

Z]Z]e

S (1.3)

__ 2
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In systems containing only a single nucleus, the nucleus-nucleus repulsion
term becomes irrelevant. The Hamiltonian then reduces to:

ZIeZ
|I‘ RI'

h2
H= _mZivz + 21#:] Iry—r;| 211 (1.4)

Despite the simplifications from the Born-Oppenheimer approximation,
solving the Schrodinger equation remains computationally expensive.
Methods like Hartree-Fock and, more efficiently, Density Functional
Theory (DFT) are used to make these problems tractable. The next section

focuses on DFT and its role in materials modelling.

1.5.2. Density Functional Theory (DFT)

Density Functional Theory (DFT) is a quantum mechanical method used to
investigate the electronic structure of many-body systems, with electron
density as its central variable. Unlike wavefunction-based approaches,
which scale poorly with system size, DFT simplifies the problem by relying

solely on electron density.

The foundations of DFT trace back to the Thomas-Fermi model, which
described a gas of non-interacting electrons. However, modern DFT was
formalized through the Hohenberg-Kohn theorems, which establish that all

ground-state properties of a system are uniquely determined by its electron
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density. These theorems provide the theoretical basis for expressing the
energy of a system as a functional of the density, enabling practical and
efficient electronic structure calculations./67-68] The next sections provide

an overview of the theoretical framework and key components of DFT.

1.5.2.1. The Hohenberg-Kohn Theorems

Theorem 1: The first Hohenberg-Kohn theorem states that the ground-state
properties of a many-electron system are uniquely determined by its
electron density p(r) given an external potential V,,.(r). In other words,
there exists a one-to-one correspondence between the ground-state electron
density po(r) and the external potential, and thus the total ground-state
energy is a unique functional of p(r). This foundational result implies that
all ground-state observables can, in principle, be derived from the electron

density alone.

Theorem 2: The second Hohenberg-Kohn theorem introduces a universal
energy functional E[p(r)] which depends on the electron density p(r) and

includes the effects of the external potential Vqy (1). It is expressed as:
Elp(M] = Exkl[p(0)] + [ Vexe (1)p(r)dr (1.5)

Here, Eyk[p(1r)] is the universal functional, encompassing both the kinetic
energy and the electron-electron interactions. This theorem confirms that
the ground-state energy of a many-electron system is minimized by the
correct ground-state electron density. However, the particular form of the
Eyk 1s unknown, necessitating approximations in practical DFT

calculations.

1.5.2.2. Kohn-Sham Equations

Solving the full many-electron Schrodinger equation is computationally
infeasible for most real-world systems. The Kohn-Sham (KS) approach,
introduced by Walter Kohn and Lu Jeu Sham, provides a practical

workaround by replacing the complex, interacting system of electrons with

19



a simplified one: a system of non-interacting electrons moving in an
effective potential that still reproduces the correct ground-state electron

density [94].
In this framework, the total energy of a system is written as a functional of
the electron density p(7):

E[p()] = Tolp()] + 37 XL 1 py (1)p(r)dr + Exclp(r)dr] +

[r=r’|

En (1.6)

where, the Ty[p(r)], 2y &ReWArdr oy ()p(r)dr, and Exc[p(r)dr]

' 2 Ir—r'|
desccribe the kinetic energy of the simple single non-interacting electron,
the electron-electron Coulombic interaction, the potential energy of the
valence and the core electrons and the exchange-correlation interaction
respectively. The Ejj term indicates the nuclei-nuclei interactions. However,
the above Kohn-Sham equation can be further reduced as using equation

1.7,
=3 V2 + Ve ()| W (1) = B () (17)

Here, W;(r) describe the Kohn-Sham orbitals, and Vg is the summation of
external potential (Vay), Coulomb interaction (Vyartree), and exchange

correlation (V).
Vett = VHartree T Vext T Vxc (1.8)

In the Kohn-Sham formalism, the effective potential experienced by a non-
interacting particle consists of three main components: the classical
Coulomb force, the external field, and exchange-correlation interactions.
However, accurately defining the exchange-correlation potential remains a
significant challenge. To address this, a variety of approximations have
been proposed and are now routinely applied in computational studies of
both molecular and solid-state systems to estimate solutions to equations
(1.20) and (1.21). /69]
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1.5.2.3. Exchange-Correlation Functional

The exchange-correlation functional in the Kohn-Sham framework, whose
exact form is not known, is typically divided into two distinct terms: one
representing exchange effects and the other accounting for correlation. This

decomposition is represented in equation (1.9).
Exe(p(M) = Ex(p(0) + Ec(p(1)) (1.9)

In equation 1.9, Exc(p(r)) describe exchange-correlation functional,
whereas Ex(p(r)) and Ec(p(r)) describe the exchange and correlation
component of the structure. The exchange-correlation functional Exc(n(r))
is often estimated using local approximations, which are outlined in the

following sections.

1.5.2.4. Local Density Approximation (LDA)

The Local Density Approximation (LDA) is commonly employed to
estimate the exchange-correlation functional Exc(p(r)).[ 70-71] This
method assumes a uniformly distributed electron gas, serving as the basis

for the approximation, and is defined as follows:
Exc® = [ d®r p(r) £38™((r) (1.10)

In equation 1.10, E29™ (p(r)) represent the exchange-correlation energy per
particle with the electron density p(r) in the homogeneous gas. This
approximation proves effective for estimating the ground-state properties of
solids where electron density changes gradually. However, it significantly
underperforms when calculating values such as cohesive energy, formation
energy, bond dissociation energy, and adsorption energies, often deviating
from experimental results. Moreover, it fails to accurately capture the band
gaps of semiconductors and insulators. These drawbacks underline the
necessity for improved approaches and more refined models to better

describe these aspects of solid-state systems./72]
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1.5.2.5. Generalized Gradient Approximation (GGA)

To overcome the shortcomings of the Local Density Approximation (LDA),
the Generalized Gradient Approximation (GGA) was developed. This
method refines the estimation of the exchange-correlation functional by
incorporating not just the electron density, but also its gradient. By
accounting for the spatial variation in electron distribution, GGA offers
improved accuracy over LDA. The functional form used in GGA is

presented in equation (1.11).

EgSA = [ d3r p(r) EGE4(p(r), Vp(D)) (1.11)

where, SQEA(p(r), Vp(r)) represents the exchange-correlation energy per

electron, incorporating both the local density and its gradient. Among the
GGA formulations, the Perdew-Burke-Ernzerhof (PBE) functional is
particularly popular, especially for systems with rapidly changing electron
densities. GGA-PBE has demonstrated reliable performance in computing
key properties such as total energy, cohesive and formation energies,
adsorption characteristics, and structural parameters like lattice constants.
The exchange energy component within the GGA-PBE framework can be

expressed as:

EXPE = [ &r p(r) 55 (p(r), s(r)) (1.12)

In equation (1.12), the exchange energy within the PBE formulation is
expressed as a product of two terms: the enhancement factor FEBE and the
LDA exchange energy. This relationship is further detailed in equation
(1.13).

EFPE(p(r), s(r) = €XPA(p(r)) * FEPE (s(r)) (1.13)

In addition to PBE, several other GGA-based functionals such as PW91 by
Perdew and Wang, PBEsol, and revised PBE—have been developed to
compute exchange-correlation energies with improved accuracy for specific

material classes./73—75]
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1.5.2.6. Projector Augmented Wave (PAW) Method

In an atom, core and valence electrons exhibit markedly different behaviors
due to their spatial proximity to the nucleus. Core electrons, being closer to
the nucleus, have wavefunctions that oscillate rapidly, while valence
electrons display much smoother wavefunctions. To accurately model these
distinctions, different basis sets are applied. Valence electrons are typically
described using plane wave basis sets, which are efficient and widely
adopted in solid-state calculations. However, the complex, highly localized
nature of core electron wavefunctions makes plane waves unsuitable for
their description. Instead, the projector augmented wave (PAW) method is
employed. This technique uses a combination of plane waves for valence
electrons and a partial wave expansion for the core region, allowing for both
computational  efficiency and  accurate  electronic  structure

representation./76—79]

Using a linear transformation operator (T) the all-electron wavefunction
(W,) is mapped onto a corresponding pseudo-wavefunction (¥,). This
pseudo-wavefunction is constructed as a functional transformation of the

original wavefunction W, can be written as:
@) = TIP,) (1.14)

where T is the transformation operator and ¥, and W, can be represented

as linear combination of partial waves for each augmentation regions.

n) = Xicil ¢i) (1.15)

1P,) = Xicil §1) (1.16)

Therefore, the transformation operator T can be expressed as equation 1.17,
T =1+ Xi(Ipn) = Idn)) (Bil (1.17)

where, (P;l denotes the projection function used in the transformation

process. The pseudopotential method effectively addresses the difficulties
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posed by the complex, oscillatory behaviour of core electron wavefunctions
by converting them into smoother, more computationally manageable
forms. This approach is especially useful for exploring the electronic
properties of solid-state systems. The PAW method builds on this concept
and has been further enhanced by combining it with techniques like ultra-
soft pseudopotentials and linear augmented plane wave (LAPW) features.
In this thesis, electronic structure calculations were performed using the
PAW method implemented within the Vienna Ab-initio Simulation Package
(VASP). This combination offers a robust and efficient framework for

accurately modelling the electronic behaviour of materials./80/]

1.5.3. Dispersion in Density Functional Theory

The approaches discussed so far often fail to capture long-range dispersion
interactions, which arise from distance-dependent forces between electron
densities. Notably, Coulombic and exchange interactions are influenced by
the transition density between interacting fragments, and their accurate
treatment is essential for describing dispersion forces. To address this,
specialized methods have been developed, such as dispersion-corrected
DFT (DFT-D), van der Waals (vdW) functionals, and empirical force field
approaches. These techniques explicitly account for long-range
interactions, offering a more complete and reliable description of dispersion
effects in both molecular and solid-state systems.

(iafjb)((ia]jb)-(jalib)]

€3+ €Ep— £i—¢gj

ESap = ZiaXib (1.18)

In this context, particle-hole excitations between orbitals i—a and j—b,
localized on fragments A and B respectively, contribute to dispersion
interactions. However, standard DFT lacks access to orbital energy
differences &, making it insufficient for accurately capturing long-range
dispersion effects./8/] A widely adopted solution to this problem is

Grimme’s DFT-Dn approach, an empirical correction method that
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introduces dispersion terms into the DFT framework. This method provides

a general expression for dispersion energy, formulated as follows /82/:

_ CAB
Ebfen > = — X aB Xn=6810..5n mo— faamp(Rag) (1.19)

n pn
Rag

In this expression, Rpp denotes the distance between fragments A and B,
while CAB represents the dispersion coefficient specific to the interacting
pair. The term S,,, acts as a scaling factor to adjust repulsive interactions/83]
and the damping function fqamp (Rag) is introduced to mitigate the double-

counting of correlation effects at intermediate distances./84/

In this work, Grimme’s DFT-D3 method was utilized for the majority of
DFT-based simulations. This approach incorporates dispersion effects by
accounting for three-body interactions among atomic triplets, allowing for
a more realistic treatment of long-range forces. While the dispersion
correction does not modify intrinsic electronic properties like the
wavefunction, it does influence the computed atomic forces. As a result,
geometric optimizations may differ from those obtained without dispersion
corrections. Incorporating these effects enhances the accuracy of
intermolecular interaction modeling, ultimately leading to more reliable

predictions of structural and energetic properties.

1.6. Machine Learning Methods

Machine learning (ML) is broadly categorized into supervised and
unsupervised learning, distinguished by the presence or absence of labeled
output data./85/ In supervised learning, the algorithm is trained on input
data paired with known output labels to learn a mapping from features to
outcomes./86] Unsupervised learning, by contrast, deals with unlabeled
data and tries to uncover underlying patterns or groupings without explicit
guidance./87] In the context of materials design (e.g., battery materials),
both paradigms are useful: supervised methods can learn relationships
between material features and properties, while unsupervised methods can

reveal natural clusters or reduce data complexity./88/
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1.6.1. Supervised Learning

Supervised learning algorithms utilize labeled datasets (feature vectors with
target values) to train models that can predict outputs for new, unseen
inputs. The two major types of supervised learning tasks are classification
and regression, depending on the nature of the output. We have discussed
each step of general ML workflow in the next section and different

regression models as the thesis mainly oriented on the regression problem.

1.6.1.1. Regression

In regression tasks, the goal is to predict a continuous numerical value based
on input features. A simple example is predicting a battery material’s
voltage and volume change from its descriptors./89, 90] The most
important part of any ML related problem is data which either needs to be
extracted from the experimental report or some database or generated

through DFT.

1.6.1.2. Classification

Classification, on the other hand, involves assigning inputs to discrete
categories or classes. Instead of predicting a numeric value, the model
answers questions like “Is this material stable or unstable?” or “Is this
electrolyte flammable or non-flammable?” Here, the target variable is
categorical, and the model learns to distinguish between classes based on

patterns in the feature space./91]

Applications of classification in materials research include identifying
crystal structures, predicting phase stability, and screening materials for
specific functional groups or electronic behavior./92] Classification
methods such as logistic regression, k-nearest neighbors (KNN), support
vector machines (SVM), and neural networks are especially powerful when

the dataset captures rich, discriminative features.

Both regression and classification are supervised learning methods,

meaning they rely on known outcomes during training. The choice between
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them depends entirely on the nature of the prediction task, regression is used
when outputs are continuous, and classification is used when they are
categorical. In this work, regression serves as the primary modeling
strategy, enabling precise numerical predictions of materials-related

properties.

1.6.2. Feature Representations and Selection

How we represent materials or input data as features is crucial for ML model
performance. In general, feature representation involves encoding the raw
data (whether crystalline structures, compositions, or experimental
conditions) into numerical descriptors that the model can ingest. In battery

materials design, a variety of feature types can be used:

e Compositional features: descriptors derived from chemical
formulas (e.g., fractions of certain elements, average atomic
number, electronegativities, ionic radii, etc.). Tools like matminer

provide many composition-based featurizers./93/

o Structural features: for crystalline materials, features can include
symmetry functions, radial distribution function statistics, formation
energy per atom from DFT, volume per atom, bandgap, etc.,

possibly obtained from databases like Materials Project./94]

o Nanostructure or 2D-specific features: for 2D materials, one may
include layer thickness, surface area, functional groups on surfaces,
etc. In the aNANTt database context, features might be derived from
the computed electronic band structure or formation energies of

monolayers.

o Engineered descriptors: domain knowledge can guide creation of
specific features, such as a known performance metric (e.g., the ratio
of certain elemental properties that correlates with capacity or

diffusion barriers).
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Proper feature scaling (normalizing or standardizing features) is often
performed so that features with larger numeric ranges do not dominate those
with smaller ranges. Categorical inputs (if any) might be one-hot encoded.
In summary, preparing high-quality, informative features that capture the
underlying physics or chemistry of the problem greatly assists the ML

model in learning relevant patterns.

In many cases, we have an abundance of candidate features, and not all are
useful. Thus, feature selection or dimensionality reduction steps are taken
to reduce the feature space to the most informative variables. One approach
we employed is SelectKBest with an ANOVA F-value (Analysis of
Variance F-test) to rank features by their correlation with the target
variable./95] The ANOVA F-test can be used for regression or
classification to score each feature individually: it essentially measures how
much variance in the target is explained by differences in that feature,
relative to within-group variance. Features with higher F-scores are more
strongly related to the target. Using this univariate feature selection, we can
pick the top K features that have the highest F-values (or p-values below a
threshold). This is a fast way to eliminate less relevant descriptors. For
example, if we have 100 initial descriptors for each material, ANOVA F-
value ranking might tell us that only, say, 20 of them have statistically
significant correlation with battery capacity; we might then retain those 20
for model training to reduce noise and overfitting risk. It’s important to
compute the F-test on training data in each fold of cross-validation to avoid
bias (when using it in a pipeline), since peaking at the full data can

overestimate feature importance.

Another form of feature selection arises inherently from certain models: as
noted, Lasso regression drives some coefficients to zero, effectively
performing feature selection as part of model fitting./96] Decision tree-
based models also perform an implicit feature selection by splitting on

informative features; we can extract feature importance scores from random
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forests or gradient boosted trees to see which inputs are most influential.[97]
In one part of our work, we complemented ANOVA selection with SHAP
values (described below) to interpret feature importance after model
training — ensuring that the chosen features not only correlate with the target

but indeed have a consistent impact on model predictions./98]

Dimensionality reduction techniques can also be applied either as
preprocessing or integrated in modeling. Principal Component Analysis
(PCA) can project features to principal components that capture the
majority of variance, allowing one to reduce dimensionality while retaining
most information./99] Partial Least Squares (PLS) (as introduced earlier) is
another supervised dimensionality reduction, finding latent features that
explain both predictors and response well./7100] Reducing dimensionality
is especially valuable when dealing with high-throughput datasets from
materials databases (which might have dozens or hundreds of descriptors

per entry); it simplifies the model and often improves generalization.

1.6.3. Train and Test Data

A fundamental practice in machine learning is to split data into separate
training and testing sets.//01] The model is fitted (trained) on the training
set and then evaluated on the independent test set to assess its performance
on unseen data. This simulates how the model would perform in real-world
predictions and guards against overfitting./86/ In a typical workflow, one
might use ~70-80% of the data for training and hold out ~20-30% for testing
(or use other splits as appropriate). If N is the total number of samples, and
we choose a train—test split fraction of p (for training), then the split sizes
are Niy,in = pN and Nii = (1 — p)N (rounded to integers). For example,
an 80/20 split on a dataset of size N means Ni,;, = and N = 0.2N. This
separation mimics prospective prediction on unseen data and helps detect
overfitting. Often the data is shuffled randomly before splitting to ensure

each subset is representative.
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In addition, one may set aside a validation set (especially if also tuning
hyperparameters) or use cross-validation.//02] The key principle is that no
information from the test set should be used in model training. Only after
finalizing the model, we evaluate it on the test set to obtain an unbiased

estimate of its true performance./703]

Training error alone is not a reliable indicator of model performance — a
model can overfit the training data (achieving very low error) yet fail to
generalize to new data. By evaluating on the test set (which the model never
saw during training), we obtain an unbiased estimate of predictive

accuracy./104]

1.6.4. Cross-Validation and Averaging

Cross-validation (CV) provides a more robust way to estimate model
performance (and perform model selection) by averaging results across
multiple train—test splits.//02] In K-fold cross-validation, the dataset is
partitioned into K roughly equal folds. The model is trained on K — 1 folds
and evaluated on the remaining 1 fold; this process is repeated K times, each
time using a different fold as the validation set. The K resulting validation
scores (e.g. accuracies, MSEs, etc.) are then averaged to yield the cross-

validation score:

K

_1 )

CV-K Score = X Score ;4
k=1

which is an estimate of the model’s generalization performance. By
averaging over folds, CV reduces the variance associated with a single
train—test split. Common cases are K = 5 or K = 10 (5-fold or 10-fold CV),
as well as leave-one-out CV (LOOCV, where K = N)./86] Cross-
validation is often used for hyperparameter tuning, one chooses the
hyperparameters that maximize the average validation score. Note that

while CV uses all data for training (across folds), one still should have an
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independent test set for final evaluation once the model and

hyperparameters are set, to avoid bias from having used all data in training.

1.6.4.1. K-Fold Cross-Validation

In K-Fold Cross-Validation, the dataset is split into k equal subsets, or
“folds.” The model is trained on k—1 folds and validated on the remaining
one. This process is repeated k times, with each fold serving as the test set
exactly once. The final performance metric is then averaged across all

iterations, yielding a robust measure of the model’s generalization ability.

K-Fold CV strikes a practical balance between computational cost and
evaluation reliability. It maximizes data usage, critical when samples are
limited and provides a richer understanding of model behavior compared to
a one-time train-test split. By mitigating variance in the evaluation process,
it also reduces the risk of overfitting or underfitting to any particular data

subset.

1.6.4.2. Repeated K-Fold Cross-Validation

Repeated K-Fold CV builds upon standard K-Fold by adding an element of
randomization.//05] The dataset is repeatedly split into new K-Fold
partitions n times, with random reshuffling occurring in each repetition.
This strategy introduces diversity across folds and reduces evaluation

variance, especially when datasets are small or have subtle patterns.

Repeated K-Fold is particularly valuable when a single round of K-Fold
might be skewed by chance data splits. By averaging results across many
random splits, the evaluation becomes more statistically reliable and less

sensitive to outlier partitions.

1.6.4.3. Leave-One-Out Cross-Validation (LOOCY)

In Leave-One-Out Cross-Validation (LOOCV), every individual data point
takes a turn as the test set while the remaining n-1 samples are used for

training. This process is repeated n times, once for each data point./706]
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LOOCYV is exhaustive and nearly unbiased, making it ideal for very small
datasets where every sample is precious. However, it is computationally
expensive for large datasets, as it requires training the model n separate
times. Despite this, it remains a gold-standard benchmark when a detailed

and low-bias estimate is required.

1.6.5. Evaluation Metrics: RMSE, MAE, R?

Evaluating model performance quantitatively is vital, both to compare
different models and to judge whether a model is sufficiently accurate for a
given application. For regression models (which are prevalent in material
property prediction), common error metrics include Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), and R-squared (R?). Each
metric provides a slightly different perspective on the model’s predictive

CITOoIS!:

e Mean Absolute Error (MAE): The average of absolute residuals.

For predictions ¥, on true values y;,

N
1
MAE = NZlyi -3l
l:

MAE is a linear error measure — each error contributes proportionally to its
magnitude. It is more robust to outliers than RMSE and is measured in the

same units as the target./107]

¢ Root Mean Square Error (RMSE): The square root of the average
of squared residuals./7108] It is essentially the standard deviation of

the prediction errors. The formula is:

N
1
RMSE = | (v~ )
=1

which is the square root of mean squared error (MSE). RMSE penalizes

large errors more strongly than MAE (due to squaring). It is widely used
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and directly interpretable as “typical magnitude of error.” Lower RMSE

indicates better fit.

o Coefficient of Determination (R?): Also known as R? or R-

squared, this is the fraction of variance in y explained by the

model./709] One definition is:

_ SSres
SStot

R*=1

where SS,os = X;(y; — $i)? is the residual sum of squares and SStot =
¥:(y; — ¥)? is the total sum of squares around the mean of y. Thus R? = 1
indicates a perfect fit (zero residual error), and R? = 0 indicates the model
predicts no better than the mean of y. In simple linear regression, R? is the
square of the Pearson correlation between y; and ¥,. In multiple regression,

it generalizes to the proportion of variance explained by all predictors.

R? can be negative if the model is worse than the baseline mean predictor
(when not using an intercept or in some nonlinear fits). Often the adjusted
R? is reported, which penalizes inclusion of additional features to
compensate for R? always increasing (or staying the same) when more

predictors are added.

In summary, MAE and RMSE give absolute error scales (RMSE
emphasizing larger errors), while R? is unitless and tells how well the model

captures variance in the data.

1.6.6. Machine Learning Algorithms

Having covered the general concepts of ML, we now discuss specific
algorithms applied in this thesis. We employed a range of algorithms, from
simple linear models to complex ensemble techniques, each chosen based
on the nature of the task (regression) and the size/complexity of available
data. Below we introduce each major algorithm category, explain how it
works, and note any particular considerations or advantages relevant to

materials design problems.
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1.6.6.1. Linear Regression

Linear Regression is the simplest and most interpretable regression
model./7/10] It assumes a linear relationship between features and target:
y = wo + X j wjx;. The model parameters w; are fitted by minimizing the
sum of squared residuals between predictions and true values (Ordinary
Least Squares solution). Despite its simplicity, linear regression can be
surprisingly effective for well-behaved data and offers clear insights into
feature influence (via the weights). However, plain linear regression can
overfit if there are many features or multicollinearity. We mitigated this by
using regularized variants like ridge (L2 penalty) or lasso (L1 penalty) when

needed, as well as by feature selection as described earlier.

For example, we applied linear regression to a dataset of material formation
energies with features like elemental fractions and electronegativities. The
linear model provided a baseline with an R? of around 0.5. By examining
the learned coefficients, we could confirm known chemical trends (e.g., a
large positive weight on a feature representing an element’s atomic radius
might indicate that increasing that radius tends to raise the formation
energy). This interpretability is a strength of linear models — each
coefficient directly indicates the direction and magnitude of that feature’s

effect on the prediction, assuming other features held fixed.

Linear regression models a continuous target as a linear combination of

features, y ~ X[3 + noise

The optimal coefficients 3 are obtained by minimizing the sum of squared

residuals S(B) = Y7L, (y; — x{ B)?
Setting the gradient to zero yields the normal equations X”X, = XTy

The closed-form solution (for full column rank X) is:
B=&"0)'XTy
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which is the ordinary least squares (OLS) estimator. Here X is the n X p
design matrix (with a column of ones for the intercept), and y is the n X 1
target vector. The predicted outcomes are = X . This solution minimizes
the mean squared error on the training data and provides the foundation for

many extensions.
1.6.6.2. Ridge Regression

Ridge regression adds an L, penalty to the linear regression loss to prevent

overfitting./710] The ridge objective function is:
n p
min " 01 = 5)* +a )}
i=1 j=1

where 9i = x] is the predicted value, and o > 0 is the regularization

strength. The second term o} Bf penalizes large coefficients. The normal

equations become (X"X + ol)Byigge = X"y, so the ridge solution can be

written as:

Brldge = (XTX + O(I)_lXTy

analogous to OLS but with a shrinkage term. Ridge regression shrinks
coefficients towards zero (but never exactly zero) to reduce variance at the
cost of some bias. Ridge tends to shrink weights towards zero (but not
exactly zero), especially useful in cases of many correlated features. It
helped in our work to avoid overestimation of effects and to handle
multicollinearity in descriptors (which is common if, say, two features are

both measuring atomic size in different ways)./111]
1.6.6.3. Lasso Regression

not only prevents overfitting but also sets some weights exactly to zero, thus
performing feature selection. When we had high-dimensional descriptor
sets, lasso was valuable to pinpoint which features actually mattered./710]

A combination approach known as Elastic Net (not explicitly listed but
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worth noting) blends L1 and L2 penalties and was also considered to get a

balance of ridge and lasso benefits.

Lasso regression adds an L, penalty to the OLS loss, promoting sparsity in

the coefficients. The lasso optimization problem is:

n 14
mﬁinZ(}’i -9+ QZ|B;'|
i=1 =1

with o > 0 controlling the strength of regularization. Unlike ridge, the
L,term can force some BA] exactly to zero, performing feature selection./96/
There is no closed-form solution for lasso; instead, techniques like
coordinate descent are used to solve it. The subgradient optimality
conditions yield that each coefficient's solution is a soft-thresholded version
of the OLS estimate. In summary, lasso yields a sparse coefficient vector by

minimizing squared error with an absolute penalty.

1.6.6.4. Kernel Ridge Regression

Kernel ridge regression (KRR) extends ridge regression to non-linear
functions by using kernel functions. Kernel Ridge Regression is an
extension of ridge regression that can model nonlinear relationships by
using the kernel trick. Essentially, KRR performs ridge regression in a high-
dimensional feature space implicitly mapped by a kernel function./712]
One commonly used kernel is the Gaussian RBF kernel, K (xi,xj) =
exp(—y|xi — X |2), which allows the model to fit nonlinear patterns in the
original input space. The dual form of ridge regression uses kernel
functions, and the solution involves kernel matrix inversions (hence it’s
more computationally expensive, scaling with O(N?) for N training points,

but works well for moderate N).

In the dual form, the model is f(x) = Xi~; ;K (x;, x), where K(:,-) is a

positive-definite kernel and «; are coefficients. The training objective in
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dual form is min|y — Ka |5 + Aa’K, leading to the normal equations
(04

(K + AI)@ = y. The closed-form dual solution is:
a=(K+A)ly

where K is the n X n kernel matrix with K;; = K (xi,xj). Prediction for a
new input x is §(x) = Yi; &, , K(x;, x). Kernel ridge regression thus finds
a function in the reproducing kernel Hilbert space that fits the data with an
L,-regularization on function norm, enabling non-linear regression via the

kernel trick.

We used KRR in scenarios where we suspected a nonlinear relationship
between features and target that simpler linear models couldn’t capture. For
example, predicting the bandgap of materials from compositional attributes
might not be strictly linear (due to threshold effects, etc.), and KRR with an
RBF kernel could flexibly fit such data. KRR has two hyperparameters to
tune: the regularization strength (analogous to ridge’s alpha) and the kernel
length-scale (like y\gamma in the RBF kernel). We tuned these via cross-
validation. KRR often gave us a boost in accuracy over linear regression at
the cost of model interpretability and computational efficiency. It serves as
a nice intermediate between linear models and more complex machine
learning models — it’s a nonparametric model that can achieve high
performance on smaller datasets, which is often the regime in materials

informatics.

1.6.6.5. Decision Tree Regressor

A Decision Tree Regressor is a non-parametric model that learns piecewise
constant predictions by recursively partitioning the feature space. Each split
in a regression tree is based on a feature and a cutoff value, chosen to
minimize the target variance in the resulting two subsets (equivalently, to
maximize the reduction in sum of squared errors). The tree grows until some
stopping criteria (like minimum samples per leaf or maximum depth) are

met, or until the leaves are pure (perfectly fit the training data). Decision
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trees can capture nonlinear relationships and feature interactions in an

intuitive if-else rules manner.//70]

For regression trees, splits are chosen to maximize the reduction in target
variance (equivalently, minimize mean squared error) after the split. If a
node T with sample set S is split into two subsets S; and Sg, the variance
reduction achieved is:
AV = Var(S) — (% Var(Sy) + % Var(SR)>

where Var(S) denotes the variance of target values in set S. Expanding
Var(S) in terms of sums of squared deviations, this is equivalent to
comparing the total within-node sum of squared errors before and after
splitting. A split is chosen to maximize AV, i.e. to achieve the largest drop
in weighted variance. In practice, this means picking the feature and
threshold that yield the most homogeneous (lowest variance) child nodes.

If ys is the mean of S, note that

1 _
Var(s) = 17 ) (i~ 5)*
i€s
Thus, the criterion aligns with minimizing MSE in children. (For
classification trees, analogous impurity measures like Gini index or entropy

are used.)

We utilized decision tree regression for its interpretability and ability to
handle feature interactions. A decision tree on a materials dataset might
produce rules like: “if formation energy < X and atomic weight > Y then
predicted capacity = Z”. Such rules can sometimes correspond to human-
understandable thresholds. However, single decision trees are prone to
overfitting — they can create very complex branching structures that fit
noise. We pruned trees or set maximum depth to avoid this. In our
experiments, a standalone decision tree was usually not the best-performing

model (often it underfit if heavily pruned, or overfit if grown too deep). But
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it laid the groundwork for understanding the data structure and served as the
base learner for ensemble methods like Random Forests and Gradient

Boosting.

1.6.6.6. Random Forest Averaging

A Random Forest is an ensemble of decision trees, introduced by Breiman
(2001), which reduces overfitting by averaging many trees trained with
randomness. In a random forest regressor, each tree is trained on a bootstrap
sample of the data (bagging) and at each split, the algorithm considers a
random subset of features rather than all features. This randomness injects
diversity into the trees such that their predictions are not perfectly
correlated. The forest’s prediction is the average of predictions from all
individual trees. By the law of large numbers, this averaging tends to cancel
out the individual trees’ errors (especially the high-variance errors) and

yield a more robust predictor./710]

A random forest is an ensemble of B decision trees trained on random
subsets of data and/or features. For regression tasks, the forest prediction is
the average of the individual tree predictions. If £ ®(x) is the prediction of

the b-th tree for input x, the random forest output is:

1 B
) =3 ) fO00)
b=1

Each tree in the forest is grown (typically to full depth) on a bootstrap
sample of the training data with random feature selection at splits, which
injects diversity. By averaging many de-correlated trees, the random forest
reduces variance while remaining approximately unbiased. For
classification, the analogous operation is majority voting among trees (or
averaging predicted class probabilities). Random forests thus improve
generalization by combining multiple high-variance learners into a low-

variance ensemble./97]
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RFR often provided excellent accuracy out-of-the-box with relatively few
hyperparameters to tune (mainly the number of trees and perhaps max
features per split). Second, it handles nonlinear relationships and
interactions naturally, which is useful for complex material datasets where
properties emerge from combinations of features. Third, random forests
give useful measures of feature importance (based on how much each
feature split reduces error on average) that we used as a guide alongside
SHAP values. For instance, if a random forest consistently uses “atomic
radius” in top splits across many trees, it will show a high importance for

that feature, suggesting it’s a key driver in the property prediction.

1.6.6.7. Gradient Boosting Regression

Gradient Boosting Regression refers to ensemble models where trees are
added sequentially (instead of in parallel like a forest), each new tree
correcting the errors of the current ensemble. The algorithm (proposed by
Friedman) works by fitting a small decision tree to the residuals of the
model’s current predictions, thereby boosting performance step by step.
Essentially, gradient boosting performs a stage-wise optimization of a loss
function (typically squared error for regression) by taking gradient steps in
function space. Each tree is usually shallow (often called a “weak learner”),

and hundreds of such trees can be combined.//13]

Gradient boosting builds an additive model in a forward stagewise fashion,
where each new learner h,,(x) is fit to the pseudo-residuals (negative
gradients of the loss) of the current model. Starting from an initial prediction
Fy(x)(often F, is a constant like the mean of y), at each iteration m =

1, ..., M the model is updated as:

Fn(x) = Fipq () + vhy (%)

where h,, (x) is the new weak learner (e.g. a regression tree) trained on the
residuals from stage m — 1, and 0 < v < 1 is a learning rate (shrinkage

factor). In practice, h,,(x) is fit to approximate the negative gradient of the
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a
0Fm-1

loss: h,,(x) = — Y L(yi, Fn_1(x)), so that adding v, h,, in that

direction most reduces the loss. Optionally, a line search may be done to
find an optimal multiplier y,,: E,(x) = Fp_1(X) + Vv, Ymhm (x), where

Ym = argmin ¥; L(y;, Frey (%) 4+ YR (x;)).  Gradient boosting  thus
Y

iteratively refines the model by greedily adding predictors that correct the

remaining errors (gradients), yielding a powerful ensemble.

One should note that while gradient boosting often gives top accuracy, it
can be sensitive to hyperparameters and noise. We found it crucial to do
proper cross-validation when using boosting, as it can otherwise overfit the
training set if, say, too many trees are used. Regularization options like
subsampling of data and columns per tree, and minimum leaf sizes were

also leveraged to keep the model general.

1.6.6.8. XGBoost

XGBoost (Extreme Gradient Boosting) uses a specific form of gradient
boosting with a regularized objective to build decision-tree ensembles.
Technically, XGBoost includes additional regularization terms in the
objective, support for parallel tree construction, and other engineering
improvements that make it faster and often more accurate than vanilla
gradient boosting. When we refer to XGBR, we mean using XGBoost’s

regressor for our problems.

At iteration t, let f;(x) be the new tree (with T leaves) to add. XGBoost’s

objective can be written as:
n

0bj = > (yi,y?‘\” + ft<xi)) +0(f)

i=1

where 1(y, y) is the training loss (e.g. squared error or logistic loss) and
Q(f3) is the regularization term for the tree (penalizing model complexity).

For a tree model f(x) with leaf weights wy, ..., wr, a common regularizer
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is Q(f) =yT + %7\2111 w/ withy,A = 0) which penalizes number of
leaves and magnitude of weights. Using a second-order Taylor expansion
of I around the current prediction, the approximate gain from adding a tree

can be derived. If [; is the set of data indices in leaf j: define G; =
Zielj gi and H;= ZiE,J. h; as the sum of first and second derivatives

(gradients g; and Hessians h;) of the loss for that leaf. The optimal weight

for leaf j is:

. Gj
Wi = Hj + A

and the corresponding second-order approximate reduction in objective

2

. Gj .. .
from that leaf is %Hi = The overall tree’s score (objective decrease) is
J
G} L o . :
%Z]T-ﬂ - i o yT. A split is made if it yields a positive gain larger than a
j

threshold. In summary, XGBoost’s tree-building algorithm uses these
formulas to greedily split nodes (maximizing gain) and set leaf weights,

resulting in an efficiently optimized boosted tree model.//74]

XGBoost also provided model interpretability. One could extract feature
importances (much like random forest) and even use SHAP (Shapley
Additive Explanations) specifically geared for tree models (TreeSHAP) to
interpret how features affect predictions. We discuss SHAP in the next
section, but it’s worth noting here that tools like SHAP have made
interpreting complex models like XGBoost more feasible. Thus, we were
able to extracting insights, like which features increase or decrease the
predicted target and by how much on average along with XGBoost’s

accuracy.

1.6.6.9. Partial Least Squares (PLS) Regression

Partial Least Squares regression finds a set of latent factors by

simultaneously considering predictors X and response Y. These latent
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factors (or components) are linear combinations of original features, chosen
to explain as much covariance as possible between X and Y. Then a
regression is performed in this latent space. Essentially, PLS projects the
data into a lower-dimensional subspace (like PCA but supervised) and then

does linear regression in that space./700]

PLS is particularly valuable in situations with many features that are highly
collinear and relatively few data points — a scenario not uncommon in
materials informatics where one might compute dozens of descriptors for
only tens or hundreds of materials. In such cases, ordinary linear regression
would be ill-posed or overfit, whereas PLS can yield a stable solution by

using a limited number of components.

Partial Least Squares regression finds a set of latent variables (components)
that both capture variance in the predictors X and have high correlation with

the responses Y. PLS decomposes the data as:
X =TPT +E, Y=UQT+F

where T and U are matrices of h latent scores, P and Q are loadings, and E,
F are residuals. Each PLS component is obtained by finding weight vectors
w (for X) and c (for Y) that maximize the covariance between the
transformed variables t = Xw and u = Yc. Equivalently, the first PLS
weight w is the top singular vector of the cross-covariance XY, so that
t@ = xw® and u® =yc® have maximal covariance. Subsequent
components are computed on deflated matrices (after removing the variance
explained by earlier components). In effect, PLS finds an optimal low-
dimensional representation of X (scores T') that is most predictive of Y. A
concise objective for PLS (one component case) can be written as
minimizing the reconstruction error Y;(y; — x/ w,c)? over w,c (with
normalization constraints), which leads to the same solution as the
covariance maximization. PLS is especially useful in high-dimensional

settings where X has many variables collinear with each other.
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1.6.7. Unsupervised Learning

Unsupervised learning finds hidden structure in unlabeled data.//75] It is
particularly useful for exploring material datasets where class labels may
not be pre-defined. A primary unsupervised task is clustering, where the
aim is to group materials or data points such that similar items fall into the

same cluster./116]

K-Means Clustering is one of the simplest and most popular clustering

algorithms that we have discussed in the next section.//17]

1.6.7.1. K-Means Clustering

K-means clustering partitions n observations into K clusters by minimizing
the within-cluster sum of squared distances. The objective function for K-
means is:

K

arg min Z Z lxj — ;|2
TERTY

i=1 ijCi

where C; is the set of points assigned to cluster i and p; is the centroid
(mean) of cluster i. In words, K-means seeks cluster centers p; that
minimize the sum of squared Euclidean distances from each data point to
its nearest center. This is a non-convex problem but the standard K-means
algorithm (Lloyd’s algorithm) finds a local minimum by alternating
between assignment (assign each point to its closest p;) and update
(recompute each p; as the mean of points in C;)./118] The objective E (K)
is also called the within-cluster sum of squares (WCSS). Because the cost
decreases with increasing K (clusters can always be split to reduce error),
one must use methods like the elbow plot or cross-validation to choose a

suitable number of clusters./719]

1.6.7.1.1. Elbow Method for Optimal K
The elbow method is a heuristic for choosing the number of clusters in K-

means by looking at how the clustering cost (SSE or WCSS) decreases as
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K increases./120] One computes the total within-cluster sum of squared

errors (SSE) for different K values:

K

SSECK) = ) > x = wif?

i=1 x€C;

which is simply the K-means objective value for K clusters. This SSE will
always decrease (or stay the same) as K increases, since adding more
clusters can only reduce within-cluster variance. The elbow method
involves plotting SSE(K) against K and looking for a “bend” or elbow: the
value K beyond which the marginal gain (SSE reduction) diminishes
significantly. The elbow point is taken as the optimal number of clusters, as
it balances model complexity with explained variance. Essentially, before
the elbow each additional cluster provides substantial improvement, while
after the elbow the improvements level off (indicating possible overfitting
if more clusters are added)./721] This method is subjective, but when a

clear elbow exists it provides a reasonable choice for K.

1.6.7.1.2. Silhouette Score
The silhouette score measures clustering quality by assessing how similar
an object is to others in its cluster (cohesion) compared to objects in other

clusters (separation). For each data point i, define:

e a(i) the average distance from i to all other points in the same
cluster. This measures how tightly i is coupled with its cluster mates

(lower a(i) means i is well inside its cluster).

e b(i) the minimum over all other clusters C of the average distance
from i to points in cluster C. This is the distance from i to its nearest

neighboring cluster (smaller b (i) means a closer alternative cluster).

The silhouette score for point i is then defined as:

b(i) — a(i)

s(i) = max{a (i), b(i)}
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which always lies in the range —1 < s(i) < +1. A score s(i) close to +1
means i’s cluster assignment is appropriate (it is much closer to its own
cluster than to any other), whereas s(i) near 0 indicates the point lies on the
boundary between clusters. Negative values mean i is closer on average to
a different cluster than its own, suggesting potential mis-clustering. The
overall silhouette score for the clustering is the average s(i) over all points.
This metric provides a way to evaluate clustering validity and also to choose

an optimal K (by maximizing average silhouette over different K).

The formula above is equivalent to

N4 a® . .
s(i)=1 0 ifa(i) < b(i),

s(i) = 0ifa(i) = b(i), and

s(i) = % —1ifa@) > b(i).

It thus intuitively reflects the relative difference between within-cluster and
nearest-other-cluster distances. Another important unsupervised technique
is dimensionality reduction, which aims to simplify high-dimensional data
while preserving essential structure. Techniques like Principal Component
Analysis (PCA) and t-SNE/UMAP can be used to visualize complex
composition—structure—property datasets in 2D or 3D, revealing patterns
such as clustering of similar materials.//2/-123] While PCA wasn’t
explicitly listed in the outline, it’s worth noting that PLS (mentioned above)
can be seen as a supervised dimensionality reduction, and unsupervised
PCA could likewise be applied to reduce feature space before clustering or

modeling.

1.6.8. ANOVA F-Test Formula

In one-way Analysis of Variance (ANOVA), we compare k group means to
see if at least one differs significantly. The ANOVA F-statistic is the ratio
of between-group variance to within-group variance./124, 125] Computed

from sums of squares, the formula is:
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S Sbetween

F= MSbetween k-1

M Swithin B SSwithin
N—k

where SSpetween 18 the between-groups sum of squares, SSyithin the within-
groups (residual) sum of squares, and N the total sample size. Here MS
denotes mean square (sum of squares divided by degrees of freedom).

Expanded, if ¥, is the mean of group j and ¥ the overall mean, then

© SSpetween = Ly=1 (7 — %)°  with degrees of freedom (df) =
k—1

. L
o SSyinin =Xk X (yij— 7)) withdf =N —k

F follows an F ~ F(k — 1, N — k) distribution under the null hypothesis
that all group means are equal. A large F (significantly greater than 1)
indicates that between-group variability dominates within-group variability,
providing evidence against Hy. In essence, ANOVA partitions the total
variance (SSiotal = SSpetween T SSwithin) and F quantifies whether the
explained variance (between) is large relative to unexplained variance

(within).

1.6.9. Hyperparameter Tuning

Hyperparameter tuning is a critical phase in machine learning (ML) model
development, directly influencing a model’s performance, learning
efficiency, and ability to generalize./726, 127] Unlike model parameters
which are learned from the data during training hyperparameters are
predefined settings that govern the behavior of the learning algorithm itself.
Examples include the learning rate in gradient-based models, the maximum

depth of a decision tree, or the number of hidden layers in a neural network.

The primary objective of hyperparameter tuning is to identify the
combination of settings that yields the best model performance. Well-tuned

hyperparameters can dramatically improve both accuracy and robustness,

47



whereas poorly chosen ones may lead to underfitting (failing to learn
enough) or overfitting (memorizing the training data too well). Two widely
used methods for tuning hyperparameters are GridSearchCV and
RandomSearchCV, both of which are available through the popular scikit-
learn Python library.

1.6.9.1. Grid Search and Hyperparameter Tuning

Grid search is an exhaustive strategy for hyperparameter tuning where one
specifies a discrete set of values for each hyperparameter and
trains/evaluates the model for every combination.//28] The goal is to
identify the hyperparameter tuple that yields the best performance on a

validation set or via cross-validation.

for a chosen evaluation metric on the validation folds. For example, one
might search over a grid of parameters like {max_depth €
{3,5,7}, learning_rate € {0.1,0.01}} for a gradient boosting model; this
entails training models for each combination (e.g. 6 models) and picking the
best. In practice, grid search is often combined with cross-validation
(GridSearchCV in scikit-learn) to robustly estimate performance of each
setting. The result is the set of hyperparameters that optimizes the cross-
validation metric. Other strategies like random search or Bayesian
optimization can also be used to explore the hyperparameter space more
efficiently, but the concept remains evaluating the model under different
hyperparameter values and choosing the optimum. Once the best
hyperparameters are found, a final model is typically retrained on the full
training set with those settings and then evaluated on the test set (which was

not used during tuning) to report the generalization performance.

1.6.9.2. RandomSearchCV

RandomSearchCV, in contrast, samples combinations of hyperparameters

at random from specified distributions. This strategy allows it to explore the
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search space more broadly and often more efficiently, especially when only

a subset of the parameters heavily influences performance.

RandomSearchCV is especially well-suited to high-dimensional or loosely
constrained search spaces, where exhaustive search is infeasible.//26]
While it doesn’t guarantee finding the global optimum, it frequently
identifies high-performing configurations with significantly fewer
iterations. This makes it a practical choice for time-sensitive or

computationally limited experiments.

Together, GridSearchCV and RandomSearchCV provide powerful tools for
model optimization, each with its own strengths. In practice, the choice
between them often depends on the complexity of the model, available
resources, and time constraints. Regardless of method, hyperparameter
tuning remains a cornerstone of building reliable, high-performing ML
models—especially in domains like materials science, where predictive

accuracy can directly impact experimental direction and discovery.

1.6.10. SHAP (Shapley Additive exPlanations)

SHAP values provide an interpretation for individual predictions by
attributing the prediction difference (from the dataset baseline) to features,
using concepts from cooperative game theory./98, 129] The SHAP value
for feature i is essentially the Shapley value of a “feature contribution
game,” which fairly distributes the prediction among features. The formula
for the Shapley value of player (feature) i is:

IS]! (n —|S| = D!
n!

b = [v(S U {i}) — v(S)]

SCN\{i}
where N = 1, ..., n is the full set of features and the sum is over all subsets
S not containing feature i. Here v(S) represents the value (in SHAP context,
usually the model output expectation) obtained by a coalition of features S
being present (and the others absent). Intuitively, we consider all possible

orders in which features can enter, and for each such ordering, compute
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feature i’s marginal contribution v(S U i) — v(S); the Shapley value ¢; is

the average of these contributions over all orderings. The factorial terms

Sl (n—|S|-1)! . . . .
W indeed correspond to the proportion of orderings where S is the

set of features that come before i.

In an ML setting, v(S) is often taken as the expected model prediction when
only features in S are known (features not in S are marginalized out). Then
¢; attributes how much feature i contributes to the prediction compared to
the baseline (average prediction over all data). By construction, SHAP
values satisfy desirable properties: they sum to the difference between the
actual prediction and the baseline, and they are fair in the sense that if two
features contribute equally in any context, they get equal credit (Symmetry),
and features that contribute nothing get zero ¢ (Dummy). Computing SHAP
values exactly requires summing over 2"~1 subsets, which is generally
intractable, but approximations or model-specific algorithms (for trees,
linear models, etc.) can compute them efficiently. SHAP values are a
popular choice for explaining complex models because of their clear game-
theoretic interpretation and consistency with human notions of feature

importance.

1.6.11. ML Potential

In atomistic modeling of materials (common in battery materials design),
machine learning potentials often assume the total potential energy of a
structure can be decomposed as a sum of contributions from individual
atoms or local environments. Formally, if a structure contains M atoms, the

predicted total energy is expressed as

M
Etotal = Z Ei
i=1

where E; is the energy contribution associated with atom i (as a function of
its local chemical environment). This assumption — used in High-

Dimensional Neural Network potentials (HDNNPs) and other interatomic
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ML potentials — allows the model to be extensive (energy scales with system
size) and leverages locality. For example, Behler—Parrinello neural
networks compute a set of descriptors for each atom’s environment and then
use a neural network to predict an energy E; for that atom; the sum yields
the total energy.//30] By training on reference calculations (e.g. DFT
energies), the model learns to estimate atomic contributions such that their
sum matches the total target energy.//31] For example, CHGNet (Crystal
Hamiltonian Graph neural Network) an universal ML potential model is a
graph-based deep learning model designed to predict energies, forces,
magnetic moment and stresses from atomic configurations.//32] CHGNet
represents crystal structures as graphs, incorporating atom, bond, and angle
embeddings, and uses message passing through graph convolutional layers.
Beyond accuracy, CHGNet is specifically optimized for large-scale
simulations, making it suitable for exploring long-time dynamics and
thermodynamic stability in materials. By unifying multiple physical
quantities into a single model, CHGNet enables consistent predictions
across diverse material classes, reducing the need for system-specific
retraining. Moreover, its integration into high-throughput workflows allows
accelerated screening of novel functional materials with near-DFT accuracy

but significantly lower computational cost.

This decomposition has advantages such as the energy prediction
automatically scales to larger systems (adding an atom just adds one more
term), and the model can be trained on small structures and transferred to
bigger ones./133] It also provides some interpretability, as atomic energies
E; can indicate which sites or environments are energetically favorable.
Note that long-range interactions (e.g. electrostatics) often violate the strict
locality assumption, but they can be incorporated via specialized terms or
by extending the descriptor range. Overall, the additive decomposition is a
widely-used principle in ML interatomic potentials for breaking a complex

quantum-mechanical energy into manageable local pieces.
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1.6.12. Graph Neural Network

Graph Neural Networks (GNNs) have emerged as powerful models for
predicting properties of molecules and materials (such as total energy) by
operating on a graph representation of the structure.//34] In a typical
materials GNN, each atom is a graph node with an initial feature (e.g. atom
type, possibly local environment descriptors), and edges represent
interatomic bonds or neighbor relations. Through iterative message-passing
updates, the GNN computes node embeddings h; that encode the local
chemistry around atom i. To predict a total energy from the graph, a
common approach is to use a readout function that aggregates node
contributions. For example, the network might assign an energy to each

atom and sum them (similar to the ML potential above):

M
Etotal = Z fe (hl)
i=1

where fg is a learnable function (often a small neural network) that maps
the node embedding for atom i to a scalar atomic energy. The sum over
nodes ensures the output is extensive (scales with system size) and
permutation-invariant to atom indexing, both desirable properties for
energy models. Alternatively, some GNNs perform a global pooling: £ =

go({h 3, where gg could be a sum or more complex symmetric function.

The GNN is trained on known energies (and optionally forces) of example
structures, adjusting weights so that the predicted energy matches the
reference./135] Notably, by using the graph structure, GNNs can capture
both local and non-local interactions: message passing allows information
to propagate and update atomic representations based on neighbors (and
neighbors-of-neighbors, etc., over multiple layers). For instance, a GNN-
based interatomic potential can naturally learn bond formations, angle
strain, and other many-body effects. Once trained, the GNN can generalize
to new structures, predicting their energy. Modern GNN architectures (like

SchNet, MEGNet, DimeNet, GemNet, etc.) have achieved high accuracy in
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reproducing quantum-calculated energies for molecules and crystals./736,
137] In summary, a graph neural network predicts energy by learning an
embedding for each atom and then combining atomic contributions (often
via summation) to yield the total energy. This combines the physics-
inspired idea of atomic energy additivity with the expressive power of
neural networks that can capture complex dependencies in the graph of

atoms.
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2.1. Introduction

With the increase in energy demands, harnessing energy from renewable
sources has become increasingly important for sustainable development.
However, renewable energy sources are intermittent in nature as they
depend on factors like weather, location, efficiency, and available
infrastructure. Thus, efficient large-scale energy storage systems, are
required to store, transfer, and utilize the energy produced from renewable
energy sources.//] Rechargeable metal-ion batteries are used extensively to
store energy in the form of chemical energy which can be converted back
to electrical energy whenever required. Among all the metal-ion battery, Li-
ion batteries (LIBs) are leading the energy storage devices market,
especially in portable devices such as smartphones and laptops./2,3] Li
metal-ion batteries has even opened extraordinary possibilities in
automotive sector and electric vehicles market recently./4,5]/ The long cycle
life, high efficiencies and high energy densities are the main reason behind
the success of LIBs./2,6] However, for large scale energy storage, LIBs
have certain shortcomings such as its relatively low energy density, and
safety issue owing its high reactivity in air./4,6—11] Very low abundance of
Li sources is also a major concern which ultimately contributes to the high
price of these batteries./6,12,13] These issues demand for cheap, efficient
and sustainable alternatives of LIBs.

Potassium (K) is one of the metal 1ons which could replace lithium in energy
storage devices. K is more abundant compared to Li sources and hence
reduces the production cost.//4] K-ion batteries have a similar rocking
chair mechanism like LIBs. K* having large atomic radius (1.38 A) has a
small Stokes radius in various organic electrolytes which results in higher
ionic conductivity./15] The standard potential of K/K* in nonaqueous
medium specially in the most common solvent propylene carbonate is -2.88
V, which is more negative compared to Li and Na.//6] Organic electrode
materials are also used as cathode material for K ion batteries.//7] K ions

having low de-solvation energy possesses faster diffusion over the
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electrode/electrolyte interface.//8] Readily available and cheaper
electrolyte solutions and salt of K ion batteries is also a reason for their low
price compared to LIBs. For example, KPFs is much cheaper than the
similar analogous of Li and Na.//9] Currently extensive investigation is
going on the layered transition metal oxides cathode materials having larger
interlayer distance and diffusion path for K ion battery./20] Adopting K ion
battery technology can also lead to production of cheaper Co-free batteries,
often based on transition metals such as Fe, Mn, and V./21] Though the
electrode materials for LIBs have been extensively explored, but the same
is not true for K-ion batteries. However, seeking suitable electrode materials
for K ion battery is experimentally challenging and even theoretically,
requires high computational facilities. Majority of the electrode materials
used for LIBs are still unexplored for K-ion battery due to the difficulties in
experimental and computational screening of large number of electrode
materials with high accuracy./22-24] Therefore, machine learning (ML)
could be an advanced tool which can save both time and cost, and at the
same time screen many electrodes with minimum computational cost.
Among different factors affecting the success of ML, data takes the central
position. Every ML model depends on the amount and quality of data
needed for training. Taking advantage of different computational material
database like Materials Project, OQMD, AFLowLib, ESP, CMR, NOMAD,
applications of ML for determining battery properties are increasing day by
day. Besides computational data, ICSD and COD provides data from
published literature, while NASA battery datasets contains experimental
battery data and so on./25-32] Although use of DFT based data is not
standard for every context, still it delivers sensible insights which ultimately
helps in the guidance of experimental research./33,34] ML combined with
data from various databases can be used for predicting any specific property
of interest for a particular battery material./23,29,35-39] Application of
ML in the field of material science can be found in the prediction of

microscopic properties like band structure, formation energy, density of
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states, etc. which play an essential role in research areas like solar cells,
batteries, and catalysis./40—55] Kernel ridge regression (KRR) and support
vector regression (SVR) has been used by Seko et al. for the prediction of
thermal conductivity and cohesive energy of binary and tertiary
compounds./56,57] ML techniques have also been used for the prediction
of different properties for their applicability as materials in photovoltaic
cells and glass alloys./58—60] Application of ML on battery systems was
first carried out by Salkind et al., predicting state of charge and state of
health and from then onwards investigation on the application of ML in
battery monitoring has continued./6// Siqui Shi and coworkers have
predicted the activation energy in cubic Li-argyrodites with hierarchically
encoding crystal structure based descriptors./62] Application of ML has
also been reported for the determination of interphase stability of Li doped
LisLa3Zr012./63] Sendek and coworkers have used the logistic regression
for screening of 12000 Li containing solids as solid-state electrolytes for
LIBs by rapid screening./52] ML has been also applied for the identification
of chemical factors and descriptors affecting reaction kinetics of Li
battery./64,65] Meredig et al. built ML model to estimate thermodynamic
stability and proposed around 4500 stable novel materials./66] Multilayer
automated feature selection method has been reported to incorporate expert
knowledge./67] ML has also been used for an alternative as well as faster
method than DFT, prediction of thermal, electronic and mechanical
properties./29,68—70] However, certain challenges exist in applying ML to
materials research such as contradictions between high dimension and small
sample data, conflict and compromise between complexity and accuracy of
machine learning models, and inconsistency and collaboration between
learning results and domain expert knowledge./71,72] Method
development and guidelines for different ML-based publications
highlighting supervised learning and its interpretability has been elaborated
recently by Rodrigues and co-workers./73/
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Capacity is one of the important metrics for the measurements of battery
performance. The longevity of a battery mainly depends on cycle life of a
battery and the former directly related to the capacity of a battery. The
capacity can be calculated from the number of ions intercalated in electrode
materials and in order to do so quantum mechanically, we need to perform
time consuming DFT calculations for each individual electrode material.
However, we can utilize the different advance ML model as a tool to speed
up the screening of electrode materials based on capacity as target variable.
Very few studies have been carried out on the experimental capacity
prediction on the basis of cycle life via ML for a particular electrode
material./74,75] In a recent report, ML has been used for the prediction of
voltage for large number of electrode materials for metal ion battery./76/
They have considered both low and high metal ion concentration. However,
we want to calculate specific capacity of non-intercalated systems by
learning from known electrode materials without the help of high ion
concentration. In this study we have utilized the Li, Na, and K ion battery
data for the training of ML models in order to predict the capacity of those
electrode materials for the K ion battery. To the best of our knowledge, this
is the first work regarding prediction of theoretical capacity on the basis of
structure of electrode material for metal ion batteries. Here we have directly
predicted the capacity of a non-intercalated electrode material without
knowing the number of K ion getting intercalated 1.e., without doing any
DFT calculation. The capacity of different electrode materials varies
rapidly, and the range of minimum capacity and maximum capacity is very
high. Keeping that in mind, we have only considered the monovalent ions
and not bivalent and trivalent ions for intercalation. We have also not
considered the lower alkali metal ions since the radius of those ions will
increase as we go down the group. Among the metal ion batteries, LIBs
have been explored extensively, however, experimentally or by DFT
calculation testing all those LIBs electrode materials for K ion batteries is a

lengthy process. Therefore, after considering the Li, Na and K ion battery
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data as training set, we have replaced the Li and Na by K for an approximate
estimation of capacity with the help of different ML models. Here, we have
used Support Vector Machine (SVM), ExtraTrees Regression (EXR) and
Kernel Ridge Regression (KRR) to fit training dataset. With addition to our
particular interest i.e., capacity, we further used the predicted capacity for
the calculation of number of K ion that could be intercalated in the electrode

materials for LIBs and sodium ion batteries.

2.2. Data Preprocessing

2.2.1. Data and Features

In Materials Project database, there are many instances of same electrode
with different number of intercalated ion and capacity. However, we have
considered only the non-intercalated system for a particular ion
intercalation with maximum capacity as the target variable, so that machine
can learn about the capacity by maximum intercalation of specific ions for

a fixed electrode material.

[ Materials Project Database ]

Datasets
Electrode Materials Data « Liset
+ Na+K set
+ Li+Na+K set
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Flectrode Materials . E::;un:;ra Feature selection Best Features
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+ EXR
+ KRR

{ Number of K ions Intercalated DFT Validation

Capacity Prediction of
Unknown Electrodes
for K ion Battery
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metrics

Best Fitted Model
(KRR)

Hyperparameter
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~

Figure 2.1: Illustration of the systematic steps followed for the prediction

of specific capacity using machine learning models.

The performance of different ML model was assessed by mean absolute

percentage error (MAPE). DFT calculation for few unknown electrode
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materials has been performed to validate the machine learning model. We
have provided a schematic diagram (Figure 2.1), which shows the steps
followed in our work. The training data for these metal ion batteries has
been retrieved from the Materials Project database./30,77] Overall, 2118
data have been considered in the training set, among which 69.53% of Li,
22.41% of Na and 8.06% of K ion battery data. We have excluded the
repeating formula unit cells, as we are considering non-intercalated
electrode materials for learning about the capacity. From the dataset, the
ML model may overconcern with LIBs electrode materials, and ignore
some knowledge about those for Na/K ion since the contribution in the
overall data from LIBs is very high compared to other two metal ion
batteries. The overall known dataset is divided in training set and validation
set. The training set has been used to train the ML model whereas the
validation set was used to validate the performance of our ML models. The
validation set is composed of 20% of total data and rest of the data is used
for training. The training set remains unique for all the ML model used and
same is true for the validation set. The amount of Li, Na and K ion data used
for training has been shown in Figure 2.2. To describe the electrode
materials, we have generated 196 unique elemental features depending on
chemical formula of individual electrode materials using choice-based
feature vectorization./78] Along with these features, other structural
parameters such as lattice parameter (a, b, ¢), lattice angle (a, B, y), volume
of' void, have also been considered, so that these features can represent each
electrode materials uniquely. The volume of void (V,,,;4) can be calculated

as,
n
4 3
Vooia = Vcrystal —( Xi §7Tri )
i=1

Where, Viyy st 18 the volume of the lattice, i stands for the constituent

elements in the lattice, xi stands for the number of atoms of the constituent

element 1, r; stands for atomic radius of the constituent elements. In order to

78



specify the intercalated ion, we have also included some elemental
properties like ionic radius, ionization energy, heat of atomization, among
others. After the generation of features, scaling has been performed on each
descriptor except on target variable using StandardScaler module of python
package to bring down the all the features in the same scale to avoid the
biasness of our data set based on the magnitude of each descriptor of

electrode materials by the machine.

8.06%

- “

Figure 2.2: Distribution of different metal ions battery data used in machine

69.53%

learning model for training.

2.2.2. Feature Elimination

Further, to check the importance of considered features towards the desired
target variable, we have performed Lasso Regression. Using Lasso
regression, we have calculated the feature importance of each individual
features and based on the magnitude of the feature importance we have
screened the features. We have only considered the features having feature
importance greater than zero and eliminated the rest during the fitting of
ML models. The mathematical expression of LASSO Regression is given

as,

n
Z()’i —yi)?+2am
=1
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where, y is the actual value and y’ is the value of best fitted line. The value
of y; and y; varies from i =1 to n, where n is the number of observations.
Using Lasso regression, we have calculated the slope (m) value for each
descriptor. A is a constant and considering its value equal to one, the slope
for each descriptor has been established. The features having m value equal
to zero were considered as irrelevant and those features were dropped. As a
result, the number of considered features has shrunk from 199 to 71 i.e.,
36% of features remain after Lasso regression. The list of selected features
based on feature importance can be found in the Chapter-2 of Github
repository  (https://github.com/Souvik-ml/Thesis _data). It has been
observed that lattice parameters (a, b, c), S orbital contribution, average
number of valence electrons, volume of void, Allred Rochow
electronegativity etc., contributed more towards the target variable specific
capacity. Variance in Allred Rochow electronegativity and average number

of valence electrons are found to be among the most important features.

2.3. Results and Discussion

2.3.1. Feature Correlation

For finding out the correlation among the features the heat map is generated
as shown in Figure 2.3 using the correlation function from the seaborn
library. From the correlation values of different features, most of the
features are found to be independent of each other. Some features are
positively correlated while some show negative correlation. For example,
Variance in Allred Rochow electronegativity is negatively correlated
whereas average valence electrons are found to be positively correlated with
target variable (capacity). Hence, the choice of these features will be able
to represent each electrode materials uniquely. Though few elemental
features are found to be dependent on each other, those features are not

dropped so as to represent the intercalating ions.
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Figure 2.3: Heatmap showing the correlation among the considered

features.

The elemental descriptors considered for the generation of input features
are provided in the chapter-2 of  Github repository
(https://github.com/Souvik-ml/Thesis_data). Understanding the nature of
dependence of features is highly important and, in this regard, joint plot
helps us to find out the density of features. From the Figure 2.4, it is
observed that molecular weight and polarizability follow almost same trend

whereas Pauling electronegativity values are diverse at higher magnitude.
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Figure 2.4: Joint plots for the density and distribution of capacity with
respect to molecular properties, (a) average Pauling electronegativity, (b)
molecular weight, (c) average polarizability, and (d) average specific heat,

of constituent elements in the electrode material formula unit.

There is an indirect correlation between molecular weight and polarizability
as electron density increases with the increase in atomic mass./79/
Therefore, it is very likely to observe the similar trend between these two
parameters. Any trend in change of capacity with respect to average Pauling
electronegativity could not be identified. The high range of
electronegativity for most of the electrode materials may be the cause for
this. To understand how the capacity of electrode materials change with the
change in the electronic properties of those materials, average s, d, f valence

electrons have been calculated by taking the average of the valence
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electrons of the constituent atoms of electrode materials which is then
plotted as the contribution of valence electrons with change in specific
capacity. From the Figure 2.5, it is evident that the average capacity values
fall in the range of higher s electron contribution, whereas in case of d
orbital valence electron contribution, the capacity values are on the lower
side. Thus, large number of electrode materials have more s orbital valence

electrons and fewer d orbital valence electrons.
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Figure 2.5: Joint plots for the distribution plot across electronic properties.
Change of capacity with (a) s valence electrons, (b) d valence electrons, and

(c) f valence electrons.

However, the capacity range varies from low magnitude to high magnitude

of f-orbital valence electron. The reason behind the observed phenomenon
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may be that most of the electrode materials in our data consists of transition
metals with valence d orbital electrons and filled s orbital electrons. In the
Figure 2.6, the distribution of capacity with the different lattice parameters
(a, b, ¢) and lattice angle vy, of electrode materials has been presented. From
the plot, the distribution range of a and c are found to be wide whereas the
distribution range of the lattice parameter b is found to be very limited. The
capacity is found to vary considerably for similar values of lattice parameter
b. Similarly, with change in gamma the capacity is found to change without
any uniform trend. Though the capacity values distribution is dispersed with
respect to the lattice parameter, still the consideration of lattice parameters
as descriptors is important to include the domain knowledge and structural
properties of the various electrode materials. For instance, there are multiple
unit cell structures for the same electrode material compound in the
Materials Project database and hence, lattice parameters as descriptors help

in distinguishing them.
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Figure 2.6: Distribution of capacity with respect to different lattice
parameters of electrode materials. Change in capacity with lattice

parameter (a) a, (b) b, (¢) ¢, (d) v.

The box plot between gravimetric capacity and the ionic radius of
intercalated 1ons has been presented in Figure 2.7. The mid-line in the box
plot is the median, lower line outside the box is the minimum range and the
upper line outside the box is the maximum range of our property of interest.
The average capacity for Li ion battery is found to be higher followed by
Na and K ion batteries. With increase in ionic radius, the number of
intercalated ions within an electrode material is expected to decrease and so

is the specific capacity of electrode material.
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Figure 2.7: Distribution of specific capacity across the ionic radius of Li,
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boxplot.

Since the target variable capacity varies rapidly with a slight change in the
electrode material, so in order to understand the distribution of the electrode
materials across the capacity we have plotted the range of % electrodes

across per 100 mAh/g intervals of capacity as represented in Figure 2.8.
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materials.

From Figure 2.8, we can observe more than 44% electrodes lie in the
capacity range 101 to 200 mAh/g, around 35% electrodes lie in the capacity
range 1 to 100 mAh/g and 15% electrodes have capacity 200 to 299 mAh/g.
% of electrodes having capacity greater than 299 mAh/g is very less
compared to the first three group of capacity ranges. Therefore, the
sampling of target variable is highly heterogeneous which might cause a
misinterpretation in the nature of data by machine which may lead to
overestimation of capacity data in the range of 1 to 299. To avoid this
overestimation, we fit the ML models in three different data set Li, Na+K,

and Li+Na+K which has been discussed later.

2.3.2. Machine Learning

The analysis of our data set begins with fixing the target variable as
capacity. The overall data set has been split into two set, training set
composed of 80% of data and validation set composed of 20% data. Here
we have compared three different machine learning algorithms namely,
Support Vector Machine (SVM), ExtraTress Regression (EXR) and Kernel
Ridge Regression (KRR). After analyzing the complexity of the dataset, we
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have chosen these non-linear ML algorithms to fit the data. Different types
of non-linear kernels present in each of these two ML algorithms like Radial
basis function (rbf), polynomial, Laplacian have been used for the training
of machines. Since our data set is medium in size, KRR comes very handy
as it is an advanced ML algorithm compared to SVR having an additional
parameter namely kernel trick. The KRR fitting is much faster compared to
the fitting of the SVR. Therefore, first we have fitted our dataset with an
SVR algorithm to see the performance. Further we have checked using KRR
and our results show that the KRR fitted well compared to SVR. Ensemble-
based ML algorithm namely ExtraTrees Regressor which takes decisions
from the combination of a large number of decision trees has also been
applied on the training data set. This algorithm has been chosen as it divides
the whole data into a further small dataset and each model predicts some
different values and the result is basically the average result of each model.
These models have been found to be applied on capacity prediction for a

particular cycle life of electrode materials./80/

2.3.3. Hyperparameter Tuning

Since we are predicting continuous value via ML, therefore it belongs to a
regression problem and hence we have used Support Vector Regression
(SVR) which is a sub part of SVM. SVR contains two important parameters,
C (penalty term) and gamma which should be optimized before fitting our
dataset in SVR model. We have also tested our training data considering
different kernel function within SVR like linear function, radial basis
function (RBF) and polynomial function to select the most optimized kernel
through the assessment of loss function as mean absolute percentage error
(MAPE). As discussed earlier, the large contribution of LIBs in overall
dataset might result in mimicking of Li data, the data set has been divided
in three sets Li, Na+K, and Li+Na+K dataset. The training set is divided
into 10 folds so that for each cross-validation test, 9 folds are used for the
training whereas the remaining 1-fold is used for the assessment of the

model performance in terms of MAPE as loss function. The standard
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deviation for each 10-fold cross validation set has also been calculated. By
the cross validation test we have tried to sample our data in such a way so
that machine does not overfit certain data which could lead to a good
training score but a very bad test score. The details regarding testing of
different kernels for SVR are shown in Table 2.1. Among different kernels,
RBF kernel function is found to fit well with less error as we have assessed

our SVR model performance by checking the cross-validation score (CVj).

Table 2.1: 10-fold cross validation (CVi) score, standard deviation (SD),
Mean absolute percentage error (MAPE) on full data set (Li+Na+K) having
different kernel of Support vector regression (SVR).

CVi Linear RBF Polynomial
CV, 0.62 0.46 0.60
CVv, 0.36 0.36 0.39
CV; 0.37 0.32 0.64
CV4 0.49 0.33 0.55
CVs 0.46 0.35 0.46
CVs 0.38 0.40 0.44
CVy 0.32 0.23 0.44
CVs 0.29 0.19 0.31
CVy 0.29 0.20 0.43
CVio 0.36 0.35 0.53
SD 0.10 0.08 0.10
Mean MAPE 0.39 0.32 0.48
MAPEv 0.31 0.24 0.40

The cross validation has been also performed for all three different dataset
and shown in Table 2.2. The Mean MAPE shows the error on training set
whereas MAPEV shows the error on validation set. For all the three dataset
the similar trend has been observed with respect to training error and

validation error. Though lesser error is expected for Na+K data set as it

89



contains lowest number of data points however, the less error for Li+Na+K

data set compared to other two dataset evidences a better sampling of the

data. The standard deviation for the dataset containing Li, Na and K data is

lower compared to dataset having Na and K data which indicates that in

overall dataset the deviation mainly arises from the Na+K data and not from

the Li data. However, this data set can play an important role in the

prediction of the capacity for the K-ion battery as Na is the closer element

of K in the alkali metal group compared to Li.

Table 2.2: 10-fold cross validation (CV;j), standard deviation (SD), Mean
absolute percentage error (MAPE) on three different dataset (Li+Na+K,

Na+K, Li) having RBF kernel of Support vector regression (SVR).

Li Na+K Li+Na+K
CVi (C=100, (C=75, gamma = (C=100,
gamma=0.05) 0.01) gamma=0.05)
(A% 0.44 0.54 0.46
CV, 0.36 0.50 0.36
CV; 0.35 0.25 0.32
CV4 0.31 0.38 0.33
CVs 0.40 0.24 0.35
CVs 0.32 0.18 0.40
CVy 0.25 0.12 0.23
CVg 0.21 0.19 0.19
CVy 0.19 0.18 0.20
CVio 0.34 0.23 0.35
SD 0.08 0.14 0.08
Mean
MAPE 0.32 0.28 0.32
MAPEvV 0.26 0.28 0.23
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The hyperparameter tuning on C and gamma for SVR ML model has been
illustrated in Figure 2.9(a, b). The best parameters for Li+Na+K and Li
data are found to be same whereas for Na+K data is different (Table 2.2).
After finding out the best hyperparameters for three different data set we
have fitted SVR model on the training set and then validated the model in
terms of MAPE utilizing the validation set.

@ _ e ) 1

)

Figure 2.9: (a) Tuning of C and gamma parameter for Li+Na+K data set
for SVR ML model. (b) Tuning of C and gamma parameter for Na+K data
for SVR ML model. (¢) Tuning of alpha and gamma parameter for
Li+Na+K data set for KRR ML model.

2.3.4. Parity Plot

The comparison between DFT calculated capacity and SVR Predicted
capacity has been shown in Figure 2.10. We have plotted the DFT
calculated capacity vs ML predicted capacity using the best
hyperparameters of SVR for all three different datasets.
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Figure 2.10: Comparison between ML predicted capacity and DFT
calculated capacity after fitting SVR ML model using. (a) RBF kernel,
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C=100, gamma=0.05 hyperparameters on Li dataset. (b) RBF kernel, C=75,
gamma=0.01 hyperparameters on Na+K dataset (c) RBF kernel, C=100,

gamma= 0.05 hyperparameters on Li+Na+K dataset.

Similarly, we have fitted our dataset in a tree-based ML model, ExtraTrees
Regression (EXR). The cross-validation score using EXR algorithm has
been presented in Table 2.3. The number of trees and other parameters are
optimized before fitting the EXR ML model. However, the optimized
parameters remain same for all three different datasets. We have found the
same error trend as the SVR model. The Li+Na+K data has given less error
on validation set compared to other two data sets. As we have compared the
performance of SVR model in three different sets here also we have plotted

the same plot using EXR ML model after fitting (Figure 2.11).

Table 2.3: Cross validation score (CVj), standard deviation (SD), Mean
MAPE on training set and MAPE on validation set using EXR ML model.

CVi Li Na+K Li+Na+K
Ccv,y 0.43 0.60 0.47
CV: 0.37 0.31 0.33
CV; 0.32 0.16 0.26
CV4 0.36 0.24 0.32
CVs 0.37 0.17 0.34
CVs 0.31 0.16 0.39
CVv; 0.21 0.14 0.23
CVs 0.20 0.16 0.19
CVo 0.23 0.21 0.25
CVio 0.38 0.25 0.33
SD 0.08 0.14 0.08
Mean MAPE 0.32 0.24 0.31
MAPEv 0.26 0.28 0.24
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Figure 2.11: Comparison between ML predicted capacity and DFT
calculated capacity for EXR ML model having number of trees=800,
min_samples_leaf=3, min_samples split=2 hyperparameters on (a) Li

dataset. (b) Na+K dataset. (¢) Li+Na+K dataset.

Table 2.4: MAPE distribution of capacity, standard deviation (SD), Mean
MAPE on training set and MAPE on validation set (MAPEV) for 10 folds
of training (CV;) in KRR ML model trained with Na+K, Li, Li+Na+K data.

CVi Li Na+K Li+Na+K
CVi 0.42 0.50 0.40
CV; 0.33 0.19 0.30
CV; 0.31 0.16 0.22
CV4 0.33 0.19 0.32
CVs 0.36 0.12 0.34
CVs 0.32 0.14 0.40
(% 0.24 0.19 0.25
CVs 0.20 0.19 0.18
CVy 0.22 0.13 0.23
CVio 0.38 0.24 0.33
SD 0.07 0.11 0.07
Mean MAPE 0.31 0.21 0.30
MAPEv 0.24 0.15 0.21
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Furthermore, KRR has been used for the fitting of the data where we have
again checked 10-fold cross validation result after choosing the optimized
hyperparameters. The result of 10-fold cross validation test is shown in
Table 2.4. Among all these three ML algorithms, KRR has fitted the Na+K
data well compared to the others having MAPEV of 0.153%. Gamma and
alpha are two important parameters for KRR algorithm. The optimization

of these parameters is shown in Figure 2.9(c).

The comparison between DFT calculated capacity and KRR predicted
capacity for three different datasets has been displayed in Figure 2.12.
Though the trend in training error and validation error in KRR is slightly
different from the SVR and EXR ML model, the overall performance of
KRR ML model is better than the rest of two as KRR is able to mimic the
nature of Na+K data better which is more important than to mimic Li ion
data considering our goal of predicting the capacity for K ion battery
electrode materials. Therefore, from overall analysis on different dataset it

is evident that KRR performs better than other considered models.
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Figure 2.12: Comparison between ML predicted capacity and DFT
calculated capacity after fitting KRR ML model (kernel=Laplacian,
alpha=0.024239, gamma=0.047051, degree=2 hyperparameters) on (a) Li
dataset, (b) Na+K dataset. (c¢) Li+Na+K dataset.

We have also fitted random forest regression (RFR) 470 number of
optimized trees with a average cross validation MAPE of 0.39 (Figure 2.13,

Table 2.5). Similarly, decision tree regression model has been also fitted
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with optimized hyperparameters to predict capacity having average MAPE
of 0.38 (Table 2.6).
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Figure 2.13: Estimation of optimized number of trees for Random Forest

ML model.

Table 2.5: Cross validation score for Random Forest Regression (Number

of Trees = 470).

Number of CV
MAPE
fold
1 0.56
2 0.36
3 0.48
4 0.38
5 0.38
6 0.30
7 0.23
8 0.45
9 0.31
10 0.47
Mean MAPE 0.39
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Table 2.6: Optimized hyperparameters and mean absolute percentage error

(MAPE) for Decision Trees Regression.

Max_depth | Min_samples_leaf | Min_samples_split | splitter | MAPE
17 3 2 Random | 0.38

2.4. DFT Validation

To validate our calculated capacity for various electrode materials, we have
considered five structurally different sample electrode materials (Mn4NiOs,
FeO», Fe(Co03)2, V5012 and CoPO4) and checked their maximum specific
capacity by carrying out first principles calculations using the projector
augmented wave (PAW) method as implemented in the Vienna Ab initio
Simulation Package. 8178 The selected materials are taken in such a way that
they belong to different crystal lattice structures and stoichiometry of
constituent elements. Moreover, the generalized gradient approximation of
Perdew—Burke-Ernzerhof (GGA-PBE) has been considered as the
exchange correlation potentials and the energy cutoff is set to 470 eV.
Furthermore, the dispersion energy corrections have been considered by
incorporating DFT-D3 method of Grimme. % All of the structures are
relaxed until the Hellmann—Feynman force criteria of < 0.01 eV/A and the
total energy convergence criteria of 10* eV is reached. The structures of
the system have been taken from Materials Project database. Using the
value of specific capacity from ML results, we obtained the number of

intercalating ions using the equation,

_ ZxF
= o,

where z represents the charge on intercalating ions (1 in case of K), x
represents the number of intercalating ions and F is the Faraday constant
(26.8 Ah mol™!). M represents the molecular weight of the formula unit of
the electrode material. Using the ML predicted data from KRR model we
have found the number of intercalated K ions and rounded off to the nearest

whole number for DFT validation as presented in Table 2.7. The rounding

96



off is carried out to decrease the computational cost as modelling fractional
ion intercalation will result in heavier DFT calculations. The DFT
optimized fully intercalated systems with maximum capacity are
represented in Figure 2.14. This proves that the number of K intercalation
obtained from ML predicted data also agrees with the DFT optimized

structures.

Table 2.7: Details regarding the number of intercalated K ions predicted by

ML and the corresponding values chosen for DFT validation.

No. of intercalating K No. of intercalating K
Electrode ) . ) :
_ ions predicted by ML ions considered for
materials
DFT

MnyNiOg 3.1 3

FeO: 0.6 1

Fe(Co03)2 2.5 2

VFeO4 1.1 1

CoPOq4 0.9 1
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Figure 2.14: DFT optimized structures of K intercalated electrode materials

(a) Mn4NiQOsg, (b) FeOs, (¢) Fe(Co03)2, (d) VFeOs, and (e) CoPOs.

The gradual intercalation of K has also been shown for a sample electrode
material MnsNiOg, where the negative binding energy of K insertion shows
the favourability of intercalation in the considered electrode material

(Figure 2.15 and Table 2.8).

98



:—’ . K,Mn,NiO,

Q0 ®O

Figure 2.15: Gradual insertion of K ions in electrode material, Mn4NiOs (a)

KoMn4NiOg, (b) KiMn4NiOs, (¢) KoMnsNiOs, (d) KzdMnaNiOs.

Table 2.8: The calculated binding energy per K insertion for different

concentration of K in Mn4NiOs.

Binding Energy/K insertion
Electrode with K insertion
(eV)
KiMn4NiOg -1.83
KoMngNiOg -3.15
KsMn4NiOg -1.97
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Furthermore, we have intercalated the fourth K-ion into the Mn4NiOg in two
possible ways to check if further intercalation is possible. The huge
distortion in optimized structures of K4MnsNiOg (Figure 2.16) as well as
the abrupt increase in RMSD value (Figure 2.17) of the intercalated system
with respect to non-intercalated system shows that intercalation of fourth
K-ion is not suitable. This further validates that the ML predicted capacity
values correspond to the maximum intercalation of K-ions in the electrode

materials.

(a) (b)

b

L.

L.

Figure 2.16: DFT optimized structures of Mn4NiOg upon intercalation by

four K ions. Here (a) and (b) represent two possibilities.

4 K,Mn,NiO,

K,Mn,NiO,

KoMn4Nig/ .
0- KMn,NiO, KsMn,NiOs

-1 T T T T T

-1 0 1 2 3 4
K ion concentration

Figure 2.17: Root mean square displacement (RMSD) of MnsNiOg
structure upon intercalation of K-ions with respect to the unintercalated

structure.
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2.5. Conclusion

In this work we have predicted specific capacity of prospective K-ion
battery electrode materials based on the structural properties (e.g., lattice
parameter, lattice angle, void space, etc.) and choice based feature
vectorization generated from elemental properties (e.g., atomic number,
electronegativity, ionic radius, valence electrons, etc.). We have considered
Li, Na and K-ion electrode materials and their available battery data from
Materials Project database. The electrode materials extracted from materials
project database can be considered as stable as their formation energies are
negative. Suitable features have been considered and developed to train the
various machine learning algorithms. The available data has been divided
into training set and validation set. The training set has been fitted using
various ML algorithms like Support Vector Regression, ExtraTrees
Regression and Kernel Ridge Regression to learn the nature of the data and
features. Some statistical methods of data analysis like box plot and joint
plot to understand the distribution of features, heatmap for the correlation
metrics have been utilized. We have evaluated the performance of
considered machine learning models by compairing the mean absolute
percentage error between training set and validation set in each case.
Further, adopting Kernel Ridge Regression we have predicted the capacity
of unknown electrode materials for K-ion battery (Chapter-2 of Gihub
repository, https://github.com/Souvik-ml/Thesis_data). Using the value of
specific capacity, the number of intercalated K ions in the formula unit of
the non-intercalated electrode material compounds have been calculated.
DFT calculations have been performed for sample electrode materials to
verify that our ML model can give similar results. Thus, implementing ML
approach is much more faster compared to the computationally demanding
quantum mechanecial methods for quick screening of electrode materials
which will help to guide the experiments for devoloping electrode materials

for metal ion batteries.
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3.1. Introduction

The rapid advancement of energy storage technologies has driven extensive
research into high-performance rechargeable batteries. Among the key
components of these batteries, anode plays a crucial role in determining
overall performance, including energy density, cycle life, and rate
capability. Traditional graphite anodes, while widely used in lithium-ion (Li
ion) batteries, exhibit limitations in terms of capacity and compatibility with
larger alkali metal ions such as sodium (Na) and potassium (K). This has
motivated the search for novel anode materials with superior

electrochemical properties.

Two-dimensional (2D) materials have emerged as promising candidates for
next-generation anodes due to their unique structural, electronic, and
mechanical properties.//—3] In particular, 2D MT2-type materials (M:
transition metal and T: terminal functional group), have garnered significant
interest for metal-ion batteries./4—7] These materials exhibit high surface
area, tunable electronic properties, and favorable ion diffusion pathways,
making them suitable for accommodating alkali metal ions. While Li ion
batteries dominate the current energy storage market, exploring alternative
metal-ion batteries such as Na and K ion batteries along with Li ion batteries
are critical for sustainable energy solutions. The growing demand for
lithium, coupled with its uneven geographical distribution and high cost,
poses challenges for large-scale deployment. In contrast, sodium and
potassium are more abundant and cost-effective, making them attractive
alternatives for next-generation batteries. Additionally, Na-ion and K-ion
batteries offer promising electrochemical performance and potential
advantages in large-scale energy storage applications. Investigating 2D
materials for Li-ion, Na-ion and K-ion batteries can lead to new

breakthroughs in energy storage technology.

Despite these promising characteristics, the discovery and optimization of

new 2D electrode materials for battery applications remain challenging. The
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conventional approach, based on experimental and density functional
theory (DFT) calculations, is highly time consuming and computationally
intensive, particularly when evaluating a large number of candidate
materials. Most of the DFT or experimentally reported battery electrode
materials are concerned about one or a few materials at a time and hence
exploration of a large material database for battery applications needs some
innovative tools which can quickly filter the potential electrode candidates.
The need to determine optimal adsorption sites, simulate fully intercalated
structures followed by stepwise de-metalation, and compute voltage
profiles at multiple stages further exacerbates the computational burden,

making high-throughput screening via DFT unviable.

To overcome these limitations, machine learning (ML) models and machine
learning-based interatomic potentials have emerged as a powerful
alternative  for accelerating computational materials discovery.
Establishment of structure-property relationships through various ML
models based on suitable features has accelerated the material discovery
processes specially for rechargeable batteries./8—/3] Recently various ML
potential models are coming very handy to quickly filter out potential
candidates for energy storage devices, Crystal Hamiltonian Graph Neural
Network (CHGNet) developed by Bowen et el. is one of them which can
identify suitable energy storage material in no time compared to DFT with

DFT level of accuracy./14-22]

In this work we adopted a fully automated workflow that identifies stable
adsorption sites, metal-ion adsorption, and predicts voltage profiles for Li-,
Na-, and K-ion storage with the help of a universal machine learning
potential. The proposed automated pipeline helps to achieve significant
computational efficiency, enabling rapid exploration of a vast chemical
space while maintaining accuracy comparable to DFT calculations. An
optimum selection criterion has been set to identify potential 2D electrode

materials for Li-, Na-, and K-ion batteries. The automated pipeline not only
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accelerate the material discovery process but also offer valuable insights
into the electrochemical behavior of 2D MT2 type systems, guiding future
experimental and theoretical studies in the field of rechargeable batteries.
The adopted automated pipeline for determination of voltage profile has

been represented in Figure 3.1.
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Figure 3.1: Automated pipeline for the determination of voltage profile of
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electrode materials.

3.2. Computational Details

The geometry optimizations were performed using the Vienna Ab Initio
Simulation Package (VASP) with the projector augmented wave (PAW)
method./23-28] The Perdew—Burke—Ernzerhof (PBE) form of the
generalized gradient approximation (GGA) was employed to describe the
exchange—correlation interactions, and the plane wave basis was truncated
at an energy cutoff of 470 eV./29] We have incorporated van der Waals
interactions via Grimme’s DFT-D3 dispersion correction./30] Structural

relaxations were carried out until the Hellmann—Feynman forces on each
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atom were less than 102 eV/A and the total energy converged to within 10
SeV. A I'-centered k-point grid of 2 x 2 x 1 was used for Brillouin zone
sampling, and a vacuum spacing of approximately 10 A was introduced
along the z-direction to avoid spurious interactions between periodic
images. The DFT generated data has been utilized for the training of pre-
trained (Crystal Hamiltonian Graph neural Network) CHGNet model which
is a graph-based deep learning model designed to predict energies, forces,
and stresses from atomic configurations. CHGNet represents crystal
structures as graphs, incorporating atom, bond, and angle embeddings, and
uses message passing through graph convolutional layers. For each of the
289 materials, four different adsorption sites were evaluated for Li*, Na*,
and K" ions. After identifying the most stable configuration, five sequential
de-metalation steps were performed to simulate ion removal during battery

discharge resulted in a total of 7,803 calculations.

3.3. Materials

The considered MT2 type based 2D materials are extracted from the aNANt
database (anant.mrc.iisc.ac.in/apps) which are mainly composed of one
metal layer (M) sandwich between two terminal (T) layers. For our study,

we have considered MT?2 types of materials having same terminal groups in

both ends.
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Figure 3.2: General representation of considered 2D materials (top and side

views) with various metal atoms and terminal atoms/groups.
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The metal and terminal groups considered in our study are given in Figure
3.2. The total number of 2D materials having the same terminal group
considered for our study is 289. The combination of 29 different metals (M)
and 19 terminal groups (T) creates a highly diverse and chemically rich
dataset. This complexity poses a significant challenge for traditional
machine learning (ML) models, which often struggle to capture the nuanced
chemistry of ion adsorption based on limited DFT calculated data and
optimized structures. Conventional ML approaches rely heavily on
extensive data preprocessing and handcrafted feature engineering, and even
then, their reliability hinges on data quantity and quality. A critical issue
arises when researchers discard structures that become unstable after ion
adsorption, labeling them as outliers. While this may simplify the dataset, it
introduces bias because when the same model is applied to unknown
materials, it may mistakenly predict unstable configurations as stable ones,
especially since re-optimizing thousands of candidates via DFT is not
practically feasible. To overcome these limitations, we leverage the Crystal
Hamiltonian Graph Neural Network (CHGNet), developed by Bowen et
al./14] Unlike conventional models, CHGNet is a universal ML potential
trained on the Materials Project database. It requires only an input structure
and can rapidly predict key physical quantities such as energy and force
offering DFT level accuracy with near-zero computational cost. Crucially,
it also captures structural distortions upon ion intercalation, making it ideal

for high-throughput screening.

In the next section, we detail the conventional DFT based method for
voltage calculation and show how CHGNet enables full automation of this

workflow.

3.4. Results and Discussion

3.4.1. Training of CHGNet
At first, we have generated a DFT dataset of total energy, energy per atom,

atomic forces, and stress tensors of Li*, Na*, and K" intercalated MT2 based
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electrode materials. We have considered dataset of every fifth ionic
relaxation step to balance the temporal resolution with data compactness.
For each configurations, we extracted the crystal structure coordinates, total
energy, energy per atom, atomic forces, and stress tensors. This has been
done to efficiently capture relevant structural as well energetic and other
related informations to train the CHGNet model. While CHGNet
demonstrates remarkable accuracy in predicting material stability on the
Materials Project (MP) dataset, its pretraining was conducted exclusively
on 3D bulk structures. In our case, however, the electrode materials of
interest are 2D, and the CHGNet model must be fine-tuned to accurately
capture their properties. In particular, interatomic interactions, electronic
structure, and adsorption energetics in low-dimensional systems differ
fundamentally from bulk behavior, necessitating a retraining or fine-tuning

strategy to adapt the model to the 2D domain.
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Figure 3.3: Learning curve of the training of CHGNet, and Parity plot
comparing the CHGNet predicted energies with the DFT energies for metal-

1on intercalated structures.
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The learning curve (Figure 3.3) shows a steady decline in both training and
validation MAE, eventually converging to 0.038 eV/atom on the test set.
The small and consistent gap between training and validation error across
500 epochs indicates that the model avoids overfitting while learning
effectively from the data. This performance suggests strong generalization
to new chemical environments within the given compositional space. To
further assess the model’s performance, we compared CHGNet-predicted
energies against DFT-calculated energy values for individual ion types. As
shown in Figure 3.3, CHGNet achieves a MAE of 0.093, 0.056, and 0.113
eV/atom for Li-, Na-, and K-ion systems respectively with an overall MAE
0f 0.09 eV/atom. While the predictions generally follow the ideal line, slight
deviations appear at higher energy values for Li-ion and at lower energy
values for K-ion. Nevertheless, CHGNet is able to track these subtle
distortions reasonably well, suggesting that it captures the overall energy

trends while remaining sensitive to outlier structures.

3.4.2. Adsorption Sites

Because several adsorption sites can exist, it is important to identify the
most stable site to construct the metal-ion—adsorbed structures. We used a
tool in the pymatgen package (AdsorbateSiteFinder) to automatically
generate possible adsorption sites. Four possible sites were identified: top,
bridge, hollow-1, and hollow-2, as shown in Figure 3. All these structures
were relaxed, and the lowest-energy configuration for each metal-ion was
selected for voltage calculations. The most stable Li, Na, and K adsorption
sites for each material are listed in Table 3.1 of chapter-3, Github repository
(https://github.com/Souvik-ml/Thesis_data). Starting from the most stable
site, we expanded the supercell, fully loaded with metal ions, and then

sequentially removed the metal-ions as shown in Figure 3.4.
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Figure 3.4. (a) Top and side views of different adsorption sites for Li*
adsorption on TiO, and (b) schematic diagram of the de-lithiation steps

from the lithiated system for voltage calclations.

3.4.3. Voltage Calculation

For voltage calculations, a fully lithiated structure was first constructed,
followed by stepwise de-lithiation (from four to zero) to compute the
stepwise voltage. Here, we present the voltage equation considering Li as
the metal-ion. For Na- and K-ion batteries, Li is replaced by Na or K. The

half-cell reaction is expressed as follows:

MT, + nLi* + ne™ & MT,Li,

Where MT> and MT;Li, are the non-lithiated and lithiated structures

respectively, and n is the number of adsorb Li in each step.
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The voltage (E..;;) for each step is expressed in terms of Gibbs free energy
change (4G) of the above reaction, where AG is approximated by the change

in internal energy (4E).

Where AE is written as,

AE = Eyr,Li, — (Emr, + . EL)

Thus, the general voltage equation can be written as follows,

EvryLi, — (EMT2 +n.Ey)
nF

Ecen = —

Where Eyr, i, and Eyr, are the total energies of MT system with Li and

without Li respectively, E;; is the energy per atom for the bulk metal and F

is the Faraday constant.

To assess the practical applicability of CHGNet in predicting voltages for
MT: type 2D electrode materials, we benchmarked its performance against
both DFT computed values and conventional ML models predicted values.
As shown in Figure 3.5a, CHGNet achieves a strong correlation with DFT
calculated voltages across all three ion types (Li*, Na*, and K*), with an

overall MAE of 0.253 V

123



—_—
LY
—
—
-2

P 1.4
) lon Type /.’ mm KFold
© Li (MAE: 0.250 V) . e 1.2 mn RepeatedKFold
© Na (MAE: 0.254 V) oo
® K (MAE: 0.255 V) ° 2 1.0
S || Overall MAE: 0.253 V . ,':.. '
= pr -
g ) JRpey oo Sos
2 “'u‘!" 8° <
I . 0.6
< °) .¢.f z
o
§ o R, os
- 8¢
g o ° 0.2
-1 ’l’
~ 0.0
- OO S IR S . SR R 3
o F CEF &S TF S
,4 L e +
-9 = 0 1 ) Model
Voltage (DFT) [V]
(C) (d) ) lon T}ipe p
4| @ Li (MAE: 0.441 V) o s
@ Na (MAE: 0.285V) - e
o m ® K (MAE: 0.427V) | o %
) — 3f{overanMaE: 0381 v| o o ¢
2 ‘q‘?‘ °
ﬁn.-: E 2 4 °
2 g . o,
w - 1
qﬂ.ﬁ L]
H g °
o 0o
0.5 >
-1 °
0.4 e S L

L 9 18 27 36 45 54 63 72 81
Number of Features

-2 -1 0 1 2 3 4 5
Voltage (DFT) [V]

Figure 3.5: (a) Parity plot comparing DFT-calculated voltage with
CHGNet-predicted voltage, (b) Bar plot of mean absolute errors across
different machine learning models, (c) Optimization of feature selection for
the XGBR model using the Select-K-Best method and (d) Parity plot
comparing DFT-calculated voltages with XGBR-predicted voltages.

The individual MAE:s for Li (0.250 V), Na (0.254 V), and K (0.255 V) are
very close, suggesting that CHGNet maintains robust performance across
different ionic sizes. This level of agreement is notable, given that voltages
are highly sensitive to subtle changes in local bonding environments and
structural relaxation, particularly in 2D materials. Further, we evaluated a
conventional supervised eXtreme Gradient Boosting Regression (XGBR)
model’s performance, a widely used tree-based model in materials
informatics for the prediction of voltage. We employed both K-Fold and
Repeated K-Fold Cross Validation (Figure 3.5b) with elemental feature set
(Table 3.2) for different ML models.
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Table 3.2: Abbreviation of initially considered features along with
description for machine learning model. Here, “M”, “T”, stand for metal

and terminal group in MT, respectively and “I” stands for metal ion

(Li/Na/K).

Abbreviation

VE_M, VE_T
VS_M,VS_T
VP_M,VP_T
VD M, VD_T
VF_M, VF_T

UVS_M, UVS_T
UVP_M, UVP_T
UVD M, UVD T

UVF_M, UVF_T
OSE_M, OSE_T
IE_ M, IE T, IE_I

PO M, PO T, PO I
IR M, IR_T, IR I
CR_ M, CR_T,CR_I

PE_ M, PE_ T
MB_M, MB_T
ME_M, ME_T, ME_I

MV _M,MV_T
Number_of ion

AN_M, AN_T, AN_1I
AW _M, AW_T, AW _I
P M,P T
G M,G.T

Description

Valence electron of M, and T
Valence s electron of M, and T
Valence p electron of M, and T
Valence d electron of M, and T
Valence f electron of M, and T

Unfilled s valence electrons of M,
and T

Unfilled p valence electrons of M,
and T

Unfilled d valence electrons of M,
and T

Unfilled f valence electrons of M,
and T

Outer shell electrons of M, and T

First ionization energy of M, T,
and |
Polarizability of M, T, and I
Ionic radius of M, T, and 1
Covalent radius of M, T, and |
Pauling electronegativity of M,
and T
MB electronegativity of M, and T
Mulliken electronegativity of M,
T, and I
Metallic valence of M, and T

Number of adsorbed metal-ions
Atomic number of M, T, and I
Atomic weight of M, T, and [

Period number of M, and T

Group numbers of M, and T
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MN_M, MN_T Mendeleev number of M, and T

MP_M, MP_T, MP_lI Melting point of M, T, and 1
BP_M, BP_T, BP_I Boiling point of M, T, and I
D_M,D_T,D_I Density of M, T, and 1
SH_M, SH_T, SH_I Specific heat of M, T, and I
HF_M, HF_T, HF_1 Heat of fusion of M, T, and I
HV_M, HV_T, HV_I Heat of vaporization of M, T, and I
TC_M, TC_T, TC_I Thermal conductivity of M, T, and
I

HA_M, HA_T, HA_I Heat atomization of M, T, and 1
CE_M, CE_T, CE_I Cohesive energy of M, T, and I

We started with twelve different ML algorithms covering both the linear
and non-linear ML models namely AdaBoostRegressor (ADBR),
ElasticNet (EN), GradientBoostingRegressor (GBR),
KneighborsRegressor (KNR), KernelRidge (KR), Lasso, PLSRegression
(PLR), RandomForestRegressor (RFR), Ridge (RR), XGBRegressor
(XGBR), SVR, and DecisionTreeRegressor (DTR). Two different cross-
validation methods — KfoldCV (K=10), and RepeatedKFoldCV (K=10,
Repetation=5) along with mean-absolute error (MAE) as scoring metrics
have been considered to check the stability and generalizability of the
considered ML models. Among all the models, XGBR has been found to
show lowest MAE from both CV methods.

Furthermore, to reduce dimensionality, we applied Select-K-Best feature
ranking using statistical correlation between input features and the voltage
target as shown in Figure 3.5¢. This yielded a sharp drop in error once the
top 39 features were retained, beyond which model performance plateaued
suggesting redundancy or noise in lower-ranked features. The list of

selected features for XGBR model has been tabulated in Table 3.3. With
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the optimized feature set, hyperparameter tuning of XGBR was conducted
using RandomSearchCV to minimize the MAE on the test set. As depicted
in Figure 3.5d, the resulting model achieved an overall MAE of 0.381 V,
with highest deviations observed for Li (0.441 V) and K (0.427 V), and the
lowest for Na (0.285 V). These values clearly fall short of the accuracy
attained by CHGNet. Thus, we have utilizing the automated pipeline we
have determined the voltage of all the considered 2D electrode materials.
The voltage profile for all the materials for Li-, Na-, and K-ions batteries
are provided in the chapter-3 of the Github repository
(https://github.com/Souvik-ml/Thesis_data).

Table 3.3: Selected features based on the Select-K-Best method during the
application of XGBR algorithm.

Select-K-Best and XGBR selected features (39) | 0.39 V
Number of ion, AN M, G M, MN M, IR M, CR M, PE M, MB M,
ME M, MV_M, VE M, VS M, VD M, UVS M, UVD M, OSE M,
IE M, PO M, MP M, BP M, D M, HF M, HV_M, HA M, CE M,
G T,MV_T,VE T,VP T,VD T,UVS T,MP _T,BP T,SH T, HF T,
HV T, TC T,CE T,D I

3.4.4. Voltage Data Analysis

To evaluate the effect of terminal groups on metal-ion adsorption behavior,
we have analyzed the voltage distributions for Li-, Na-, and K-ions across
a diverse set of MT2-based 2D materials (Figure 3.6). For most of the
voltage profile the path of voltage towards downside as reported
previously./31] The voltage axis scales differ across the subplots to
accurately reflect the range of voltage values predicted for each class of

terminal groups depending on the interaction with different metal-ions.
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Figure 3.6: Voltage density distribution for Li-, Na-, and K-ion batteries
across monoatomic (a—c), diatomic (d—f), and polyatomic (g—i) terminal

groups.

In order to systematically interpret the influence of large number of terminal
groups on voltage behavior, the terminal moieties have been categorized
into three distinct classes based on their structural complexity such as
monoatomic (O, F, Cl, Te, Br, I), diatomic (CN, NC, OH, NO, SH), and
polyatomic groups (NCO, OCN, PH, SCN). Monoatomic terminal groups
consist of a single atom bonded to the metal atom of the MT> material
whereas diatomic terminal groups are composed of two atoms, and

polyatomic terminal groups contain three atoms.

For monoatomic terminal groups, voltage values for Li* span from
approximately -5V to 10V, though the majority of the data is tightly
clustered between 0 and 3V, with oxygen-, sulfur-, selenium- and
tellurium-terminated systems showing sharp peaks around 0 to 3.5 V. These
predictions align well with previous experimental studies. For instance, Te-

terminated and S-terminated MT:-type 2D anode materials have

128



demonstrated voltage ranges of 0.1-2.5 V and 0.005-3.0 V, respectively, in
Li- and Na-ion batteries./32-34] Similarly, Se-terminated materials such as
WSe: and MoSe: have shown experimental voltage ranges consistent with
our predicted values./35-36] In contrast, halogen atoms, the voltage
distributions become broader, indicating weaker interactions. A similar
trend is observed for Na* and K*, but with wider and higher distributions.
For Na*, voltages mostly fall between -5 V and 10 V, with O, S and Te again
producing the most defined peaks. K* voltages range from -6 to 6 V, with a
broad density centered between 0 and 4 V, showing increased variability in

adsorption behavior across terminal atoms.

In the case of diatomic terminal groups, Li* voltages range from -8 to 10 V,
with most systems falling between 0 and 4 V. CN-terminated structures
display sharper peaks and slightly higher voltages than NC, which can be
attributed to the more electronegative nitrogen atom being exposed more
for interaction with the Li-cation, resulting in stronger ion-dipole
interactions. OH groups show broader distributions, likely due to
configurational flexibility or hydrogen bonding effects. NO-terminated
systems exhibit the widest and most flattened voltage profiles, extending
beyond 5 V making them least suitable terminal group for anode materials.
Similar behaviors are seen for Na* and K* with these terminations, though
the voltage distributions shift slightly higher for both ions. Na* voltages
range from about -2 to 7 V, with a peak density between -1 and 3.0 V. K*
voltages span roughly -7.5 to 7.5 V, with a flattened but high-density region
between 0 and 2.5 V. The increased ionic radius of K* likely reduces its
sensitivity to directional bonding, explaining the smoother, broader KDE

curves across all groups.

For polyatomic terminal groups, the voltage distributions show distinct
behavior depending on the intercalated ion. For Li*, voltages range from —
2 to 6 V, with most values concentrated between 0 and 2.5 V. Among these,

PH-terminated systems exhibit the sharpest and most pronounced peak
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wheras NCO and OCN produce broader voltage distributions. For Na*,
voltages span a similar range, with PH and NCS showing relatively well-
defined peaks, while OCN and SCN remain more diffuse. For K, all
polyatomic groups lead to broad voltage profiles extending up to 5V.
comparatively broad peaks for K* suggests weaker adsorption behavior,
possibly due to the larger ionic size and lower charge density of K*, which

reduces its interaction strength with surface functional groups.

To gain deeper insight into how the metal layer influences voltage, we
analyzed voltage distributions with respect to the metal’s position in the
periodic table. In particular, we categorized the MT. materials based on
whether the metal originates from the s-, p-, d-, or f-block elements. The
results are presented in two separate figures. Figure 3.6 displays voltage
distributions for metals from the s-, p-, and f-blocks, whereas Figure 3.7

provides the corresponding analysis for the 3d-, 4d-, and 5d-transition

metals.
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Figure 3.7: Voltage density distribution of Li-, Na-, and K-ion batteries

with metal layers consisting of s-, p-, and f-block elements.
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Figure 3.7 reveals that the voltage trends depend on both ionic size and
electronic flexibility. For Li*, lighter metals such as Be, Mg, and Ca yield
sharp, narrow peaks centered around 0-2.5 V, indicating strong and stable
Li-ion adsorption. As the metal becomes heavier, moving toward Sr and Ba,
the voltage profiles broaden significantly and shift to higher values (>10 V).
This trend suggests a decrease in adsorption strength and increased
variability in Li-ion interaction as atomic size increases. A similar but more
pronounced trend is observed for Na*. However, Ba result in significantly
higher and more dispersed voltages exhibiting long tails extending up to
15-20 V making it less favorable for Na-ion battery. For K, the trend is
less distinct with all s-block metals, including Ba, show voltage
distributions between -4 and 4 V. This uniformity suggests that K-ion
adsorption is less dependent on the metal in the MT: structure, likely due to
the larger size and lower charge density of K*, which weakens its interaction
with the host lattice. Overall, for Li* and Na* systems, lighter s-block metals
promote more favorable and consistent ion adsorption whereas K*
adsorption exhibits weaker sensitivity to metal identity, resulting in more

uniform voltage behavior across the s-block series.

The voltage distributions (Figure 3.7) for across Ge-, Sn-, and Pb-based
MT: materials reval that moving from Li" to Na" to K*, the calculated
voltages become more spread out and less sharply distributed. For Li*, all
three p-block (Ge, Sn, Pb) metal based electrodes perform well, with Ge
and Sn giving particularly clean and stable voltage predictions. For Na*, Sn
and Ge still behave reasonably, but Pb starts to show signs of instability
with a broader voltage range. However, for K*, Pb becomes the most stable
electrode, while Ge starts to misbehave, showing negative voltages and
irregular peaks. The calculated result indicate Ge and Sn based electrode
materials are better suited for Li- and Na-ion batteries, offering more
optimum adsorption while Pb may be less ideal for smaller ions but

becomes more favorable for K-ion systems.
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We have also examined the influence of only f-block element for the Ce
based material through voltage distributions plot which shows relatively
stable and symmetric profiles across all three ion types. For both Li* and
Na", voltage ranges mostly from -1.0 to 2.5 V with peak centered around
~0.75-1.0 V. For K*, the voltage range remains consistent, centered
around 0.5 V. Across all cases, Ce-based structures demonstrate moderate

and uniform ion adsorption behavior.
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Figure 3.8: Voltage density distribution of Li-, Na-, and K-ion batteries

with metal layers consisting of 3d-, 4d-, and 5d-elements.

After examining the s-, p-, and f-block elements we next explored the full
range of transition metals across the 3d-, 4d-, and 5d-blocks to understand
how increasing d-orbital occupancy and atomic mass influence metal-ion

adsorption behavior.

As shown in Figure 3.8, 3d transition metal-based electrode materials
exhibit wide-ranging voltage distributions for alkali-ion intercalation. Ti-
based electrode materials mostly display sharp, narrow voltage peaks (~0.5—

1.5V) across Li*, Na*, and K* systems, indicating stable and consistent
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adsorption behavior. In contrast, Mn-, Fe-, and Co-based electrode
materials show broader distributions with negative tails, reflecting
structural variability and potential instability, especially upon K* insertion.
Zn exhibits the widest spread (=5 V to >10V for Li*), highlighting poor
predictability and weak interaction. For Na*, voltage profiles generally shift
rightward and broaden, though Ti containing electrode materials remains
relatively stable. Under K* insertion, most 3d metals demonstrate reduced
stability, with Mn, Fe, and Co showing distributions spanning -8 V to 5 V.
In the 4d series, Li" intercalation mostly yields narrow distributions for Zr
and Ru (centered at ~1.0—1.5 V), signifying robust adsorption. Mo and Tc
present broader peaks (~1.5-3.0 V), whereas Pd and Cd show dispersed
profiles with high-voltage tails. Na* and K* intercalation further broaden
these distributions. Among the 5d metal-based electrode materials, Hf
consistently shows sharp, symmetric peaks near 0 tol V across all ion types,
suggesting strong ion-host interactions. W, Os, and Ir also exhibit favorable
profiles with moderate sharpness and centering. Pt demonstrates broad,
high-voltage distributions, especially with Na* and K*, indicating weaker
binding and possible cathodic applicability. Overall, early transition metals
(Ti, Zr, Mo, Hf, W) exhibit sharp, well-centered voltage distributions and
strong, predictable ion adsorption, while late transition metals (Zn, Cd, Pt)
display broader, right-shifted profiles with reduced stability and weaker

interactions.

3.5. Potential Electrode Materials

To identify promising 2D MT> type anode materials for alkali metal-ion
batteries, we implemented a screening strategy that accounts for both
electrochemical performance and structural stability. Since these materials
are intended for anode applications, a low insertion voltage is desirable, as
the overall battery voltage is determined by the potential difference between
the cathode and anode, with a lower anode voltage resulting in a higher full-
cell voltage. Stepwise voltage calculations during ion insertion typically

show a gradual decrease with increasing ion concentration, consistent with
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expected behavior in layered systems, as demonstrated in the voltage profile

of Mn(OH) during Li* insertion (Figure 3.9).

@~ Liion =
1.0 ~@~ Naion Mn(OH): Li (0.06V, -0.22V)
G Kon Na (0.04V, -0.52V)

K (-0.64V, -2.51V)

0.0 ~

s ° ¢ : ® 0
< o5 —— ‘
Q
g
£ 10
o
>

-1.5

-2.0

-2.5 I

00 05 1.0 1.5 20 25 30 35 4.0
Number of lons

Figure 3.9: Voltage profile of Mn(OH): and it’s stable lithiated structure.
The green, red, pink, and purple color sphere represent the Li, O, H, and Mn

atom respectively.

This smooth voltage decline reflects stable ion accommodation within the
host structure, and the voltage difference between any two consecutive steps

remains below 0.26 V, indicating good electrochemical and structural

stability.
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Figure 3.10: Voltage profile of Ni(OH)2 and it’s unstable lithiated structure.
The green, red, pink, and grey color sphere represent the Li, O, H, and Mn
atom respectively. In the inset the first value is the average voltage whereas

the second value indicates the open circuit voltage.
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However, not all materials follow this ideal trend. In several candidates,
non-monotonic voltage behavior is observed, where insertion steps alternate
between increasing and decreasing voltages, an effect clearly seen in the
irregular voltage profile of Ni(OH)> during Li* insertion (Figure 3.10). In
such cases, the voltage difference for at least one step exceeds the 0.26 V
threshold, correlating with structural distortion upon lithiation. To ensure
both electrochemical and structural consistency, we imposed a screening
criterion that any material exhibiting a voltage difference greater than 0.26
V between two consecutive insertion steps was considered at risk for
reduced cell performance and structural distortion and was therefore

excluded from further consideration./37, 38]
Table 3.4: Potential electrode materials for Li-, Na-, and K-ion batteries.

Metal-ion Potential anode materials

Li CaBr;, MgBr, PtBr,, CaCl,, MgCl,, Cal,, Mgl,, Ptl,
Mg(NCO)2, Pt(NCO)2, Be(NCS)2, Ge(NH)2, Cu(NO),
Pd(NO)2, Pt(NO),, Cd(OH)2, Mn(OH)., GeO,, Ce(Ph),,
Hf(Ph),, Pd(Ph)2, Pt(Ph)2, Re(Ph)>, Ti(Ph)2, Zr(Ph),, IrSes,
PdSe>, PtSe», TiSez, ZrSe,, Cd(SH)>, Pb(SH)>, Pt(SH).,
IrS,, PdS,, PtSo, RuS,, TiS,, GeTe,, HfTe,, IrTes, PdTe,,
PtTe,, RuTe,, TiTe,, ZrTe;

Na BeBr,, CaBr2, MgBr2, SrBr;, CaCly, MgCl,, SrCl,, CaF»,
MgF,, SrF», Bel,, Caly, Mgly, Srlz, Ca(NCO),, CA(NCO),,
Mg(NCO)2, Sr(NCO)2, Ge(NH)2, Pt(NH)2, Sn(NH),
Ca(OH)2, Mg(OH)2, Sr(OH)2, Ce(Ph)2, Hf(Ph)2, Ir(Ph),
Pd(Ph),, Pt(Ph)2, Pb(SH)2, Sr(SH),, HfTe», IrTe,, PdTe;,
PtTes, RuTes, SnTey, TiTes, ZrTe:

K CdBr3, SrBry, BaCl,, CaCl,, SrCl,, BaF,, Cal,, Cdl,, Srls,
Znlz, Sr(OH)2, Ce(Ph)2, SnSe2, Ba(SH)2, Pt(SH)2, Sr(SH)2
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However, certain considered materials display negative average voltages,
indicating not suitable for anode material. Thus, based on the screening
criteria, we identified 46 potential anode materials for Li-ion batteries, 39
for Na-ion, and 16 for K-ion systems. The complete list of selected materials
is presented in Tables 3.4. This framework ensures that only structurally
robust and electrochemically feasible materials are advanced for further

development in metal-ion battery applications.

3.6. Conclusion

In this study, we present a fully automated pipeline for discovering
promising two-dimensional (2D) anode materials for Li-, Na-, and K-ion
batteries. The framework leverages the Crystal Hamiltonian Graph Neural
Network (CHGNet) to achieve density functional theory (DFT)-level
accuracy while significantly reducing computational costs. The pipeline
autonomously performs key tasks, including identifying favorable
adsorption sites, simulating stepwise ion insertion and extraction,
calculating voltages, and generating voltage profiles. It also monitors
structural changes during metal-ion adsorption, providing valuable insights

into the chemical behavior of these materials.

Applying the proposed screening criteria, we identified 46 out of 289
materials as suitable anode candidates for Li-ion batteries, 39 for Na-ion,
and 16 for K-ion systems. The framework requires only the unit cell
structure as input and outputs corresponding voltage profiles, making it
highly efficient and user-friendly. Furthermore, this approach can be readily
extended to other 2D material databases, offering a practical and scalable
solution for high-throughput screening. We believe this framework will
support experimental efforts by narrowing down viable candidates,
reducing trial-and-error, and deepening understanding of the underlying

electrochemical mechanisms.
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4.1. Introduction

Among the metal ion batteries (MIBs), lithium-ion batteries (LIBs) have
shaken up the energy storage and telecommunications sectors in terms of
voltage, lifetime, and weight.//,2] Extraordinary opportunities for green
technologies have been developed based on LIB technology./1,3,4] Despite
currently dominating the market of energy storage devices, some major
issues e.g., low abundance of Li raw material, high price, safety concerns,
and high energy requirements demand for cheaper, sustainable, and well-
performing alternate MIBs./5—8/ Several battery mechanisms for
monovalent (Na and K) and multivalent (Mg, Ca, Al) metals have been also
reported./5,6,9—12] As batteries are multifaceted electrochemical ensemble
composed of various components such as cathode, electrolyte, anode,
separator, current collectors, etc., designing MIBs through traditional
experiment and DFT-based simulation approach needs large research
resources combined with sophisticated domain knowledge for the
improvement of trial-and-error approach. In current years, machine learning
(ML) techniques have appeared as the fourth paradigm of materials research
in parallel to DFT based computational materials science.//3—-16] ML
based tools have been thriving in materials characterization, hastening
atomic simulations, experimental design, and the detection of numerous
functional candidates with an exceptional rate.//7-31] High accuracy ML
models have been reported based on the combination of elemental and
geometrical descriptors generated through column matrix and SOAP which
are invariant with respect to translation, rotation and permutation./27,32—
35] Integrating ML into experimental and computational techniques has the
potential to achieve success in various aspects of battery research. Voltage,
capacity, and energy density being among the most important
electrochemical parameters of batteries, the research community is focused
on improving these parameters by investigating and selecting from a large
number of electrode materials. Since the number of possible electrodes is in

the order of thousands, applications of various ML techniques have been
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reported for the screening of electrode materials based on voltage as the
target variable./36—41] Machine learning potential has been implemented
by Kim et. al., to resolve the capacity fading issues due to irreversible
structural instability of electrode materials./42] However, there are hardly
any reports regarding the role of metal-solvent interaction in the voltage
determination for MIBs.

It is a general understanding that the performance of MIBs depend on the
considered electrode materials as the working ions are contributed by them
rather than the electrolyte. The electrolyte is only expected to maintain
stability and act as a medium for the movement of ions during the working
of the battery. However, we envisage that as the metal ion needs to
overcome the metal-solvent interaction energy to intercalate in the electrode
material, the metal-solvent interaction energy can play a very important role
in battery performance in terms of voltage. There are reports regarding
stability of electrolytes concerning electrode materials. It has been reported
that organic solvents (dimethyl carbonate (DMC), ethylene carbonate (EC),
ethyl methyl carbonate (EMC), diethyl carbonate (DEC), etc.) are well
compatible with the graphite anode material for Li-ion batteries where the
organic solvents get stabilized through the formation of stable solid
electrolyte interface at the anode./43] However, various combination of
metal-solvent chemical space is very high to be explorable through
experiments or conventional DFT calculations for various MIBs. Hence,
attention can be paid towards data-driven ML techniques for the exploration
of metal-solvent chemical space. To explore high dimensional chemical
space, ML techniques has evolved as a handy tool that can carry out
screening process in a very short time with minimum resources. Though
metal-solvent interaction energy has been reported through the ML
approach in a previous study, in that case, the interaction energy between
one metal and one solvent was determined./44] There are hardly any reports
on the effect of metal-solvent interaction energy on voltage determination.

From a practical point of view, the metal ion can be solvated by more than
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one number of solvents, and thus the interaction energy will vary with the
number of coordinated solvent molecules. The varying interaction energy
will surely affect the half-cell voltage depending on the ease of ions getting
desolvated from the solvent and intercalating or adsorbing on the electrode

surface.

Here, the research work is devoted to finding out the contribution of metal-
solvent interaction in battery performance through a data-driven ML
approach and correlating the interaction energy with the voltage of the
battery. The role of fundamental parameters affecting the metal-solvent
interaction i.e., the interpretability of the utilized ML model based on the
different input parameters has also been explored in our study. We have
considered six metal ions (Li, Na, Mg, Al, K, and Ca) and 66 commonly
used battery solvents (Figure 4.1) for this work. To capture a more realistic
picture of metal-solvent interaction, all the possible combination has been
considered for the interaction of a metal with a solvent by varying the
number of coordinated solvents from 1 to 4. Therefore, for each metal, there
are 66 x 4 = 264 combinations possible which will lead to 264 different
voltage values for a particular electrode material for a single MIB. Thus, we
have opted to utilize various ML models for the prediction of interaction
energy for six metal systems (Li, Na, Mg, Al, K, and Ca) thereby resulting
in 264 x 6 = 1584 voltage values. The novelty of the work lies in proposing
the correlation among interaction energy and voltage for the first time
through ML techniques as well as interpreting the feature importance
towards the predicted values. We believe our result can be very handy for
the experimental researchers to further investigate the proposed metal-

solvent combination for the improvement of battery performance.
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Due to unavailability of suitable database for metal-solvent interaction
energies we have calculated the interaction energy of a few systems through
DFT in order to use the data for training and testing of various ML models.
The interaction energy must depend on the number of solvents (n)
coordinating a particular metal ion. Hence, we have varied the number of

solvents from 1 to 4, for a particular metal ion to calculate the metal-solvent

interaction energy (Figure 4.2).
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Figure 4.2: Schematic diagram of interaction energy model, where M and
S stands for metal and solvent, respectively. Here acetone is considered as
the sample solvent. Orange, red, grey and cyan represent metal, oxygen,

carbon and hydrogen atoms, respectively.

Considering n number of solvent (S) interacting with metal (M), the
interaction reaction can be shown as equation R1, where n varies from 1 to

4 and M are Li, Na, Mg, Al, K, and Ca.
M + nS & MS, (R1)
The interaction energy (Ein) of the R1 can be given as,

Eint = Ems, = Em —n X Eg (D

Where, Eys_, Em, and Eg are the total energies of metal-solvent system,
single metal atom and solvent molecule, respectively. Thus, some

combinations of M-S, complexes (Figure 4.2) have been modelled and
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optimized through DFT to obtain the necessary parameters for ML. The
interaction energies for those combinations have also been calculated using
equation 1. All the DFT calculations have been carried out with the
Gaussian 09 package using Becke's three-parameter hybrid exchange
functional and Lee—Yang—Parr's correlation functional (B3LYP)./45] The
Pople diffuse basis set 6-31++G(d,p) was considered for all elements./46—
48] Non-covalent interactions have been considered utilizing Grimme's

DFT-D3 potential./49]

4.2.2. Machine Learning

First, we describe the data pre-processing which includes the selected
suitable input features, the global correlation matrix followed by the
application of various ML models. The performance of utilized ML models
has been assessed by comparing the performance metrics, RMSE (root
mean squared error) and MAE (mean absolute error). The final optimized
ML model has been used to predict the Ein for the rest of the metal-solvent
combination. Further, we have determined the voltage from the predicted
Eint for all combinations of a half-cell by fixing anode material for
comparison which led us to find out the effect of metal-solvent interaction
in voltage determination for MIBs. Later we have discussed about
application of model dependent interpretable ML technique to interpret the
ML results. We have analysed our results and calculate the global and local
feature importance of the considered features using shapash package

namely shapash analysis.

4.3. Results and Discussion

4.3.1. Data pre-processing

The known database (generated through DFT) consists of 225 data points
including six metal ions that interact with different solvents. The percentage
of six metals considered interacting with various solvents utilized for the

training and testing of ML models has been shown in Figure 4.3. We have
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included all the metal-solvent data in some extent in the training set so that

the ML predicted result must not be biased for a particular metal.

25 I I 1 I

I % of Metal

20

Li Na Mg Al K Ca
Metal

Figure 4.3: Percentage of metals in the DFT calculated dataset of 225

metal-solvent combinations.

ML studies on well sampled small data set has already reported./50-53]
Though the numbers of data for training is less, we have tried to generate
the data in such a way that it should be well sampled. Thus, we have
incorporated the homogeneity in the known data set so that the small data
can be used farther to train various ML models. Considering the interaction
energy as the target variable, suitable features have been selected to define
the feature space needed for ML models. The features (charge on
electronegative atom, dipole moment, HOMO and LUMO energy among
others) have been selected based on the domain knowledge. To predict
interaction energy, we have considered only those features which are

important for the same. For example, we have considered formula weight
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instead of molecular weight as the number of a particular solvent
surrounding a metal could be an important factor for determining metal-
solvent interaction along with number of C, H, O, S, F, Cl, P atom and
natural charge on the electronegative atom. All the selected features have
been tabulated in Table 4.1. For effective ML applications, features must
be invariant against translation, rotation and permutation in order to have
high-accuracy prediction models./54]/ Our selected features satisfy this
criterion of invariance. The features are selected in such a way that they can
represent each system appropriately. Here, the total energy refers to the
electronic energy of the solvent molecules. The total energy of solvent has
been considered as input vector to incorporate the electronic properties of

the different solvents.

Table 4.1: The considered features for the preparation of feature space.
Elemental properties (1,2,3), and physical properties (19,20,21,22) have
been taken from the literature, and rest of the features’ value determined

through DFT calculations.

Features
Ionic radius (1), electronegativity (2), atomic

12,3 number (3) of metal
4 Number of solvent (n)
5 Total energy of solvent (Es)

6 Total energy of Metal (Em)
TASIILII o (1), Clatom (12). P atom (13)
14 Formula weight of solvent (FW)

15 Dipole moment of solvent (TD)
16 Natural charge on electronegative atom of solvent
17,18 LUMO (17) and HOMO (18) of solvent
19,20, 21, 22 Boiling point (19), melting point (20), flashing

point (21), density (22) of solvent
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Pearson’s correlation matrix has been plotted (Figure 4.4) to analyse the
correlation among the considered features. The matrix delivers the
correlation coefficient among every pair of the input features as well as with
the output (target variable). The ticks in Figure 4.4 correspond to the
considered features in Table 4.1. It should be noted that tick number 23 in
the correlation plot is the target variable which has been included in the plot
to find out the correlation among features and the target variable. Tick
number 12 i.e., number of CI atom in the solvent has been dropped from the
heat map since there is no such solvent in the train set where Cl atom is
present. However, in the overall database, there are Cl atom in some solvent,

and hence we have considered the number of Cl as feature.
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Figure 4.4: Pearson’s correlation matrix regarding the correlation among
the input features (1-22, Table 4.1) as well as with the target variable

interaction energy (23).
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From Figure 4.4, a strong negative correlation (-0.85) between feature 1
(ionic radius) and feature 2 (electronegativity) has been observed. Similarly,
there is a strong negative correlation (-0.95) between feature 3 (atomic
number of metal) and feature 6 (energy of metal). A moderately strong
positive correlation between feature 7 (number of C atom) and 14 (formula
weight) as well as feature 8 (number of H atom) and 14 (formula weight) is
observed. This is because, with the increase in number of C and H atoms,
formula weight also increases, which leads to a linear relationship among
these features. The target variable is found to have a strong negative
correlation with features 4 (number of solvent) and 7 (number of C atom)
which is obvious since the number of solvents varying affects the interaction
energy inversely. It has been found that feature 17 (LUMO) varies
proportionally with the target variable whereas feature 18 (HOMO) varies
inversely, which indicates that wider the HOMO-LUMO gap higher can be
the interaction energy. Since we have not found any correlation coefficient
greater than 0.95, this shows that the selections of features are appropriate,
and all the features have been further processed to be considered for

training, testing, and prediction.

4.3.2. ML methods and interaction energy

For our supervised ML models, the known data set has been split into a train
set and test set in the 80:20 ratio./55-58/ The train set and the test set remain
same throughout the work so that the results are reproducible. Nine ML
algorithms namely, Ridge Regression (RR), Kernel Ridge Regression
(KRR), Random Forest Regression (RFR), Extra Trees Regression (EXR),
XGBoost Regression (XGBR), Gradient Boosting Regression (GBR),
AdaBoost Regression (ADBR), LightGBM and Neural Network (NN) have
been applied to train the machine and further, the optimized trained model
has been utilized for the prediction of interaction energy of test set. The
performance of each ML model has been evaluated by comparing three

performance metrics, namely root mean square error (RMSE), mean
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absolute error (MAE), and R? defined as equation (i), (ii), and (iii)

respectively,
1 N
RMSE= [S3 (31— yp)? ®
1
1 N
MAE = 2 (i = vp)* (id
1
N 2
2 i (Yi - Yp)
R =1- o5 > (iii)
2 i — ya)

Here, yi, yp and ya indicate DFT calculated, ML predicted and average
interaction energies, respectively. N is the total number of data point in the
test set. To find out the best fitted line from each ML models and to increase
the prediction accuracy, all the hyperparameters corresponding to each
model has been tuned utilizing the RandomizedSearchCV as executed in
scikit-learn library./59] The calculated MAE and RMSE values along with
the optimized hyperparameters for each regression ML models have been

tabulated in the Table 4.2.

Table 4.2: ML models utilized for the prediction of interaction energy along

with the optimized hyperparameters, RMSE and MAE.

ML RMSE MAE
Optimized hyperparameters
Models (eV) (eV)
RR Alpha=0.56, random_state=42 0.680 0.462
alpha=0.1, gamma=0.001,
KRR kernel=Laplacian, coef0=2, 0.650 0.462
degree=1

max_depth=30,
RFR min_samples_leaf=5, 0.544 0.354

min_samples_split=8,
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n_estimators=200,

random_state=42

EXR

max_depth=20,
max_features=19,
max_samples_split=4,
min_samples_leaf=3,
max_leaf nodes=25,

random_state=42

0.517

0.380

XGBR

learning_rate=0.005,
n_estimators=1500,

random_state=42

0.517

0.354

GBR

learning_rate=0.01,
max_depth=4,
max_features=10,
n_estimators=500,
min_samples_split=3,

random_state=42

0.489

0.326

ADBR

learning_rate=0.02,
loss="exponential’,
n_estimators=200,

random_state=42

0.571

0.408

LightGBM

learning_rate=0.05,
max_depth=5,

n_estimators=200

0.517

0.367

NN

Optimizer=Adam,
learning_rate= 0.001,

Loss_function= mean absolute

error, Hidden layer = 16, nodes

=160 (hidden layers)

0.734

0.490

157



Figure 4.5a shows the error bar on applying different ML models to fit the
train set and prediction of test set. From Figure 4.5a and Table 4.2, it is
evident that machine has been trained well with tree-based algorithms as
there is a sharp change observed in the RMSE and MAE from KRR to RFR
which indicates tree-based algorithms are the better choice for the

prediction of the target variable.
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Figure 4.5: (a) Error bar plot of all the utilized ML models, and (b) scatter
plot of DFT calculated interaction energy vs predicted interaction energy in

GBR ML model.

Among the considered ML models, GBR model has been found to be best
fitted model for the prediction of target variable. From the scatter plot
(Figure 4.5b), it is evident that the test data points are close to train data
points but not exactly overlapping with the train data points. Some points
are also far from train data points confirming that there is no overfitting in
the result obtained from the ML models. The performance of EXR and
XGBR are almost same as they yield same RMSE (0.517 eV) error.
However, GBR model has been found to be the most effective and best
fitted model with the least RMSE and MAE of 0.489 eV and 0.326 eV,
respectively for the prediction of interaction energy. The loss function used

in GBR is mean squared error which has been optimized with low learning
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rate 0.01 (Table 4.2). The R? value for GBR is maximum (75.1%) which
indicates high accuracy for the test set (Figure 4.5b).

Further, to check the stability and to ensure there is no overfitting of the
GBR model, two methods, namely, K-fold cross validation and leave one
out cross validation (LOOCV) have been performed./60] For the K-fold
cross validation, number of folds for the training set has been varied from 2
to 10. For each fold we have calculated (Table 4.3) the average mean
absolute error (MAE). The standard deviation of the K-fold cross validation
is 0.011 eV. The mean absolute error of K-fold cross validation with respect
to GBR model has been found to be 0.025 eV. From the standard deviation
value, we can say the change in MAE is less irrespective of different K-fold
CV. Hence, it confirms that our considered GBR model is transferable i.e.,
not overfitted and is suitable to predict the interaction energy of unknown
system. Further, LOOCYV method has been applied on test set and the MAE
has been evaluated to check the model stability on each label explicitly.
Unlike K-fold CV, in LOOCYV, one sample remains in the test set and rest
of the sample remains in the train set. The LOOCV helps to measure the
error explicitly for each sample as in this case ML is predicting interaction
energy for each label separately. After the MAE calculation of each label,
average MAE on the overall train set has been determined for the
comparison of MAE with the K-fold cross validation and optimized GBR
model. The average MAE for LOOCV method has been found to be 0.344
eV which indicates that the error range is stable and not varying irrespective
of different cross-validation method. This further shows that the consider
model is not overfitted. Hence, based on the least RMSE, MAE and high
R2, GBR model has been selected for the prediction of interaction energy
for all unknown system having same optimized hyperparameters. To
explore the trend of interaction energy between metal ions and solvents,

interaction energy with respect to number of solvents has been plotted

(Figure 4.6).
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Table 4.3: Comparison of K-fold cross-validation (CV) with optimized
GBR model predicted interaction energy, considering the loss function as

mean absolute error (MAE). All error units are in eV.

K-fold MAE MAE (GBR)
2 0.373
3 0.356
4 0.349
5 0.356
6 0.351 0.326
7 0.353
8 0.350
9 0.330
10 0.349
Standard deviation of MAE = 0.011 eV
MAE (CV) to MAE (GBR) = 0.025 eV

It is expected that for a particular metal ion and solvent combination, with
the increase in the number of solvents the interaction energy will increase
as the metal ion will be coordinated with higher number of solvent
molecules. From Figure 4.6, it has been observed that all the metals (L1,
Na, Mg, Al, K and Ca) follow the expected trend i.e., the interaction energy
is increasing with the increase of number of solvents thereby stabilizing the
systems. The trend of interaction energy can be explained based on two
effects, (a) ionic-potential effect and (b) inter-solvent repulsion effect. The
ionic potential further depends on the charge to size ratio. Small size metal
ion will generate high ionic potential as the charge to radius ratio will be
higher compared to the large size metal ion. However, at the same time for
the small size of metal ion the coordinated solvent molecules will remain
close to each other leading to high inter-solvent repulsive interaction.
Between these two oppositely moving deciding factors, it is expected that

if the ionic-potential factor predominates over the inter-solvent repulsion,
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the system will get stabilized. Whereas, if the repulsive interaction
predominates over the ionic-potential factor, the system will get

destabilized more with the increase in the number of solvents.
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Figure 4.6: Interaction energy vs number of solvent for all considered 66
solvents where the number of a particular solvent around a metal ion (n)
varies from 1 to 4. The 66 solvents have been represented as Si where ‘1’
varies from 1 to 66. The solvent corresponds to Si has been given in Figure

4.1.

In our case, the solvated metal ions are more stabilized with the increase in

number of solvents which indicates that the high ionic potential is
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dominating over the inter-solvent repulsive interaction. Once the interaction
energies of all the system have been predicted, the next goal is to relate it
with the voltage i.e., how the interaction energies affect the voltage. The

voltage part has been discussed in detail in the next section.

4.3.3. Voltage

To determine the contribution of the solvent-metal interaction on voltage
determination, voltage of each combination has been determined by
utilizing the GBR predicted interaction energies. In order to draw a
comparison between the voltage of all the system, a fixed graphite anode
has been chosen for the voltage calculation of anodic half-cell. Since,
Gaussian09 package does not fully support periodic calculations we have
limited the graphite structure to a total of 48 C atoms in two layers with

edge atoms saturated by H atoms.
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Figure 4.7: Schematic diagram showing the considered graphite anode and

intercalation of metal ion during working of the half-cell.

During charging process, metal ion gets intercalated at the anode (A) as
shown in Figure 4.7. Therefore, the reaction between anode and solvated
metal ion can be written as R2.

A+MS, & A—M+nS (R2)

From the R2, the anodic voltage expression can be written as equation 2.

1
Vanode = p [(Ea-m + 1 X Eg) — (Ex + Eys, )] 2)
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Where z, Eo_m, Es, Ea, and Eyg, represents the number of electron
transfer, total energy of metal intercalated anode, solvent molecule,
unintercalated anode, and metal-solvent system, respectively. The anodic
voltage can be expressed in terms of Eiy (equation 3) by substituting the

value of ((n X E) — Eys, ) form the equation 1 in equation 2.

Vanode = 5 [Ea-m — Ea — Em — Ejnd] 3)

NI =

Using the equation 3 we have calculated the voltage for all the considered
MIBs. Since the anodic voltage has been considered, lesser the anodic
voltage higher will be the overall cell voltage. To compare how the number
of coordinated solvents around a particular metal ion affects the voltage, we
have plotted the voltage with respect to number of solvents for each

individual metal ion (Figure 4.8).

From the Figure 4.8, it has been observed that with increase in number of
solvents around a particular metal ion, the anodic voltage increases (reverse
trend of interaction energy) which is expected since strongly solvated metal
ion will require more voltage to overcome metal-solvent interactions for the
intercalation of metal ion in the anode. However, the voltage scale of all the
metal ions is not same which is obvious due to different interaction of
different metal ions with the solvents. The overall voltage trend for all
solvents can be explained from the equation 3 and the interaction energy
trend in terms of Ej,; and E4_p. For a particular metal ion, the first three
terms i.e., E,_y, E, and Ej; are constant. With the increase in number of
solvents, E;,; becomes more negative leading to increase in V4,40 Voltage
of all the 1584 systems have been provided in the Chapter-4 of Github
repository  (https://github.com/Souvik-ml/Thesis_data). We  further
determine the average voltage for all the 66 solvents and six metal
combination, so that we can comment on the voltage of a MIB
corresponding to each solvent. The voltage has been determined by taking

the average of all four voltage for each solvent for a particular MIB. To
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understand the change in average voltage with respect to change in average
interaction energy, a combined average voltage-interaction energy plot for
six MIBs and 66 solvents have been shown in Figure 4.9. As is evident
from equation 3, the variation in average interaction energy and average

voltage also shows an inverse trend in Figure 4.9.
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Figure 4.8: Voltage of each MIBs for all considered 66 solvents where the

number of a particular solvent around a metal ion (n) varies from 1 to 4.

Each MIB has 66 average voltages corresponding to 66 solvents. Based on
the average voltage we have proposed five most optimum solvent systems
for minimum half-cell voltage of each MIB, and the result has been

tabulated in Table 4.4. Average voltage of all the metal-solvent
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combination has been provided in the Chapter-4 of Github repository

(https://github.com/Souvik-ml/Thesis_data).
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Figure 4.9: Average voltage and interaction energy plot for the

combination of all considered six metals and 66 solvents.
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Table 4.4: Proposed five best metal-solvent combinations for each MIB and

their corresponding average voltage.

1\:1? Solvent
Diethyl | Tetrahydro | Tetrahydro 2-Methyl
Furan tetrahydrof
Li ether furan pyran
uran
0.024V | 0.190 V 0217V 0.284 V 0292V
Furan Diethyl 1,3- Tetrahydro Ethyl
Na ether dioxolane furan acetate
0.679V | 0.718 V 0.763 V 0.783 V 0.786 V
Diethyl | Tetrahydro | Tetrahydro 2-Methyl
Furan ether ran furan tetrahydrof
Mg Py uran
149V | 1523V 1.550 vV 1.565V 1.571V
Propyle
Furan ne Tetrahydro | Tetrahydro Diethyl
Al carbonat furan pyran ether
e
0447V | 0479V 0.499 V 0.516 V 0.516 V
Furan Diethyl 1,3- Ethyl Tetrahydro
K ether dioxolane acetate furan
0501V | 0584V 0591V 0.598 V 0612V
Furan Diethyl | Tetrahydro 1,3- Propiolacto
Ca ether furan dioxolane ne
0.609V | 0.664V 0.695V 0.695V 0.701 V

We have also compared our predicted average voltage with some of the

experimentally reported anodic voltage. For Li-ion battery with ethylene

carbonate electrolyte and graphite anode, our ML predicted average voltage

of 0.89 V is comparable to experimentally reported anodic voltage of 0.9 V

at low specific capacity./61] For Na-ion battery with propylene carbonate

electrolyte and graphite anode, our ML predicted average voltage 0f 0.94 V
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is also close to experimentally reported anodic voltage (~1 V) for propylene
carbonate with hard carbon electrode./62] Our ML predicted voltage cannot
be compared exactly with theoretically reported voltage since in most of the
cases only intercalation energy is considered without metal-solvent
interaction energy. Therefore, we propose that inclusion of metal-solvent
interactions can give more accurate anodic half-cell voltage values closer to

experimental scenario.

4.3.4. Local Feature Analysis

The utilized ML models are black box models which are very hard to
explain. Though the explanation of these models is difficult, still the
learning ability of these models are high compared to simple interpretable
ML models. Here, we have implemented a model dependent machine
interpretable shapash library to extract knowledge from the black box
model, GBR. Cooperative game theory based shapash library helps us to
understand the contribution of local and global feature importance towards
the predicted output. Shapash uses Shapley Additive explanations (SHAP)
and Local Interpretable Model-agnostic Explanations (LIME) in backend to
compute the feature contribution. The Shapley value (¢;) signifies the

importance of each feature and it can be computed using equation 4./63/

Z ISILAF] = 1S] = 1)!

|F|! [fsuw (xsu) = f(x)] (4)

¢; =
SCF {i}

Where, F represents all set of features and S indicates the subset of all

features obtained from F after removing of i feature. fsugy and fs are the

prediction model of with and without i feature, respectively. xg represents

the value of the input features in the S set. In LIME, the prediction of the

model is explained by approximating the decision boundary locally around

the input data. It creates a sample perturbed instance which can be explained

by equation 5./64]

explanation (x) = arg rgnelg L(f,g my)+Q(g) (5)
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Where f is the probability for an instance x, g is the explanation model, 7«
is the proximity measure between different instances, and L is the loss
function which needs to be minimized for better model performance. Q(g)
measure the complexity of the model g. For tree-based algorithm Q(g) may
be depth or trees whereas for linear model it can be number of many non-
zero weights. Hence, LIME is more prone to explain the local parameters
whereas the SHAP is expert for the understanding of global behavior of a
model. Both methods have been implemented in the shapash model to gain
a comprehensive understanding for a particular model. The local feature
importance is necessary as it can comment on the ML predicted result as
accurate or not based on the feature contribution of each label explicitly.
First utilizing shapash, the global contribution of feature towards the target

variable has been determined (Figure 4.10).

Global feature analysis

~ B

NN ®©Wa s

tl 0.05 01 0.15 0.20
Contribution

Figure 4.10: Global feature analysis of each feature towards the target
variable (interaction energy) utilizing GBR model. The ticks in the y axis

represent the feature number (Table 4.1).

Figure 4.10 shows feature 4 (number of solvent) as the most contributing

feature followed by feature 14 (formula weight) and feature 17 (LUMO) for
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the prediction of interaction energy. This feature contribution has been
determined on the whole result leading us to global feature importance.
However, the feature contribution of each level can also be determined
through shapash. Here, first we have determined the mean absolute
deviation of prediction value from the true value. From the deviation, three
systems, least deviated (most accurate prediction), most positively deviated,
and most negatively deviated systems have been selected and feature
contributions of each feature for these systems have been determined
explicitly. Hence, we have plotted the feature importance of these three
systems separately for local feature analysis through shapash (Figure 4.11,
4.12a, 4.11b). In the inset of Figure 4.11, 4.12a, 4.12b the details of each
system have been provided. The ticks in y axis shown in these plots
correspond to the feature numbers provided in Table 4.1. It has been
observed that the feature contribution trend in global feature analysis
(Figure 4.10) and local feature analysis of the least deviated system (Figure
4.11) is almost same. For example, in both cases feature 4 (number of
solvent) and 14 (formula weight) are the most contributing features towards
the target property (interaction energy). Figure 4.11 shows the most
accurate prediction of interaction energy by GBR model and the feature
importance of these features particularly for this system. The result shows
contribution of feature 4 (number of solvent) is high and in the positive
direction followed by the feature 14 (formula weight) and 1(ionic radius).
Here, the positive and negative contributions are considered as coefficient
of those features, not necessarily reflecting that they contribute positively

and negatively towards the error of the property.
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System: Diethyl carbonate + Mg
Predicted value = -0.15 eV

Actual value =-0.15eV
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Figure 4.11: Feature importance of the least deviated system (Diethyl
carbonate + Mg). Here, the HNC is the hidden negative contribution.

Similarly, we have plotted the feature importance of most positively
deviated system and most negatively deviated system (4.12a, 4.12b). From
Figure 4.12a, it has been observed that feature 1 (ionic radius) and 17
(LUMO) are the most contributed features. Figure 4.12b shows feature 14
(formula weight) and 4 (number of solvent) are the most contributing
features in the case of the negatively deviated system. However, the
contribution in this case is in the negative direction leading to the most
negatively deviated system. Though in global feature analysis, the feature
importance trend is identical with the least deviated system, the same is not
true for deviated systems. Therefore, we believe that our overall ML
predicted interaction energies are more accurate, indicating the stability and

validity of considered ML model.
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Figure 4.12: Feature importance of (a) most positively deviated system, and

(b) most negatively deviated system.

Thus, analysis through shapash technique has given us an idea about which
features dominate in case of an accurate or inaccurate prediction by the
considered model. Hence, for a system whose actual value is not known, by
the local feature importance plot we can understand whether the predicted
value is least deviated or highly deviated by comparing the dominating
features in that case. Thus, a system with feature 4 (number of solvent) as
the most contributing feature importance is expected to have a more
accurate predicted value by our ML model. Similarly, for unknown systems
which have feature importance like Figures 4.12a and 4.12b are expected
to deviate significantly from actual values. Hence, shapash technique can
be used to validate ML predicted result without doing any quantum

mechanical DFT calculation.

4.4. Conclusion

In this work, we have applied ML techniques for the screening of solvents
based on metal-solvent interaction. The ML techniques speed up the process
of examining the metal-solvent interaction property for all the metal-solvent
systems. From the ML predicted result, GBR model is found to be the best
suited algorithm for the prediction of interaction energy having RMSE of
0.489 eV and MAE of 0.326 eV. The interaction energy results show that
the considered metals (Li, Na, Mg, Al, K, and Ca) are more stabilized with

the increase in number of solvent molecules around the metal ion. Further,
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to find out the effect of interaction energy on voltage determination, we
have considered the graphite anode half-cell to calculate the anodic voltage
of all considered systems utilizing the GBR predicted interaction energy.
The voltage and interaction energy trend are found to be inversely related.
Weaker metal-solvent interaction is found to result in preferably low anodic
half-cell voltage. In this context, five optimum solvents for each metal have
been presented based on minimum anodic half-cell voltage of the MIB. We
have also found our ML predicted result are in good agreement with the
experimental value. Further, to interpret the feature contribution, global and
local feature analysis has been implemented utilizing shapash library. Thus,
features with high feature importance have been determined which can lead
to accurately predicted values for unknown metal-solvent systems. The
shapash model can be used to validate any ML predicted result for any
unknown systems by comparing the global feature contribution with the
feature contribution of the least deviated system thereby avoiding DFT
calculations. We believe, the ML approach has the potential to accelerate
the process of voltage calculation based on ML predicted interaction energy
for a large number of systems. The results also ascertain the effect of metal-
solvent interaction energy in determining the voltage which can guide the
experimental researchers to choose suitable solvents for metal ion battery

designing.
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5.1. Introduction

The development of high energy density and high voltage batteries are
crucial to sustain the high-tech growth of the current scenario. The
renewable energy sources such as solar, wind, and hydro power, are
inherently variable, and energy storage systems are needed to ensure
uninterrupted electricity.//—4] Recent advances in theoretical algorithms,
modeling, simulations, and computer technologies are driving the rational
design of lithium-ion batteries. These advances enable the integration of
computational calculations with experimental data in shared databases,
accelerating development across the industrial chain./5/ Multi-scale
modelling and simulations complement experimental efforts by predicting
path-independent properties and enhancing our understanding of battery
performance across various scales. This integrative approach is essential for
optimizing rechargeable battery technology. In the context of practical
rechargeable batteries along with cathode and anode, electrolytes also a
crucial part which serve as a medium for the conveyance of ions between
two electrodes. To understand the battery stability a crucial condition is
required where, the Fermi energy of the anode must be lower than the
energy level associated with the lowest unoccupied molecular orbital
(LUMO) of the electrolyte, and the Fermi of the cathode must exceed the
energy level corresponding to the highest occupied molecular orbital
(HOMO) of the electrolyte./6—8] This condition ensures the prevention of
undesirable reactions, unless a protective and stable solid layer known as
the solid electrolyte interphase (SEI) forms on the electrode surface./9/
Electrochemical windows (ECWs) are typically measured through linear
voltammetry, wherein the individual anodic and cathodic potentials govern
the oxidation and reduction processes of electrolytes. However, the
determination of limiting potential is influenced by several factors,
including electrode characteristics and the arbitrary selection of current
cutoffs to identify onset redox potentials. Consequently, the reported ECWs

in literature exhibit considerable variability. To address these complexities,
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various computational techniques have been developed to ascertain the

oxidation and reduction potentials of solvent electrolytes.

Recently, Shi and co-workers have described different DFT methods for the
calculation of ECW and proposed a novel thermodynamics cycle-based
approach to determine the ECW accurately.//0] They have also described
the limitations in the traditional approach of ECW determination using the
difference between the HOMO and LUMO energies. Because of the
consideration of HOMO/LUMO derived from electronic structure theory, it
only represents the electronic properties of isolated neutral molecules and
does not reflect the real ECWs of species participating in redox
reactions./8,11-16] Shi and co-workers have reported that the advantages
of the thermodynamic cycle-based method over HOMO/LUMO method is
its consideration of reorganization energy and solvation energy
correction.//0] Solvation energy refers to the energy required to transfer
molecules or ions from a vacuum into a solution phase. The inclusion of
this solvation energy correction, where the correction term adjusts the
substance from standard conditions (1 atm) to 1 mol L', provides a more
practical and accurate representation compared to the HOMO/LUMO
approach. Reorganization energy, which reflects the energy changes due to
geometric property alterations (such as bond lengths, bond angles, and
dihedral angles) between the neutral and cationic states, varies significantly
regardless of the solvent category.//7] They have shown that the
reorganization energy for a range of 68 experimentally reported solvents
varies from 0 to 0.58 eV./10] The primary factor influencing the magnitude
of reorganization energy is not the solvent category but the geometric
changes during structural relaxation. Furthermore, Hutchison et al. have
proposed that reorganization energy is a linear combination of changes in
bond length and dihedral angle during oxidation from the neutral state to
the corresponding cation.//8] This finding underscores the importance of
geometric changes over solvent type in determining reorganization energy.

Shi and colleagues have also highlighted the significance of incorporating

186



an implicit solvation model for chemical kinetics studies, such as those
between I> and LiOH in Li-air batteries.//9] This integrated ab initio and
ML investigation emphasizes the critical role of solvation effects in
achieving more reliable and practical results. Thus, the thermodynamic
cycle-based approach offers substantial advantages over the
HOMO/LUMO method by accounting for reorganization energy and
solvation effects, leading to more accurate and practical predictions of
redox potentials. Recently Wang and his co-worker has also demonstrated
the highest accuracy in determining the ECW can be achieved by redox
reaction process (thermodynamic method) compared to other methods./20]
The traditional non-aqueous electrolytes primarily rely on organic
carbonates, which exhibit ECWs of less than 5.0 V. These carbonates
include both linear and cyclic solvent electrolytes such as dimethyl
carbonate, diethyl carbonate, propylene carbonate, and ethylene carbonate.
Considering recent advancements, the development of high-voltage
batteries (>5 V) necessitates the engineering of high ECW based
electrolytes./21-24]

However, the number of solvents that are yet to be tested as electrolytes for
rechargeable batteries based on their ECW values are very high.
Determining the ECWs for all unknown solvents poses a considerable
challenge, both experimentally and computationally. This difficulty arises
from the diverse measuring conditions required for each solvent in
experimental settings and the expensive as well as time-consuming nature
of computational calculations. Recently, machine learning (ML) has
emerged as a transformative force in energy research, showcasing rapid
growth with the potential to revolutionize the design of batteries through its
swift progress and high-level accuracy. ML algorithms can be used in the
field of both catalysis as well as energy storage and conversion to analyse
large datasets of physicochemical properties and performance data,
enabling researchers to identify correlations and patterns that may not be

apparent through traditional methods./25-28] Previously we have
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successfully reported the application of ML for the prediction of capacity
and voltage for metal ion battery./29,30] Currently ML has emerged as an
essential tool for determining electrochemical performance of different kind
of batteries also by solving complex structure-property relationship./29—
34] Application of ML is not only limited for material search but also
applicable to the domain of solvent electrolyte screening. Pathak and co-
workers have previously reported discovery of ionic liquid-based
electrolytes through thermodynamic cycle method as well as ML driven
approach for dual-ion battery./35,36/ Thus, ML can be particularly useful
for predicting the ECW of electrolytes, which is a critical parameter in

battery design.

In this study, we delved into the realm of ML, employing algorithms to
predict oxidation and reduction potentials across a vast, unfamiliar dataset
using molecular descriptors. Leveraging an optimized ML model, we have
predicted the oxidation and reduction potential for all unknown solvent
electrolytes, proposing optimal solvents poised for exploration in higher
voltage electrode materials-an avenue yet untouched for unknown solvent
space by experimental and DFT approaches in battery applications.
Furthermore, our scientific exploration extended to an unsupervised
clustering method applied to the entire solvent database. Molecules were
intricately categorized based on their molecular descriptors, with a keen
emphasis on ECW as a pivotal feature. By applying clustering method, we
have been able to sub-group a vast solvent database consisting of similar
kind of solvent electrolytes along with their ECW. Unravelling patterns
within this molecular landscape, our approach not only offers insights into
untapped potential but also provides an aesthetically compelling road map
for future exploration. This comprehensive research underscores the vast
potential of ML in predicting ECW values, thus facilitating the design and

optimization of high-voltage batteries.
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5.2. Methods and Materials

In our quest for better rechargeable batteries, we followed a simple yet
powerful roadmap (Figure 5.1). First, we have collected the reported
reduction and oxidation potentials data calculated using the thermodynamic
cycle method.//0] Utilizing RDKit, we converted complex solvent
electrolyte structures into manageable and interpretable features. These
features were subsequently employed to establish a mapping between the
input variables and the target red-ox potentials. Given the high
dimensionality of the dataset, which can pose challenges for small datasets,
we adopted the Select-K-Best statistical feature selection method to identify
the most relevant features. Initially various ML models have been
considered through two different robust cross-validation methods such as
repeated-K-fold cross-validation (RKFCV) and leave-one-out cross-
validation (LOOCYV) for the identification of suitable ML models to map
the input variables with the red-ox potentials. From the cross-validation
results, three models, XGBoost Regressor (XGBR), Random Forest
Regressor (RFR), and Gradient Boosting Regressor (GBR) demonstrated as
strong performance ML models for the prediction of red-ox potentials. We
further refined these models through hyperparameter tuning, focusing on
the features with the greatest influence on the target variable. Following
optimization, we assessed the train-test error for each model to evaluate
their performance in red-ox potential prediction. This workflow process is
summarized as model evaluation in Figure S5.1. Mean Absolute Error
(MAE) has been used as the performance metric for evaluating the ML
models. Upon obtaining the electrochemical window (ECW) of all solvent
electrolytes, we screened for novel solvent electrolytes suitable for battery
applications based on predefined criteria. Additionally, we employed
clustering techniques to categorize the large number of solvent electrolytes
into distinct subclasses. Utilizing ML as predictive tool, we swiftly explored

a vast database of unknown solvents followed by utilization of clustering
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method to group similar kinds of solvents, revealing new possibilities for

high voltage electrode materials.
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Figure 5.1: A visual representation of the multi-step ML workflow for

novel solvent electrolyte design for rechargeable batteries.

The reduction and oxidation potentials of various solvent electrolytes were
chosen as target variables for this study, extracted from previous reports
utilizing the thermodynamic cycle method for their calculation.//0] The
variation of oxidation and reduction potentials and the ECW values with
respect to various functional groups present in different solvent electrolytes

represented through a violin plot in Figure 5.2.
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Figure 5.2: Violin plot represents the variation of reduction potential,
oxidation potential and ECW with respect to various functional group

present in the solvent electrolytes.
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The plot reveals that solvent electrolytes containing amide and ether groups
exhibit a wide range of reduction potentials, spanning approximately -2.8 V
to 3.8 Vand -3.2 V to 3 V, respectively. Notably, solvent electrolytes with
nitrile groups demonstrate the highest ECW values, attributed to their
significantly high oxidation potentials. In violin plots, the middle section
indicates a higher density of data points, while the narrow terminal sections
indicate fewer data points, which can act as potential outliers. The Figure
5.2. illustrates the overall pictorial diagram of the whole dataset where few
data points with very high or low potential values, highlighting the presence
of outliers in dataset. Our final objective is to leverage trained models to
predict the ECW for approximately 4500 unexplored solvents. This
unexplored solvent space includes a wide variety of solvent electrolytes
with potential ECWs ranging from low to very high values. If we discard
anomalous data points determined through DFT calculations, we will risk
limiting the model's ability to predict red-ox potentials across the full
spectrum of solvent electrolytes. This is because excluding these data points
would narrow the range of training data, potentially leading to biased
models that might not generalize well to the diverse and extensive range of
unexplored solvents. By retaining these anomalous data points, we aim to
build more robust ML models capable of handling and predicting such
variability. Reducing the training dataset by discarding these data points
could also hinder the model's robustness and accuracy. A comprehensive
training dataset that encompasses the full range of potential redox
behaviours is crucial for developing models that not only perform well on
the training and testing sets but also generalize effectively to the large

number of unexplored solvent electrolytes.

5.3. Feature Space

It is imperative to represent the solvent electrolytes in numerical and
readable format for the development of efficient ML models to find out
quantitative or qualitative structure property relationship. To get accurately

trained ML model, consideration of suitable descriptors, which can
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represent and distinguish each solvent electrolyte with remarkable precision
is highly important. Here, we have utilized the RDKit, an open-source
cheminformatics library to generate 210 molecular descriptors where the
SMILES (simplified molecular-input line-entry system) string of each
solvent has been provided to represent the solvent electrolytes./37—41]
RDK:it offers a comprehensive suite of tools for generating a wide array of
molecular descriptors, which are essential for numerically representing the
structural and chemical properties of solvent electrolytes. In our study, we
used the SMILES string of each solvent as input for RDKit to generate these
descriptors. Specifically, we utilized the
MoleculeDescriptors.MolecularDescriptorCalculator() function to compute
a variety of descriptors for each solvent molecule./42] These descriptors
encompass various physicochemical properties, topological indices, and
electronic features, providing a detailed numerical representation of the
solvent electrolytes. The names of these descriptors can be accessed using
the GetDescriptorNames() function, with a comprehensive list available in

Table 5.1.

Table 5.1: List of extracted descriptors considered for the learning of
reduction and oxidation potential of the solvent electrolytes. All the features

have been extracted using RDKit library.

Symbols Descriptors
MaxAbsEStatelnd Maximum ab.solute value of E-'StaFe in'dex., which
x characterizes the electron distribution in a
molecule.
Maximum E-State index, indicating the
MaxEStateIndex electrophilicity or electron-attracting ability of a
molecule.
MinAbsEStatelnd .. )
! S N atelnde Minimum absolute value of E-State index.
MinEStateIndex Minimum E-State index.
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Quantitative Estimate of solvent-likeness, a

qed measure of how "solvent-like" a molecule is based
on certain criteria.
Molecular weight of a molecule, the sum of the
MolWt . . .
atomic weights of all atoms in the molecule.
HeavyAtomMolW Molecular weight considering only the heavy
t (non-hydrogen) atoms.
ExactMolWt Exact molecular weight, accounting for isotopic
masses of atoms.
NumValenceElect
um aO(;nSce ““U | Total number of valence electrons in the molecule.
NumRadicalElectr | Number of unpaired electrons or radicals in the
ons molecule.
MaxPartialCharge Maximum partial atomic charge within the
molecule.
MinPartialCharge Minimum partial atomic charge within the
molecule.
MaxAbsPartial Ch . . .
ax Srgz 2 Maximum absolute value of partial atomic charge.
MinAbsPartial Ch, .. : .
n Srgae 1 Minimum absolute value of partial atomic charge.
FpDensityMorgan Fingerpript Den‘sity for Morgan circular .
) fingerprints with radius 1. It measures the density
of substructures in the molecule.
FpDensityMorgan Fingerprigt Den'sity for Morgan circular '
) fingerprints with radius 2. It measures the density
of larger substructures than FpDensityMorgan].
Fingerprint Density for Morgan circular
FpDensityMorgan | fingerprints with radius 3. It measures the density
3 of even larger substructures than

FpDensityMorgan2.

BCUT2D _MWHI

Burden modified molecular weight for atoms with
high atomic numbers.
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BCUT2D MWLO
W

Burden modified molecular weight for atoms with
low atomic numbers.

BCUT2D_CHGHI

Burden modified charge for atoms with high
atomic numbers.

BCUT2D_CHGL
O

Burden modified charge for atoms with low
atomic numbers.

BCUT2D_LOGPH
I

Burden modified logarithm of the partition
coefficient for polarizability.

BCUT2D_LOGPL
oW

Burden modified logarithm of the partition
coefficient for lipophilicity.

BCUT2D_ MRHI

Burden modified molar refractivity for atoms with
high atomic numbers.

BCUT2D_MRLO

Burden modified molar refractivity for atoms with

W low atomic numbers.
Average Information Content of the
Avelbe Physicochemical Properties. It quantifies the
&p diversity of physicochemical properties in a
molecule.
Balaban] Balgban J Index, a topological index used .to
describe the molecular structure and branching.
Bertz Chemical Topological Index, a topological
BertzCT index used to characterize the complexity of the
molecular structure.
Chi0 Zeroth-order molecular connectivity index, which
quantifies molecular branching.
ChiOn Chi0 without hydrogen contributions.
ChiOv Chi0 including hydrogen contributions.
Chil First-order molecular connectivity index, related to
molecular shape.
Chiln Chil without hydrogen contributions.
Chilv Chil including hydrogen contributions.
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Chi2n

Chi2 without hydrogen contributions.

Chi2v Chi2 includes hydrogen contributions.
Chi3n Chi3 without hydrogen contributions.
Chi3v Chi3 including hydrogen contributions.
Chi4n Chi4 without hydrogen contributions.
Chidv Chi4 including hydrogen contributions.
HallKierAlpha Hall-Kier Alpha shape index, used to describe
molecular shape.
Toc Information content of topological indices, a
P measure of molecular complexity.
Kappal First-order kappa shape index, characterizing
molecular shape.
Kappa2 Second-order kappa shape index, characterizing
molecular shape.
Kappa3 Third-order kappa shape index, characterizing
molecular shape.
LabuteASA

Labute's Approximated Surface Area, an estimate
of molecular surface area.

PEOE VSAL to

Partial Equalization of Orbital Electronegativities -
Van der Waals Surface Area descriptors for

PEOE Al4

OE_VS different substructures.
SMR_VSAI to MSI()lvelnt 2CCfGSSIb11{e Surfacte ?rea (:ﬁiA)f
SMR_VSA10 olecular Surface Representations ( ) for

different substructures.

SlogP_ VSAL to
SlogP VSA12

SlogP (logarithm of the partition coefficient)
contributions for different substructures.

TPSA

Topological Polar Surface Area, a measure of the
total polar surface area in a molecule.

EState VSAI

Estate Van der Waals Surface Area descriptor for a
specific substructure
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EState VSA2 to
EState VSA1l

E-State Van der Waals Surface Area descriptors
for specific substructures.

VSA EStatel to
VSA EStatel0

Van der Waals Surface Area descriptors based on
the E-State indices for specific substructures.

Fraction of carbons with sp3 hybridization in the

FractionCSP3
molecule.
HeavyAtomCount Count of heavy atoms (non-hydrogen atoms) in the
molecule.
NHOHCount Count of N-H and O-H groups in the molecule.
NOCount Count of nitro groups (N=0) in the molecule.
NumAliphaticCarb . . .
umAlphaticl-ar Number of aliphatic (non-aromatic) carbocycles.
ocycles
NumAliphaticHet . . :
umaAdiphatictete Number of aliphatic (non-aromatic) heterocycles.
rocycles
NumAliphaticRi . . 8
um lpS aticiing Total number of aliphatic (non-aromatic) rings.
NumA ticCarb .
umAromatictar Number of aromatic carbocycles.
ocycles
NumA ticHet
umaAromaticticte Number of aromatic heterocycles.
rocycles
NumA ticRi S
um ror;la ICRINg Total number of aromatic rings.
NumHAcceptors Number of hydrogen bond acceptor sites in the
molecule.
NumHDormors Number of hydrogen bond donor sites in the
molecule.
Number of heteroatoms (non-carbon and non-
NumHeteroatoms .
hydrogen atoms) in the molecule.
NumRotatableB
umio gsa cbon Number of rotatable bonds in the molecule.

197




NumSaturatedCarb

Number of saturated (non-aromatic) carbocycles.

ocycles
NumSaturatedHet )
umoattratedicte Number of saturated (non-aromatic) heterocycles.
rocycles
NumSaturatedRi D
um-aturateiting Total number of saturated (non-aromatic) rings.
S
RingCount Total number of rings in the molecule.
MolLogP Logarithm of the partition c'oe.fﬁcierhlt. (}ogP), a
measure of a molecule's lipophilicity.
Molecular refractivity, a measure of the total
MolMR N
polarizability of a molecule.
fr Al COO Presence of an aliphatic carboxylic acid group.
fr Al OH Presence of an aliphatic alcohol group.

fr Al OH_noTert

Presence of an aliphatic alcohol group without
tertiary carbon adjacent to it.

fr ArN Presence of an aromatic amine group.
fr Ar COO Presence of an aromatic carboxylic acid group.
f Ar N Presence of an aromatic nitrogen (not in an amine
- - group).
fr Ar NH Presence of an aromatic amine group.
fr Ar OH Presence of an aromatic alcohol group.
fr COO Presence of a carboxylic acid group.
fr_COO2 Presence of a ketene group (carbonyl group
g
attached to a carbonyl group).
fr CO Presence of a carbonyl group.
f C O noCOO Presence of a carbon'yl gr'oup without adjacent
- - - carboxylic acid groups.
fr CS Presence of a carbon-sulfur bond.
fr HOCCN Presence of an N-substituted hydroxylamine.
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fr Imine Presence of an imine group.
fr NHO, fr NH]1, Presence of zero, one, or two nitrogen-hydrogen
fr NH2 (amine) groups.
fr N O Presence of a nitrogen-oxygen bond.
fr Ndealkylationl, Presence of potential sites for dealkylation
fr Ndealkylation2 reactions.
fr Nhpyrrole Presence of a nitrogen atom in a pyrrole ring.
fr SH Presence of a thiol (sulthydryl) group.
fr_aldehyde Presence of an aldehyde group.
fr_alkyl_;: arbamat Presence of an alkyl carbamate group.
fr_alkyl halide Presence of an alkyl halide group.
fr_allylic_oxid Presence of an allylic oxidation site.
fr amide Presence of an amide group.
fr amidine Presence of an amidine group.
fr_aniline Presence of an aniline group.
fr aryl methyl Presence of an aryl methyl group.
fr azide Presence of an azide group.
fr azo Presence of an azo group.
fr_barbitur Presence of a barbiturate group.
fr benzene Presence of a benzene ring.
fr_benzodiazepine Presence of a benzodiazepine group.
fr_bicyclic Presence of a bicyclic ring system.
fr diazo Presence of a diazo group.
fr_dihydropyridine Presence of a dihydropyridine group.
fr_epoxide Presence of an epoxide group.
fr_ester: Presence of an ester group.
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fr_ether Presence of an ether group.

fr_furan Presence of a furan ring.
fr_guanido Presence of a guanido group.
fr_halogen Presence of a halogen atom.
fr_hdrzine Presence of a hydrazine group.
fr_hdrzone: Presence of a hydrazone group.

fr_imidazole:

Presence of an imidazole group.

fr_imide

Presence of an imide group.

fr_isocyan

Presence of an isocyanate group.

fr_isothiocyan

Presence of an isothiocyanate group.

fr_ketone

Presence of a ketone group.

fr_ketone Topliss

Presence of a ketone group (Topliss approach).

fr_lactam Presence of a lactam group.
fr lactone Presence of a lactone group.
fr_methoxy Presence of a methoxy group.

fr morpholine

Presence of a morpholine group.

fr_nitrile

Presence of a nitrile group.

fr nitro

Presence of a nitro group.

fr nitro_arom

Presence of a nitro group on an aromatic ring.

fr nitro_arom non

Presence of a nitro group on an aromatic ring in a

ortho non-ortho position.
fr_nitroso: Presence of a nitroso group.
fr_oxazole Presence of an oxazole ring.
fr_oxime Presence of an oxime group.

fr para_hydroxylat
ion

Presence of a para-hydroxylation site

fr_phenol

Presence of a phenol group.
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fr_phenol noOrtho
Hbond

Presence of a phenol group without ortho-
hydrogen bonding.

fr phos_acid

Presence of a phosphonic acid group.

fr phos_ester

Presence of a phosphoester group.

fr_piperdine: Presence of a piperidine group.
fr piperzine Presence of a piperazine group.
fr priamide Presence of a primary amide group.
fr_prisulfonamd Presence of a primary sulfonamide group.
fr pyridine Presence of a pyridine ring.
fr_quatN Presence of a quaternary nitrogen atom.
fr sulfide: Presence of a sulfide (thioether) group.

fr_sulfonamd:

Presence of a sulfonamide group.

fr _sulfone

Presence of a sulfone group.

fr_term_acetylene

Presence of a terminal acetylene group.

fr_tetrazole

Presence of a tetrazole ring.

fr thiazole

Presence of a thiazole ring.

fr thiocyan

Presence of a thiocyanate group.

fr urea Presence of a urea group.
Sum_fp Sum of binary bits of fingerprints
Average fp Average of binary bits of fingerprints

Deviation_fp

deviation of binary bits of fingerprints

To ensure that the features used in our models are both relevant and
distinctive, we excluded elemental properties, as they do not differentiate
between isomers. Accurate differentiation between such isomers is crucial
for the effective training of ML models. The considered molecular

descriptors represent the chemical and physical properties of the solvent
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electrolytes. Along with the molecular descriptors, statistical sum, average
and standard variation of molecular fingerprints have also been considered
for the solvent electrolytes. The molecular descriptors involved both the
structural features as well as electronic features. For example,
NumRotatableBonds, MolWt, NumHDonors, NumHAcceptors etc.
represent the structural features whereas NumValenceElectrons,
MaxPartialCharge, MinPartialCharge etc., represent the electronic features.
Moreover, the molecular descriptors also involved those features which
represent whether a particular functional group is present or not. For
example, fr_ester, and fr ether represent the presence of ester and ether

group in a solvent electrolyte.

5.4. Results and Discussion

5.4.1. ML Models

To map the molecular descriptors of the solvent electrolytes with their
corresponding oxidation and reduction potential, we have started with
various linear and non-linear ML models, based on the extracted oxidation
and reduction potential data computed via thermodynamic cycle
method./7/0] We have employed twelve different ML algorithms, namely
Lasso (LS), Partial Least Squares (PLS), Ridge Regression (RDG), Kernel
Ridge Regression (KRR), Elastic Net Regression (ENR), K-Neighbors
Regression (KNR), Support Vector Regression (SVR), AdaBoost
Regression (ABR), Gradient Boosting Regression (GBR), Decision Tree
Regression (DTR), Extreme Gradient Boosting Regression (XGBR), and
Random Forest Regression (RFR). In the initial stage, we evaluated these
nine ML algorithms for predicting red-ox potentials using cross-validation
with default parameters to screen for the most promising model types
(linear, non-linear, tree-based, bagging-boosting). This preliminary
screening allowed us to avoid overfitting and provided a fair assessment of
each model's baseline performance without extensive computational cost.

After identifying the most suitable models, we performed detailed
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hyperparameter tuning on these selected models. To ensure the reliability
and generalization of the ML models, we started with examining the
stability of the considered ML models through three different cross-
validation (CV) methods, namely, K-fold CV, repeated K-fold CV
(RKFCV), and leave-one-out-CV (LOOCV) methods. The bar plot of
RKFCV and LOOCV for oxidation and reduction potential has been
depicted in Figure 1 and the K-fold CV data has been tabulated in Table
5.2.

—
&

08 JE RKFCV (V) OX
o7 LOOCV (V)
0.6

0.5

0.4 -
0.3 1
0.2 1
0.1 1
L =mF=——_—"""T"—"T

05 EL‘EE\’,‘“‘ RED
(V)

0.4 -
0.3 -
0.2 -
0.1-
077

Figure 5.3: Bar plot of mean absolute error (MAE) calculated using

MAE (V vs. Li*/Li)

(

O
~—

MAE (V vs. Li*/Li)

repeated K-fold cross-validation (RKFCV) and leave one out cross-
validation (LOOCYV). Error bar for (a) Oxidation potential, and (b)
Reduction potential. For RKFCV, 5 times repeated 10-fold CV has been

considered.
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Table 5.2: The cross validated MAE of the ML algorithms for the

prediction of oxidation potential and reduction potential of various solvents.

MAE (V)/OX MAE (V)/Red
ML 10- | RK-
Modets | 0| R 000y | fold | fold | Loocy
CV | fold CV N
LS | 050 | 05l 051 | 047 | 047 0.47
PLS | 045 | 045 045 | 045 | 045 0.45
RR | 035 | 037 035 | 039 | 040 0.37
KRR | 037 | 038 037 | 038 | 039 0.37
ENR | 049 | 0.49 048 | 045 | 045 0.45
KNR | 061 | 0.60 0.60 | 047 | 046 0.45
SVR | 075 | 075 075 | 049 | 049 0.49
ABR | 042 | 043 0.44 | 045 | 045 0.46
GBR | 030 | 031 030 | 034 | 032 0.33
DTR | 049 | 0.50 050 | 043 | 043 0.39
RFR | 033 | 034 033 | 032 | 032 0.32
XGBR | 032 | 033 033 | 035 | 034 0.32

From the CV result (Figure 5.3), it has been observed that linear ML models
are not suitable to capture the underlying pattern of the data for the
prediction of both oxidation and reduction potential as the MAE is relatively
high compared to the other ML models which reflects the complexity of the
dataset. Low MAE has been observed for the tree-based algorithms
indicating the high potential of learning the underlying factors affecting the
oxidation and reduction potential of the solvent electrolytes. However, the
consistency in MAE through two different CV methods have been remain
conserved showcasing the stability of the applied ML models. Among the
tree-based algorithms GBR, RFR, and XGBR have been found to produce

higher accuracy for the prediction of red-ox (Reduction and oxidation)
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potential. Hence, from the primary CV assessment, we proceed with these

three algorithms.

5.4.2. Feature Engineering

The learning of ML models with such high dimensional (210) data is a
highly challenging task and also computationally costly. Thus, the focus has
been shifted to eliminate unnecessary features from the input space to make
the training process more efficient. Numerous techniques are available to
reduce high-dimensional datasets by eliminating redundant features. For
example, a method named NCOR-FS is proposed, which incorporates
materials domain knowledge through Non-Co-Occurrence Rules
(NCORs)./43] NCORs quantify how well feature subsets adhere to domain
knowledge, and the feature selection process is optimized using a swarm
intelligence algorithm. Lin and co-workers have adopted recursive feature
elimination process to eliminate the unnecessary features which do not
contribute to the achievement of higher accuracy./44/ In our previous study
we have successfully applied statistical Select-K-Best method to reduce the
dimension of our data and got some excellence accuracy for the prediction
of adsorption energy./34/ Here, in addition to Select-K-Best, model
dependent feature selection has also been applied to make the feature
selection process more robust. Hence, we have applied two-stepwise feature
elimination methods, namely, Select-K-Best, which is a model independent
feature selection method, followed by model dependent feature selection.
The Select-K-Best measures the variance of target variable with respect to
the input variables through ANOVA-F value analysis, a statistical method
to compute the model independent feature importance. We have applied this
method on the three selected ML models, GBR, RFR, and XGBR to reduce
the dimension of the red-ox dataset based on the minimum MAE error. The
higher the F-value, the higher will be the correlation between that input
feature and the output. We have stridden the selection of features by 10
starting with 10 features, thus, generating 21 number of different feature

sets. For each feature set the MAE error has been computed for all the three
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models for red-ox potential data. The feature selection plot for XGBR and
RFR are depicted in Figure 5.4, and the same for GBR has been shown on

.
Figure 5.5.
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Figure 5.4: Feature selection plot based on the MAE for all the 21 feature
sets. (a) XGBR/RED, (b) RFR/RED, (c) XGBR/OX, and (d) RFR/OX. All
the different colour balls are different features sets consisting of top ranked

features.
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Figure 5.5: Feature selection plot based on the MAE for all the 21 feature
sets. (a) GBR/RED, and (b) GBR/OX.
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The error has been calculated through RKFCV method on the whole dataset
to ensure the stability of the ML models and to avoid the stochasticity
problem due to the automatically and randomly train-test split data set. The
selection of best features is based on the ANOVA-F value and not selected
sequentially. Hence, each set of features are comprised of top ranked

features.

The number of features providing minimum error in case of reduction
potential for GBR, XGBR, and RFR are 110, 160, and 130 respectively
whereas for oxidation potential 60, 80, and 190 respectively (Figure 5.4,
and Figure 5.5). The different number of features for different algorithms
indicates the various learning capability of these ML models. Further, we
have processed the data with these statistically selected top ranked features
for each model to calculate the model dependent feature importance. The
feature importance of each feature extracted from Select-K-Best method for
each algorithm was then calculated, and the results were sorted in
descending order. Our approach involved starting with the top 10 most
influential features and employing RKFCV to compute the MAE.
Subsequently, we incrementally increased the number of features by 10 and
re-evaluated the MAE for each feature set. This process was iteratively
performed for three ML algorithms (XGBR, RFR, and GBR). The
optimization of the feature selection method was determined by identifying
the minimum MAE across different feature sets for each algorithm. We
have discarded all those features with very less contribution towards the
prediction of target variable for the corresponding ML models. The
selection of the most contributed features is based on the comparing MAE
value and thus we have further reduced the dimensionality the dataset
without any compromise in the accuracy for the prediction of red-ox
potential. The feature importance plot for reduction potential and oxidation
potential of XGBR and RFR models has been depicted in Figure 5.6 and
the same for GBR has shown in Figure 5.7.
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Table 5.3: The list of most contributed features for reduction potential for

GBR, RFR, and XGBR.

GBR/RED RFR/RED XGBR/RED
symb Features symb Features symb Features Name
ol Name ol Name ol
F1 SMR_VSAI10 | Fl SMR—OVSAI F1 SMR_VSAI10
BCUT2D M
F2 fr halogen F2 WHI F2 fr _halogen
F3 | VSA EState7 | F3 | MIDADSES®UI oyl g tioncsP3
- elndex
F4 HallKierAlpha | F4 | PEOE VSAS5 | F4 HallKierAlpha
BCUT2D _CH FractionCSP
F5 GLO F5 3 F5 EState VSA10
BCUT2D MR BCUT2D M
F6 HI F6 RHI F6 VSA_ EState7
- BCUT2D M 77 HallKierAlph 7 VSA EStated
WHI a -
MinAbsEState BCUT2D C
F8 Index F8 HGLO F8 SMR_VSA7
F9 qed F9 | PEOE VSA8 | F9 PEOE_VSA5S
F10 FpDensityMor F10 VSA EState F10 Chiv
gan2 10
F11 SMR_VSA6 F11 fr_halogen F11 EState VSAI1
MinPartialCha BCUT2D M BCUT2D LOG
F12 F12 - F12 -
rge RLOW PHI
P13 FpDensityMor P13 VSA EState F13 | PEOE VSA12
ganl 7 -
MinPartialCh
Fl4 | EState VSAI0 | F14 | MmPartialCh e o g10ep vsa2
arge
FpDensityM
F15 Kappa2 F15 | PoYMOl g5 | PEOE VSA6
rganl -
BCUT2D LO
F16 GPLOW F16 ged F16 SlogP VSA3
F17 | PEOE VSAS | F17 VSA—fState F17 | PEOE VSAl4
F18 | VSA EState4 | F18 | SlogP VSA3 | FI18 BCUT?E—CHG
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F19 SlogP_ VSA2 | F19 | SlogP VSA2 | F19 Chi2v
F20 | VSA EState3 | F20 Chi3v F20 BCUT;?—MW
F21 Chi2v F21 Ipc
F22 MaXPi‘ggalCha F22 | PEOE VSA4
F23 | PEOE VSAl4 F23 BCUTEB—CHG
F24 | FractionCSP3 F24 | PEOE VSAS
F25 SMR_VSA7 F25 fr NHO
F26 Chi3v F26 Chi0
F27 | PEOE VSA9 F27 | SlogP VSAI10
28 MaxAbsPartial 28 NumValenceFEl
Charge ectrons
BCUT2D M .
F29 WLOW F29 Chiln
F30 SlogP VSA3 F30 qed
F31 FpDensityMorg
anl
F32 ChiOn
F33 SMR_VSA6
F34 Avglpc
F35 | VSA_ EStatel
F36 SMR_VSA3
F37 EState VSAS
F38 PEOE_VSA7
F39 VSA EState3
F40 Kappal
F41 SlogP VSA4
F42 TPSA
F43 | EState VSA2
BCUT2D_MR
F44 -
HI
F45 LabuteASA
F46 VSA_ EState8
F47 MaxPartialChar
ge
F48 PEOE_VSAI1

210




F49 MinAbsEStatel
ndex
F50 BertzCT

Table 5.4: The list of most contributed features for oxidation potential for

GBR, RFR, and XGBR.

GBR/OX RFR/OX XGBR/OX
Sym Feature Sym Feature Sym
bol Name bol Name bol Feature Name
F1 TPSA F1 TPSA F1 PEOE VSA4
F2 | PEOE VSA4 | F2 | PEOE VSA4 | F2 SMR_VSA7
03 MaxPartialC 3 MaxPartialCh " TPSA
harge arge
BCUT2D M BCUT2D M
F4 WHI F4 WHI F4 SlogP_VSA10
s VSA_ EState s MinPartialCh s PEOE VSA 14
7 arge -
F6 PEOEZVSAI F6 | VSA EState7 | F6 EState VSA10
7 MinAbsParti - BCUT2D LO 7 fr Ndealkylation
alCharge GPLOW 1
PEOE_VSAIl
F8 Avglpc F8 4 F8 SMR_ VSA3
9 HallKierAlph F9 MinAbsEStat 9 VSA EState?
a elndex -
F10 | PEOE vsAs | F1o | MnADSPartia | e 1 g 00p vsal
- 1Charge -
Fl1 VSA EState F11 MaxAbsPartia Fl1 fr amide
3 1Charge -
F12 | SMR_VSA7 | F12 | PEOE VSAS | FI12 VSA EState3
MaxPartialCh
F13 | SlogP VSAG6 | FI3 Chi3v F13 | ol e‘a Charg
F14 | SMR VSA6 | FI4 | MolLogp | Fl4 | T umAromaticHe
- terocycles
F15 | SlogP VSAL | F15 FpDensityMo F15 MinPartial Charg
- rgan3 e
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o1e | EpDensityMo [ T SlogP VSAI | _ [BCUT2D_MWH
rgan3 0 I
BCUT2D_LOG
F17 Kappal F17 Avglpc F17 .
PHI
EState VSA
Fig | oW el—VS F18 | VSA EState6 | F18 | SMR VSA2
MinEStatel
F19 | ™ dexa “M1 F19 | Kappal F19 | fr alkyl halide
F20 VSA—6EState F20 | VSA EState3 | F20 | SlogP VSAIl
1 EState VSA 1 FpDensityMo 1 PEOE VSAS
10 rganl -
F22 fr—augg—hah F22 | SMR_VSA7 | F22 | EState VSA2
F23 | SMR_VSA3 | F23 BCURTé?—M F23 | EState VSAI
4 SlogPBVSAl 4 EState(_)VSAl B4 fr furan
F25 Chi0n F25 fr—alk{:—hahd F25 Chi0n
BCUT2D L FpDensityMo :
F26 | oo | F26 gan2 F26 Chiln
F27 Chiln F27 Kappa2 F27 fr lactone
. BCUT2D LO
F28 fr amide F28 GPHI F28 SlogP VSA7
F29 BCUT2D M F29 MaxAbsEStat F29 SMR VSA6
RHI elndex -
MinAbsPartial
F30 | fr halogen | F30 |  Chidy | F30 | MinAbsPartialC
harge

In case of reduction potential, there are 30, 50, and 20 number of features

have been found to be the most contributing factor for GBR, XGBR, and

RFR ML models respectively whereas for oxidation potential we have got

30 features for all the ML models. All the most contributed features

corresponding to each algorithm for reduction and oxidation potential have

been tabulated in Table 5.3-5.4. It has been found that the feature F1

(SMR_VSA10) is the most contributed feature for the learning of reduction
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potential for all three ML models. It suggests that this specific aspect of
solvent accessibility is highly related to the surface area, can capture the
information about the distribution of electron density on the surface of the
solvent molecules. High values of this descriptor might indicate regions of
the molecule that are more accessible to electrons, potentially influencing
the reduction potential. However, for oxidation potential prediction TPSA
(Topological Polar Surface Area) is the most contributing feature for both
GBR and RFR algorithms and PEOE VSA4 (Partial Equalization of Orbital
Electronegativities and the Variable Shape Descriptors for Atoms) for
XGBR. TPSA is related to the distribution of polar atoms and polar bonds
on a molecule. In the context of oxidation potential, it captures the
information about electron donation or withdrawal capabilities thus highly
related to oxidation potential. PEOE VSA4 specifically represents the
Potential Energy for the fourth bin in the Variable Shape Descriptor (VSA)
scheme. The PEOE VSA method divides a molecule into bins based on its
van der Waals surface, and each bin corresponds to a specific range of

electrostatic potential values.

5.4.3. Hyperparameter Tuning

After selecting the most contributed features for each ML model for both
reduction and oxidation potential, we have processed the data further for
hyperparameter tuning to improve the accuracy of these ML models. We
have utilized the RandomizedSearchCV with 500 iterations as implemented
in the scikit-learn library to find out the optimum hyperparameters for each

ML model.45 All the optimized hyperparameters are tabulated in Table 5.5.

Table 5.5: Optimized hyperparameters used for the testing of ML models

for the prediction of reduction and oxidation potential.

ML Optimized Hyperparameters
Models Reduction Potential Oxidation Potential
n_estimators=300, n_estimators=1800,
GBR max_depth=>5, min_samples_leaf=2,
min_samples_split=10 min_samples_split=5
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n_estimators=800, n_estimators=100,
max_depth=11, max_depth=13,
learning_rate=0.05, learning_rate=0.1,
XGBR gamma=0.1, gamma=0.1,
reg_alpha=0.5, reg_alpha=0.5,
reg lambda=0.5, reg_lambda=0,
min_child weight=5 min_child weight=3
n_estimators=200, .
RER max_depth=9, n_estimators=60,
min_samples leaf=2 max_depth=11

With the optimized hyperparameters, the MAE of each ML model has been
calculated on 80% train data and 20% test data. In the scatter plot (Figure
5.8 and Figure 5.9), we have demonstrated the solvent electrolytes with

respect to different functional group.
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Figure 5.8: Parity plot to compare the DFT calculated and ML predicted
result for (a) XGBR/RED, (b) RFR/RED, (¢) XGBR/OX, and (d) RFR/OX.
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Figure 5.9: Parity plot to compare the DFT calculated and ML predicted
result for (a) GBR/RED, and (b) GBR/OX.

The names of the functional groups are represented in the inset of the plot.
There is total eight different functional groups present in the data. For both
the reduction potential and oxidation potential XGBR has been found to be
performed well with a test MAE of 0.37 V and 0.25 V respectively. The
train and test MAE for RFR is much higher compared to XGBR and GBR
which indicates the inefficient training of the RFR model. However, for
GBR, though the test errors for both reduction (0.36 V) and oxidation (0.23
V) potential are comparable with XGBR, the training errors are 0.003 V,
and 0.005 V indicates the overfitting issue where the ML model is able to
learn the training data accurately while unable to predict the test data. Thus,
we have excluded both the GBR and RFR models for the prediction of
reduction and oxidation potential. The accuracy of the XGBoost Regressor
(XGBR) model is substantiated by the outcomes of both repeated RKFCV
and LOOCYV, as illustrated in Figure 5.3. These results serve as compelling
evidence of the model's stability and generalizability, affirming its robust
predictive capabilities. Thus, for both reduction and oxidation potential, we
have selected XGBR model as the most suited ML model for further
application in unknown solvent space. This could be attributed to its
exceptional scalability and proficiency in managing extensive datasets
characterized by intricate non-linear correlations between input features and

output variables./46] From the reduction and oxidation potential, we have
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further calculated the ECW values and compared it with the DFT calculated
ECW values. The predicted results show the high absolute error in ECW for
few solvents is mainly originates from the reduction potential value.
Learning the reduction potential through the trained ML model with 308
number solvent data covering various functional groups is highly
challenging compared to oxidation potential. This could be because of
presence of both negative and positive reduction potential value present in
the data set as well as very high variance with respect to change in the
structure of the solvent molecules. For example, though there are lot of
similarity between the structure of 4-methyl-1,3-dioxolane (4ME13DOL)
and 2-methyl-1,3-dioxolane (2ME13DOL), the reduction potentials are not
even close to each other (-2.65 V and -0.42 V) whereas the oxidation
potentials are very close to each other (5.29 V and 5.35 V). Similar high
error trend has been observed for ethyl methanesulfonylacetate (EMSA)
and 2-(methylsulfonyl)ethyl acetate (MSEA) because of high variance.
Thus, though ML model is able to predict the oxidation potential accurately,
is unable to predict the reduction potential with such high accuracy.
Increasing the number of solvents in the training set with similar type of
solvent molecules can mitigate the issue of unable to distinguish between
almost two similar structures. However, as the models are trained on the
extracted DFT calculated data, we have not included any experimental data
to maintain the homogeneity of the data and to ensure the method of

calculated ECW remain same for each data point.

5.4.4. Validation of ML Prediction

In addition to cross-validation, we assessed the ML-predicted oxidation and
reduction potentials for certain solvents in the validation set, which were
not present in either the training or testing sets. Specifically, we compared
these predictions against experimentally reported values for at least one
oxidation and reduction potential. The results of this comparative analysis
are presented in Table 5.6. The observed conformity between the ML-

predicted oxidation and reduction potentials and the corresponding
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experimental values, consistent with the trends identified through DFT,
underscores the accurate prediction ability of the ML model. Consequently,
the XGBR model exhibits the capability to efficiently determine the ECW
of solvent electrolytes within a short timeframe and with minimal resource
requirements. This predictive ability positions the model as a valuable tool
for guiding experimental researchers in the exploration of novel solvent

electrolytes for rechargeable metal-ion batteries.

Table 5.6: Comparison of DFT and experimentally measured oxidation
potential, reduction potential, and ECW of solvent electrolytes belongs to
validation set with the XGBR model predicted oxidation potential,

reduction potential, and ECW value.

Oxidation Reduction
Potential Potential
Solvents (V vs. Li"/Li) (V vs. Li"/Li)

E E
DFT | ML |~ |DFT | ML | * | DFT | ML | Exp.

p- p.

ECW
(V vs. Li*/Li)

Ethyl
isobutyl
sulfone
(EiBS)

Ethyl
methyl
sulfone
(EMS)

2-
Fluoropr
opyl
methyl

575 | 589 |56 ]-034|-031| / | 6.09 | 6.2 /

6.01 | 6.01 |59 (-027|-0.17| / | 6.28 | 6.18 /

6.6 | 653 |64]-014]-023| / | 6.74 | 6.76 /
carbonat

e
(2FPMC
)
Dimetho
xymetha
ne
(DMM)

54 | 52 [35]-0.19|-039| / | 559 | 559 /
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2.
Fluoroet
hyl
acetate
(2FEA)

6.37

6.48

5.8

-0.06

0.09

6.43

6.39

Dipropy
1 sulfone
(DPS)

5.79

5.74

5.7

0.16

-0.39

5.63

6.13

Methyl

propyl
carbonat
e (MPC)

6.16

6.47

6.4

-0.14

-0.25

6.3

6.72

n-
Methyla
cetamid
e
(NMA)

5.32

5.48

53

0.03

0.02

5.29

5.46

1-
(Ethanes
ulfonyl)-

2-
methoxy

ethane
(EMES)

5.53

5.50

-0.35

5.88

5.8

5.6

2-
Fluoroet
hyl
propiona
te
(2FEP)

6.13

6.15

6.2

-0.22

0.23

6.35

5.92

Fluorom
ethyl
methyl
carbonat
e
(MFDM
9)

6.98

7.15

6.5

0.1

0.1

7.18

7.05

6.38

Methyl
2,2,3.3,3

7.05

6.98

6.6

0.08

0.15

6.97

6.83
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pentaflu
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yl

carbonat
e

(PFPMC
)
1-

Ethoxy-

2-(2,.2,2-

wifluoro | 509 | 532 | 27 | 052|052 | 7 | 581 584

ethoxy) 5

ethane

(ETFEE
)

Once the XGBR model was validated, we applied SHAP (SHapley Additive
exPlanations) analysis to gain an in-depth understanding of the model
through local feature analysis. Given that XGBR is a black-box model,
SHAP analysis is particularly valuable in identifying which features
significantly influence the accuracy of predictions and which are
responsible for less accurate predictions. We conducted SHAP analysis for
both reduction and oxidation potential predictions to enhance the
interpretability and robustness of our results. Specifically, we selected two
systems for each type of prediction: one with the most accurate predictions
and another with the most deviated predictions. The SHAP waterfall plots
for the systems with the most accurate predictions are depicted in Figure
5.10, while those for the most deviated systems are shown in Figure 5.11.
For reduction potential predictions, features such as MinAbsEStateIndex,
SMR_VSAI10, and IPC had the most significant influence, contributing
negatively to the accurate predictions (Figure 5.10a). For oxidation
potential predictions, TPSA, MaxPartialCharge, and Estate-VSA10 were

found to be crucial for accurate predictions (Figure 5.10b).

219



(a) Solvent: 1-Ethoxy-2-(2,2,2-
f(x)=-0.518 trifluoroethoxy)ethane (ETFEE)
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Figure 5.10: SHAP waterfall plot for the most accurately predicted (a)

oxidation potential system, and (b) reduction potential system.

For reduction potential predictions, MinAbsEStateIndex highlights the
most electron-dense regions, SMR_VSAI10 reflects polarizable surface
areas, and IPC indicates structural complexity. These factors collectively
influence how readily a molecule accepts electrons. For oxidation potential
predictions, TPSA represents the molecule's polar surface area,
MaxPartialCharge points to the most electron-deficient site, and Estate-

VSA10 combines electronic state with surface accessibility.
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(a) Solvent: 4-Methyl-1,3-dioxolane

Al =044 Actual RED-Potential: -2.65 V
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(b) Solvent: Fluoroacetonitrile
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Figure 5.11: SHAP waterfall plot for the most deviated (a) oxidation

potential system, and (b) reduction potential system.

These features affect how easily a molecule can lose electrons, stabilizing
the positive charge generated during oxidation. In the case of the most
deviated reduction potential system, although MinAbsEStateIndex and
SMR_VSAI10 remained influential, their order and contribution differed,
and the absence of IPC significantly impacted the prediction accuracy. For
the most deviated oxidation potential system, the deviation was attributed
to the absence of key features present in the most accurate system.
Additionally, several features contributed negatively, underscoring the

differences between the most accurate and most deviated systems. This
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local feature analysis using SHAP provides a clear picture of each feature's
contribution to redox potential predictions. By applying SHAP to our
XGBR model, we establish a baseline, identifying important features along
with their magnitude and direction for accurate redox potential predictions,

thus enhancing the model's transparency and interpretability.

5.5. Unknown Solvent Space Exploration

Following the finalization of the XGBR model for determining ECW, we
applied the model to systematically explore an extensive unknown solvent
space concerning ECW, leveraging optimized features. We amassed a
dataset comprising of 4882 solvents, each accompanied by its SMILES
string, sourced from the PARIS III database, widely utilized across various
industries./47] Employing RDkit, we generated the requisite features for
applying the optimized XGBR model, enabling the prediction of ECW for
each solvent electrolyte. Utilizing selected features and fine-tuned
hyperparameters, we initially predicted the oxidation and reduction
potentials of the solvent molecules. Subsequently, we subjected the
resultant data to a clustering model, categorizing the solvent database into
smaller subgroups. This clustering approach offers a strategic means for
experimental researchers to navigate the vast solvent landscape, facilitating
the identification of promising candidates for battery electrolyte testing
while circumventing the inefficiencies associated with trial-and-error
methodologies. The outcomes of these predictions, coupled with the data
analysis and clustering methodologies, are elaborated upon in the

subsequent sections.

5.5.1. Clustering of Solvent Electrolytes

Utilizing the XGBR model with optimized hyperparameters we have
determine the ECW of 4882 solvent electrolytes. The lowest ECW is
observed for 4-Methylbenzyl chloride (2.29 V) where Methyl glycidyl ether
shows highest ECW (9.67 V). The ML-predicted ECW of Methyl glycidyl
ether, also known by its [IUPAC name 2-(Methoxymethyl)oxirane is an
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epoxide, characterized by a three-membered ring containing an oxygen
atom. The molecular structure of 2-(Methoxymethyl)oxirane can be found

in Figure 5.12.

O
0

Figure 5.12: Structure of 2-(Methoxymethyl)oxirane.

The presence of electronegative atoms can lead to a stabilized anodic
limiting potential energy level, which results in a larger energy gap between
the cathodic and anodic limiting potentials, thus yielding a higher ECW.
Additionally, the high ECW prediction can be attributed to the unique
presence of an epoxide group in the solvent molecule. It is important to note
that the training set used for our XGBR model did not include any solvent
electrolytes containing an epoxide group. This divergence arises because
the training data spans a range of approximately 3.2 V t0 9.6 V (Figure 5.2).
The extended region in the violin plot represents areas where the ML model
predicts values that are at the extremes or even slightly beyond the actual
observed range in your dataset. The oxidation potential prediction for this
solvent is notably high at 9.31 V. However, this is the highest predicted
ECW value, suggesting that it may represent an extreme point with an
associated margin of error. Given that this is an ML-predicted value, it is
inherently subject to some degree of uncertainty. The main objective is to
identify suitable solvent electrolytes with optimum ECW that can be
compatible with high working voltage electrode materials. We divided the
ECW region in three equal range starting from minimum ECW value to
maximum value. This has been done by subtracting the maximum ECW
from the minimum ECW followed by divided by three. Thus, we have
categorized the solvent molecules in three categories, Low ECW (LECW)
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(2.29-4.75 V), Medium-ECW (MECW) (4.76 V—7.21 V), and High-ECW
(HECW) (7.22 V — 9.67 V). However, analysing the individual 4882
solvent electrolytes one by one is practically impossible. Thus, to gain
chemical insights on the predicted data, first we have performed clustering
using unsupervised method on the predicted ECWs of 4882 solvents and
subgroup them in different clusters followed by categorized each cluster
into the three categories. Clustering is a fundamental technique in
unsupervised machine learning, used to group data points into distinct
clusters or categories based on their inherent similarities. Unlike supervised
learning, where the algorithm is provided with labelled training data to learn
from, unsupervised learning operates on unlabelled data, seeking to
discover hidden patterns, structures, or relationships within the data. There
are various clustering algorithms such as k-Means, Hierarchical, DBSCAN
(Density-Based Spatial Clustering of Applications with Noise), Gaussian
Mixture Model (GMM), and Cloud-Clustering, etc. Each algorithm has its
own advantages and disadvantages depending on the specific problem. For
example, the Cloud-Clustering method can quantify the degree of
uncertainty during clustering, whereas the GMM model can recognize
patterns such as speaker identification through clustering./48,49] However,
both the Cloud-Cluster method and GMM are in their infancy stage in the
field of material science and can be more computationally expensive than
k-Means due to the additional complexity of handling parameters such as
expectation, entropy, hyper-Entropy for Cloud-Clustering, and means,
variances, and mixing coefficients for GMM. This increased the
computational cost for large dataset like our case. On the other hand, k-
Means is a well-established algorithm widely validated and commonly used
method in the field of chemistry and materials science, providing
confidence in its applicability to our data./50,5/] Additionally, the
interpretability of k-Means clustering is easier compared to other clustering

algorithms, making it more straightforward to understand and explain the
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results Given these advantages we have considered k-Means clustering for

its balance of efficiency, simplicity, and robustness.

5.5.2. Optimization of Clusters

Here in this study, we have implemented widely applicable k-Means
clustering technique to group down the similar types of data points present
in our dataset. k-Means aims to partition data into k number of clusters by
iteratively minimizing the variance. Each cluster is represented by its
centroid, and data points are assigned to the cluster whose centroid is nearest
to them. For the clustering method, we primarily used features from the
oxidation potential dataset, which demonstrated significantly lower
prediction errors to minimize the overall error in the clustering process.
Post-clustering, we conducted PCA and found that the contribution of ECW
to the principal components was minimal, indicating that ECW errors had a
limited impact on clustering. Excluding it would hinder the effective
linkage of clustering results with ECW classification. Choosing the
optimized number of clusters i.e., the optimum value of k is highly
important, and the parameter tuning is necessary. We have implemented
Elbow method to find out the optimized number of clusters. It provides a
visual aid for selecting the appropriate number of clusters based on the
within-cluster sum of squares (WCSS), which measured the variability or
dispersion also known as distortion of data points within each cluster. In the
context of k-Means clustering, the WCSS for a given number of clusters (k)
is calculated as the sum of the squared Euclidean distances between each
data point in a cluster and its centroid, summed over all clusters.

Mathematically, for k number of clusters:
Distortion = Zi-‘zlzxeci [lx — wll? (1)

Where k and c; represent the number of clusters and the data points present

[13%2]
1

in cluster respectively. x is the individual data, p; is the centroid of

[13%2]
1

cluster “i” and ||x — ;|| is the Euclidian distance between the data point x

and the centroid ;.
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The plot of the number of clusters (k) against the distortion has shown in
Figure 5.13a. The graph typically resembles an elbow. The point at which
this graph shows a noticeable bend or inflection is known as the elbow
point. This point is where the rate of decrease in distortion starts to slow
down significantly. We have fixed the maximum number of clusters as 20
and then calculated the distortion or WCSS for each cluster (Figure 5.13a).
However, from the elbow curve the point at which rate of decrease in
distortion is slowing down is not clear and indistinguishable. Thus, to
identify the elbow point, we further calculate Silhouette score for each
cluster (Figure 5.13b). The Silhouette Score is a metric used to evaluate the
quantity of clustering in unsupervised learning. The highest Silhouette score
has been observed with 11 number of clusters. The 11 optimized number of
clusters indicates that machine is able to group down all the solvent in 11
subclasses where each subclass is expected to show similar kind of
characteristics. Thus, we fixed k =11 and performed the clustering
method. While the anticipated number of clusters in the established DFT
dataset aligns with the eight distinct categories of solvent sets featuring
various functional groups, the identification of eleven clusters within the
unknown solvent space underscores the remarkable capacity of k-Means

clustering.
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Figure 5.13: Optimization of number of clusters where (a) elbow curve,
and (b) bar plot of Silhoutte score. We have considered the maximum

number of clusters as 20.
5.5.3. Cluster Data Analysis

The visualization of all 11 clusters in a two-dimensional space poses a
considerable challenge. To surmount this, we employed principal
component analysis (PCA) to effectively reduce the dimensionality of the
dataset scaled by Minmax scaler. Through this process, we distilled the
features into two principal components—Principal Component 1 (PC1) and
Principal Component 2 (PC2). Each component represents a linear
combination of existing features, with PC1 exerting a greater influence,
followed by PC2. The resulting scatter plot in Figure 5.14a illustrates the
distribution of the 11 clusters in relation to PC1 and PC2. Each cluster is
distinguished by a different colour ball, while the cross marks pinpoint the
centroids of these clusters. Notably, the scatter plot reveals a substantial
overlap among the clusters, indicative of the intricate and complex nature
of the unknown solvent space. This observation underscores the inherent
challenge in achieving clear separations into distinct clusters within this

multifaceted domain.
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Figure 5.14: (a) Clustering of all unknown solvents with respect to PC1 and
PC2, where the different colour ball and black cross represent each cluster
and centroids of the optimum 11 clusters, respectively. (b) Bar plot showing
number of solvents belongs to each cluster, (c) distribution plot of the
optimized 11 clusters with respect to ECW, and (d) density plot of each
cluster residing on various ECW range. The shaded regions of orange, blue,

and green represents the LECW, MECW, and HECW, respectively.

In our in-depth analysis of cluster data, we initiated by quantifying the
distribution of solvent ECW within each cluster depicted in Figure 5.14b.
The ensuing bar plot highlights noteworthy trends, with clusters 3 and 4
demonstrating the highest solvent counts, while cluster 6 comprises of least
solvents. For a more nuanced understanding, we delved into the ECW
distribution within each cluster, employing distribution and density plots

(Figure 5.14¢c-d). To discern the distinct categories within each cluster, we
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classified solvent electrolytes based on their ECW wvalues. The
categorization involved dividing the ECW range into three segments as
mentioned above, LECW, MECW, and HECW. The resulting visualizations
in Figures 5.14c-d illustrate these categorized regions through shaded
areas, offering a comprehensive view of ECW distribution across the
solvent clusters. The distribution plot underscores a notable pattern wherein
solvents with high ECW (HECW) predominantly associate with cluster 1,
3, 10 and cluster 11, with a very smaller representation in cluster 6. The
frequency of solvent electrolytes with different categories has been depicted
through bar plot in Figure 5.15. It has been observed that there are only four
clusters (CL-1, CL-3, CL-10, and CL-11) contains solvent electrolytes (77,
40, 14, and 152) with HECW whereas a large number of solvent molecules
belongs to the MECW, and a moderately high number of solvent

electrolytes present in the LECW across all the clusters.
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Figure 5.15: Bar plot showing the frequency of solvent electrolytes

belonging to HECW, LECW, and MECW for each cluster.

We observed that solvents containing functional groups with oxygen (O)

and fluorine (F) tend to exhibit high electrochemical windows (HECW). To
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further analyses this phenomenon, we examined how various molecular
features influence HECW values. Our analysis identified MaxPartialCharge
(the maximum partial atomic charge within the molecule) and
MinPartialCharge (the minimum partial atomic charge within the molecule)
as critical determinants of HECW values. Specifically, ECW values peak at
a certain MaxPartialCharge (~0.06), beyond which the ECW values
decrease. In contrast, more negative MinPartial Charge values are associated
with higher ECW, indicating that solvents with highly electronegative
atoms or groups exhibit greater stabilization of anodic limiting potential
energy levels, leading to higher ECW values. Additionally, structural
analysis of solvents with HECW, particularly those in Cluster 11, revealed
that most HECW solvents contain highly electronegative atoms (such as O,
F, NO2, and CN groups) or conjugated double bond systems. These
structural features are likely to stabilize the solvents more effectively,
resulting in a larger energy gap between anodic and cathodic limiting
potentials and consequently higher ECW values. Cluster 6, the smallest
cluster, comprises 50 solvent electrolytes. Within this cluster, 44 solvents
are classified as MECW, 5 as HECW, and 1 as LECW. This distribution
demonstrates a notable predominance of MECW solvents. To understand
the grouping of these solvents, we analysed their oxidation and reduction
potentials and compared them with those in Cluster 11. The average
reduction potential in Cluster 6 is 1.03 V, and the average oxidation
potential is 7.00 V. In contrast, Cluster 11 exhibits an average reduction
potential 0of 0.13 V and an oxidation potential of 7.12 V. The distribution of
these potentials across different ECW classes for these two clusters is
illustrated through box plots (Figure 5.16). The box plots reveal that,
although the average oxidation potential is similar between the clusters, the
higher average reduction potential in Cluster 6 leads to fewer HECW
solvents. This indicates that Cluster 6 effectively groups solvents with
similar electrochemical characteristics. Further structural analysis of

Cluster 6 reveals that among the 5 HECW solvents, 4 contain electron-
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withdrawing groups (e.g., CO, CN). This analysis aligns well with the
classification of different classes of solvent electrolytes, suggesting that the

solvents in different cluster share common electrochemical properties.
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Figure 5.16: Box plot showing the variation of reduction and oxidation
potential with respect to different solvent electrolyte classes (MECW,
LECW, HECW). (a) Reduction potential of CL-6, (b) oxidation potential of
CL-6, (c) reduction potential of CL-11, and (d) oxidation potential of CL-
11.

Intriguingly, the majority of clusters exhibit a dual presence of both low
ECW (LECW) and moderate ECW (MECW) ranges, implying that even
solvents with apparently similar characteristics undergo variations in ECW
due to subtle structural or compositional differences. This observation
suggest that the clustering method effectively discerns solvents with HECW
from those with LECW and MECW, it struggles to establish a definitive
boundary between solvents ranging within the LECW and MECW

categories. This inherent challenge is graphically represented in the scatter
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plot (Figure 5.14a), where overlapping clusters blur the distinction between
LECW and MECW regions. Thus, we have provided an efficient method
where ML has been used as both regression and clustering tool to explore a

vast solvent space for better battery design.

5.6. Conclusion

This study endeavours to present a robust ML methodology, incorporating
both supervised and unsupervised approaches, for the efficient
determination of the -electrochemical windows (ECWs) of solvent
electrolytes. The primary objective is to ascertain the suitability of a solvent
as an electrolyte in conjunction with high-voltage electrode materials. A
systematic multistep roadmap is proposed, aiming to achieve rapid and
accurate predictions of oxidation and reduction potentials through the
synergistic utilization of supervised and unsupervised ML techniques.
Following various ML algorithms, employing diverse cross-validation
methods, and subsequent feature selection and hyperparameter tuning, we
advocated an optimized XGBR model which demonstrates a high level of
accuracy in predicting both oxidation and reduction potentials based on
distinct feature sets. The exclusion of irrelevant features from the input set
is achieved through ANOVA-F value analysis (Select-K-Best) and model-
dependent feature importance. Utilizing the optimized ML models, an
extensive solvent space is thoroughly explored. Beyond addressing the
regression problem, a clustering method is implemented to categorize
solvent molecules into smaller, more manageable subgroups or clusters
within the expansive solvent space. Our findings reveal that 11 optimal
clusters effectively represent the large solvent space. The overlap observed
among different clusters underscores the inherent complexity within the
solvent space. Each cluster is further classified into three categories based
on boundary conditions, elucidating the specific types of solvent molecules
within, characterized by lower, moderate, or higher ECWs. Overall, this
study presents an efficacious methodology for condensing a vast solvent

space, thereby facilitating the identification of optimal solvent electrolytes
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capable of competing with high-voltage electrode materials in rechargeable
batteries. Solvents with O and F atoms containing functional groups are
found to show HECW belongs to those four clusters. This work not only
showcases the remarkable predictive capabilities of the XGBR model but
also underscores the efficiency of combining supervised and unsupervised
approaches. The insights gained from this study hold significant
implications for the development of novel solvent electrolytes, accelerating
their application in batteries and contributing to advancements in energy

storage technologies.
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6.1. Introduction

Metal—sulfur batteries (Li—S, Na—S, and AI-S) have emerged as a
prospective post lithium-ion battery energy storage technology due to
abundance of sulfur, high energy density, and theoretical capacity.//-10]
Among the various available metal—sulfur batteries, Al—S batteries have
garnered significant attention due to the attractive features of Al such as
abundance, safety, high volumetric, and gravimetric capacity./7,8, 10-11]
However, the advancement of Al-S batteries faces roadblocks stemming
from capacity decay over time, primarily caused by the formation of
insulating polysulfides (e.g., Al2Sis, AlbS12, Al2Se, and ALS3) that are not
reversibly transformed back into Al and S during discharge as they get
diffused into the electrolyte./72, 13] These deposits hinder the reversibility
of sulfur reduction and contribute to the notorious “shuttle effect”, thereby
leading to the loss of electrical contact.//4-16] To surmount these obstacles
and enhance the performance of Al-S batteries, an ingenious approach
involves designing a sulfur host cathode with an exceptional ability to
anchor ALS, to bolster sulfur reversibility during charging/discharging

cycles.

In this regard, MXenes have garnered considerable interest as electrodes in
energy storage devices.//7-20] These classes of materials are known for
their exceptional metal-like conductivity, rapid charge transfer capabilities,
and remarkable surface charge accumulation./2/-25] These unique
properties make MXenes highly promising for applications in catalysis and
energy storage, where they can facilitate rapid charge transfer and ensure
excellent electrode conductivity. Doped MXenes are reported as highly
efficient bifunctional and multifunctional catalyst for water splitting as well
as for metal—air batteries./26/ A distinct mechanistic pathway for water
splitting using late transition metal doped MXene has also been
reported./27] Notably, properties of MXenes can be tuned according to
requirements by using various terminating groups (O, OH, H, F, Cl, Br,

NCO, SCN, NCS, etc.) that can be easily prepared by various etching
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methods./28-31] A number of studies have been reported on the utilization
of MXene in Li—S batteries./24, 32-38] Also, functionalized MXenes have
been reported to have remarkable ability to anchor lithium polysulfides and

effectively suppress the shuttle effect./39, 40/

Although Al-S batteries share a working mechanism similar to that of Li—S
batteries, research on designing and screening sulfur hosts for AI-S
batteries is limited. Thus, it is essential to draw inspiration from the
advancements in Li—S battery development to expedite progress in the field
of Al-S battery research. The primary evaluation criterion for sulfur hosts
is their nature of interaction with various possible polysulfide intermediates.
However, the range of sulfur hosts tested for Al-S battery cathodes has been
relatively limited. For instance, Zheng et al. proposed oxygen
functionalized MXene (Ti3C202) as a cathode material for AI-S batteries
showing good anchoring capability./9/ Further, single atom doped Ti3C20»
has also been reported as suitable sulfur host cathode materials./47] The
number of possible MXenes is on the order of thousands considering
different metal layers and terminal functional groups. Designing and testing
of all of these MXenes for a particular application collectively exceeds the
capabilities of traditional experimental or theoretical limits. In this regard,
machine learning (ML) empowers us to discover novel patterns, make
insightful predictions, and accelerate the discovery of materials with
exceptional accuracies.[42-44] Kim and co-workers have resolved the
capacity fading issues of unstable electrode materials by utilizing machine
learning potential./45] Significant progress has been reported for the
inverse design of materials, direct property prediction and utilization of ML
potential with the advance ML techniques./46] With each iteration, our
data-driven models become more refined, enhancing our ability to design
MXenes tailored for specific applications. This synergistic combination of
ML and materials design revolutionizes the process, unlocking
unprecedented opportunities for the development of application specific

high-performance MXene-based systems.
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This work endeavors to address critical challenges in the development of
high-performance aluminum-sulfur (Al-S) batteries by introducing
anchoring materials to hinder the diffusion of Al polysulfide (AlS,)
intermediates into the electrolyte. As the adsorption energy is the deciding
factor for the determination of the anchoring capability of the MXene
materials, we have chosen that as the target variable. Therefore, the
synergistic integration of density functional theory (DFT) calculations, data
analysis, and ML algorithms has been implemented to propose potential
cathode materials with strong anchoring, utilizing adsorption energies as the
suitable descriptor. An optimum adsorption energy criterion has been set to
identify MXenes capable of anchoring all the intermediates. This innovative
DFT/ML-based multistep workflow not only unveils physically meaningful
predictions but also paves the way for accelerated screening and rational
design of MXenes as cathode host materials for AI-S batteries. The
workflow adopted in this study is depicted in Figure 6.1.
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Figure 6.1: General workflow for the discovery of potential MXenes as

sulfur host cathode materials using DFT+ML approach.

6.2. Data Generation
The possible MXene structures have been extracted from the aNANt, a
functional material database along with their electronic properties (band gap

and lattice constant)./47, 48] MXenes having the same terminal group on
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both sides have been screened as a different terminal group on the other side
is not expected to significantly affect the interaction in the intermediate
adsorption side. Thus, 1846 different MXenes have been considered for the
adsorption of polysulfides (Ss, Al>S3, AlxSes, Al2S12, AlbS18). The adsorption
energies upon the adsorption of different polysulfides has been generated
through DFT calculation for a fraction of the data set. Subsequently,
construction of feature space followed by feature engineering was carried
out to prepare a well-sampled adsorption energy database. Then various ML
algorithms are trained, and the optimum ML model is finalized considering
the mean absolute error (MAE) of test data as the performance evolution
matrix. Further, the SelectKBest algorithm is applied on the overall data set
to reduce the feature space without any compromise on the accuracy of the
ML model. To improve the accuracy of the ML model and check the
stability of the ML predicted result, hyperparameter tuning and different
cross-validation (CV) methods have been performed for the selected ML
models followed by the prediction of adsorption energies of all the MXenes
for all of the intermediates. Further, based on the optimum adsorption
energy criterion, potential MXene materials were screened out which could

be best suitable as sulfur host cathode material.

6.3. Computational Details

The density functional theory-based calculations were conducted using the
Vienna Ab initio Simulation Package (VASP). The
Perdew—Burke—Ernzerhof generalized gradient approximation (GGA)
functional was utilized to incorporate exchange—correlation effects, while
the projected augmented wave (PAW) method was employed to account for
ion-electron interactions./49-55] For the structural relaxation, convergence
thresholds of 1072 eV A™! force, and 10~ eV energy were employed. The
electronic wave functions were expanded up to 470 eV energy cutoff, and a
I" k-point grid of 2 x 2 x 1 has been considered to sample the Brillouin zone.
To avoid periodic interactions, a vacuum of ~10 A was given along the z

direction. To account for van der Waals interactions, Grimme’s DFT-D3
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has been considered./56] The cell reactions involved in nonaqueous Al—S

batteries can be given by eqs. 1 and 2./13,57,58]
Anode: 2Al + 14AICl; 2 8AlL,Cl; + 6e” (1)
Cathode: 8Al,Cl; +6e™ + 3S 2  Al,S; + 14AICI, (2)

The AICls” and ALCly are generated in the electrolyte from the mixture of
I-ethyl 3-methyl imidazolium chloride and AICIl;. The conversion of
sulphur to AlS; goes through the formation of various Al-S
intermediates./9, 59/ Thus, the charging process results in sequential
reduction from Sg to AlbS15 to AlxS12 to AlxSe to AlSs. The reverse happens
during the discharging process. Initially we performed the structural
optimization of the MXene configurations and polysulfides followed by

their adsorptions.

The Sg molecules adopt a crownlike orthorhombic structure, while Al>S3
exhibits a planar bent structure. As the number of sulfur atom increases,
Al Sy structures tend to adopt 3D cluster shapes without overhanging bonds,
showing excellent geometric stability. The geometrical structures of
aluminum polysulfides and a general representation of considered terminal
groups, metals and X layers of the MXene structure have been depicted in

Figure 6.2.
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Figure 6.2: (a) Optimized geometries of considered polysulfide

intermediates, (b) general representation of MXene structure, and (c)

constituent elements and functional groups for MXenes.

247



The adsorption energy (Eads) of various polysulfide intermediates can be

calculated using,
E:ads = E:MX—polysulﬁde - E:MX - E:polysulfide (5)

Where, Epx_polysulfides Emx> and Epolysuifige are the total energies of

polysulfide intermediates adsorbed MXene, bare MXene and polysulfides,

respectively.

6.4. Results and Discussion

6.4.1. Feature Space

It is imperative to establish a clear connection between materials and their
relevant attributes through various features for the ML models to be
accurately trained. Significant advancements in machine learning models
have been achieved by integrating elemental and geometrical descriptors
using column matrices and SOAP, which exhibit invariance with respect to
translation, rotation, and permutation./60—63] This necessitates the
development of a set of features, representing material variables as well as
different polysulfides that can be efficiently processed by computational
methods and capture the physicochemical properties relevant to the
adsorption process. In our quest to accurately distinguish each MXene
material, we embarked on a comprehensive exploration of only elemental,
structural, and electronic features rather than expensive DFT calculated
features. These features play a crucial role in understanding the distinctive
properties of MXenes and their interactions with polysulfides. In total, 105
numerical features have been considered as tabulated in Tables 6.1—6.4.
The atomistic features that we considered delve into the unique properties
of individual atoms within each layer of MXenes. Meanwhile, the structural
features capture the overarching structural characteristics, encompassing
vital information such as lattice constant, surface area, distances between

adjacent atoms, and so on.

248



Table 6.1: List of elemental features considered for the prediction of

adsorption energy.

Indicator

Elemental Features

WMI1, WM2, WX, WT

Atomic mass

ANMI, ANM2, ANX, ANT

Atomic number

PMI, PM2, PX, PT

Period number

GM1, GM2, GX, GT

Group number

VMI, VM2, VX, VT

Valence electron

IEM1, IEM2, IEX, IET, IPTA

First ionization potential

M10Xs, M20Xs

Oxidation state

RM1, RM2, RX, RT

Atomic radius

MPM 1, MPM2, MPX, MPT

Melting point

BPM1, BPM2, BPX, BPT

Boiling point

CEMI1, CEM2, CEX, CET

Cohesive energy

ML, M2, X, T

Pauling electronegativity

X C/N
T Terminal group/atom type
TA Terminal atom of terminal group

Table 6.2: List of structural features considered for the prediction of

adsorption energy.

Indicator Structural features
K Lattice constant
SA Surface area
SWT Surface weight
DTIMI1, DM1X, DXM2, Distance between T1-M1, M1-X,
DM2T2 X-M2, M2-T2
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Table 6.3: List of electronic features considered for the prediction of

adsorption energy.

Indicator Electronic features
E, Bandgap of the MXene
v Magnetic moment of MXene

AIETMI, AIEMI1X,
ATEXM2, AIEM2T

First ionization potential difference between T-

M1, M1-X, X-M2, M2-T

AYTMI, AYM1X,
AyXM2, AYM2T

Electronegativity difference between T-M1, M1-
X, X-M2, M2-T

MIGVE, M2GVE,

sum_gilmor number of valence electron of M1,

TGVE, XGVE M2, T, and X
MI1VS, M2VS,
sum_valence_s electrons of M1, M2 and T
TVS
M1VP, M2VP,
sum_valence p electrons of M1, M2, T and X
TVP, XVP

MI1VD, M2VD, sum_valence d electrons of M1 and M2
M1VF, M2VF, sum_valence f electrons of M1 and M2

MIUSV, M2USV,

sum_Number of unfilled s valence electrons of

M1 and M2

MI1UPV, M2UPV,

sum_Number of unfilled p valence electrons

TUPV, XUPV of M1, M2, T, and X
MI1UDV, M2UDV, | sum_Number of unfilled d valence electrons of
TUDV M1, M2 and T
MIUFV, M2UFV, | sum Number of unfilled f valence electrons of
TUFV M1, M2 and T

For a more profound understanding of the adsorption process, we
meticulously incorporated a multitude of electronic properties (Bandgap,
Magnetic moment, first ionization potential difference between T-M1, M1-

X, X-M2, and M2-T, electronegativity difference between T-M1, M1-X, X-
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M2, M2-T, etc.) known to have significant influence. To effectively
distinguish the adsorbed polysulfides, we dedicated careful attention to the
features pertinent to these sulfur-rich species. We harnessed various
statistical techniques, including averages and deviations, to establish

meaningful connections between the features of MXenes and polysulfides.

Table 6.4: List of aluminum polysulfide features considered for the

prediction of adsorption energy.

Indicator Aluminum polysulfide features
Al-Fraction, S-Fraction Fraction of aluminum and sulfur
Num_Al Num_S Number of Al and S

ALS Average electronegativity of
AAL29n
polysulfide

Electronegativity difference
between Al>Sy-T and Al,Sy,-M1
IEALS, Average first ionization of AlS,

AYALS,T, AyALS.M1

First ionization difference
between AlxSp-T, AlLS,-M1, and
ADLS,-TA

AIEALS.T, AIEALS:M1,
AIEALS.TA

Valence electron, valence P
AlLS,GVE, AlLS,VP, Al,S,UPV electron and unfilled valence P

electron of Al>S,

6.4.2. Machine Learning

In our study, we developed a robust machine learning (ML) approach to
establish a regression relationship between the adsorption phenomena of
polysulfides and the attributes of MXenes, based on data obtained from
density functional theory (DFT) calculations. To achieve this, we employed
12 different ML algorithms, namely, Lasso (LS), Partial Least Squares
(PLS), Ridge Regression (RR), Kernel Ridge Regressor (KRR), Elastic Net
Regressor (ENR), K-Neighbors Regressor (KNR), Support Vector
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Regression (SVR), AdaBoost Regressor (ABR), Gradient Boosting
Regressor (GBR), Decision Tree Regressor (DTR), Extreme Gradient
Boosting Regression (XGBR), and Random Forest Regressor (RFR).
Utilizing an open-source Python distribution platform and the powerful
scikit-learn libraries, we trained the ML models on the DFT calculated
adsorption energy-based data set consisting of ~600 well-sampled
polysulfide intermediate-MXene systems. To ensure the reliability and
generalization of the supervised ML models, we started with cross-
validation assessment followed by feature selection using the SelectKBest
algorithm, which ranks the features based on the ANOVA Fvalue through
the variance analysis of the data. The higher the F-value, the higher the
correlation between that feature and the target variable. Moreover, the
model’s performance was enhanced through hyperparameter tuning,
involving the random division of adsorption energy data derived from DFT
calculations into training and testing sets for evaluation. To quantify the
performance of our ML models, we used the coefficient of determination
(R?) and the mean absolute error (MAE), providing valuable insights into
the models’ predictive capabilities. Finally, we have predicted adsorption
energies of all the intermediates (5930 configurations) using the best fitted

model for the whole data set of MXene materials.

In our study, we utilized a data set comprising of 23,000 MXene structures
extracted from the “aNANt” functional material database./47,48,64] The
MXenes of this database follow a sequential structure denoted as T1-M1-
X-M2-T2, where terminal groups (T1 and T2) are present at both ends of
the metal layer (M1 and M2), separated by an X layer (C or N). We focused
on a subset of 1,846 MXenes with similar terminal groups (T1 = T2 =T).
The general formula for these MXenes is T-M1-X-M2-T as illustrated in
Figure 6.2.

Considering the adsorption energy of intermediates as a suitable descriptor,

to generate the train data, we carried out the adsorption of intermediates on
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the MXene surfaces using DFT. However, among all the terminal functional
groups, it has been observed that during the adsorption of the polysulfides
on MXenes having T = NO, H, OH, and CN, the system becomes unstable,
leading to a distorted structure of MXenes or breaking of polysulfides. The
instability of the H terminal group containing MXenes could be due to the
small size of the H atom, which provides enough space for the S atoms of
polysulfides to interact with the metal layer strongly leading to
disintegration of the polysulfide. On the other hand, for the OH group
containing MXenes, the O—H bond itself is broken during the adsorption of
polysulfides. In the case of NO and CN as terminal groups, the bond angles
are ~180° (£M1INO and £M1CN). During the adsorption of polysulfides,

the bond angle changes to ~90° resulting in an overall distortion of MXene

structures.
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Figure 6.3: Distorted structure of MXenes upon the adsorption of Sg having
terminal groups (a) H, (b) OH, (c¢) CN, and (d) NO.

The variance in bond angles might stem from distinct charge distributions

among the polysulfide atoms. Consequently, Al and S atoms tend to engage
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with more electron-rich atoms (O in NO and N in CN) and fewer electron-
rich atoms (N in NO and C in CN), respectively, on the MXenes. Examples
of these excluded structures are illustrated in Figure 6.3. Thus, among the
13 terminal groups, we excluded these four terminal groups containing

MXenes in our further study.

To create a well-sampled data set for training and testing purposes, we
carefully incorporated various terminal groups and transition metals to
generate ~600 data points to calculate adsorption energy of Al polysulfides.
Our initial analysis involved examining the adsorption energy data
separately in relation to terminal groups and X groups (C and N). It has been
observed that for MXenes with O-containing terminal groups, the
adsorption energy exhibited a wide range, spanning from low to high
magnitudes. Conversely, very few MXenes containing OCN, and F terminal
groups showcased higher adsorption energies. Nevertheless, a substantial
portion of the adsorption energy data clustered within the —0.5 to —4.0 eV
range. Notably, the distribution of adsorption energy concerning C and N
as X groups appeared to be relatively uniform and consistent. However, for
application as cathode host material in Al-S batteries, identifying MXene
materials with an optimal adsorption energy becomes crucial. An
excessively low adsorption energy could lead to polysulfide dissolution into
the solvent. Conversely, an overly high adsorption energy might result in an
irreversible electron transfer process. Thus, establishing a boundary
criterion for an ideal adsorption energy is important to evaluate suitable
cathode host materials. It is essential to ensure that the adsorption energy of
polysulfides is higher than the solvation energy of Al-S intermediates into
the EMIM+AICly — electrolyte to prevent the dissolution. In our previous
work, solvation energies for dissolution of polysulfide into the electrolyte
was found to be within the range of —1.1 to —1.5 eV from molecular
dynamic simulations./65] Thus, an adsorption energy of more than —1.5 eV
would be essential to suppress the shuttle effect. Furthermore, during the

DFT calculations in the current work, it has been observed that MXenes
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with an adsorption energy greater than —5.0 eV tend to distort the MXene
or polysulfide structure. Also, the too strong adsorption would make the
conversion of lower order polysulfides into higher order polysulfides
further irreversible as they are already reported to be insulating in
nature.//2] Thus, MXenes having adsorption energy in the optimum range
far away from both the boundaries would be the suitable choice as an
optimum anchoring cathode host material for an Al-S battery. Thus, by
calculating the median value between —1.8 and +5 eV and considering a
range of £0.7 eV, we set our optimum adsorption energy range to —2.8 to
—4.2 eV. MXenes showing adsorption energies less than —2.8 eV and
greater than —4.2 eV are categorized as having weak adsorption energy
(WEags) and strong adsorption energy (SEags), respectively, whereas
adsorption energies between —2.8 and —4.2 eV are categorized as optimum

adsorption energies (OEads).

Table 6.5: The cross validated MAE of the ML algorithms for the

prediction of adsorption energies.

MAE (eV)
ML Models 10-fold CV Repeated K-fold LOOCY
Cv

LS 0.84 0.83 0.84
PLS 0.84 0.84 0.84
RR 0.77 0.77 0.76
KRR 0.78 0.77 0.78
ENR 0.83 0.83 0.83
KNR 0.72 0.72 0.71
SVR 0.78 0.77 0.77
ABR 0.71 0.72 0.72
GBR 0.43 0.42 0.42
DTR 0.43 0.44 0.42
RFR 0.37 0.38 0.36
XGBR 0.36 0.35 0.35
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The DFT generated adsorption energy data (~600) are processed further for
the training and testing of various ML models to predict the adsorption
energy for overall 5930 various configurations considering all the
intermediates and MXenes. First, we applied various linear and tree-based
ML algorithms to the DFT calculated data and evaluated the performance
of each model in terms of mean absolute error (MAE). Capturing latent
knowledge is highly challenging due to the diverse nature of MXene
materials with varying components. Hence, to avoid the stochasticity of the
divergent data and to ensure the stability of each model, we started with
evaluation of each ML model’s performance in three different cross-
validation (CV) methods, namely, K-fold CV (K-fold CV, K = 10),
Repeated K-fold CV (Repeated K-fold CV, Repetition = 5, K = 10), and
Leave-one-out CV (LOOCV). All the CV results have been tabulated in
Table 6.5 and indicate that the ML models based on linear algorithms (LS,
PLS, RR, KRR) are completely unable to map the input variables toward
the target variable due to the complex nonlinear relationship between the

features and target variable.
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Figure 6.4: K-fold (K=10), repeated K-fold (Repetition = 5, K =10) and

leave-one-out CV error bar plot for the selected ML models.

256



While shifting from the linear model to bagging boosting and tree-based
ML models, a sharp jump in accuracy was observed for GBR, DTR, XGBR,
and RFR (Figure 6.4).

Moreover, the consistency in error for all three different cross-validation
methods have been conserved, indicating the stability of the ML models for
the prediction of the adsorption energy. Thus, from the primary ML model
investigation, we have excluded all the linear model and considered only
the GBR, DTR, XGBR, and RFR for further improvement of ML prediction
along with 105 numerical attributes (elemental, structural, and electronic)

to describe the adsorption phenomena of polysulfides on MXenes.
6.4.2. Optimization of Feature Space

In the realm of high-dimensional data analysis, feature selection plays a
crucial role in identifying the most relevant predictors that significantly
influence the target variable. By employing SelectKBest algorithm, a
powerful and efficient method as implemented in the scikit-learn library,
we reduce the feature space while retaining the essential information for
accurate modeling. Our approach involved assessing each model’s
performance with different feature sets, beginning with the top five ranked
features and progressively increasing the feature count in increments of
five. This systematic process resulted in 21 distinct sets of features. The
selection of features was not sequential; rather, it was based on the top
ranked feature in each set. This ensured that all of the features chosen for
each set were the most significant and influential attributes. Every feature
set was evaluated through MAE for each ML model. The feature
optimization plot, depicted in Figure 6.5, showcases the top-ranked features

alongside their corresponding errors.
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Figure 6.5: Feature optimization plots for considered (a) XGBR, (b) GBR,
(c) DTR, and (d) RFR algorithms.

Each model is found to exhibit a distinct trend, with the maximum accuracy
achieved at different feature counts and the error range varying
continuously as we change the feature set. The GBR and DTR models have
shown lowest errors when utilizing the top 80 and 40 features, respectively,
while the RFR and XGBR models reached their peak performance with 35
and 45 best features, respectively (Figure 6.5). These findings highlight the
model-specific nature of the feature importance and the need for tailored
feature selection for optimal performance. The top-ranked attributes for

each model are presented in Tables 6.6—6.9.

However, it is worth mentioning that the DTR model exhibited some
inconsistency, displaying a considerable deviation in error as we varied the
number of features. We hypothesized that subsampling of feature sets
across different estimators could contribute to this variability during the

fitting process. Thus, using SelectKBest we have reduced the dimension

258




space from 105 without compromising accuracy, which ultimately helps to
discard a large number of irrelevant features during the fitting and as well
as reduce the computational cost for exhaustive large space hyperparameter

tuning.

Table 6.6: List of selected best features using SelectK Best method for GBR
model. The feature names of the following indicators are provided in Table

6.1-6.4.

Top ranked 80 features selected based on SelectKBest to fit the data
on GBR model

IPTA, Eg, SA, WX, WT, SWT, ANX, ANT, PT, GM1, GM2, GX, GT,
VM1, VM2, VX, VT, IEMI, IEX, IET, AIETM1, AIEM1X, AIEXM2,
AIEM2T, RM1, RM2, RX, RT, MPM1, MPM2, MPX, MPT, BPX, BPT,
M1, xM2, ¥ X, xT, AxYTM1 , AxXM2 , AYM2T, CEMX, CEMT, DTIM1,
DMI1X, DXM2, DM2T2, M1GVE, M1VS, M1VD, M10Xs, M1USV,
MI1UDV, M2GVE, M2VS, M2VD, M2USV, M2UDV, TGVE, TVS,
TVP, TUPV, TUDV, TUFV, XGVE, XVP, XUPV, Al-Fraction, S-
Fraction, Num_Al, xAl>Sy, AYALS.T , AYALS:M1, IEALS,, AIEALS,T,
AIEALS:M1 , AIEALS.TA , ALS.GVE, ALS,VP, ALLS,UPV

Table 6.7: List of selected best features using SelectKBest method for DTR
model. The feature names of the following indicators are provided in Table

6.1-6.4.

Top ranked 40 features selected based on SelectKBest to fit the data
on DTR model

IPTA, SA, WX, WT, SWT, ANX, ANT, PT, GM2, GX, GT, VM2, VX,
VT, IEX, AIETM1, AIEM2T, RX, RT, MPX, MPT, BPX, BPT, yM2,
AyTM1, AYM2T, CEMX, DTIM1, DM2T2, M2GVE, M2VD, M2UDV,
TGVE, TVS, TVP, TUDV, TUFV, XGVE, XUPV, AIEAL,S,TA
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Table 6.8: List of selected best features using SelectK Best method for RFR
model. The feature names of the following indicators are provided in Table

6.1-6.4.

Top ranked 35 features selected based on SelectKBest to fit the data
on RFR model

IPTA, SA, WT, SWT, ANX, ANT, PT, GM2, GX, GT, VM2, VX, VT,
AIETM1, AIEM2T, RX, RT, MPT, BPT, yM2, AyTM1, AxYM2T, CEMX,
DT1IMI1, DM2T2, M2GVE, M2VD, M2UDV, TGVE, TVS, TVP,
TUDV, TUFV, XGVE, AIEAL,S,TA

Table 6.9: List of selected best features using SelectKBest method for
XGBR model. The feature names of the following indicators are provided

in Table 6.1-6.4.

Top ranked 45 features selected based on SelectKBest to fit the data
on XGBR model

IPTA, SA, WX, WT, SWT, ANX, ANT, PT, GM2, GX, GT, VM2, VX,
VT, [EX, IET, AIETM1, AIEM2T, RX, RT, MPX, MPT, BPX, BPT,
M2, xX, AxTMI1, AYM2T, CEMX, CEMT, DTIM1, DM2T2, M2GVE,
M2VD, M2UDV, TGVE, TVS, TVP, TUDV, TUFV, XGVE, XVP,
XUPV, AIEALS.T, AIEALS,TA

6.4.3. Hyperparameter Tuning

Further, to improve the model’s accuracy, we have implemented
hyperparameter tuning for all four ML models, leveraging the best-selected
features. The optimized hyperparameters of each model have been tabulated
in Table 6.10. With the optimized hyperparameters, we proceeded to
evaluate the performance of each model on both the training and test data
sets as illustrated by the parity plots in Figure 6.6. Notably, the training
accuracy for both XGBR (0.07 eV) and GBR (0.06 eV) models is very much

260



the same, reflecting their efficient training. However, the XGBR model
(0.24 eV) exhibits slightly higher test accuracy than the GBR model (0.27
eV), showcasing its better predictive ability on unseen data. Conversely, the
DTR and RFR models demonstrated comparatively higher train and test
errors, signaling suboptimal training and consequent difficulties in
accurately predicting adsorption energy (Figure 6.6). In light of these
findings, the XGBR model emerged as the most suitable model for

adsorption energy prediction, outperforming the other models.
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Figure 6.6: Parity plot between the ML predicted adsorption energy vs DFT
calculated adsorption energy for the selected four models, (a) XGBR, (b)
GBR, (¢) DTR, and (d) RFR.
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Table 6.10: List of optimized hyperparameters for ML models used to
predict the adsorption energy of the polysulfide intermediates.

ML Models Optimized Hyperparameters
max_depth=5, min_samples leaf=2,
GBR . _ '
min_samples split=10, n_estimators=200
max_depth=10, max_features="auto',
DTR
min_samples leaf=2, min_samples_split=5
max_depth=15, min_samples_split=5,
RFR - T -
n_estimators=20
base score=0.5, gamma=0, learning_rate=0.01,
XGBR max_depth=9, min_child weight=1,
n_estimators=1000, reg_alpha=0.5, reg_lambda=0.5,

6.4.4. Identification of Potential Anchoring Material

Utilizing the optimized XGBR model, we successfully predict the
adsorption energies of all polysulfide intermediates for each MXene system.
On the basis of adsorption energy values, we have classified the data set
into three classes (SEads, OEads, and WEads) as mentioned before for all
intermediates. Notably, MXenes within the —2.8 to —4.2 eV range can be
considered as effective sulfur host cathode materials. These MXenes
address both the shuttle effect issue, preventing polysulfide dissolution in
the electrolyte by optimum anchoring, and the irreversibility of electron
flow arising from strong adsorption with intermediates. We have analyzed
the data with a focus on various components of the MXenes as well as

polysulfide intermediates, as presented in Figure 6.7.
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Figure 6.7: Adsorption energy density and their corresponding distribution
plot with respect to (a) terminal groups, (b) X (C and N) groups, and (c)
polysulfide intermediates for all the MXenes. The shaded area in the plots

represents the optimum adsorption region.

From the density and distribution plots (Figure 6.7a), it is observed that the
predominant concentration of MXenes is present in the WEa4s region, while
a smaller fraction occupies the OEaas/SEads region. The SE.gs region is
predominantly composed of MXenes bearing O terminal groups, with a
sparse representation of F and SCN terminal groups for all of the
intermediates (Figure 6.7a). Upon studying the distribution of MXene
adsorption energies for different polysulfide intermediates, the MXenes

with terminal groups NCS and OCN are found to be distributed widely for
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ADS3 and Al>Se compared to Ss, AlbS12, and Al>S1s, which are concentrated
in the WE.q4s region (Figure 6.8).
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Figure 6.8: Distribution plot of adsorption energy with respect to terminal
groups for (a) Sg, (b) Al2S3, (¢) AlxSs, (d) Al2S12, and (e) Al2S1s. The shaded

area in the plots represents the optimum adsorption region.

The MXenes having C as the X are clustered predominantly in the WEqas
and OE.gs regions (Figure 6.7b), whereas MXenes containing N as X
display a broader span of adsorption energy, which signifies a more
prominent role played by M1/M2 compositions and terminal groups in this
case. The distribution of adsorption energy shows significant difference on
going from Sg to AlS¢ (Figure 6.7¢). However, the adsorption energy
distribution is similar for AlSi> and AlSis./65] The density and
distribution plot with respect to M1 and M2 groups revealed that Sc and Y
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are preferable as the M1 group and Mo, W, and Nb are preferable as the M2
group to obtain adsorption energies of the polysulfide intermediates in the
OE.gs region as is evident from Figure 6.9. On the other hand, Zr is not
found to be suitable as either M1 or M2 metal for optimum adsorption of

polysulfides.
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Figure 6.9: Distribution and density plot of adsorption energy with respect
to (a) M1, and (b) M2. The shaded area in the plots represents the optimum

adsorption region.

Further, we have constructed alluvial plots to understand how the various
combinations of M1, M2, and T contribute to the respective adsorption

energy regions (Figure 6.10).
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Figure 6.10: Alluvial plot of three categories of adsorption energy (WEads,
OE.ds, and SEags) for various combination of T, M1, and M2 groups of
MXene. The yellow-, green- and magenta-colored lines represent weak,
optimum and strong adsorption energies for the polysulfide intermediates

on the M1M2XT, MXenes.

The MXenes having O, SCN, and F terminal groups are found to majorly
contribute toward the OE.qs region for polysulfide adsorption. On the other
hand, terminal groups like Br, Cl, NCO, and OCN lead to weaker adsorption
region. A significant number of strong adsorption energies for polysulfide
also originate from MXenes with O terminal groups. Overall, the alluvial
plot gives a visual representation and is very helpful to understand which
combination of T, M1 and M2 can lead to optimum adsorption for each of
the polysulfide intermediates separately. We have not considered the X
layer (C, N) in the plot as it does not majorly contribute in deciding the
adsorption energy. The number of MXenes residing in the OE.q4s region for

Ss, Al>S3, AlxSs, AlS12, and AlxSig are found to be 62, 106, 106, 86, and
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76, respectively. The different number of MXenes clearly indicates that all
of the MXenes are not suitable for adsorption of all polysulfides.

Hence, we further screen out the MXene materials that show optimum
adsorption energy for all five considered intermediates and extract 42 such
MXene materials (Table 6.11), which could be potential sulfur host cathode

material for A1-S batteries.

Table 6.11: ML predicted adsorption energy of all the Al polysulfides for
42 best MXenes with optimum adsorption.

Polysulfide Adsorption Energy (Eads)

MXenes (V)

Ml | M2 | X | T1 T2 Ss | AlLS3 | Al2Se | Al2S12 | Al2S1s
Cr | Cr -3.87 | -397 | -3.97 | 393 | -3.93
Hf | Mo -3.73 | -3.4 34 | -3.69 | -3.69
Hf | V 291 | -2.74 | -2.74 | -2.88 | -2.88
Hf | W -3.66 | -3.28 | -3.28 | -3.63 | -3.63
Mo | Mo -4.04 | -3.88 | -3.88 | -4.01 | -4.01

Sc | Cr -345 | -3.61 | -3.6 | -3.71 -3.7

Sc | Nb -2.83 | -2.83 | -2.83 | -2.83 | -2.82
Sc | V -3.14 | 296 | 295 | -3.12 | -3.12
Sc | V -3.57 | -3.54 | -3.54 | -3.59 | -3.59
Sc | W -3.12 | -3.03 | -3.02 | -3.25 | -3.25
Ti | Mo 311 294 | -294 | -3.1 -3.1

Ti | V -3.28 | -3.02 | -3.02 | -3.27 | -3.27

Cr
Cr
Nb

343 | 34 | 34 | -3.49 | -3.49
-3.69 | -3.79 | -3.79 | -3.85 | -3.85
-395 | -3.85 | -3.85 | -3.85 | -3.86
-3.36 | -3.24 | -3.24 | -3.38 | -3.38
-3.27 | -3.01 | -3.02 | -3.2 -3.21
-3.38 | -3.31 | -3.31 | -3.37 | -3.37

N
v
v
A% A%
vV | W
W | W
Y
Y

O|O|O|O|0|O|0|0|0|0|0|0|0|0|0|0|0|0|0|0|0|0
O|O|O|O|0|O|0|0|0|0|0|0|0|0|0|0|0|0|0|0|0|0

Z|Z|Q|Zz|Q|Z|Q|Zz|Z|Z|zZz|zQOQ|Zz|Q|Z|OQ|Zz|Q|Q|Q|O|Q|0

Cr -3.22 | -3.36 | -3.34 | -332 | -3.31

\% 2774 | 2775 | 275 | 274 | 273
Zr | Cr -2951 -299 | -298 | -3.03 | -3.02
Zr | V 2777 2778 | =278 | 2075 | <274
Sc | V PO | PO |-292 | -283 | -3.05 | -3.33 | -2.88
Sc | Nb SCN | SCN | -2.84 | -3.5 -3.5 | -3.59 | -3.59
Sc | Ta SCN | SCN | -2.79 | -3.55 | -3.55 | -3.65 | -3.65
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Y | Ta | N | SCN |SCN | -294 | -345 | -345 | -3.49 | -3.49
Y | Ti | C |SCN |SCN | -2.84 | -3.03 | -3.03 | -3.04 | -3.04
Y | Ti | N|SCN |SCN|-2.84| -3.25 | -3.25 | -3.29 | -3.29
Zr | Nb | C | SCN | SCN | -2.72 | 2.9 29 | 294 | -2.94
Cr| W N F F |-379| -332 | -332 | -3.71 | -3.78
Mo| W | N | F F |-343| -3.08 | -3.08 | -3.43 | -3.43
Nb| W |N| F F |-377] -33 3.3 | 377 | -3.77
Sc | Mo | N F F |-3.09| -3.08 | -3.08 | -3.08 | -3.08
Sc | Ta | N | F F |-346| -331 | -331 | -3.44 | -3.44
Sc | W | C F F |-334]| -2.76 | -2.76 | -3.26 | -3.33
Ti | Nb | N | F F | -274| 273 | 273 | -2.774 | -2.74
Ti | Ta | N| F F | -277| 273 | 273 | 277 | -2.77
Ti | W | N| F F |-3.65]| -3.13 | -3.13 | -3.61 | -3.65
V| W/|N| F F |-383]| -326 | -3.26 | -3.75 | -3.82
Y [ Mo|N| F F |-359]| -343 | -343 | -3.59 | -3.59
Y | Ta | N| F F |-283|-271|-271 | -2.83 | -2.83
Y | W | C F F |-321]-273 | -273 | -32 -3.2

All of these best MXene materials are presented through an alluvial plot to
represent the combination of various components (M1, M2, X, T), as
illustrated in Figure 6.11. However, after analysis of the common OEags
region, MXenes containing O and F are found to be the majority in the list
and SCN is the minority. The O and F containing MXenes are also reported
to be stable among other functional groups present as a terminal group./66/
O-terminated MXenes are found to show higher adsorption energy
compared to F-terminated MXenes, which are well supported with the
previously report./67] Among all the metals considered (M1 and M2), we
end up with 10 M1 and 7 M2 groups containing MXenes that reside in the
OE.gs region. Altogether it has been found that the terminal groups have the

major influence on the activity of MXenes.
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Figure 6.11: Alluvial plot of three categories of adsorption energy (WEas,
OEags, and SEags) for various combination of T, M1, and M2 groups of
MXene. The yellow-, green- and magenta-colored lines represent weak,
optimum and strong adsorption energies for the polysulfide intermediates

on the M1M2XT, MXenes.

MXenes containing transition metal elements mostly exhibit metallic
properties, which could enable them to enhance electronic conductivity in
intermediates, thus facilitating the conversion back to higher-order Al—S
intermediates./68] To explore this further, we have conducted an
investigation into the electronic structure of one of our most promising
MXene materials, ScCrCOz, both in its pristine state and when adsorbing
AI-S intermediates. To do this, we conducted density of states calculations

for each of these systems (Figure 6.12).
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Figure 6.12: Density of state plots of (a) pristine MXene (ScCrCO»), and
adsorbed with (b) Ss, (c) Al2S1s, (d) Al2S12, (€) Al2Ss, (f) Al2S3. The Fermi
level is set at zero denoted by dash line. The density of states calculations

has been carried out using a I" k-point grid of 6 x 6 % 1.

Our findings reveal that the MXene material is inherently metallic, owing
to the presence of d-electronic states from Sc and Cr, in addition to p-states
from C and O. Furthermore, when AI-S intermediates are adsorbed, there
is a notable overlap between the electronic states of MXene and the p-states
of the Al-S intermediates. Importantly, there are electronic states from all
of the components of Al-S and MXene at the Fermi level, preserving the
metallic character of the adsorbed systems. Such an intrinsic metallic nature

would be conducive in facilitating electron conduction throughout the entire
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system, establishing a pathway for electrons to engage in the redox reactions
involved in polysulfide conversions on the MXene surface. The insights
gathered from this study hold promise for the future development of high-
performance Al—S batteries, contributing to the advancement of sustainable

and efficient energy technologies.

6.5. Conclusion

In the present work, we have strived to present suitable sulfur host cathode
materials for Al-S batteries from the large family of M1M2XT, MXenes,
which can address both the dissolution of intermediates due to weak
adsorption and irreversible reactions due to strong adsorption of
intermediates. A multistep workflow has been developed for rapid and
accurate adsorption energy predictions by combining DFT and machine
learning (ML). The trained ML models were improved using ANOVA F-
value analysis, by which top ranked features were selected from the overall
feature space. Among various implemented ML models, boosting tree-
based algorithms were found to outperform the other ML models and
XGBR emerged as the most accurate model. From the predicted results, 42
MXene materials have been identified as potential anchoring agents with
optimal adsorption for all Al-S intermediate species. Terminal functional
groups are found to be the most dominating factors for determining the
anchoring capability. MXenes containing O and F terminal groups exhibit
greater suitability for achieving optimal adsorption of all the intermediates.
Overall, this study represents an efficient method to reduce a large material
space to find out the best MXene materials that can anchor the polysulfide
intermediates thereby addressing the shuttle effect in Al—S batteries. We
believe this study will guide the experimental researchers to choose and
design suitable sulfur host materials from a large material space and
encourage them to explore novel MXene materials for the Al—S battery

application.
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7. Scope for Future Works

The present doctoral work demonstrates how machine learning (ML) can
be strategically integrated into battery materials research to efficiently
screen large chemical spaces and extract meaningful structure—property
relationships. While this thesis addresses multiple bottlenecks in electrode
and electrolyte discovery using supervised, unsupervised and interpretable
ML models, it also opens the door to a broader set of possibilities. As the
energy storage landscape continues to evolve, new directions are emerging
where data-driven tools especially next-generation ML and Al frameworks
can further accelerate discovery and innovation. The potential future

extensions of this work are outlined below:
7.1. Data Generation Using Pretrained ML Potentials

A critical limitation in applying ML to emerging battery chemistries (e.g.,
aluminum dual-ion batteries, redox flow batteries, organic systems) is the
lack of large, curated datasets. While Materials Project and related
databases cover metal-ion batteries to some extent, there is a serious gap in
data for less conventional systems. Using pretrained and fine-tuned ML
potentials, large volumes of DFT-like data can be generated rapidly for
underexplored systems. This opens up the possibility of automatically
generating datasets for battery materials that are chemically meaningful and
diverse, enabling robust model training without requiring expensive

computations for every new material.

7.2. ML Potentials for Probing Long-Time Dynamics and Thermal
Stability

Understanding how battery materials behave over time and under varying
thermal conditions is critical for improving their performance, safety, and
lifespan. However, traditional ab initio molecular dynamics (AIMD)
simulations are severely limited by high computational cost and short

accessible timescales, especially for large and complex systems. This makes
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it extremely difficult to explore key dynamic phenomena—such as ion
diffusion, phase transformations, structural degradation, and thermal
stability under operating conditions. Machine-learned interatomic
potentials (ML potentials) offer a promising solution by replicating DFT-
level accuracy at a fraction of the computational cost. Models such as
CHGNet, M3GNet, and MACE can enable large-scale, long-timescale
simulations that were previously infeasible. These simulations make it
possible to investigate temperature-driven effects, stability under cycling,
and atomistic changes during thermal stress—all of which are crucial for

understanding battery failure mechanisms and improving material design.
7.3. Automated Diffusion Barrier Prediction Pipelines

Ion diffusion is a critical parameter in determining battery rate performance.
However, calculating diffusion barriers using DFT for each material and
each pathway is computationally intensive and scales poorly with system
size. With the integration of ML potentials, a fully automated pipeline for
diffusion barrier prediction can be developed. By coupling this with existing
ML models for capacity, voltage, and stability, a comprehensive screening
platform could be constructed to identify multi-objective-optimized battery
materials. This framework could also be extended to solid-state electrolytes,
where similar ion-hopping mechanisms are present and where

computational challenges are even more severe.
7.4. Generative Al for Electrode Material Design

One of the most exciting directions is the application of generative Al (Gen
Al) for designing novel materials with user-defined properties. Unlike
traditional ML models that predict properties based on existing data,
generative models (e.g., diffusion models or generative adversarial
networks) can create entirely new molecular or crystal structures
conditioned on specific constraints. For instance, one could define a

material that should deliver more than 4 V voltage, be composed only of
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earth-abundant elements, maintain structural stability across multiple
charge/discharge cycles, and exhibit high reversibility. Although this level
of multi-objective generation is still a significant challenge, early research
suggests that generative Al can dramatically reduce the design space and
produce chemically plausible candidates that would otherwise remain
undiscovered. Integrating Gen Al into battery materials research has the
potential to reshape how we approach materials discovery from reactive

exploration to intelligent design.

While this thesis lays the foundation for accelerating battery materials
discovery using machine learning, the future lies in more intelligent,
generative, and self-improving systems. These tools will not only reduce
the time and cost of materials research but also enable the exploration of
entirely new chemistries that are beyond the current bounds of human
intuition and conventional experimentation. The convergence of ML,
generative models, and domain knowledge promises a new era of data-

driven innovation in energy storage.
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