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Solid polymer electrolytes (SPEs) hold significant potential for energy storage
systems, particularly in next-generation solid-state lithium-ion batteries. However,
their poor ionic conductivity remains a critical challenge. This thesis investigates the
relationship between the microstructural characteristics of SPEs and their ionic
conductivity using machine learning techniques. Our goal is to utilize existing
literature data to develop predictive models that forecast ionic conductivity based on
structural attributes.

We begin with a review of the fundamental properties of SPEs, focusing on ionic
transport mechanisms from both theoretical and experimental perspectives. Our
methodology involves extracting and synthesizing data from numerous studies to
create a comprehensive dataset. Machine learning models, including neural networks,
are then trained on this dataset to predict ionic conductivity.

The results highlight significant correlations between specific structural features
and ionic conductivity. However, the performance of our predictive models was
limited by the small dataset size, leading to potential overfitting and reduced
generalizability. Despite these limitations, the study demonstrates the feasibility of
using machine learning to gain insights into SPE design.

This research advances our understanding of the factors influencing ionic
conductivity in SPEs and underscores the need for larger datasets. It also highlights
the potential of combining traditional scientific approaches with modern data science
techniques to drive materials innovation.
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Chapter 1: Introduction

Developing renewable energy to replace nonrenewable energy such as fossil fuels
has been regarded as one of the most important global challenges. Lithium batteries,
such as lithium-ion batteries (LIB) have been deemed as next-generation energy
storage system due to their high energy density (energy per unit volume) and specific
energy (energy per unit mass), low maintenance cost, and good electrochemical
potential.> However, the liquid electrolytes used in current LIB contain highly
volatile and flammable solvents, such as ethylene carbonate, which cause fire and
explosion concerns.? In addition, liquid electrolytes are unable to withstand high
operational voltages, which would lead to unstable solid electrolyte interphase (SEI),
causing harmful lithium dendrites.* This limitation is particularly problematic in next-
generation lithium-metal anode batteries (LMB), which require effective dendrite
suppression. Lithium-metal anodes offer exceptionally high capacity (3860 mAh g),
over ten times that of current graphite anodes (372 mAh g1),° underscoring the need
for advanced electrolyte materials.

During the past decades, several types of Li-ion conducting electrolytes have been
suggested. Generally, they can be classified into two categories: inorganic ceramic
electrolytes and solid polymer electrolytes (SPEs). Compared with ceramic
electrolytes, SPEs have lower cost of manufacturing and better interfacial
compatibility. SPEs enhance battery safety and durability through their solid-state
properties, reducing risks associated with dendrite formation, flammability, and
chemical instability.® The integration of SPEs aligns with industry trends that
prioritize safety and performance, especially in sectors like consumer electronics and
electric vehicles, where battery reliability is crucial. Furthermore, SPEs’ ability to
suppress dendrite formation makes them suitable for next-generation LMB, thereby
improving the energy density of LIBs.

The core of SPEs lies in their unique ability to conduct lithium ions through a
solid polymer matrix. This conduction is typically achieved through the incorporation
of a lithium salt into a polymer host, such as polyethylene oxide (PEO). The ionic

conductivity in these systems occurs via the movement of lithium ions along the



polymer chains, facilitated by their interaction with the electronegative (e.g. oxygen)
atoms in the polymer chain, known as segmental motion.” By optimizing these
interactions and the polymer’s molecular structure, researchers aim to enhance the
ionic conductivity, which is key to improving the overall battery performance.

Despite these advantages, the adoption of SPEs in LIBs faces challenges,
primarily related to their low ionic conductivity at ambient temperatures.®
Traditionally, the relationship between the molecular structure of polymers and their
properties has been explored through experimental methods and classical
computational chemistry techniques such as density functional theory (DFT).%0
However, these methods are often time-consuming and computationally intensive,
limiting their utility in rapidly screening and optimizing large datasets of polymer
structures.

Recent advances in machine learning (ML) provide powerful tools for predicting
material properties based on structural data. ML algorithms excel at uncovering
complex patterns in data that are not readily apparent through conventional analysis.*
For SPEs, ML can be applied to predict ionic conductivities from the SMILES
(Simplified Molecular Input Line Entry System) notations of polymers, offering a
rapid and cost-effective method for material design and selection. By training models
on datasets that comprise SMILES notations and known conductivities, ML facilitates

the discovery of novel polymer electrolytes with tailored properties.



Chapter 2: Literature Review
2.1 Evolution and Optimization of Solid Polymer Electrolytes

In 1973, Fenton et al.*? reported the semicrystalline complex of polyethylene
oxide (PEO) and certain sodium and potassium salts. The electrical properties were
studied later, and they highlighted the ionic conduction in the amorphous phase of the
polymer (Fig. 2.1).1 Armand later proposed using these Li-ion conducting systems as
SPEs for solid-state LMBs, and he particularly recommended weak coordinating
anions like bis(trifluoromethanesulfonyl)imide (TFSI) as the ideal lithium salt anions.
This proposition has since been validated, especially in guiding the selection of anions
to develop practical SPEs for LMBs, sparking extensive global research over the past
four decades. Despite initial skepticism, SPEs are now recognized for potentially
resolving safety concerns, particularly by mitigating Li dendrite growth common in
traditional liquid electrolytes and enhancing energy density due to their advantages

including cost-effectiveness and non-flammability.
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Figure 2.1. Schematic illustration of (a) the morphology of a polymer consisting of
amorphous and crystalline regions; (b) the structure of a polymer chain.'4

A significant advancement in this area is exemplified by the electric vehicle
Autolib, which utilizes an LMB comprising a SPE of lithium
bis(trifluoromethanesulfonyl)imide (LiTFSI) and PEO. Despite the widespread

adoption of SPE, especially PEO based material in such applications, the material
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faces several significant challenges, especially their low mechanical strength and low
ionic conductivity.

The mechanical strength of SPEs is crucial in suppressing dendrite growth, a
common failure mechanism in LIBs. Dendrites form when lithium deposits unevenly
during the charging process, eventually piercing the electrolyte layer and leading to
short circuits or even battery fires.'® SPEs often suffer from insufficient mechanical
robustness to withstand the mechanical stresses caused by dendrite formation.*’
Monroe and Newman suggested that dendrite growth can be successfully suppressed
if the shear modulus of SPE is at least twice of that of Li metal (4.8 GPa at 298 K).*
Enhancing the mechanical strength of these electrolytes is therefore essential, not only
to prevent dendrite growth but also to maintain the integrity and longevity of the
battery under typical operating conditions. Recent research has focused on developing
composite SPEs by incorporating rigid fillers (e.g. silica nanoparticles), organic fillers
(crosslinking) or robust supporting framework,®-2* which can significantly improve
their mechanical properties and their dendrite suppression capabilities.

lonic conductivity of the electrolyte is fundamental to the efficiency, energy
density, and stability of LIB. The low ionic conductivity of SPESs represents a
significant barrier to their widespread adoption in next-generation LMBs. This
limitation is primarily due to the semi-crystalline nature of the polymer matrix, which
impedes the free movement of lithium ions.?? Within the polymer, lithium ions
migrate mainly through a process known as segmental motion (Fig. 2.2).23 This
involves the coordination of lithium ions with electronegative functional groups,
followed by their migration to new sites where they coordinate with other functional
groups. This movement is intrinsically linked to the local motion of the polymer
chain. Therefore, the efficiency of segmental motion is closely linked to the flexibility
of the polymer chain and the coordinating environment. A high degree of crystallinity
results in a more ordered matrix structure, which restricts the ability of the polymer
chains to deform and effectively coordinate lithium ions and vice versa. This
challenge becomes more pronounced at lower temperatures, where decreased polymer
flexibility leads to further reductions in ion mobility and, consequently, ionic
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conductivity. Moreover, the coordinating properties of the functional groups play a
crucial role, as ion migration along or between polymer chains to new coordination
environments involves the exchange of coordinating groups within the ion’s solvation

shell.?
"\
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Figure 2.2. Schematic illustration of the lithium-ion’s segmental motion in SPEs.??

To overcome the challenges associated with the low ionic conductivity of SPEs,
extensive research has focused on modifying the polymer structure to enhance ion
transport. Several strategies have proven effective in improving the ionic conductivity
of SPEs, which can be summarized to three ways: increase ion-pair dissociation,
create ionic conduction pathway, and decrease crystallinity (Fig. 2.3).%
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Figure 2.3. Approaches to improve the ionic conductivity of SPE.?
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Besides ionic conductivity, SPEs formed by dissolving lithium salts with small
anions in a polymer host (mostly PEO) have low lithium transference number (LTN)
because they are dual-ion conductors, where both Li* cations and their counter anions
are mobile. Li* cations are typically less mobile than their anionic counterparts, as
their movement is hindered by the Lewis basic atoms in the polymer matrix. This
results in a low LTN, generally less than 0.5.26 During battery charge-discharge
cycles, Li* cations and counter anions migrate in opposite directions within the
polymer matrix, often leading to anion accumulation at the anode, creating
concentration gradients that cause polarization, voltage losses, increased internal
impedance, and undesirable reactions, ultimately leading to dendrite formation and
cell failure.?” Conversely, research has shown that when the LTN of SPE approaches
1, the electrolyte prevents the formation of concentration gradients even under high
charge and discharge rates.?® Additionally, the risk of Li dendrite formation is
significantly reduced.?® Moreover, studies have found that an electrolyte with a LTN
of 1 can deliver performance on par with dual-ion electrolytes with ionic conductivity
that is ten times higher.?8

Therefore, the pursuit of single-ion solid polymer electrolytes (SISPES) emerges
as a promising direction to address these challenges. SISPEs are designed to facilitate
the exclusive transport of lithium ions while immobilizing the anions, thereby
potentially achieving a LTN close to 1. In the early 1980s, Bannister et al. proposed
two approaches for achieving single Li-ion conduction in SISPEs.® The first method
involves anchoring the anion to a polymer side chain, which immobilizes the anion
and only allow the Li* cations to contribute to charge flow. The second method
restrict the mobility of the anion by using a lithium salt of a dibasic acid, specifically
dilithium hexafluoroglutarate, thereby enhancing the LTN.3? The selective ion
transport in SISPEs minimizes the migration of anions towards the anode,
substantially reducing the formation of concentration gradients, voltage losses, and
the associated internal impedance. SISPEs not only enhance the uniformity of ion
distribution throughout the electrolyte but also decrease the likelihood of dendrite

formation and the resultant cell failure. The successful development of SISPEs could
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thus revolutionize the performance and safety of LIB systems, positioning them as a

viable candidate for high-efficiency, high-safety energy storage solutions.

2.2 lonic Conductivity of Solid Polymer Electrolytes

SPEs have garnered significant attention in the field of electrochemical devices
due to their potential applications in high-performance LIBs. As introduced in
Chapter 2.1, ionic conductivity is a pivotal property of SPEs, influencing their
efficiency and applicability in LIBs. This section provides an overview of the ionic
conductivities of SPEs, focusing on their mechanisms, influencing factors, and

comparative performance with traditional liquid electrolytes.

2.2.1 Physical Models for lonic Conductivity

A distinctive characteristic of ion conducting SPEs compared to other ionic
conductors is their composition, which involves dissolving salts with low lattice
energy into a polar polymer matrix. Despite the fact that the conduction mechanism
has not been fully understood yet, it is widely accepted that SPEs consist of both
amorphous and crystalline phases at room temperature, with ion transport
predominantly occurring within the amorphous regions; long-range transport of
cations occurs through coordination-decoordination steps. Under an electrical field,
these steps involve the movement of cations between adjacent coordination sites
located either on the same polymer chain or from one chain to another chain (Fig.
2.2).3! Some reviews suggest that the polymer chains form cylindrical tunnels that act
as channels for cation movement, with cations positioned and coordinated within
these tunnels by the functional groups.3222 Therefore, the amount of Li* and the
mobility of polymer chain is critical on the ion transport capability in SPEs. This
model is known as the segmental motion model, and the ionic conductivity can be

denoted as (Eq. 2.1):%

o= Z n;q;l; Equation 2.1
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where n; is the concentration of carriers, q; is the charge number of mobile ions,
and y; is the mobility of carriers. Incorporation of polar functional groups such as -
O-, C=0, -N-, and -S- into the polymer matrix is crucial as it enhances the
dissociation of lithium salts, thus increasing the concentration of mobile Li* ions.34
This is further supported by the choice of lithium salts, which should ideally possess
low lattice energy to ease dissociation, and polymers with a high dielectric constant to
increase ion mobility.3® It can also be seen from the equation that if the charge g; is
fixed, the ionic conductivity o is proportional to the number and mobility of mobile
ions. Therefore, decreasing the polymer crystallinity can increase the concentration
and mobility of the carriers (both cations and anions) and thereby increase ionic
conductivity. However, while strong coordination between Li* ions and the polar
groups promotes the dissociation of lithium salts, it can also impede the mobility of
Li* ions.®® Therefore, optimal ionic conductivity requires a balanced interaction
between the polymer and the Li* ions.

Several other theoretical models, such as Arrhenius, Vogel-Tamman-Fulcher
(VTF) and free volume have been proposed to interpret the mechanism of ion
transport. These models provide a framework for analyzing the behavior of ion
transport, which is critical for design and preparation of high-performance SPEs.
However, only the Arrhenius model will be introduced further in this research due to
its versatility in handling the data.

The Arrhenius model, originally developed to describe chemical reaction rates,
has been effectively adapted to explain how ionic conductivity in SPEs varies with
temperature. According to the Arrhenius equation, the ionic conductivity is expressed

as (Eq. 2.2):%

o(T) = o, exp <;TE,1‘,1> Equation 2.2
where a,, E, and kg are pre-exponential factor, activation energy and Boltzmann
constant, respectively. This equation illustrates that an increase in temperature or a

decrease in activation energy significantly enhances the ionic conductivity (Fig. 2.4).

As temperature rises, the amplitude and frequency of motion of the polymer backbone
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and side chains also increase, facilitating tighter coordination.®” This enhanced

mobility results in the segmental motion of the amorphous polymer becoming

increasingly independent from the motion of the ions, thereby reducing the energy

required for ions to transition from one site to another.
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Figure 2.4. Arrhenius plot for the PVDF-HFP/SG electrolyte.

2.2.2  Methods for Structural Modification to Improve lonic Conductivity

Chapter 2.1 outlines three mechanisms to improve ionic conductivity: increase
ion-pair dissociation, create ionic conduction pathway, and decrease crystallinity.
Research in these areas has identified several strategies to improve the ionic
conductivity of SPEs, including blending, copolymerization, branching, and
interpenetrating networks:’

1. Blending: This technique involves physically mixing two or more polymers to
create the SPE, such as adding a plasticizer. Interactions between the polymers
reduce their crystallinity, thereby enhancing ionic conductivity. This method
also allows the electrolyte to inherit properties from various polymer hosts,
providing a simple yet effective means to tailor electrolyte characteristics.

2. Copolymerization: SPEs created through the covalent bonding of polymers
with distinct properties exhibit varied functional segments. For instance, SPEs

combining vinyl ethylene carbonate (VEC) and hydroxyethyl methacrylate
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(HEMA) have been developed. Huang et al. reported an SPE comprising
VEC-HEMA and LiTFSI, which demonstrated a high Young’s modulus (0.5
GPa) from HEMA and increased electron conductivity (8 X10# S cmt) from
VEC. Such SPEs are also effective in suppressing dendrite growth in polymer
lithium-ion batteries.*°

Branching (Fig. 2.6): Incorporating a large number of branched chains within
the polymer can significantly reduce crystallinity, thus enhancing ionic
conductivity. Kang et al. synthesized a star-shaped siloxane acrylate SPE with
various oligo(ethylene oxide) repeating units, achieving ionic conductivities in
the range of 6.3 to 7.8x10** S cm* with 80 wt% poly(ethylene oxide) dimethyl
ether at 30°C. The ionic conductivity of these branched SPEs is comparable to

that of SPEs based on amorphous linear PEO.%

Figure 2.5. An example of branched polymer: star-shaped siloxane acrylate (D4A).%

4.

Interpenetrating network (Fig. 2.7): This method SPEs with cross-linked
network structures can partially inhibit polymer crystallization, improving
both the mechanical and conductive properties of the electrolyte. Deng et al.
prepared a new network boron-based single-ion SPE that has an ionic

conductivity of 1.47x103 S cm™ at room temperature.?®
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Figure 2.6. An example of interpenetrating network polymer: lithium
bis(allylmalonato)borate (LiIBAMB) - pentaerythritol tetrakis(2-mercaptoacetate)
(PETMP).26

2.3 Computational Methods and Machine Learning for Polymer Research

The ionic conductivity of SPEs is heavily influenced by their molecular
composition and structural arrangement. Accurately predicting and improving the
ionic conductivity through structural modifications not only optimizes the
performance of existing SPEs but also aids in the development of new formulations

for SPEs.

2.3.1 Traditional Computational Methods

In the field of polymer science, computational methods such as Molecular
Dynamics (MD), Monte Carlo (MC) simulations and Density Functional Theory
(DFT) have traditionally played pivotal roles in advancing the understanding of
polymer structures and properties.*? For example, MD offers insights into polymer
dynamics, such as ionic conductivity in stretched Nafion and molecular dynamics of
polymer chain in solution by simulating the physical movements of molecules.*34
Meanwhile, DFT has been utilized in analyzing electronic structures and
understanding the bonding mechanisms within polymers. DFT helps predict
properties such as electronic, optical and mechanical properties of polymers, making
it crucial for the design of new polymer materials for electronic, photonic and energy
applications.*>6 Both methods have significantly contributed to the foundational
knowledge in polymer science, paving the way for the development and optimization
of innovative polymer materials.

However, these traditional computational methods face several challenges. One
significant challenge is the computational cost associated with these techniques,
which increases exponentially with the size of the polymer system and the duration of
the simulated processes. This makes it difficult to model the long-time scales and

large spatial scales that are often necessary to capture the full range of polymer
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behaviors, particularly for complex or highly entangled polymers.#” Furthermore, MD
and MC simulations rely on accurate force fields, which can be difficult to
parameterize for polymers, especially when dealing with novel or poorly understood
materials. These methods also generally assume equilibrium conditions, which might
not be representative of all real-world scenarios where non-equilibrium dynamics play
a critical role.*® Consequently, while MD and MC provide valuable insights into the
microscopic properties and behaviors of polymers, their applicability is sometimes
limited by scale, computational resources, and the accuracy of the underlying physical

models.

2.3.2 Machine Learning for Polymer Research

In contrast to biomolecular research, which benefits from extensive, homogeneous
databases like the Protein Data Bank, polymer research faces challenges due to the
lack of similar comprehensive databases.*® These databases are often sparse,
heterogeneous, and sometimes unavailable, compounded by the absence of rapid and
scalable techniques for measuring polymer properties.® This makes constructing new
databases for specific design problems resource-intensive and difficult.

However, machine learning (ML) offers potential solutions to these challenges
and accelerates the design of polymers. ML, a key component of artificial intelligence
(Al), evolves from traditional Al that relied on hard-coded algorithms. Unlike its
predecessor, ML allows computers to derive rules directly from data. This data
typically includes input values paired with corresponding outputs. The ML model
learns by adjusting its internal parameters to map inputs to outputs effectively. Once
trained, the model can predict outputs for new data. ML encompasses three main
types: supervised learning, unsupervised learning, and reinforcement learning (Fig.
2.8).5! Supervised learning involves training a model on a labeled dataset (input and
desired output values) to achieve data classification or regression, such as support
vector machine. Meanwhile, unsupervised learning learns patterns exclusively from

unlabeled data to achieve clustering or dimension reduction. Reinforcement learning

-19 -



involves an agent taking actions to alter its state and interact with the environment,

aiming to maximize a target reward, such as Markov decision process.

Machine Learning Algorithms

Supervised Learning Unsupervised Learning Reinforcement Learning
@ (lassification ® Clustering ® Real-time Decisions
® Regression ® Dimensionality Reduction ® Robot Navigation

Support Vector Machine K-means Clustering Markov Decision Process
Artificial Neural Network Principal Component Analysis Active Learning
Decision Tree @ = be—m..ce. 0 k.

Figure 2.7. Overview of ML algorithms.>!

The rise of ML based data-driven materials design strategies has proven
successful across various materials science domains, leading to the creation of large
materials databases that facilitate this new research paradigm.'2 Initially focused on
inorganic materials and small organic molecules, these ML approaches have gained
traction in polymer and soft matter research.>* ML has been successfully applied to
predict the structure-property relationship of polymers, with several databases now
available that predominantly contain computationally estimated structure-property
data. 51,53-55

ML of polymers involves polymer featurization, which is representing polymers
in a machine-readable numeral representation. In this regard, one of the most popular
descriptors is the SMILES (Simplified Molecular Input Line Entry System) string
representation, which is frequently used to explore chemical spaces in polymer
research.® The SMILES string can be further processed to extract features, which
mainly has three feature extraction methods: molecular descriptors (MD), molecular
fingerprint (MF), and molecular graph (MG) (Fig. 2.9).5>%7

MD are numerical values that quantify specific properties or features of a
molecule. These properties can be derived from various aspects of the molecule, such
as its constitutional, geometrical, or topological characteristics. Constitutional

descriptors represent basic atom-based information, such as atom type, atomic weight,
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number of atoms, and types of bonds within a molecule. These descriptors provide
fundamental insights into the molecule’s composition and structure. Geometrical
descriptors capture 3D structural information like shape, volume, and surface area,
derived from the atomic coordinates in three-dimensional space. These descriptors are
particularly useful for differentiating monomers with the same chemical composition
but different 3D structures, which is crucial for understanding how shape and
structural changes affect polymer properties. However, calculating geometrical
descriptors can be computationally intensive, especially for large molecules or
complex structures. Topological descriptors focus on the 2D connectivity and
arrangement of atoms, representing the molecule as a graph where vertices correspond
to atoms and edges to bonds. These descriptors encode the molecule’s shape, size,
connection types, and bonds, providing a comprehensive view of the molecule’s 2D
structure.®®

A subset of molecular descriptors, molecular embedding (ME), involves
generating continuous-value vectors from a molecule’s structure. Pretrained machine
learning models, such as Mol2vec, are used to create these embeddings, which avoid
issues like hash collisions that can occur with other descriptor types.>® In our studies,
we chose Mol2vec because it efficiently captures complex molecular features in a
continuous vector space, enhancing the model's ability to learn and generalize from
the data.

Fingerprints are simplified binary or numerical vectors that encode the presence or
absence, and sometimes the count, of predefined structural features or substructures
within a molecule. Morgan fingerprint (MF) is one of the most widely used
mathematical representations for polymer molecules. In the MF method, substructures
surrounding each non-hydrogen atom are identified within a specified radius and
converted into unique identifiers. These identifiers are then hashed into a fixed-length
vector format, where each element indicates the presence (as a binary value) or
frequency (as a count) of a particular substructure. The advantage of MF lies in its
ability to capture detailed substructural information in a compact form, though it is

prone to hash collisions. In our studies, we also chose MF because of its compactness.
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The molecular graph (MG) representation treats the molecule as a graph where
atoms are vertices and bonds are edges. This method captures the 2D connectivity and
arrangement of atoms, providing a detailed depiction of the molecule’s structure. MG
representations are particularly effective in modeling the properties of polymers, as

they consider the entire connectivity pattern within the molecule.
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Figure 2.8. Three types of feature extracting methods for SMILES.>
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Chapter 3: Methodology
3.1 Introduction

The investigation into the relationship between the microstructural characteristics
of SPEs and their ionic conductivity is pivotal for advancing energy storage
technologies. This chapter details the methodological framework employed to explore
this relationship using machine learning (ML) techniques. Our approach encompasses
several key stages: data acquisition and preprocessing, model selection and
development, and the subsequent training, validation, and evaluation of the models.
By adopting these techniques, we aim to predict ionic conductivity and elucidate the
underlying factors that influence it, ultimately contributing to the optimization of SPE
design and performance.

Data acquisition forms the bedrock of our analysis. We aggregated a
comprehensive dataset from various sources, including peer-reviewed publications
and public databases such as PoLylInfo. This dataset encompasses a wide range of
features, including polymer names, SMILES strings, activation energy, and
temperature, all of which are known to impact ionic conductivity. However,
integrating data from disparate sources posed significant challenges, particularly due
to inconsistencies in data formats and missing information. To address these issues,
we implemented a multi-step preprocessing strategy. This involved standardizing data
formats to ensure uniformity, managing missing values through imputation or
exclusion, and scaling features to a common range to facilitate accurate model
training.

In developing our models, we focused on selecting machine learning algorithms
that balance complexity and interpretability. We evaluated a spectrum of algorithms,
from traditional linear regression models to advanced ensemble methods and neural
networks. The selection process was informed by the specific characteristics of our
dataset and the nature of the predictive task. A systematic hyperparameter tuning
process, employing grid search and cross-validation techniques, was used to optimize

model performance. This rigorous approach allowed us to fine-tune the models,
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striking an optimal balance between underfitting and overfitting, and ensuring robust
predictive accuracy and generalization capability.

The training phase involved feeding the prepared data into the chosen models and
iteratively adjusting model parameters to minimize prediction errors. A portion of the
dataset was reserved for training, while the remainder was used for validation.
Throughout the training process, model performance was closely monitored to ensure
that the learned patterns generalized well to unseen data. Validation is a critical
component, providing an assessment of model performance in conditions that
approximate real-world scenarios. This step is crucial for fine-tuning the models and
determining their predictive accuracy on new data.

Model evaluation focused on understanding how well the developed models
predicted ionic conductivity and what these predictions revealed about the
relationship between structural attributes and conductivity. We employed a range of
performance metrics, including mean absolute error (MAE), root mean squared error
(RMSE), and R-squared (R?) scores, to gauge model accuracy. Comparative analysis
was conducted to identify the strengths and weaknesses of each model, providing
insights into the suitability of different machine learning techniques for this research.

In summary, this chapter outlines the structured approach we adopted to
investigate and predict the structure-conductivity relationship of SPEs using machine
learning. The subsequent sections will delve deeper into each aspect of our
methodology, detailing the specific strategies employed and the results obtained. By
rigorously applying these techniques, we aim to contribute to the scientific
understanding and practical optimization of SPEs, enhancing their performance for

advanced energy storage applications.

3.2 Data Collection and Preparation

Accurate data collection and preparation are essential for building robust
predictive models. For this study, the goal was to collect comprehensive datasets
capturing the structure-ionic conductivity relationship of SPEs. These datasets were

sourced from both proprietary polymer databases and scientific literature. The
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following sections outline the challenges encountered in data acquisition and the
methods used to resolve them, as well as the strategies adopted to preprocess the data

and ensure the resulting dataset is suitable for machine learning.

3.2.1 Data Sources and Acquisition

An initial exploration of databases identified several sources relevant to the study,
as shown in Table 3.1. However, most of these databases were extremely limited in
size and lacked sufficient information for polymers. PoLylnfo, the largest databases
for polymers available, contains data on polymer properties for more than 20,000
polymers, which could be potentially correlated with ionic conductivity.®® While
PoLylInfo includes extensive data on various properties of polymers, it lacks specific
information on ionic conductivity. Therefore, supplementary data from literature were
required to obtain conductivity measurements along with other relevant properties
such as ionic conductivity and activation energy.

Table 3.1. Publicly Accessible Polymer Databases Examined

Name Description URL
Materials Project®® | Computed properties | https://materialsproject.org
for mainly inorganic
materials
Polymer Genome® | Polymer property https://www.polymergenome.org
prediction
PoLyInfo®° Comprehensive data https://polymer.nims.go.jp
for polymers
Polymer Property Flory—Huggins y https://pppdb.uchicago.edu
Predictor and parameters and glass
Database transition
temperatures for
polymers
Physical Properties | Physical properties ISBN: 9780387690025,
of Polymers and characterization 0387690026
techniques of
polymers

Nevertheless, an attempt to combine non-ionic conductivity data from PoLylInfo

with literature data on ionic conductivity revealed that the polymers referenced in
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literature often did not match those available in PoLylInfo. This discrepancy made
direct integration challenging.

Despite the limitations, PoLylInfo contained valuable information on polymer
characteristics, such as thermal properties and mechanical properties. Therefore, these
data were retained and analyzed to understand their correlation with ionic
conductivity. To facilitate understanding and interpretation, the correlations between
these properties and ionic conductivity were categorized into five distinct groups,
each represented by a different color code. These categorizations are detailed in
Appendix - Table 1 as follows:

Table 3.2. Categorization of Polymer Properties and Their Correlation with

lonic Conductivity

Color Code | Description Relationship with lonic
Conductivity
Green Directly supported by literature Strong and clear relationship
Yellow Supported by scientific reasoning | Significant relationship, albeit
and/or indirect literature less direct
Orange Supported by scientific reasoning | Weaker and less direct
and/or indirect literature relationship
Red Little relationship or influenced Not suitable for straightforward
by too many factors ML applications
- Requires further investigation Relationship unclear, needs
more research

Given the limitations of existing polymer databases such as PoLylInfo, which
primarily provides non-ionic conductivity related data and often lacks entries found in
newer research publications, our data collection was predominantly literature-based.
We meticulously reviewed recent academic papers and theses focusing on SPEs,
extracting data on ionic conductivity, activation energy, temperature, lithium
transference number and other relevant physical properties of polymers such as glass
transition temperature. To ensure the purity of the dataset in terms of chemical
composition, we specifically excluded studies involving polymers enhanced with
additives like plasticizers, solvents, and inorganic or organic fillings. The rationale

was to isolate the effect of the polymer backbone’s chemical structure on ionic
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conductivity, thereby avoiding the confounding influences of external enhancement
agents.

During the data collection phase, we classified SPEs into three categories based
on their backbone structures: linear, branched, and network (Fig. 3.1, Fig. 3.2). This
classification allowed us to investigate the impact of structural complexity on ionic
conductivity. As shown in Fig. 3.1, there is a clear trend indicating that network
structures generally exhibit higher ionic conductivities compared to linear and
branched structures. Linear polymers, represented by the light blue points,
predominantly occupy the lower conductivity range, while branched and network
polymers, depicted in darker blue shades, display higher conductivities. This
preliminary finding aligns with the hypothesis in academia that increased structural
complexity and the presence of more interconnected pathways facilitate better ionic
transport. The data also reveals that network polymers maintain relatively high ionic
conductivity across a broader temperature range, suggesting their potential advantage
in varied operational conditions. These insights from the preliminary classification
highlight the importance of backbone structure in designing SPEs with enhanced ionic

conductivity.
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Figure 3.1. lonic conductivity for SPEs with different backbone chemical structures.
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Linear Branched Network

Figure 3.2. Schematic illustration for the classification for SPEs.

3.2.2 Data Cleaning

Data cleaning is a crucial step in preparing data for ML, as it ensures that the data
fed into the model is accurate and uniform. For this study on the ionic conductivity of
SPEs, several cleaning tasks were performed, with a key focus on standardizing ionic
conductivity measurements to a common temperature base (298 K).

lonic conductivity in polymers is significantly influenced by temperature. To
ensure comparability across different samples and studies, it was necessary to
standardize all ionic conductivity measurements to a consistent temperature of 298 K.
The standardization process began with the identification of temperature-dependent
data. lonic conductivity data was gathered from various sources, where each
potentially reported under different experimental conditions, particularly varying
temperatures. We cataloged the temperature at which each conductivity measurement
was reported, as stated in the source materials.

The temperature dependence of ionic conductivity in polymers is commonly
modeled by the Arrhenius equation (Eq. 2.2). While Chapter 2.2 discusses additional
models that incorporate variables such as the glass transition temperature, these
models are not utilized in this study. The necessary parameters, like glass transition
temperatures, are often not reported in the SPE literature, making these models
impractical for our dataset. Therefore, the Arrhenius equation remains the preferred
method for adjusting ionic conductivity to a standardized temperature due to its
reliance on readily available data.

The adjustments were implemented using a scripted algorithm in Python, which

iteratively applied the Arrhenius equation to each conductivity value, normalizing
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them to reflect what they would be at 298 K. Following these adjustments, the data
underwent a verification process where a visual examination of data plots was
conducted to confirm that the adjusted conductivity values fell within expected
ranges.

In addition to the temperature standardization, handling missing values for critical
properties such as glass transition temperature and lithium transference number was
an essential part of the data cleaning process. These properties are significant as they
influence the ionic conductivity and overall performance of SPEs.

For each of these properties, the median was calculated from all available non-
missing entries. This calculation was performed separately for each property to ensure
that the imputed values were representative of the typical behavior observed in similar
polymers. The calculated median values were then used to replace missing entries in
the dataset. This imputation helped maintain the consistency of the dataset, ensuring

that all samples had complete data entries for these critical properties.

3.2.3 Feature Engineering

In the domain of polymer research, the representation of polymers in a machine-
readable format is crucial for applying machine learning techniques to predict
material properties effectively, as introduced in Chapter 2.3.2. For this thesis, we
utilized two primary methods of feature engineering: Morgan Fingerprint (MF) and
Mol2vec, which are instrumental in transforming polymer descriptors into numerical
representations suitable for machine learning models.

MF is widely adopted in computational chemistry for its efficacy in capturing
molecular structure in a compact form. This method involves the enumeration of
substructures around each non-hydrogen atom within a defined radius. These
substructures are then encoded into a fixed-length, high-dimensional, sparse vector
using a hashing technique. The primary advantage of MF is its ability to rapidly
process large datasets and its ease of integration with various machine learning
algorithms. However, a notable limitation is the potential for hash collisions, which

can obscure the uniqueness of molecular representations.
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Mol2vec, inspired by the natural language processing model Word2Vec,
represents molecules by converting SMILES strings into continuous vector spaces.>®
This method leverages a pre-trained model on 20 million molecular structures to learn
vector representations of molecular substructures, effectively capturing the contextual
relationships between different chemical environments. The vectors generated by
Mol2vec are dense and continuous, which significantly reduces the chances of hash
collisions compared to traditional hashing methods used in Morgan Fingerprints. This
feature allows for more nuanced similarity measurements between molecules,
facilitating the discovery of subtle structural relationships that may influence polymer
properties.

Both Morgan Fingerprint and Mol2vec provide robust frameworks for the feature
engineering of polymers, each with unique strengths and applications. The choice of
feature extraction method can significantly influence the performance of subsequent
machine learning models, making it essential to select the method that best aligns with

the specific research questions and data characteristics of a given study.

3.2.4 Molecular Representation

In the context of using machine learning to predict ionic conductivity from the
structure of SPEs, representing the molecular structures in a computationally
accessible format is crucial. The process of converting these structures into a standard
notation that machine learning algorithms can process involved several key steps,
primarily focused on the creation of SMILES (Simplified Molecular Input Line Entry
System) strings.

Molecular representations such as SMILES strings allow for the incorporation of
complex chemical structures into data models. SMILES notation provides a way to
encode molecular structures in a line of text, which is particularly useful for
computational analyses including machine learning. However, the primary challenge
was that many publications provide molecular structures only in graphical formats.

Initially, we explored the use of various image-to-SMILES conversion tools

(Table 3.3). These tools are primarily designed to recognize and interpret graphical
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depictions of molecules, converting them into SMILES notation. However, we

encountered issues with accuracy and reliability, particularly with the complex

polymers typical in SPE research (Fig. 3.3). This outcome was somewhat predictable,

considering that these tools are generally optimized for recognizing small molecules,

such as those found in pharmaceuticals, rather than the large, complex structures of

polymer systems.

Table 3.3. Tools Explored for Molecular Structure Conversion to SMILES

Name

URL

Comment

ChemSchematicResolver®3

https://github.com/edbeard/Che
mSchematicResolver

Unable to install

MolScribe®* https://github.com/thomas0809/ | Best among all
MolScribe tools, but still has
low accuracy
DECIMER® https://github.com/Kohulan/DE | Low accuracy
CIMER-Image_Transformer
Img2Mol®® https://github.com/bayer- Low accuracy
science-for-a-better-
life/lmg2Mol
SwinOCSR®’ https://github.com/suanfaxiaohu | Low accuracy
0/SwinOCSR/tree/main
ChemScraper®® https://gitlab.com/dprl/graphics- | Low accuracy
extraction/-/tree/icdar2024
OSRA® https://cactus.nci.nih.gov/cqi- Low accuracy
bin/osra/index.cqi
ChatGPT 4 https://chatgpt.com Unable to convert
o o,
"o Ay s /
y low accuracy
O "0 O O _—
Q
®
Li ? G
o)
*9

Figure 3.3. Example of molecular structure conversion to SMILES using MolScribe.

Although MolScribe proved to be the most accurate tool among those listed in Table

-31-


https://github.com/edbeard/ChemSchematicResolver
https://github.com/edbeard/ChemSchematicResolver
https://github.com/thomas0809/MolScribe
https://github.com/thomas0809/MolScribe
https://github.com/Kohulan/DECIMER-Image_Transformer
https://github.com/Kohulan/DECIMER-Image_Transformer
https://github.com/bayer-science-for-a-better-life/Img2Mol
https://github.com/bayer-science-for-a-better-life/Img2Mol
https://github.com/bayer-science-for-a-better-life/Img2Mol
ttps://github.com/suanfaxiaohuo/SwinOCSR/tree/main
ttps://github.com/suanfaxiaohuo/SwinOCSR/tree/main
https://gitlab.com/dprl/graphics-extraction/-/tree/icdar2024
https://gitlab.com/dprl/graphics-extraction/-/tree/icdar2024
https://cactus.nci.nih.gov/cgi-bin/osra/index.cgi
https://cactus.nci.nih.gov/cgi-bin/osra/index.cgi
https://chatgpt.com/

3.3, its accuracy for converting complex polymer structures to SMILES notation
remains relatively low.

Given the limitations of automated tools, we opted for the manual conversion of
molecular images into SMILES strings using ChemDraw software. This approach
required a meticulous process where each molecular structure was carefully recreated
in ChemDraw by closely examining the graphical depictions in the source literature.
This precise attention to detail ensured that all aspects of the molecular structure were
accurately represented.

Once the structures were recreated, ChemDraw’s built-in functionality was used
to convert these structures into SMILES strings. This conversion mechanism provided
by ChemDraw is known for its accuracy, ensuring that the generated SMILES strings
are chemically valid and truly representative of the original structures. After
generating the SMILES strings, we conducted a validation step to ensure their
accuracy by utilizing RDK:it, a widely used cheminformatics software. The SMILES
strings were input into RDKit to regenerate the molecular structure images. These
images were then meticulously compared to the original molecular figures from the
literature. This comparison was essential to confirm that the regenerated structures
precisely matched the intended molecular designs as depicted in the source materials.
Discrepancies between the RDKit-generated images and the original figures prompted
a re-evaluation and potential re-drawing of the structures to ensure that our SMILES
strings accurately represented the chemical structures of the polymers. This careful
validation process was crucial to maintaining the integrity of our molecular
representations, providing a solid foundation for subsequent predictive modeling in
our study.

For polymers consisting of several monomers, each monomer was drawn
individually. The “A”, or “*” symbol was used to represent the repeating unit of a
polymer, which is a common notation to indicate polymerization in chemical
structures (Fig. 3.4). The validated SMILES strings were then integrated into the main

dataset, where each string was associated with its respective polymer’s properties,
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such as ionic conductivity and glass transition temperature, thus preparing the dataset

for further machine learning analysis.

Figure 3.4. Example of polymer structure recreated in ChemDraw.

Despite being more time-consuming than automated methods, manual conversion
provided significantly higher accuracy and reliability. This manual approach ensured
that the molecular representations used in our machine learning models were precise
and reflective of the actual chemical structures. This comprehensive approach to
molecular representation through manual drawing and conversion to SMILES strings
was crucial for the subsequent steps of our study, allowing us to effectively include
molecular structure as a feature in our machine learning models to predict ionic

conductivity.

3.3 Model Development

In this study, we aimed to predict the ionic conductivity of SPEs using machine
learning techniques, specifically a Convolutional Neural Network (CNN) and a
Support Vector Machine (SVM). The development process for both models involved
careful selection, architecture design, parameter tuning, and rigorous training
procedures to ensure accuracy and reliability.

The CNN was chosen for its strengths in handling image data, which is beneficial
for analyzing the 2D molecular graphs derived from SMILES strings. The architecture
of the CNN included multiple convolutional layers to extract features from the
images, followed by pooling layers to reduce dimensionality and prevent overfitting.
Fully connected layers were used to integrate these features and make the final

prediction. Training the CNN involved using the Adam optimizer with a learning rate
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of 0.001, optimizing the Mean Squared Error (MSE) as the loss function. We trained
the model over 100 epochs, incorporating early stopping to avoid overfitting,
monitored through validation loss.

On the other hand, the SVM was selected for its effectiveness in high-dimensional
spaces, suitable for the molecular descriptors generated from the data. Using a Radial
Basis Function (RBF) kernel, the SVM captured non-linear relationships within the
data. We employed grid search with cross-validation to fine-tune the regularization
parameter (C) and the gamma parameter, ensuring the model was neither too complex
nor too simple. After selecting the optimal hyperparameters, the model was retrained
on the entire training dataset to finalize its setup.

Both models were evaluated using a test dataset, which was composed of 20% of
the size of training dataset and kept separate from the training and validation phases to
provide an unbiased assessment of their performance. We used metrics like Mean
Absolute Error (MAE), Mean Squared Error (MSE), and R-squared (R?) to measure
predictive accuracy comprehensively.

The CNN’s ability to process and learn from image data provided valuable
insights, particularly in extracting spatial features from molecular graphs. Meanwhile,
the SVM’s performance in high-dimensional feature spaces complemented this by
leveraging the detailed molecular descriptors. The combination of these approaches

allowed for a robust evaluation and comparison of their predictive capabilities.

-34 -



Chapter 4: Results
4.1 Model Performance and Validation

In this section, we present the performance and validation results of the
Convolutional Neural Network (CNN) and Support Vector Machine (SVM) models
using two different feature extraction methods: Morgan fingerprint and Mol2vec. The
results highlight the effectiveness of each model and feature extraction combination in
predicting the ionic conductivity of SPEs.
1. CNN with Morgan Fingerprint Features

The CNN model, trained on features extracted using the Morgan fingerprint
method, demonstrated high performance on both training and testing datasets. For the
training set, the model achieved an R? score of 0.95, indicating a strong correlation
between the predicted and actual values. The Mean Absolute Error (MAE) was 0.23,
and the Root Mean Squared Error (RMSE) was 0.29, reflecting the model's accuracy
and precision in the training phase.

On the test set, the CNN model maintained robust performance with an R? score
of 0.93. The MAE increased slightly to 0.28, and the RMSE remained consistent at
0.29. These results suggest that the CNN model generalized well to the unseen data,

making it a potential predictor for this application (Fig. 4.1).

Log-Scaled Plot
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Figure 4.1. R? plot for training and testing dataset using CNN with Morgan fingerprint
features.
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Fig. 4.2 shows a comparison of actual and predicted ionic conductivity values
(log scaled) for the test set. The blue points represent the actual values, while the red
points represent the predicted values. The close alignment between the blue and red
points indicates the model's strong predictive capability, with most predictions falling

near the actual values.
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Figure 4.2. Comparison of actual and predicted ionic conductivity using CNN with
Morgan fingerprint features.

Fig. 4.3 illustrates the training and validation loss over 100 epochs. The training
loss (blue line) decreases steadily, indicating the model's learning progress. However,
the validation loss (orange line) exhibits significant fluctuations, suggesting potential
overfitting. Overfitting occurs when the model learns the training data too well,
including noise, and fails to generalize to new data. This is evident from the

inconsistent and sometimes spiking validation loss.
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Figure 4.3. Model training and validation loss for CNN with Morgan fingerprint
features.
2. SVM with Morgan Fingerprint Features

The SVM model using Morgan fingerprint features showed contrasting
performance. The training Mean Squared Error (MSE) was 0.1802, indicating a
reasonable fit on the training data. However, the testing MSE increased substantially
to 0.8297, and the R? score on the test set was 0.293, highlighting a significant drop in
predictive accuracy on unseen data.

Cross-validation revealed further inconsistencies with scores ranging from -3.703
to -298.468, and a mean cross-validation score of -65.236. These negative values
indicate poor generalization and potential overfitting issues, suggesting that the SVM
model struggled to capture the underlying patterns in the data using Morgan
fingerprints.

3. SVM with Mol2vec Features

Switching to Mol2vec features improved the SVM model's performance. The
training MSE dropped to 0.0095, showcasing a near-perfect fit to the training data.
However, the test MSE was 0.4867, and the R? score was 0.586, indicating moderate
improvement in predictive performance compared to using Morgan fingerprints.

The cross-validation scores varied from -2.154 to -734.090, with a mean score of

-148.047. Although the performance improved compared to Morgan fingerprints, the
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wide range in scores indicates potential overfitting and variability in model
performance across different data splits.
4. CNN with Mol2vec Features

The CNN model using Mol2vec features exhibited exceptional performance on
both the training and test datasets. For the training set, the model achieved an R? score
of 0.97, with an MAE of 0.14 and an RMSE of 0.22. The test set results were even
more remarkable, with an R2 score of 1.00, an MAE of 0.05, and an RMSE of 0.07.

These results suggest near-perfect prediction accuracy (Fig. 4.4).
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Figure 4.4. R? plot for training and testing dataset using CNN with Mol2vec features.
Fig. 4.5 illustrates the training and validation loss over 100 epochs for the CNN
model with Mol2vec features. The training loss consistently decreases and remains

low, indicating effective learning. However, the high and fluctuating validation loss
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suggests overfitting, as the model's performance on the validation set is not as stable.
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Figure 4.5. Model training and validation loss for CNN with Mol2vec features.

Given the small dataset size of only 14 samples, this high performance likely
indicates overfitting. The model's near-perfect fit on such a limited dataset suggests
that it may not generalize well to larger or more diverse datasets. Despite this, the
CNN with Mol2vec features shows promise and could be highly effective when
applied to a more extensive dataset in future studies.

In summary, the CNN model, particularly with Mol2vec features, outperformed
the SVM models and demonstrated high predictive accuracy. However, the potential
overfitting issue due to the small dataset size needs to be addressed. As the dataset
grows, the robustness and generalizability of these models should be re-evaluated.
The results underscore the importance of feature selection and model choice in
predicting the ionic conductivity of SPEs, providing valuable insights for future

research in this domain.

4.2 Limitations and Implications of the Study

Despite the promising results obtained from our machine learning models, several
limitations must be acknowledged. A primary limitation of this study is the small
dataset size, comprising only 14 samples. This limited dataset raises concerns about

the generalizability of our models, particularly the Convolutional Neural Network
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(CNN) trained with Mol2vec features, which exhibited near-perfect performance on
both training and test sets. Such high accuracy on a small dataset often indicates
overfitting, where the model captures noise and specificities in the training data rather
than general patterns that would be applicable to new, unseen data.

The high variability in the validation loss observed during the training of the
CNN models further underscores the overfitting issue. While the training loss
consistently decreased, the validation loss fluctuated significantly, suggesting that the
model’s performance on unseen data is unstable. This instability is particularly
concerning given the small sample size, which does not provide a robust foundation
for validating model performance.

Another limitation is the feature extraction methods used. Although both Morgan
fingerprints and Mol2vec features were effective, each has inherent biases that might
influence the model's performance. Morgan fingerprints, for instance, may not capture
all relevant structural information about complex polymer chains, while Mol2vec
embeddings, although more comprehensive, could introduce noise from irrelevant
molecular substructures. The reliance on these methods means that our models might
miss important nuances of the polymer structures that could affect ionic conductivity.

The implications of these limitations are significant for the broader applicability
of our findings. While our models show potential, particularly the CNN with Mol2vec
features, their utility in real-world applications remains uncertain until they can be
validated on larger, more diverse datasets. The overfitting observed suggests that
caution must be exercised when interpreting the model's predictions, and any practical
use of these models should be preceded by extensive validation on new data.

Furthermore, the study highlights the importance of comprehensive data
collection and the need for larger datasets in polymer research. The challenges
encountered in integrating and validating data from various sources underscore the
necessity for standardized reporting in the field, which would facilitate the creation of

more robust and generalizable machine learning models.
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Chapter 5: Conclusions
5.1 Summary of Findings

This study explored the use of machine learning models to predict the ionic
conductivity of SPEs based on their molecular structures. Employing two feature
extraction methods, Morgan fingerprint and Mol2vec, we developed and evaluated
Convolutional Neural Network (CNN) and Support Vector Machine (SVM) models.
Our findings indicate that the CNN model, particularly when combined with Mol2vec
features, demonstrated superior predictive accuracy, achieving an R2 score of 1.00 on
the test set, albeit with signs of overfitting due to the small dataset size.

The SVM models showed variable performance, with the model using Mol2vec
features outperforming the one using Morgan fingerprints, yet still falling short of the
CNN's performance. The variability in the SVM results, reflected in wide-ranging
cross-validation scores, highlighted potential issues with model stability and
generalizability. In contrast, the CNN's ability to closely align predicted values with
actual measurements suggests a robust learning capability, although the significant
fluctuations in validation loss signal overfitting concerns.

Additionally, the study revealed that polymers with flexible single bond long
chain backbones, more complex backbone structures, and polar functional groups like
sulfonate and borate groups, could enhance ionic conductivity, corroborating existing
literature. Furthermore, the evaluation of molecular image-to-SMILES software
highlighted inefficiencies in conversion accuracy, emphasizing the need for manual
verification. Finally, we found that many polymers reported in the literature are not

available in the PoLylInfo database, limiting the scope of readily accessible data.

5.2 Contributions to the Field

This research contributes to the burgeoning field of computational materials
science by demonstrating the potential of machine learning models to predict key
properties of polymer electrolytes, which are critical for the development of advanced

energy storage systems. The use of Mol2vec features, in particular, represents a novel
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approach in the context of SPEs, providing a more nuanced understanding of
molecular structures and their influence on ionic conductivity.

Our study underscores the efficacy of deep learning models, such as CNNSs, in
handling complex molecular data, outperforming traditional machine learning
approaches like SVMs in this context. Furthermore, the detailed examination of
model performance and the identification of overfitting issues provide valuable
insights into the limitations and potential pitfalls of applying machine learning to
small datasets in materials science.

By integrating cheminformatics tools like RDKit for SMILES string generation
and validation, this research also highlights the importance of accurate molecular
representation in predictive modeling. The meticulous process of data preparation and
validation outlined in this study sets a precedent for future research, emphasizing the
need for rigorous data handling practices.

Additionally, the findings regarding the structural characteristics of polymers that
enhance ionic conductivity offer practical insights for the design of new materials.
The inefficiency of current molecular image-to-SMILES software underscores the
need for improved tools in this area, while the lack of comprehensive polymer data in
existing databases like PoLyInfo highlights the necessity for more extensive and

accessible data repositories.

5.3 Future Directions

Building on the findings and limitations identified in this study, several avenues
for future research are recommended. A primary objective should be the expansion of
the dataset to include a broader range of polymer structures and ionic conductivity
measurements. Larger and more diverse datasets will mitigate overfitting and enhance
the generalizability of the models.

Future studies should also explore advanced feature extraction techniques, such
as graph neural networks (GNNs), which can provide more comprehensive

representations of complex polymer structures. Integrating domain-specific
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knowledge into the feature engineering process could lead to more interpretable and
accurate models.

Regularization techniques, such as dropout and L2 regularization, should be
systematically applied and tested to address the overfitting issues observed in this
study. Additionally, the use of cross-validation methods, particularly k-fold cross-
validation, can provide a more robust evaluation framework for model performance.

Collaboration between experimentalists and computational researchers is crucial
for generating new data and validating model predictions. Developing hybrid models
that combine machine learning approaches with mechanistic insights from polymer
science could yield more reliable and actionable predictions.

Lastly, creating user-friendly tools and platforms that integrate machine learning
workflows for polymer research will democratize access to these advanced
techniques, fostering broader adoption and innovation in the field. Efforts should also
be directed towards improving molecular image-to-SMILES conversion software and
expanding databases like PoLyInfo to include a wider array of polymers documented
in the literature.

In conclusion, while this study demonstrates the promise of machine learning in
predicting the ionic conductivity of SPEs, addressing the limitations through larger
datasets, advanced feature extraction, regularization, and collaborative efforts will be
key to advancing this field and unlocking its full potential for materials discovery and

optimization.
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Appendix

Table 1. Polymer Properties on PoLylnfo and Their Correlation with lonic

Conductivity
Property | Relationship References
Physical properties
Density | High density usually causes lower 1. Chapter 4 - Mechanical Properties of
ionic conductivity b/c high density is Polymer Solids and Liquids
usually associated with high 2. Reducing crystallinity in solid
crystallinity (1) which reduces ionic polymer electrolytes for lithium-metal
conductivity (2). Also free volume batteries via statistical
(less dense) in the polymer (PEO) | copolymerization | Communications
could facilitate ion transfer (3). Materials
Density is also proportional to 3. Decoding Polymer Architecture Effect
molecular weight (degree of on lon Clustering, Chain Dynamics,
polymerization/chain length) (4). and lonic Conductivity in Polymer
Electrolytes | ACS Applied Energy
Materials
4. https://pubs.acs.org/doi/pdf/10.1021/m
2000952001
Specific | Reciprocal of Density Same as Density
volume
Optical properties
Refractive | RIis related to molar refraction 1. High refractive index polymers:
index which is related to the polarizability fundamental research and practical
and density of the material, with applications
higher molar refractivity values 2. Intrinsic high refractive index
obtained with more polarizable, polymers - Macdonald - 2015
higher density atoms/functional
groups. The beam of light entering a.
medium causes a disruption of
electron density, slowing the
electromagnetic wave. More
polarizable materials slow the wave
more, hence increasing the RI.
The stress-optical coefficient is 1. Stress Optical Coefficient, Test
related to a configuration-dependent Methodology, and Glass Standard
property of the polymer. Thus, SOC Evaluation

1
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o
1


https://www.sciencedirect.com/science/article/abs/pii/B9780123821782000043?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/B9780123821782000043?via%3Dihub
https://doi.org/10.1038/s43246-021-00187-2
https://doi.org/10.1038/s43246-021-00187-2
https://doi.org/10.1038/s43246-021-00187-2
https://doi.org/10.1038/s43246-021-00187-2
https://doi.org/10.1038/s43246-021-00187-2
https://pubs.acs.org/doi/10.1021/acsaem.3c00310
https://pubs.acs.org/doi/10.1021/acsaem.3c00310
https://pubs.acs.org/doi/10.1021/acsaem.3c00310
https://pubs.acs.org/doi/10.1021/acsaem.3c00310
https://pubs.acs.org/doi/10.1021/acsaem.3c00310
https://pubs.acs.org/doi/pdf/10.1021/ma00095a001
https://pubs.acs.org/doi/pdf/10.1021/ma00095a001
https://pubs.rsc.org/en/content/articlehtml/2009/jm/b909690f
https://pubs.rsc.org/en/content/articlehtml/2009/jm/b909690f
https://pubs.rsc.org/en/content/articlehtml/2009/jm/b909690f
https://onlinelibrary.wiley.com/doi/full/10.1002/pi.4821
https://onlinelibrary.wiley.com/doi/full/10.1002/pi.4821
https://www.govinfo.gov/content/pkg/GOVPUB-D101-PURL-gpo124337/pdf/GOVPUB-D101-PURL-gpo124337.pdf
https://www.govinfo.gov/content/pkg/GOVPUB-D101-PURL-gpo124337/pdf/GOVPUB-D101-PURL-gpo124337.pdf
https://www.govinfo.gov/content/pkg/GOVPUB-D101-PURL-gpo124337/pdf/GOVPUB-D101-PURL-gpo124337.pdf

N
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of polymers displaying high levels of |
secondary crystallization
Effect of Chemical Structure and Salt
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heat of freedom in the structure. Crystallinity Dependence of the Specific Heat |
capacity Amorphous polymers (lower The Journal of Chemical Physics | AIP
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pressure) | heat capacity.

Specific Similar to heat capacity at constant Motion in Polyethylene. I. Temperature and
heat pressure because volume expansion | Crystallinity Dependence of the Specific Heat |
capacity coefficient of polymer is relatively The Journal of Chemical Physics | AIP
(constant | small. Publishing

volume)

Electric properties

Dielectric | High DC is essential for the Effects of lon Size and Dielectric Constant on
constant dissociation of Li salt and high DC lon Transport and Transference Number in
generally increases ion conductivity. | Polymer Electrolytes
Surface Should be similar to volume
resistivity | resistivity b/c p=RA/t, where t is Surface vs. Volume Resistivity
thickness. So surface resistivity and
volume resistivity only have
differences in thickness.
Volume Overall, higher molecular mass, 1. The Influence of Morphology on the
resistivity | lower density, lower crystallinity Electric Strength of Polymer

(which is critical for ion
conductivity), and higher branching
degree enhances volume resistivity.
Therefore, volume resistivity may be
associated with ion conductivity.

Insulation | IEEE Journals &

Magazine
2. Influence of different test conditions

on volume resistivity of polymeric
insulated cables and polyethylene
samples

Physicochemical properties

Gas
diffusion
coeff.

Mobility of ions in polymers is
somewhat analogous to ion
movement (1). Also, the substitution
of a bulkier or more rigid functional
group in a polymer generally inhibits
the rotational mobility of the
polymer chains, which is commonly
reflected by increased Ty (critical for
ion conductivity), which reduces the
diffusivity of gasses (2).

1. Increasing the conductivity of
crystalline polymer electrolytes |
Nature

2. Diffusion of Gases in Silicone
Polymers: Molecular Dynamics
Simulations
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Gas Permeability partially depends on A formula for permeability

permeabili | diffusion: P=KD/x.
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Gas Solubility is strongly related to free 1. Theory of solubility of gases in
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coeff. transfer. 2. Decoding Polymer Architecture Effect
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and lonic Conductivity in Polymer

Electrolytes | ACS Applied Energy
Materials

Surface
tension

Surface tension is related with the
chemical composition of polymers
which can be estimated by the
atomic composition and molar
volume.

Surface Tension of Polymers
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