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Polymer Dielectrics Design Using First Principles

Computations and Machine Learning

Chenchen Wang, Ph.D.

University of Connecticut, 2015

Polymers offer a nearly infinite variety of material systems with diverse proper-
ties. Until recently, the formulation of polymers for specific applications was based
on trial and error, guided by intuition. In this work, first principles computations
and machine learning approach are employed to guide the design of polymers, in
the present case for dielectric applications. Specifically, we adopt two strategies, (1)
functionalization of a well understood polymer dielectrics, such as PE and PP, to
enhance its dielectric response, and (2) discovery of entirely new classes of polymer
dielectrics, both organic and organometallic. Different polymer classes are explored,
from C-based organic polymers to novel Si-, Ge-, and Sn-based polymers, and the
search is based on two properties, band gap and dielectric constant. Newly devel-
oped high throughput DFT methods were used first to accurately determine the
dielectric constant and band gap of different polymer systems for a set of limited
compositions and configurations. Machine learning methods were then used to pre-
dict the properties of systems spanning a much larger part of the configurational
and compositional space. Based on this strategy, we are able to provide a “map” of

the achievable combination of properties within the chemical space explored.
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Chapter 1

Introduction

1.1 Polymer dielectrics

In the two decades after World War II, many polymers were invented, synthe-
sized and commercialized for various applications. By the early 1960s, a number of
polymers, which include polyethylene (PE), polypropylene (PP), polystyrene (PS),
poly(vinylchloride), and other commodity polymers, was considered as dielectrics
for electrical insulation. PE, PP, and PS have continued to be used for insulation,
with high-density PE still used for HV extruded cables and PP dominating in many
areas of utility and industrial capacitor applications.

Traditionally, inorganic materials are the most pervasive dielectric materials, e.g.,
silicon dioxide. But nowadays, polymer dielectrics have started to attract more and
more attention, which is due to the fact that polymers are easier to process, cheaper,
and able to be tailored for specific uses. Polymer dielectrics have many applications

such as in capacitive energy storage [7—12], electronics [13-15], photovoltaics [16-18],



encapsulation [19-22] and insulation [23,24]. The selection and design of a polymer
for a given application depend on the requirements specific to that application. For
instance, dielectrics for capacitive energy storage are required to meet stringent
needs, including low dielectric loss, high dielectric breakdown strength and large
dielectric constant [9,25]. Those for electronics applications are required to have
large band gap and large dielectric constant [25-27], while photovoltaic applications
require polymers with band gap in a specific range to offer the best match with the
solar spectrum [25,28]. Encapsulation and insulation applications need polymers
with low dielectric constant and high resistance to degradation under high electric
fields [25,29]. Needless to say, over and above these broad requirements, additional
attributes, such as low defect and impurity concentrations, stability at elevated
temperatures, etc., may be important in specific applications or sub-applications.
Required by different applications, dielectric constant (¢) and band gap (E,) are
the two key properties. Table 1.1 shows the E, and e values of several polymers
compared with some inoganic materials. In general, polymer dielectrics which are
commonly used, such as PE, PP, PMMA, etc, have low dielectric constant and
relatively large band gap. In different applications, attempts have been made to
surpass the current standard polymer dielectrics. For example, in capacitor and
electronic applications, efforts are put into development of polymer dielectrics with
larger dielectric constant and band gap, while designing polymers with smaller band

gap is the focus in the field of photovoltaics.



Table 1.1: Band gap (E,) and dielectric constant (e) values of several polymers and
inorganic materials [1-6].

Materials E,; (eV) € Application

TiO, 3.5 80 pigments, photocatalysts

SiOs 9 3.9 gate dielectrics in field effect tran-
sistors

HfO, 5.8 25 gate dielectrics in field effect tran-
sistors

Fluorosilicate — 3.2-4.0 circuit interconnect layers

glass

PE 8.8 2.3-2.7 packaging, HV extruded cables

PP 7.0 2.4 packaging, capacitors

PS 4.4 2.5-2.9 packaging, gate dielectrics in or-
ganic thin-film transistors

Polyimide — 2.8-3.2 electronics industry for flexible
cables

PVDF — 12 electromechanical sensors and ac-
tuators

Nylon — 3.2-5 tires, ropes

Butyl rubber — 2.35 tires, fuel and lubricant additive,
sporting equipment

Teflon (PTFE) - 2.0-2.1 insulators in cables and connec-
tors

PMMA 5.8-6.1 2.5-2.9 gate dielectrics in organic thin-

film transistors

PVP — 3.9 gate dielectrics in organic thin-
film transistors

Cross linked  — 4.0 gate dielectrics in organic thin-
PVP film transistors
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Figure 1.1: Dielectric constant and breakdown strength of common dielectric poly-
mers. Each polymer is represented as a sphere, and the volume of the sphere corre-
sponds to the energy density.

1.2 Polymer dielectrics for capacitive energy storage applications

Polymer dielectrics with high energy density are of great importance for a broad
range of applications such as food preservation, nuclear test simulations, electric
propulsion of ships, and hybrid electric vehicles [7,25,30,31]. The maximum possible
stored energy density of a capacitor is given by U = 0.5¢pe EZ, where € and Ej, are,
respectively, the permittivity of free space and the dielectric breakdown field.

Compared with ceramic dielectrics, polymer-film capacitors can provide several
attractive properties, including high breakdown field, low loss, and graceful fail-
ure [25]. Commercial capacitor polymers include biaxially oriented polypropylene

(BOPP) [32], polycarbonate (PC) [6], polyester (PET) [6], polyphenylnene-sulfide



(PPS) [6], polyimide [33], etc. Figure 1.1 summarizes the dielectric and energy stor-
age properties of such dielectric polymers. Among these polymers, BOPP is the
current state-of-the-art polymer dielectric film due to its high breakdown strength
and low loss. However, the low dielectric constant (~2.2) of BOPP limits its energy
density [6,34,35].

Continuous miniaturization in electrical power systems demands further increases
in energy density of dielectric materials since these capacitors contribute significant
volume and weight to these systems. Attempts to surpass the properties of BOPP
has been mainly focused on poly(vinylidene fluoride) (PVDF) and its copolymers.
However, the relatively high remanant polarization significantly limits the energy
density in PVDF [10]. Later, it was demonstrated that ferroelectric PVDF polymers
can be converted to relaxor ferroelectric polymers with very small remanant polar-
ization by copolymerization. The modified PVDF polymers such as P(VDF-CTFE)
and P(VDF-HFP) (CTFE: chlorotrifluoroethylene; HFP: hexafluoropropylene) can
have very high energy densities at high electric fields [36,37]. Unfortunately, these
polar polymers with strongly coupled dipoles exhibit pronounced polarization hys-
teresis at high electric fields which leads to high loss. Another area of active in-
vestigation is in developing polymer nanocomposites to increase the dielectric con-
stant and hence the energy density of capacitors [38-40]. The challenge for the

nanocomposite approach is achieving a low dielectric loss while raising the dielectric



constant with inorganic nanofillers. Given the limited success of the above men-
tioned approaches, high energy density polymer dielectrics research has begun to

shift towards the development of new classes of dielectric polymers.

1.3 Polymer dielectrics for electronics applications

For many years, inorganic materials have dominated the electronic materials
research. In order to achieve comparable device performance at reduced cost, or-
ganic electronics have became the subject of intensive research. Thin-film field-effect
transistor is one of the fundamental electronic devices and in the 1980s, organic ma-
terials began to be applied in such devices. Since then, organic thin-film transistors
(OTFT) have gained more and more attention because they can provide several
attractive properties, such as inexpensive large area processing, lightweight, and
compatibility with flexible plastic substrates.

In OTFT, the organic semiconductor is not the only critical component, it is
also very important to incorporate a suitable dielectric layer (gate dielectric). A
promising gate dielectric should have some key properties to allow its application
in transistors, e.g., high dielectric constant, large band gap, large enough band off-
sets with respect to semiconductor (minimize carrier injection into its bands), high
breakdown field, good immunity against moisture, etc. Polymer dielectrics have
been considered as promising candidates for gate dielectrics due to the fact that
they can exhibit a broad and complementary solubility, processability, and dielec-

tric properties. Several polymers have been used as OTFT gate dielectrics, including



poly(methyl methacrylate) (PMMA) [41], polystyrene (PS) [42], poly(vinyl phenol)
(PVP) [43,44], and etc. The band gap and dielectric constant values of these poly-
mers are listed in Table 1.1. Among various polymer gate dielectrics, cross linked
PVP is an attractive gate dielectric because of its relatively high dielectric constant
(~4). But it still has its own limitations, which are high curing temperature and
high density of moisture-sensitive hydroxyl groups.

In general, polymer gate dielectrics exhibit low capacitances and the correspond-
ing OTFTs operate at relatively high voltages. Thus, more and more efforts have
been put into designing new polymer gate dielectrics which can achieve larger gate

capacitance and higher breakdown strength.

1.4 Polymer dielectrics for photovoltaics applications

The need of global energy in the next 50 years is expected to double. But fossil
fuels are running out and they are responsible for the increased concentration of
carbon dioxide in the atmosphere. Photovoltaics (PV), which generates electric-
ity directly from sunlight, is one of the renewable energy technologies and can be
a promising solution to the energy crisis. Currently, the active materials used for
PV based devices are mainly inorganic materials, such as silicon (Si), gallium ar-
senide (GaAs), cadmium telluride (CdTe), and etc. However, at the current stage,
conventional PV technology only contributes to less than 0.1% of total US energy
generation due to the fact that it is far too expensive. One of the major obstacles

is the large production costs for silicon solar cells. In recent years, organic-based



(OPV) technology has attracted growing interest, which is based on solar cells made
of entirely new materials, such as conjugated polymers.

Conjugated polymers based electron donor materials have the immense advan-
tage of facile, chemical tailoring to adjust their properties, such as band gap. They
show great promise owing to their low temperature processing, synthetic variability,
and the possbility of producing lightweight, flexible, easily manufactured, and inex-
pensive solar cells. One of the best performing polymeric materials in organic solar
cells is poly(3-hexylthiophene) (P3HT) [45-47], achieving an efficiency surpassing
5%. P3HT is also the most commonly used material owing to its high charge carrier
mobility, good processability, easy synthesis, and etc. However, the band gap of
P3HT is around 1.9 eV and its HOMO level is high, which limit the absorbance
to below a wavelength of 650 nm and lead to low open circuit voltage. Attempts
have been made to design and synthesize new polymeric materials with smaller
band gap for PV applications, including the carbazole and benzothiadiazole based
polymer (PCDTBT) (band gap is 1.88 eV) [48], poly(3-hexylselenophene) (P3HS),
cyclopenta[2,1-b;3,4-b’|dithiophene and dithieno[3,2-b:2’,3’-d]silole based polymers
(PCPDTBT and PSBTBT) (band gap is ~1.5 eV) [50,51], and etc. Although, in
the last decade, there is amazing progress in this field, the search for new polymers

with suitable band gap value is still quite active and challenging.



In silico Polymer Dielectrics Design

Classical Molecular Data Driven
Dynamics Approaches

Ab initio Molecular Density Functional
Dynamics Theory

Figure 1.2: Computational strategies for polymer dielectrics design.

1.5 Computational strategies for polymer dielectrics design

As mentioned before, there is an increasing demand for new polymer dielectrics.
However, until recently, the discovery of new materials has largely been guided by
expensive, serendipitous and lengthy “trial and error” experimental cycles. The in
silico design of new materials using computational approaches is increasingly being
considered as an attractive alternate option [52-61,87]. Several complementary
classes of computational methods appropriate to model polymer dielectrics have
reached a high level of sophistication, accuracy and utility (Figure 1.2).

At the most fundamental level, computational quantum mechanics, e.g., den-
sity functional theory (DFT), can be used to determine properties of dielectrics at

the scale of a crystalline unit cell [62-66]. Such properties include structural and
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thermodynamic details, reasonable estimates of the band gap, electronic dielectric
constant, ionic dielectric constant, and intrinsic breakdown field [67-73]. In addi-
tion, impurity states in the band gap caused by common chemical impurities can
be computed [74-77]. Realistic models can also be developed for metal-polymer
interfaces in order to predict charge injection characteristics.

Larger scale morphological features of polymers can be accessed practically at the
present time only using molecular dynamics (MD) based on empirical interatomic
potentials or force fields [78-82]. Such simulations can predict crystal structure,
semicrystalline morphology and provide rough estimates of glass transition temper-
ature and dielectric loss, although the latter is presently limited to loss in the GHz
range [83-86].

The above methods can be classified as “physics-based”, as they are based on
quantum mechanics, classical mechanics, and classical electromagnetism. An emerg-
ing class of methods, often referred to as “data-driven”, use various forms of multi-
variate analysis on experimental or computational data, based on complex variables
with a physical relationship to the properties being predicted [87-95]. Such systems
are “trained” on available data and then used to predict properties of interest for
polymers for which data are not available. An example of such data-driven ap-
proaches is quantitative structure property relationships (QSPR) [96-100], which
can predict properties, such as glass transition temperature, melting temperature,

etc., for which no fundamental approach is presently available.
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1.6 My thesis in a nutshell

The overarching goal of this work is to design new polymer dielectrics using
first principles computations and the machine learning approach. As mentioned
before, polymer dielectrics have many applications and the selection and design
of a polymer for a given application depends on the requirements specific to that
application. Dielectric constant and band gap have been identified to be the two
common properties required by different applications, e.g., capacitor and electronic
applications, which require both high dielectric constant and large band gap. Thus,
in this work, the search for new polymer dielectrics is based on these two properties.

Below we briefly describe the organization of the thesis.

In Chapter 2, we briefly touch upon the computational methods used in the
present work, which include DFT, density functional perturbation theory (DFPT)
and the machine learning approach.

Chapter 3 addresses functionalization of a well-understood polymeric dielectrics,
such as polyethylene (PE) and polypropylene (PP), to enhance its dielectric re-
sponse. While the discovery of completely new classes of polymers for capacitor
dielectric applications is exciting in its own right and may prove to be transfor-
mative, the evolutionary strategy of enhancing the properties of existing standard
materials may be a reasonable risk-mitigation strategy. In this part of the work,
we study functionalized polyethylene (PE) and identify how the functional groups,

e.g., -OH, -NHs, -SH, etc, will affect the dielectric properties of PE.
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Chapter 4 and 5 discusses approaches to the discovery of entirely new classes of
polymer dielectrics, both organic and organometallic. Strategies discussed include
exploration of large chemical spaces and efficient computation of some relevant prop-
erties. The screening of systems considered in Chapter 4 and 5 is based on dielectric
constant and band gap. Specifically, the high energy density capacitors applica-
tions require the polymer dielectrics to have high dielectric constant and large band
gap. After the first-level screening for these properties, promising candidates can be
subjected to more detailed analysis.

The role data-driven approaches, in particular, the emerging area of “machine
learning”, is surveyed in Chapter 6 and 7. The materials discovery process can be
significantly expedited and simplified if we can learn effectively from past knowledge.
This part of the work involve the development of a similarity-based machine learning
approach that can help predict the band gap and dielectric constant of a new polymer
in a minuscule fraction of the time necessitated by a typical DF'T computation. The
machine learning approach is validated and used to explore a larger scale polymer
chemical space, both for organic and organometallic polymers. Promising candicates
are then identified from a larger pool of polymer systems.

In the last chapter, we provide a summary of this work, and a broad outlook for
future directions, which include detailed studies of promising systems and possible

approaches to expand the polymer search space.



Chapter 2

Computational methods

2.1 Introduction

In the present work, density functional theory (DFT), density functional pertur-
bation theory (DFPT), and the machine learning approach have been employed to
computationally design new polymer dielectrics with both high dielectric constant
and large band gap. The goal of the current chapter is to provide a brief overview
of these computational methods. As conventional DFT is well established and doc-
umented in the literature, a comprehensive and detailed description is avoided here.
A new method based on polymer single chain has been developed to rapidly esti-
mate the dielectric constant of polymers. Aided with this single-chain approach, a
high throughput method, which allows us to explore the polymer chemical space in
a relatively short period of time, has been established. A detailed description of this

method is provided. The use of machine learning techniques in materials science is

13
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considered as a new rising field. A brief introduction to machine learning and its

applications in materials science are also provided in this chapter.

2.2 Density functional theory (DFT)

Among all modern electronic structure methods, density functional theory (DFT)
offers the best tradeoff between computational cost and accuracy. DFT [62,63] based
quantum mechanical electronic structure methods have reached a state that allows
atomic level interactions in diverse chemical environments to be studied accurately.
The only required inputs for such quantum mechanical calculation are the electronic
and ionic charges and masses, which make it parameter-free and therefore do not
rely on any experimental input. Such method is also referred to as “first-principles”
or “ab titio” techniques.

The pioneering work of Hohenberg, Kohn and Sham [62,63] provides a practi-
cal, computationally-tractable, and enormously successful strategy to solve many-
electron system in which the problem of a real system with interacting electrons is
solved by mapping it onto an auxiliary system of noninteracting electrons moving a
an external effective potential. Within Kohn-Sham DFT, the following eigenvalue

equation (in atomic units) is solved:
(= VA Veps (W (r) = €705 (1) (2.1)

where —572 represents the electronic kinetic energy, and V. ¢(r) represents the effec-
tive potential energy seen by an electron. V.;(r) contains all the electron-electron

and electron-nuclear interactions, as well as the potential caused by an external
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electric field. In practice, the quantum mechanical part of the electron-electron
interaction is approximated using local functionals within the local density approx-
imation (LDA), semilocal functionals within the generalized gradient approxima-
tion (GGA) [101], or nonlocal hybrid functionals. €X% and WX5(r) are the energy
eigenvalues and wavefunctions of the Kohn-Sham orbitals. For a given set of atomic
positions, the above equation is solved self-consistently to result in converged charge
densities (obtained from the wave functions of the occupied states), total energies
(obtained from the wave functions and eigenenergies of the occupied states) and
atomic forces (obtained from the first derivatives of the total energy with respect to
the position of any given atom). The atomic coordinates are optimized by requiring
that the total energy of the system is a minimum, and the forces on each atom are
close to zero.

Once the geometry is optimized, several other properties can be predicted. DFT
is capable of predicting structural properties, vibrational or phonon frequencies,
elastic constants, work functions, surface energies, and etc., with high accuracy as
summarized elsewhere [102]. In this thesis, band gap and dielectric constant are
the two key properties that need to be computed. Conventional DFT is plagued
by the well-known band gap underestimation problem due to the spurious electron
self-interactions within the GGA and LDA functionals. DFT band gaps are usually
underestimated relative to experimental values by up to 50%. Techniques to handle

such deficiencies are currently available and include the use of hybrid functionals



16

that are rising in popularity [103]. The calculation of the other important property,

dielectric constant, will be provided in the following section.

2.3 Density functional perturbation theory (DFPT)

Many physical properties, such as polarisabilities, phonons, Raman intensities,
etc., depend on a system response to some form of perturbation. DFPT is a partic-
ularly powerful and flexible theoretical technique which can be used to calculate the
electronic linear response to an external perturbation and thus allows calculation of
such properties. Although calculating system responses to external perturbations
is also possible within DFT, by taking into account of the perturbing potential in
the Hamiltonian, such methods are somewhat crude and asethetically unappealing,
since they involve obtaining the system response through a series of single-point en-
ergy calculations carried out at varying strengths of the external perturbation. More
fundamentally, the applications of such techniques are sometimes restricted. For ex-
ample, they cannot readily be used to calculate the response of a three-dimensional
periodic systems to electric field perturbations. The DFPT approach, on the other
hand, provides an elegant, efficient and mathematically more appealing alternative
to calculate linear response of a system.

There are two main formalisms of the modern DFPT which are due to Baroni
[104] and Gonze [105,106]. Although the two approaches are essentially equivalent,
there are differences in the implementations which may lead to one method being

preferable to the other. While the former formalism is based on Green’s function
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methods, the latter relies on a perturbative expansion of the Kohn-Sham energy
functional.

DFPT is now ripe enough to allow a systematic application to systems and
materials of increasing complexity. Most promising application fields of DFPT in-
clude prediction of thermal dependence of different materials properties using the
quasi-harmonic approximation, study of structural stability of materials at extreme
pressure conditions, prediction of dielectric response and vibrational frequencies,
prediction of superconductive properties via the calculation of electron-phonon cou-
pling coefficients [65]. In the present work, DFPT has been used to calculate the
dielectric constant of various polymer systems.

The total dielectric constant derives its contribution from electronic and ionic
part, both of which can be calculated using DFPT. The behavior of the electronic
contribution to the dielectric constant may be understood in terms of the electronic
structures of systems. Indeed, the electronic contribution to the polarizability can
be written in terms of a sum over electronic transitions from the valence band to
the conduction band manifolds. Thus, the electronic dielectric constant is correlated
with the band gap of a system.

The ionic contribution to the dielectric constant, on the other hand, is not di-
rectly correlated with the band gap, as this contribution is purely controlled by
the infrared (IR) active zone center phonon modes (i.e., the modes that display a
time-varying dipole moment) [129,130]. The extent to which each IR-active phonon

mode contributes to the dielectric tensor is determined by the frequency of the mode



18

(smaller the frequency larger the dielectric constant) and the IR intensity (I7%) of
the corresponding zone center mode (larger the IR intensity, larger the dielectric

constant), which is given by [131,132]

2

I{Rocz

«

> ZiapXi(k, B)
k6

where ¢ labels the modes, k labels atoms, and o« and [ are the cartesian coor-
dinates. Z*p.p and X;(k, §) represent appropriate components of the Born effec-
tive charge tensor and the phonon mode eigenvector, respectively. For IR-inactive
phonon modes, this intensity vanishes.

The ionic dielectric constant can then be defined as:

- (2.2)

where w; is the frequency of the ith IR-active phonon normal mode, and V is the

volume of the system. The contribution of each mode to the ionic dielectric constant

can be calculated using the expression WIQ

DFPT has been used to compute the optical (the high frequency, or the elec-
tronic) and static (the low frequency, or the ionic plus electronic, total) dielectric
constant of different materials. As a validation, Figure 2.1 shows the correlation
between DFPT predicted optical and static dielectric constant and experimental

values for several classes of systems. It can be seen that the calculated results are

in good agreement with experiments.
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Figure 2.1: Comparison between DFPT predictions and experimental values for

optical and static dielectric constant. Data are from various sources including refs.
[1,107,108,154]

2.4 High-throughput method for polymer dielectric constant prediction

The investigation of polymers is confounded by the necessity of a knowledge of
the appropriate crystal structure to be used in DFT computations. Moreover, even
if such information is available (or can be “guessed”), each computation may be
time consuming. In order to reduce the time involved in each such computation,
and to obtain rapid estimates of the dielectric constant and band gap values in the
absence of reliable crystallographic information, we have developed a method that
is based on purely single chain computations.

As shown in Figure 2.2(a), we consider an isolated infinite chain of a polymer
placed in a supercell volume V., and use density functional perturbation theory

(DFPT) to compute its dielectric constant. We note that the dielectric constant
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calculated from DFPT for such a supercell includes the contributions from the poly-
mer as well as from the vacuum region of the supercell. Treating the supercell as a
vacuum-polymer composite, effective medium theory may then be used to estimate
the dielectric constant of just the polymer [68].

According to the Maxwell-Garnett equation, the principal components of dielec-
tric constant of a vacuum-filler composite (€;) containing a volume fraction ¢ of

polymer
€ )

polarizable fillers (polymer chain in this case) with dielectric constant (e; can

be written as [109]:

i — 1 pglymer 1
‘ S S— (2.3)
1+ (e — )P 1+ (29" — 1) P,

[

Here 7 represents the cartesian axes x, y or z, and P; is a geometry-dependent
depolarizing factor [110-112]. In our case, assuming that the polymer chain is along
the z direction, P, = 0, and P, = P, = 0.5. This leads to the following formula for

the axial and off-axis components of the dielectric constant [113,114]:

€., — 1 = §(ePolvmer 1) (2.4)
[ 1 6polymer -1

P (2.5)
€xx + 1 e% ymer + 1

In these equations, § (= Vpoymer/Viot) is the volume fraction of the polymer in

the supercell as shown in Figure 2.2(a). In order to use this method to estimate

polymer

the dielectric constant of just the polymer, i.e., € , the volume occupied by

the polymer chain in the supercell is needed. Here, a procedure based on charge
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Figure 2.2: (a) Single-chain model represented as a polymer-vacumm composite.
(b) Comparison of dielectric constant results from single-chain approach and exper-
iments for common polymers. (c¢) Comparison of the single-chain based results vs
the full crystal results for several XY, polymers in different types of crystal struc-
ture. Polymers SiF,, SiCly, and GeFy can be stablized in two different types of
crystal structures which are represented as Type A and Type B.

density cutoffs is used to estimate the volume. If the electronic charge density is
larger than a cutoff value at a particular location, then this location is deemed
occupied by the polymer. In order to determine the charge density cutoff value,
we have considered several polymers for which experimental volumes (or densities)
are available to determine the charge density cutoff value that would result in the
experimental density. The polymers used for this analysis include polyethylene,
polypropylene, polyacetylene, polythiophene, polypyrole, polydimethylsiloxane, etc.
In general, we find that the charge density cutoff needs to be in the 0.003 electron/ A3
t0 0.007 electron/ A3 range in order to reproduce the experimental densities. We note
that this range of charge density cutoffs translates to a range of volumes, Vpoymer,

and hence to error bars in the calculated dielectric constants using Eq. 2.4 and 3.1.
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To validate the single-chain approach, we choose a few common polymers with
known dielectric constant and compare the results from this method with those
from the experiments [115]. As shown in Figure 2.2(b), the estimated dielectric
constants from our single-chain approach are in relatively good agreement with the
experimental values if considering the associated error bars in our method. But the
dielectric constants of common polymers are only in the range of around 2 to 4. In
order to validate that the single-chain approach can also make a good prediction for
the systems with high dielectric constant, we considered homopolymers with a XYy
repeat unit, where X = C, Si or Ge and Y = H, F, C1 [67]. The dielectric constants
of these polymers span a large range from around 2 to 45. We compare the dielectric
constant results of our single-chain approach with those from the three-dimensional
crystal based calculations as shown in Figure 2.2(c). Overall, the agreement between
the two methods is good, given that interchain interactions are completely neglected
in the single-chain computations. The complete neglect of interchain interactions
in the single-chain approach may account for the consistent underestimation of the
dielectric constant with respect to the crystal results (as interchain interaction tend
to 7soften” the intrachain phonon modes, and, consequently, increase the dielec-
tric constant values). Although there are some discrepancies, the correct trends
are mostly captured by the single-chain approach. Hence, we believe that, this ap-
proach can offer a practical strategy for rapidly screening candidate polymer chain

structures within high throughput chemical space exploration efforts.
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2.5 Accelerating materials discovery using machine learning approach

Owing to the staggering compositional and configurational degrees of freedom
possible in materials, it is fair to assume that the chemical space of even a restricted
subclass of materials is far from being exhausted, and an enormous number of new
materials with useful properties are yet to be discovered. Given this formidable
chemical landscape, a fundamental bottleneck to an efficient materials discovery
process is the lack of suitable methods to rapidly and accurately predict the proper-
ties of a vast array of new yet-to-be-synthesized materials. The standard approaches
adopted thus far involve either expensive and lengthy synthesis-testing experimental
cycles, or laborious and time-intensive computations, performed on a case-by-case
manner. In the present work, a radically different paradigm, namely, machine learn-

ing, has been used for materials property predictions.

2.5.1 A brief introduction to machine learning

Machine learning, also known as data mining, or statistical learning, deals with
making predictions from data. It is a field at the intersection of computer science
and modern mathematical analysis. Machine learning is a topic central to cogni-
tive/decision/game theory [116], pattern recognition [117-119], and event forecast-
ing [120,121]. The overall goal of machine learning is extracting information from
a large dataset and transforming it into understandable structure, thus leading to
knowledge discovery. There are different learning paradigms in machine learning,

mainly supervised learning and unsupervised learning (Figure 2.3). In supervised
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learning, the aim is to learn a mapping from the input to an output whose correct
values are provided by a supervisor. While in unsupervised learning, there is no
such supervisor and the input data is the only thing one has. The aim is to find the
regularities in the input.

Both regression and classification are supervised learning problems where there
is an input, X, an output, Y, and the task is to learn the mapping from the input
to the output. The approach is that one can assume a model defined up to a set of

parameters:

Y = f(X]6) (2.6)
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Where {(-) is the model and 6 are its parameters. Y is a number in regression
problem, while in the case of classification, is a class code, e.g., 0 or 1. f(-) is the
regression function, or in classification, it is the discriminant function that separates
the instances of different classes. The parameters, #, are optimized so that the
approximation error is minimized, which means that the estimates are as close as
possible to the correct values given in the training data. The training data consists
of a set of training examples. Certain supervised learning algorithms analyze the
training data and produce g(-), which can be used for mapping new examples,
which are called test data. There are different supervised algorithms available,
such as support vector machines (SVM), kernel ridge regression (KRR), artificial
neural networks (ANN), naive bayes, random forests, etc.. SVM, which constructs
a hyperplane or set of hyperplanes in a high dimensional space, can be used for
classification and regression analysis. KRR is an nonlinear regression algorithm,
which is applicable in many different fields ranging from optical character recognition
to business forecasting. KRR has proven to be better than many other predictors
and it is the choice of regression algorithm in this work. The details of KRR will
be provided in Chapter 6. Inspired by animals’ central nervous systems, ANN
are usually presented as systems of interconnected “neurons” that can compute
values from inputs by feeding information through the network. Naive bayes is a
probabilistic classifier based on applying Bayes theorem with strong independence
assumptions, and the random forests method can be used for both classification and

regression.
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In order to solve a given problem of supervised learning, the following steps need

to be performed (as shown in Figure 2.4):

e Choose the appropriate training set. The training set needs to be representa-
tive of the given problem. Thus, a set of input objects and the corresponding

outputs are gathered.

e Determine the input feature representation. The accuracy of the learned func-
tion depends strongly on how the input objects are represented. Usually, the
input object is represented by a feature vector, which includes a number of
features. The number of features should not be too large and contain enough
information to accurately predict the output. But for most cases, it is not clear
which features are important and should be included in the feature vector. It
is also conceivable that some of the feature vector components may be hurtful
rather than helpful in predictions. Thus, dimensionality or feature reduction

algorithms can be applied to choose the appropriate number of features used
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in learning, e.g., principal component analysis, random forests, and etc.. Ran-
dom forests can be used to rank the importance of features in a regression or

classification problem.

e Choose learning algorithm and apply it on the gathered training set.

e Evaluate the accuracy of the learned function based on test set.

In unsupervised learning, the goal is to find a structure to the input space such
that certain patterns occur more often than others. One method of unsupervised
learning is clustering where the aim is to find clusters or groupings of input. Dif-
ferent algorithms are available for clustering, such as k-means, affinity propagation,
and etc.. The k-means algorithm clusters data by trying to separate samples in n
groups of equal variance, minimizing a criteria known as the ‘inertia’ of the groups.
While the affinity propagation creates clusters by sending messages between pairs

of samples until convergence.

2.5.2 Machine learning applications

Machine learning has started to penetrate into different areas, from our daily
life, e.g., emails, online shopping, banking, weather forecasting, to scientific world,
such as robot control and accelerating science development. In the case of retail,
for example, a Walmart supermarket chain, one application of machine learning is
basket analysis. It aims to find associations between products bought by customers.
If people who buy X typically also buy Y, then a custom can be a potential Y

buyer if he or she buys X and does not buy Y. Once the supermarket finds such



28

customs, they can be targeted for cross-selling. Such association rule is also applied
in Amazon and Netflix recommendation system.

In credit scoring, the bank calculates the risk given the amount of credit the infor-
mation about the customer. The information about the customer includes data that
are relevant to the customers’ financial capacity, such as income, savings, profession,
past financial history, and so forth. From such data of particular applications, the
machine learning is used to fit a model to the past data to be able to calculate the

risk for a new application and then decides to accept or refuse it accordingly.

2.5.3 Machine learning in Materials Science

In Materials Science, when confronted with a new material, it would be advan-
tageous if its properties may be predicted using past knowledge pertaining to other
similar known materials, rather than by resorting to explicit new experiments or
laborious calculations. This ‘training of our intuition’ requires a critical amount
of prior information or results. More and more data are generated experimentally
and computationally in Materials Science. Applying machine learning to learn from
these data becomes a new area of interest. In the present effort, quantum mechanical
first principles computational methods based on density functional theory (DFT)
are used to generate the initial data set (i.e., the ‘training set’). Machine learning
techniques can then be used to establish a mapping between a suitable representa-
tion of a material (i.e., its fingerprint or its feature) and any or all of its properties

using known historic, or intentionally generated data. Once the profile<property
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mapping has been established, the properties of a vast number of new materials
within the same subclass may then be directly predicted (and correlations between
properties may be unearthed) at negligible computational cost, thereby completely
by-passing the conventional laborious approaches towards material property deter-
mination and understanding alluded to above.

Applying machine learning in Materials Science has started to attract more and
more attentions. Machine learning methods were used in the work of Bucholz et al.
[122] to generate a predictive model which allows efficient high throughput screening
of ceramic materials. They developed a decision tree based model to estimate the

friction coefficients of a wide range of materials through the combination of principal
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Figure 2.6: (a) Principal component analysis loadings plot for PC1 versus PC2.
The plot indicates which materials properties contained in the feature vector are
influential and how the properties are related to each other within the plane of the
first two PCs. (b) Feature importance identified by variable importance in projection
(VIP) method. (c) Predicted versus experimental friction coefficient from recursive
partitioning. Reprint with permission from ref. [122].

component analysis and recursive partitioning. The materials were represented by
a feature vector containing parameters ranging from crystal structure to electronic
structure. The relative influence of these parameters were assessed quantitatively.
This data driven model was shown to have a high degree of accuracy (Figure 2.6).

Based on nuclear charges and atomic positions, Rupp et al. [93] introduced a

nonlinear statistical regression model to predict atomization energies of a diverse
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set of organic molecules. Over more than seven thousand organic molecules were
used in cross validation, which yielded a mean absolute error of ~10 kcal/mol. Za-
kutayev et al. [124] presented an inverse design approach to accelerate discovery
of missing materials. There are 29 missing out of the 45 possible V-IX-IV com-
pounds. Eight new stable compounds were revealed by theoretical screening of their
thermodynamica stability.

Hautier et al. [123] presented a probabilistic model to estimate the likelihood for
ionic species to substitute for each other while still retaining the crystal structure.
This model can be used to suggest novel compounds and their crystal structures,
and the predictive accuracy is demonstrated using cross validation on quaternary
ionic compounds. Figure 2.7 shows the procedure to predict new compounds formed
by the a, b, ¢, and d species using the substitutional probabilistic model adopted in
their work .

Several machine learning techniques, including ordinary learst squares, sparse
partial least squares, and elastic net/least absolute shrinkage and selection operator
regression methods coupled to rough set and principal component analysis methods,
were used to predict the band gaps of over 200 new chalcopyrite compounds in the
work of Dey et al. [125]. The regression was based on a model using the features
that are most related to band gap. Feature ranking algorithms were then used to

identify the most relevant features for band gap prediction.
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Figure 2.7: Procedure to predict new compounds formed by the a, b, ¢, and d
species using the substitutional probabilistic model. Reprint with permission from
ref. [123].

Although applying machine learning in Materials Science is a blooming field, it
is still new and there are questions and problems that need to be answered and

solved.

e How to choose the features or fingerprints of a materials that may govern
specific properties? This is probably the first and the most important problem
in materials informatics. The features should reflect the analysis task. In many
cases, one may have to extract more features than actually is necessary. A
reduction in the number of features is then required to find the key features

for predicting certain property.

e How to choose the appropriate machine learning techniques for specific appli-

cations? There are different regression and classification algorithms available.
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Once the features are determined, the next important step is to choose the

appropriate algorithm for good predictive power.

e How to predict for outliers? In materials discovery, outliers are usually the in-
teresting and important cases. But in most cases, machine learning techniques

are for extrapolation and cannot be used for outlier prediction.



Chapter 3

Modification of existing polymer dielectrics

3.1 Introduction

A good place to start in applying computational methods to design new materi-
als is to understand or identify the factors that lead to surprising properties when
a well-studied material is modified creatively. Polypropylene (PP), in its biaxially
oriented form, is the most common polymer dielectric for high energy density ca-
pacitors as a result of its high dielectric breakdown strength, low dielectric loss, and
good clearing characteristics; however, its dielectric constant is only 2.2 [6, 34, 35].
Increasing the dielectric constant while maintaining or improving other properties,
such as operating temperature range, is highly desirable. One possible way to in-
crease the dielectric constant of PP is by adding polar functional groups to the
side chain. In this chapter, a comprehensive study of functional groups modified

polyethylene (PE), which is chemically similar to PP, is provided. In particular,
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Figure 3.1: Polarizabilities of -F, -Cl, -1, -OH, -NHs, -CH3, -COOH, -SH calculated
from DFT and additivity method.

hydroxyl groups modified PE is shown to be promising and have been studied in de-
tail. Our results reveal that the trapped water molecules will inevitably accompany
-OH incorporation (due to hydrogen bonding) and that both the -OH groups and

water molecules will contribute cooperatively to increase the dielectric constant.

3.2 Functional groups modification

In order to examine how different functional groups will affect the dielectric
constant of PP, we have developed an approach. Let’s consider a polyethylene (PE)
chain which is chemically similar to PP, and attach one functional group to the PE

backbone. In Clausius-Mossetti equation:

6—1_47ra
e+2 3V

(3.1)
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« is the polarizability of the functional groups and can be determined accurately
and quickly using DFT calculations. V is the volume of each functional group and in
our approach, it is estimated using either tabulated molar volumes or experimental
densities.

The quantity polarizability per volume can be used to qualify how much each
functional group can contribute to the increase of PE dielectric constant. In order
to validate our approach, we have compared our results for several functional groups
with their group polarizability computed using additivity method. Figure 3.1 shows
that, overall, the DFT caculated polarizabilities are in good agreement with the
values computed from additivity method.

Once the approach has been validated, it was used to calculate the polarizability
per volume values for a number of different functional groups. Figure 3.2 shows the
structures of different functional groups we have considered, and the polarizability
per volume values of them are presented in Figure 3.3. The plot like Figure 3.3
can provide us with an idea on how much each functional group can contribute
to the increase of dielectric constant of PE qualitatively. The nonpolar functional
groups, e.g., -CHs, -CgHj, seem to have little impact on the dielectric constant
increase. While functional groups -OH, -NCS, -ONO, etc., appear to be promising

candidates.
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3.3 Hydroxyl functionalized PE

Consistent with what we have predicted, Chung has developed an -OH function-
alized PP which doubles the dielectric constant and maintains relatively low loss
with only 4.2 mole% -OH (Figure 3.4) [126-128]. The experimental data also imply
that the PP-OH contains roughly 0.5 water molecule per -OH moiety on the chain
and that the -OH groups are hydrogen-bonded in pairs.

DFT computations can investigate the role played by -OH functional groups and
the trapped moisture. Since modeling PP or any polyolefin, inclusive of morphologi-
cal details, is cumbersome using first principles methods, a short Cy;Hoy hydrocarbon
was used to model the unfunctionalized polyolefin, and Cy1Ha2(OH)s (with one -OH
unit in each of its two ends) to model the -OH functionalized polyolefin. The ten-
dency for hydrogen bond formation was probed using two such hydrocarbon chains
within our unit cell, and varying numbers of water molecules were introduced close
to the chain ends to interrogate the tendency for water trapping. Similar computa-
tions with an even smaller hydrocarbon molecule, namely, ethane (i.e., CoHg) were
also performed to more exhaustively explore various configurations. These latter
computations yielded hydrogen bonding and water bonding results that were sim-
ilar to those obtained using the longer chains. The optimized geometries obtained
using the longer 11 C atom hydrocarbon systems were used to determine their di-
electric constant using density functional perturbation theory (DFPT) followed by
extrapolation of these results to correspond to the volume actually occupied in real

polyolefin systems using the new single-chain approach.
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Figure 3.4: (Color online) Optimized structures of complexes A-1, A-2, A-3, A-4,
and A-5. Black, white and red spheres represent C, H and O atoms, respectively.
The inset shows a typical hydrogen bonded ring.

The optimized structures of complexes involving Cq1Hay, C11Ho2(OH),, and wa-
ter molecules are shown in Figure 3.4. The complex A-1 is the system with two
C11Hay4 chains in a periodic supercell attempting to interact with each other at the
chain ends, and, likewise, the complex A-2 contains two C;1Hge(OH)s chains. In
complex A-3, where -OH species are absent, complex A-1 interacts with one water
molecule, while in complexes A-4 and A-5, one and two water molecules, respectively,
interact with the complex A-2; in the vicinity of the -OH species. The interaction
between chains, in the presence and absence of -OH species, and the interaction
between the chains and water molecules, are quantified by calculating the energy of
interaction (E;,;), as defined in Table 3.1. When there is no -OH species, the chain-
chain interaction energy is 0.01 eV per CHj group, consistent with the weak van
der Waals interaction between chains. With the incorporation of -OH species, the
chain-chain interaction energy increases to 0.28 eV per -OH group. As can be seen
in Figure 3.4, the relative position and geometry of the two chains get altered dra-
matically (with respect to the case when there is no -OH species) to accommodate

the interchain hydrogen bonding interaction mediated by the -OH groups. These
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results show that introduction of hydroxyl groups will increase the interchain inter-
actions significantly due to hydrogen bonding. In order to probe the tendency for
water molecules to bind to the chains (in the absence and presence of -OH species),
we next explore the larger A-3, A-4, and A-5 complexes with one and two HyO
molecules. When there is one water molecule in the complex, the energy of interac-
tion between the chain and water is 0.09 eV when there is no -OH species present
(complex A-3). Presence of the -OH species enhances the chain-water interaction
to 0.41 eV per water molecule when one water molecule is present (complex A-4),
and to 0.59 eV per water molecule when two water molecules are present (complex
A-5). The optimized structure of complex A-5 shows a typical hydrogen bonding
ring involving the two water molecules and the -OH species. The strong interaction
between H,O and -OH functionalized polyolefin chains indicates that the trapping
of water molecules due to the -OH groups is inevitable.

To further validate the results obtained using our long chain model, a parallel
study with a small hydrocarbon system, consisting of CoHg, CoH5;OH, and water
molecules was also performed. A large number of configurations and complexes
involving these species were considered, and the optimized structures of the most
stable (and the most relevant) of these complexes are shown in Figure 3.5. Com-
plexes B-1, B-2 and B-3 are analogous to complexes A-1, A-2 and A-3. Complex B-1
involves the interaction of two hydrocarbons (i.e., CoHg), and complex B-2 involves
two CoH50H molecules. Likewise, complex B-3 represents the interaction between

water and the hydrocarbons (i.e., in the absence of -OH). Finally, complexes B-4,
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Table 3.1: The energy of interaction, E;,;, between chains and water molecules under
various situations. Ex indicates the total energy of either the isolated molecule X or
the complex X. Snapshots of the stable complexes are shown in Figures 3.4 and 3.5.
In the E;,; formula, the denominator represents the number of interacting groups,
such as -CHs, -OH, or water molecules depending on the case.

Interaction -OH species E;,; Formula Eint (eV)
chain-chain interaction absent 2Ec, 1o — Eay 0.01
114124 -
4
chain-chain interaction present 2E ey Han(0H)s — Fa 0.28
114122 2 -
4
chain-water interaction absent 0.09

Eay+ Eg,o — Fa_g

chain-water interaction present 0.41
Es 2+ Eng,0— Eay

chain-water interaction present Ea o+ 2Emo — Eas 0.59
2
molecule-molecule interaction  absent 2Beun — Ep_y 0.03
2116 —
2
molecule-molecule interaction present 2B mon — Eg_s 0.20
2115 —
2
molecule-water interaction absent 0.06
Ep 1+ Emo — Ep-3
molecule-water interaction present 0.66
Ep 2+ Emg,0o — Ep_4
molecule-water interaction present 0.56
Ep 2+ Em,o — Ep—s
molecule-water interaction present 0.51

Ep_9+ En,0 — Ep_¢
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Figure 3.5: (Color online) Optimized structures of complexes B-1, B-2, B-3, B-4, B-
5, and B-6. Black, white and red spheres represent C, H and O atoms, respectively.

B-5 and B-6 represent three different configurations involving two CoH;OH and one
water molecule (and hence, analogous with complex A-4). The molecule-molecule
interaction energy with -OH species being absent is 0.03 eV per CHjz group (c.f.
Table 3.1). When there are -OH species, the molecule-molecule interaction energy
increases to 0.20 eV per -OH group due the formation of hydrogen bonding be-
tween the two hydroxyl groups. The interaction of water with the hydrocarbons
(i.e., when -OH species are absent) is rather weak, and is estimated to be 0.06 eV.
However, the presence of -OH species dramatically alters this picture. In complexes
B-4, B-5, and B-6, we placed the water molecule either near one of two -OH groups
(complexes B-5 and B-6) or close to both of the -OH groups (complex B-4). The
binding energy of water to the -OH containing molecules is in the 0.51-0.66 ¢V range
depending on the configuration. These findings are consistent with our longer chain
model (c.f. Table 3.1). Our DFT results clearly demonstrate that when there are
hydroxyl groups present in the system, water molecules have a strong tendency to
form hydrogen bonding with the hydroxyl groups and will be trapped in the -OH
containing environment.

The dielectric constants pertaining to the A-1, A-2, A-4, and A-5 complexes were

then calculated. The trace of the dielectric constant tensor corresponding to both
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Table 3.2: The trace of the dielectric constant tensor of complexes A-1, A-2, A-4,
and A-5. €“* represents the electronic part of the dielectric constant, while €' is
the total dielectric constant (i.e., including electronic and ionic contributions). The
error bars indicate the uncertainty inherent in the procedure used to extrapolate

the computed value to the correct volume.

Complex eclec etot
A-1 24404 2.440.4
A-2 2.440.4 3.3£0.2
A-4 2.440.4 3.7+0.7
A-5 2.4+04 4.3+£1.5

the electronic (the high frequency, or optical part) and total (electronic plus ionic,
or the static) values for these systems is presented in Table 3.2. For complex A-1,
the dielectric constant is almost entirely due to electronic contributions, and the
predicted value is close to the experimental value of polyethylene [115]. Successive
increases in the dielectric constant values can be seen due to the introduction of
the -OH species, and subsequently, due to the introduction of one and two water
molecules. The increase in the dielectric constant due to the introduction of -OH
groups (without and with water molecules) is entirely due to the ionic contributions.

In order to understand the increased ionic contribution to the dielectric constant
with substitution of a H atom by a hydroxyl group and the presence of bound wa-
ter molecule(s), we present the following analysis. The ionic contribution to the
dielectric constant (total minus electronic) is purely controlled by the infrared (IR)
active zone center phonon modes (i.e., the modes that display a time-varying dipole

moment) [129,130]. The extent to which each IR-active phonon mode contributes
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to the dielectric tensor is determined by the frequency of the mode (smaller the
frequency larger the dielectric constant) and the IR intensity (/%) of the corre-
sponding zone center mode (larger the IR intensity, larger the dielectric constant),
which is given by [131,132]

[{Rocz

«

2

Z ZZ,aﬁXi<kv /8)
k.8

where ¢ labels the modes, k labels atoms, and o« and [ are the cartesian coor-
dinates. Z*p.p and X;(k, §) represent appropriate components of the Born effec-
tive charge tensor and the phonon mode eigenvector, respectively. For IR-inactive
phonon modes, this intensity vanishes. The zone center phonon modes and frequen-
cies were computed for the complexes A-1, A-2, A-4, and A-5, and the IR intensities
determined. Results of these computations are summarized in Figure 3.6 in the
form of histograms that capture the dominant IR-active modes. From Figure 3.6
we can see that compared with complex A-1, introducing OH groups results in new
modes in complex A-2, and the dominant ones are the C-O stretching mode and O-H
stretching mode. For the complexes with HyO (i.e., complexes A-4 and A-5), a new
mode at around 1600 cm™! corresponding to the H,O O-H bending mode appears.
A few new modes appear at around 3200 cm~! to 3300 cm ™!, which are also O-H
stretching modes arising from both the hydroxyl group and the HoO. We are thus
persuaded to conclude that -OH functionalizations and the inevitable trapped water
act cooperatively to increase the ionic part of the dielectric constant of polyolefins.

While the DFT computations provide some understanding of the role played

by -OH functional groups and the accompanying water molecules, these data are
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Figure 3.6: (Color online) IR intensity of the dominant IR-active zone center phonon
modes of complexes A-1, A-2, A-4, and A-5. The character of IR-active modes are
illustrated using schematics.

qualitative. The DFT analysis ignores complexities associated with morphological
variations of PE when functionalized with -OH, and owing to computational con-
siderations, the concentration of -OH modeled is much greater than in experiments.
Large-scale MD simulations based on force fields are required to address morpho-
logical aspects of the system at realistic -OH concentrations. Recent force-field
based MD simulations have extended the DFT work discussed above [133]. In the
MD simulations, PE-OH with 4.2 mol% -OH groups was considered, and varying
amounts of water were added into PE-OH system. The morphology of -OH groups,
trapped water and H-bonding was well captured, insofar as can be concluded by
comparisons with measured infrared spectra. In addition, the MD simulations indi-
cate that the -OH groups tend to collect at amorphous-crystalline interfaces, likely
as a result of -OH groups “expelled” from the crystalline regions during formation.
These simulations also imply that hydrogen bonding of the -OH groups into pairs

is essential to maintaining low dielectric loss. Figure 3.7 summarizes data for the
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Figure 3.7: Comparison of the dielectric constant of hydroxyl functionalized
polyethylene (PE-OH), obtained from experiment, MD simulations and DFT calcu-
lations.

dielectric constant derived from the MD simulations, in addition to the results from
DFT computations and experiment. The addition of water results in a significant
increase in dielectric constant. For ~0.5 water per -OH group, the MD data for di-
electric constant match closely the experimental value of ~3.4, and larger amounts
of water, so long as they are “trapped” by the -OH groups much like in Figure 3.4
(A-5), increase the dielectric constant further without increasing loss.

The DFT, MD and experimental data, collectively, have allowed us to understand
the factors that lead to a significant increase in the dielectric constant of a saturated
hydrocarbon due to the incorporation of a small amount of -OH groups. These

findings are significant, as they imply a path toward tunable control of dielectric
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properties of polyolefins through functionalization. While the analysis presented
underlines the complexities that can result from incorporation of a functional group,
it also demonstrates the utility of computational strategies for systematic studies of

other functional groups.

3.4 Conclusion

In summary, the DFT calculations indicate that introduction of -OH functional
groups will enhance the interaction between PE chains due to interchain hydrogen
bonding. Moreover, when -OH groups are present, water molecules tend to be
trapped due to the strong interaction between water and the -OH functionalized PE
chains. The existence of -OH groups and water molecules in the system contribute
cooperatively to the increase of the dielectric constant of PE. These findings are
significant, as they point towards a rational pathway for the tunable control of
materials properties of polyolefins as well as other related materials systems via

creative utilization of molecular functionalization (and moisture).



Chapter 4

Pathways to the discovery of new organic

polymer dielectrics

4.1 Introduction

While modifying an existing polymer to enhance its properties is a promising
approach and offers a “risk mitigation” strategy, identifying or discovering entirely
new classes of polymers can be transformative but requires systematic schemes to
explore the polymer chemical space. Figure 4.1 portrays one such scheme in which
single polymeric chains consist of four distinct building blocks drawn from a pool
of possibilities in a combinatorial manner [68,69]. Depending on the pool of blocks,
various polymer classes can be studied.

In this chapter, we have explored the organic polymer chemical space using
the chain scheme (Figure 4.1). To be specific, we allow the blocks to be -CH,-,

-NH-, -C(=0)-, -C¢Hy- (benzene), -C4HsS- (thiophene), -C(=S)-, or -O- units in a

49
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7as

Figure 4.1: Schematic representation of the polymeric chain model. c is the lattice
constant along the polymer chain direction that was allowed to relaxed along with
the internal coordinates. Four blocks Y1, Y5, Y3, and Y4 can be filled up by different
motifs.

systematic, progressive, and exhaustive manner. All of these units are commonly
seen in polymer backbones. High throughput methods were used first to accurately
determine the dielectric constant and band gap of all the systems. Based on the

DFT results, we have identified several polymer sub-classes which offer a better

tradeoff between the dielectric constant and the band gap.

4.2 High throughput DFT calculations

In theory, there is a huge number of different organic polymers, but only a
limited amount has been synthesized. Out of the synthesized polymers, only a few
are considered as dielectric materials. We first consider a set of organic building
blocks, for example, -CH,-, -NH-, -C(=0)-, -C¢Hy- (benzene), -C4H,S- (thiophene),
-C(=S)-, and -O- [134,144], which are common in polymer backbones and various

combinations of which form traditional polymers, including polyesters, polyamides,
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Figure 4.2: (a) Electronic, (b) ionic and (c) total dielectric constant (€) as a function
of the band gap, for the class of organic polymers considered, computed using DFT
within the single-chain approach. The building blocks were drawn from the following
pool of possibilities: -CHs-, -NH-, -C(=0)-, -C¢Hy- (benzene), -C4H,S- (thiophene),
-C(=S)-, and -O-. The axes are in logarithmic scale.

polyethers, polyureas, etc. Accounting for translational and inversion symmetries,
and removing unstable systems, leaves 267 symmetry-unique systems.

The two most important properties of dielectrics for most applications are di-
electric constant and band gap. Hence, we focus on these two properties in this
section. With the aid of the single chain method discussed in Chapter 2.4 [68], high
throughput DFT computations can be used to obtain the band gap and dielectric
constant of the 267 polymer systems. Figure 4.2(a), (b) and (c), respectively, show
the relationship between the electronic, ionic and total dielectric constant and band
gap for the 267 polymer systems. A near perfect inverse Pareto optimal front re-
lationship between the band gap and the electronic dielectric constant can be seen
from Figure 4.2(a), which imposes a theoretical limit on the electronic part of the
dielectric constant as a function of band gap, a limit that can be understood by
regarding the electronic part of the dielectric response as a sum over electronic tran-

sitions from occupied to unoccupied states. On the other hand, the ionic dielectric
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constant is not correlated with the band gap, as seen from Figure 4.2(b). The ionic
contribution is determined by the infrared active zone center phonon modes (i.e.,
the modes that display a time-varying dipole moment).

The ionic dielectric constant can thus be exploited to increase the total dielectric
constant without compromising the band gap. Figure 4.2(c) shows the variation of
the total dielectric constant with the band gap. Plots such as Figure 4.2(c) provide
us with a “map” of the achievable combination of properties within the chemical
space explored. Capacitive energy storage and some electronics applications, e.g.,
gate insulations, could draw from the large dielectric constant and moderate band
gap region of this plot. Desirable material properties are likely to be associated
with certain building block structures. In order to identify the building blocks that
correlate with certain properties, the following analysis has been conducted. Let’s
consider a certain property of organic polymers, e.g., band gap. The band gap val-
ues vary from 0 to 7.2. This range can then be binned with a certain step size.
Each bin will correspond to a number of polymers. The number of singles (CHas,
NH, C(=0), CgHy, C4HsS, C(=S), and O), doubles (CHy-CH,, CHo-NH, NH-CO,
NH-CgHy, etc.), and triples (CHy-CH2-CH,, NH-CO-NH, NH-CO-O, CgHy-CgHy-
CgHy, etc.) are counted for each of the polymers in each bin. Then add up the total
number of each singles, each doubles, and each triples for all the polymers in the
bin, and identify the top three singles, doubles and triples. All three propeties, band
gap, electronic dielectric constant and ionic dielectric constant, have undergone this

kind of analysis. The results are shown in Figure 4.3 with the counts in each bin
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normalized according to the number of polymers. From the plot, we can see that in
the low band gap (high electronic dielectric costant) region, C4HsS-containing dou-
bles and triples are dominant. While in the high band gap (low electronic dielectric
constant) part, CHy-containing doubles and triples are the important blocks. In
addition, CS shows up in the high ionic dielectric constant regime, and in the low
band gap regime as well. But CO appears in both the high ionic dielectric cosntant
(not as high as CS) and in the high band gap area, making it more attractive than
CS. Such observations could accelerate the design process by identifying correlations
between material properties and specific building blocks structures.

Once a set of promising polymers has been identified, their crystal structures and
morphologies must be investigated. If inter-atomic potentials are available to handle
the systems, MD simulations can be used to determine their crystal structure and
morphology, for example, using a melt and quench approach [83-86]. An additional
option, especially if force fields are not available for the new identified systems, is
to use 3-dimensional structure searching schemes [135-140] to determine the ground

state structures based on DFT.

4.3 Guidance to synthesis efforts

Among all 267 polymers we have calculated, besides PE (CH,-CH,-CHy-CHs),
we identified 13 polymers which have already been synthesized before. The list of
these polymers is provided in Table 4.1 along with their calculated band gap, elec-

tronic and total dielectric constant values (The polymers are listed in the decreasing
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Figure 4.3: Normalized counts of top three singles, doubles and triples in each bin
for band gap, electronic dielectric constant and ionic dielectric constant.
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order of total dielectric constant). Most of these polymers have not been considered
as dielectric materials in the past. As shown in Table 4.1, all 13 polymers have larger
dielectric constant than PE and PP, and relatively large band gap. This study may
lead a new direction for them to be considered for dielectric applications. In fact, the
top three of these 13 polymers have been synthesized by our experimental collabora-
tors (Prof. Sotzing, UCONN), which are NH-CO-CgH4-CO, NH-CO-NH-CgHy, and
NH-CS-NH-CgH,. The values in the parenthesis are experimental dielectric constant
at 1k Hz. Considering that the calculated dielectric constant is from single-chain
approach, the agreement between computed and experimental dielectric constant is
reasonable.

Since we only consider four block systems, there is only a small fraction of
the 267 polymers that have been synthesized. In terms of synthesis efforts, the
repeat units of our systems can be modified to make them synthesizable. Indeed,
guided by the DFT results, a few modified polyureas and polyurethanes containing
-NH-, -C(=0)-, -CgHy-, and -O- building blocks have been synthesized using step
polymerization [144]. The structures of these modified polyureas and polyurethanes
are shown in Figure 4.4. The details of the syntheis effort are provided in Appendices

A and B.

4.4 Conclusion

In this chapter, we have explored the organic polymer chemical space using the

chain scheme, in which the building blocks were drawn from the following pool
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Table 4.1: Already synthesized polymers. The band gap (E,), electronic (e.) and to-
tal (¢) dielectric constant are DFT calculated results. The values in the parenthesis
are experimental dielectric constant at 1k Hz.

System repeat unit Polymer E,; (eV) e €
class
NH-CO-C4H4-CO Polyimide 4.5 3.7+0.4 7.4+1.1
(4.3)
NH-CS-NH-CgHy [141] Polyurea 3.0 5.7+0.8 6.7+0.9
(5.9)
NH-CO-NH-C¢H, [141] Polyurea 3.8 5.0+0.6 6.5+0.9
(5.5)
NH-C6H4—06H4—06H4 Polyamlne 3.2 5.81+0.8 6.3£0.8
CO-CgH4-CO-0O Polyester, 4.6 3.8+0.4 6.24+0.8
polyan-
hydride
CHQ—C4HQS—C4HQS—C4HQS [142] Polyother 2.8 5.8+0.8 5.9+0.8
CﬁH4-C6H4—CGH4—O Polyether 3.6 5.1+0.6 5.440.7
CHQ—C6H4—CGH4—O Polyether 4.3 4.2+0.5 4.6£0.6
CH,-CO-CgHy-0O [143] Polyether, 4.2 3.840.4 4.6+0.6
polyke-
tone
CH,-CgH4-CO-0O Polyester 4.9 3.6+0.4 4.440.5
CH,-NH-CO-NH [141] Polyurea 5.9 2.840.3  4.3+0.6
CH,-NH-CS-NH [141] Polyurea 4.1 3.3+0.4 4.1+0.5
CH,-CgH4-CH,-O Polyether 5.0 3.4+0.4 3.7+0.5
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Figure 4.4: Structures of synthesized polyureas and polyurethanes.

of possibilities: -CHy-, -NH-, -C(=0)-, -CgHy- (benzene), -C4HyS- (thiophene), -
C(=S)-, and -O-. The dielectric constant and band gap were computed using DET
for a manageable combination of polymer chains (totaling 267 cases). There is an
apparent inverse relationship between the electronic part of the dielectric constant
and the band gap, which set restrictions in the degree to which the electronic di-
electric constant can be enhanced. On the other hand, the ionic dielectric constant
is not correlated with the band gap, and can thus be exploited to increase the total
dielectric constant without compromising the band gap. Based on the DFT results,
promising polymer systems with both high dielectric constant and large band gap
have been identified. The systems can provide guidance to synthesis efforts. Indeed,
a few modified polyureas and polyurethanes containing -NH-, -C(=0)-, -CgH4-, and

-O- building blocks have been synthesized by our experimental collaborators.



Chapter 5

Pathways to the discovery of Group 14

element-based hybrid polymer dielectrics

5.1 Introduction

The strategy described in the previous chapter can be extended by considering
building units based on non-carbon elements from Group 14 of the periodic table,
i.e., Si, Ge and Sn. Replacing C with Si, Ge or Sn offers the opportunity to ma-
nipulate the band gap and the electronic part of the dielectric constant through
control of o conjugation along the chain, and to manipulate the ionic part of the
dielectric constant through control of dipole moments. Substituting C with Si, Ge
and/or Sn ensures chemical compatibility by preserving the local chemical environ-
ment and bonding. The dipole moments of each building block can be enhanced by
introducing small atoms with high electronegativity such as F and Cl to the side

chain.

o8
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Figure 5.1: Dielectric constant and band gap results for -XYs- homopolymer crystals
at their respective ground state structure (where X = C, Si, Ge, Sn and Y = H, F,
Cl).

In this chapter, the building blocks in Figure 4.1 are drawn from the following
pool of possibilities: -CHsy-, -SiFy-, -SiCly-, -GeFs-, -GeCly-, -SnF5- and -SnCl,-
We then use the high throughput method that employs DFT calculations of
isolated single polymer chains to accurately estimate the dielectric constant and
band gap of all possible polymer systems. A set of most promising polymers (with
simultaneously large dielectric constant and band gap), which contains Ge and Sn

in the polymer backbone, is identified.

5.2 High throughput DFT calculations

Before exploring the single chain systems based on the combinatorial exercise, we
investigate -XY,- (X = C, Si, Ge, Sn and Y = H, F, Cl) “homopolymer” crystals to

see if any pattern emerges. Group 14 systems display rich chemistry and crystallize
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Figure 5.2: (a) Electronic, (b) ionic and (c) total dielectric constants (€) as a function
of the band gap, for the class of polymers containing Group 14 elements, computed
using DFT within the single-chain approach. The building blocks were drawn from
the following pool of possibilities: -CHsy-, -SiFs-, -SiCly-, -GeFs-, -GeCls-, -SnFs-
and -SnCls-. The axes are in logarithmic scale.

in forms with differing coordination geometries. While C always prefers a 4-fold
coordination environment, Ge favors a 5-fold environment, and Sn can occur in 6 or
7 fold coordination geometries [67,68]. Figure 5.1 presents dielectric constant and
band gap data for homopolymer ground state geometries. The electronic part of the
dielectric constant tends to vary inversely with the band gap, as expected, while the
ionic contribution to the dielectric constant is negligible for the C based systems,
low for the Si based systems, but quite high for the Ge and Sn containing polymers.
Figure 5.1 also reveals that -XY5- homopolymers with Ge and Sn backbone have
large dielectric constants but smaller band gaps than C and Si-based polymers. Pure
PE has a large band gap but relatively small dielectric constant.

A natural next step is to “mix” PE with the -XY3- homopolymers to identify
compositions which span a large range of band gap and dielectric constant. Such a
combinatorial exploration based on the scheme presented in Figure 4.1 involving 7

building block possibilities (namely, -CHy-, -SiFs-, -SiCly-, -GeFs-, -GeCly-, -SnF,-
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and -SnCly-) was recently undertaken [69,87]. Results for dielectric constant vs.
band gap for the 175 such single chain polymers is shown in Figure 5.2. While PE
has the greatest calculated band gap of the systems explored, addition of Group 14
elements leads to progressive decrease in the band gap and increase in the electronic
dielectric constant. The total dielectric constant of the Group 14 element-based
polymers spans over a large range between 2.5 to 47, with the smallest and largest
values corresponding to -(CHy)4- and -CH,-(SnFy)3-, respectively. As the backbone
atoms vary from C to Sn with all other units in the chain are held fixed, both the
electronic and total dielectric constant increase, as the band gap decreases, probably
because -SnFs- has the largest dipole moment and the Sn-Sn bond rotation has the
lowest barrier among all the X-X’ (with X or X’ = C, Si, Ge, and Sn). Compared
with organic polymers, the Group 14 element-based hybrid polymers, especially
those involving Sn, can achieve greater dielectric constants without large reductions
of the band gap, which makes them attractive candidates for high dielectric constant

polymeric dielectrics [69, 87].

5.3 Guidance to synthesis efforts

DFT results indicate that, in general, in order to enhance the dielectric constant
without sacrificing the good insulating properties of polyethylene, it is desirable to
incorporate SiFy, GeFs, and SnFy motifs in the polyethylene backbone. Cholrides
of Si, Ge, and Sn usually result in relatively lower band gaps. The order of relative

importance of fluorides in improving the dielectric constant is predicted to be SiF,
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Figure 5.3: The structure of poly(dimethyltin glutarate).

< GeFy < SnFy. Since Ge is more expansive, Sn containing polymers have greater
potential, in that a lower mole fraction of Sn within the backbone in comparison,
will result in a higher overall dielectric constant.

Considering that the Sn containing polymers we have calculated are difficult
to synthesize, our experimental collaborators have successfully made modified Sn
containing polymer, which is named as tin ester. The structure of this organometallic
polymer, poly(dimethyltin glutarate), is shown in Figure 5.3. DFT is then used to
calculate this polymer’s dielectric constant (¢ = 6.04), band gap (£, = 6.14 eV),
stable crystal structure and IR spectrum. Comparison of the computed values and
spectra to the experimental measurements of poly(dimethyltin glutarate) shows a
direct correlation. The measured dielectric constant is 7.39 with an band gap of
4.88 eV, while the IR and XRD spectra confirm the presence of the four most stable

crystal structures in varying proportion dependent upon processing conditions.

5.4 Conclusion

In this chapter, we expand our search space to a new class of polymer systems,

the Group 14 element-based hybrid polymers. The building blocks in the chain
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scheme were drawn from the following pool of possibilities: -CHs-, -SiF5-, -SiCly-,
-GeFsy-, -GeCly-, -SnFy- and -SnCly-. Improvement in the dielectric constant by
purely increasing electronic contribution tends to degrade the insulating properties,
since the electronic dielectric constant correlates inversely with the band gap. The
ionic dielectric constant, on the other hand, is not limited by the band gap, and
thus can provide more latitude. SiFy, GeFy, and SnFy have been identified to be
promising in terms of increasing the dielectric constant of polyethylene while still
maintaining a relatively large band gap, especially when SnF, or GeFy motifs are

arranged in a consecutive manner.



Chapter 6

Advanced search for Group 14 element-based

hybrid polymer dielectrics

6.1 Introduction

DFT-based strategies are limited to polymers based on short, periodic chains.
For longer chains required to screen larger regions of compositional space, the com-
putational cost associated with DF'T rises rapidly. Furthermore, as the system size
increases, the number of candidates within the system grows exponentially, which
leads to combinatorial explosion. Take the Group 14 element-based hybrid polymers
for example. Doubling the supercell size along the chain direction to include 8 dis-
tinct building units in a periodic repeating cell results in a total of 29,365 symmetry
unique systems. Clearly, exploration of such a vast chemical space using present
first principles based approaches is impractical. A new approach is needed for this

large class of systems.

64
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The materials discovery process can be significantly expedited and simplified if
we can learn effectively from past knowledge. This part of the work involves the
development of a similarity-based machine learning approach that can help predict
the band gap and dielectric constant of a new polymer in a minuscule fraction of the
time necessitated by a typical DFT computation. The machine learning approach
is validated and used to explore a larger scale polymer chemical space for Group
14 element-based hybrid polymers. The strategy developed in this chapter allows
us to systematically explore and mine vast chemical spaces, and can significantly

accelerate the discovery of new application specific materials.

6.2 Machine learning Scheme

To effect such large scale explorations, a machine learning approach has been
developed and applied to the Group 14 element-based hybrid polymers. The es-
sential ingredients of our machine learning approach are captured schematically in
Figure 6.1. The first step in the approach prescribed in the panels of Figure 6.1 is
to reduce each material system under inquiry to a string of numbers—we refer to
this string as the feature (or fingerprint) vector. For the polymer chains composed
of seven possible building blocks, the following coarse-level chemo-structural fea-
ture vector was considered first: |f1,..., fe,91,---,97, h1,..., h7), where f;, g; and
h; are, respectively, the number of building blocks of type i, number of ¢ — ¢ pairs,

and number of i — i — i triplets, normalized to total number of units (note that f7 is
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Figure 6.1: Schematic of the machine (or statistical) learning methodology em-
ployed. First, material motifs within a class are reduced to numerical feature vec-
tors. Next, a suitable measure of chemical (dis)similarity, or chemical distance, is
used within a learning scheme—in this case, kernel ridge regression—to map the
distances to properties.
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Next, a suitable measure of chemical distance is defined to allow for a quantifica-
tion of the degree of (dis)similarity between any two feature vectors. Consider two
systems a and b with feature vectors F and F®. The similarity of the two vectors
may be measured in many ways, e.g., using the Euclidean norm of the difference
between the two vectors, |ﬁ“ — ﬁb|, or the dot product of the two vectors Fo.Fb In
the present work, we use the former, which we refer to as |[F| (Figure 9). Clearly,

if |ﬁ | = (, materials a and b are equivalent (insofar as we can conclude based
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on the feature vectors), and their property values P* and PP are the same. When
|ﬁ | 2£ (0, materials a and b are not equivalent, and P* — P is not necessarily zero,
and depends on |ﬁ |, This observation may be formally quantified when we have
a prior materials-property dataset, in which case we can determine the parametric
dependence of the property values on |ﬁ | In the present work, we use the sta-
tistical learning algorithm referred to as kernel ridge regression (KRR). Using this

scheme, the property of a new system b is given by a sum of weighted Gaussians,

N
1
Pb = ZO{G exp <—@|Fab|2> . (61)
a=1

where a runs over the systems in the previously known dataset. The coefficients a,s
and the parameter ¢ are obtained by ‘training’ the above form on the systems a in
the previously known dataset, while adhering to the best practices of statistical and
cross-validation methods [145, 146].

Within the present similarity-based learning model, the learning process is built

N 2 N

on minimizing the expression azzjl (Pgst — Pj FT> + )\aZ::l o, with P&, being the
estimated property value, Pj ., the DFT value, and A a regularization parameter.
The explicit solution to this minimization problem is @ = (K 4+ AI )_lPD FT, Where
I is the identity matrix, and Ko, = exp (—52|F*’|?) is the kernel matrix elements
of all polymers in the training set. The parameters A\, ¢ and a,s are determined in
an inner loop of fivefold cross validation using a logarithmically scaling fine grid.

The above scheme has been applied to the Group IV element-based hybrid poly-

mers. As mentioned above, the initial dataset was generated using DFT for systems
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with repeat units containing 4 distinct building blocks. Of the total 175 such sys-
tems, 130 were classified to be in the ‘training’ set (used in the training of the
KRR model), and the remainder in the ‘test’ set. To validate the machine learning
approach, besides the band gap and dielectric constant, five more properties (atom-
ization energy, formation energy, c lattice parameter, spring constant, and electron
affinity) were considered. Figure 6.2 shows the agreement between the predictions of
the learning model and the DFT results for the training and the test sets. Further-
more, we considered several chains composed of 8-block repeat units (in addition
to the 175 4-block systems), performed DFT computations on these, and compared
the DFT predictions of the 8-block systems with those predicted using our learning
scheme. As can be seen, the level of agreement between the DFT and the learning
schemes is uniformly good for all eight properties across the 4-block training and
test set, as well as the somewhat out-of-sample 8-block test set (regardless of the
variance in the property values). Overall, the high fidelity nature of the learning
predictions is particularly impressive, given that these calculations take a minuscule
fraction of the time necessitated by a typical DFT computation.

The entire discussion thus far has focused on feature vectors defined in terms of
coarse-level chemo-structural descriptors. This brings up a question as to whether
other more fundamental quantities may be used as a fingerprint to profile a ma-
terial. The first Hohenberg-Kohn theorem of DFT [62] proves that the electronic
charge density of a system is a universal descriptor containing the sum total of the

information about the system, including all its properties. The shape [147] and
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Figure 6.2: Parity plots comparing property values computed using DFT against
predictions made using learning algorithms trained using chemo-structural feature
vectors. Pearson’s correlation index is indicated in each of the panels to quantify
the agreement between the two schemes.

the holographic [148] electron density theorems constitute further extensions of the
original Hohenberg-Kohn theorem. Inspired by these theorems, we propose that ma-
chine learning methods may be used to establish a mapping between the electronic
charge density and various properties.

A fundamental issue related to this perspective deals with defining a (dis)similarity
criterion that can enable a fair comparison between the charge density of two dif-
ferent systems. Note that any such measure has to be invariant with respect to
relative translations and/or rotations of the systems. In the present work, we have
employed Fourier coefficients of the 1-d charge density of our systems (averaged
along the plane normal to the chain axis). The Fourier coefficients are invariant to

translations of the systems along the chain axis, and consideration of the 1-d planar
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Figure 6.3: Parity plots comparing property values computed using DFT against
predictions made using learning algorithms trained using electron density-based fea-
ture vectors. The Fourier coefficients of the planar-averaged Kohn-Sham charge den-
sity are used to construct the feature vector. Pearson’s correlation index is indicated
in each of the panels to quantify the agreement between the two schemes.

averaged charge density makes the rotational degrees of freedom irrelevant. Figure
6.3 shows a comparison of the predictions of the learning model based on charge
density with the corresponding DFT results. While the agreement between the
learning scheme and DFT is not as remarkable as with the chemo-structural finger-
print approach adopted earlier, this can most likely be addressed by the utilization of
the actual 3-d charge density. Nevertheless, we believe that the performance of the
learning scheme is satisfactory, and heralds the possibility of arriving at a ‘universal’
approach for property predictions solely using the electronic charge density.

A second issue with the charge density based materials profiling relates to de-
termining the charge density in the first place. If indeed a mapping between charge

density and the properties can be made for the training set, how do we obtain the



71

charge density of a new system without explicitly performing a DFT computation?
We suggest that the ‘atoms in molecules’ concept may be exploited to create a
patched-up charge density distribution [149]. Needless to say, barring some studies
in the area of atoms and molecules [150], these concepts are in a state of infancy,
and there is much room available for both fundamental developments and innovative

applications.

6.3 Larger scale chemical space exploration of Group 14 element-based

hybrid polymers

While the favorable agreement between the machine learning and the DF'T re-
sults for a variety of properties is exciting, in and of itself, the real power of this
prediction paradigm lies in the possibility of exploring a much larger chemical-
configurational space than is practically possible using DFT computations (or labo-
rious experimentation). For instance, merely expanding into a family of 1-d systems
with 8-block repeat units leads to 29,365 symmetry unique cases (an extremely small
fraction of this class was scrutinized above for validation purposes). Not only can
the learning approach make the study of this staggeringly large number of cases pos-
sible, it also allows for a search for correlations between properties in a systematic
manner. In order to unearth such correlations, we first determined the properties
of the 29,365 systems using our machine learning methodology, followed by the es-

timation of Pearson’s correlation coefficient for each pair of properties. Figure 6.4a
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Figure 6.4: (a) The upper triangle presents a schematic of the atomistic model com-
posed of repeat units with 8 building blocks. Populating each of he 8 blocks with one
of the seven units leads to 29,365 systems. The matrix in the lower triangle depicts
the Pearson’s correlation index for each pair of the eight properties of the 8-block
systems predicted using machine learning. (b) Panels pl to p6 show the correlations
between the band gap and six properties. The panel labels are also appropriately
indexed in (a). The circle in panel p6 indicates systems with a simultaneously large
dielectric constant and band gap.

shows a matrix of the correlation coefficients, color-coded to allow for immediate
identification of pairs of properties that are most correlated.

It can be seen from Figure 6.4a that the band gap is most strongly correlated with
many of the properties. Panels pl-p6 of Figure 6.4b explicitly show the correlation
between the band gap and six of the remaining seven properties. Most notably, the
band gap is inversely correlated with the atomization energy (pl), size (p2), electron
affinity (p4), and the dielectric constants (p5 and p6), and directly correlated with
the spring constant (p3). The relationships captured in panels pl-p3 follow from
stability and bond strength arguments. The interesting inverse relationship between
the band gap and the electron affinity is a consequence of the uniform shift of the

conduction band minimum (due to changes in the band gap) with respect to the
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vacuum level. The inverse correlation of the band gap with the electronic part of
the dielectric constant follows from the quantum mechanical picture of electronic
polarization being due to electronic excitations. As no such requirement is expected
for the ionic part of the dielectric constant, it is rather surprising that a rough inverse
correlation is seen between the total dielectric constant and the band gap, although
clear deviations from this inverse behavior can be seen. Finally, we note that the
formation energy is uncorrelated with all the other seven properties, including the
band gap. This is particularly notable as it is a common tendency to assume that
the formation energy (indicative of thermodynamic stability) is inversely correlated
with the band gap (indicative of electronic stability).

Correlation diagrams such as the ones in Figure 6.4b offer a pathway to ‘design’
systems that meet a given set of property requirements. For the interest of dielectric
applications, panel p5 and p6 of Figure 6.4b provide the relationship between the
band gap and electronic (total) dielectric constant. The inverse correlation of the
band gap with the electronic dielectric constant is confirmed once again from pb.
The rough inverse correlation between total dielectric constant and band gap seen in
p6 is surprising, although clear deviations from this inverse behavior are seen. This
extensive search facilitates identification of candidate polymer dielectrics for various
applications. For capacitor applications, a search for polymers with high dielectric
constant and large band gap leads to systems in the top part of p6, corresponding to
the ‘deviations’ from the inverse correlation and indicated by a circle in p6. These

are systems that contain two or more contiguous SnFs units, but with an overall
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CH, mole fraction of at least 25%. Such organo-tin systems may be appropriate
for polymer dielectrics. By learning effectively from the available DFT data, the
machine learning approach facilitates searching a much larger scale polymer chemical
space efficiently. With the aid of this approach, the discovery of new polymer

dielectrics can be accelerated significantly.

6.4 Conclusion

In summary, it has been shown that the efficient and accurate prediction of di-
electric constant and band gap of polymer systems is possible by combining the
notions of chemical (dis)similarity and machine learning approach. Using Group 14
element-based hybrid polymers, we have presented a general formalism that allow
us to discover decision rules that establish a mapping between easily accessible at-
tributes of a system and its properties. We have shown that simple feature vector
based on compositional and configurational information can be used to profile a
polymer system and make property predictions at an enormously small cost com-
pared with quantum mechanical calculations. The methodology presented in this
chapter is of direct relevance in identifying (or screening) undiscovered polymer

dielectrics in an efficient manner with high fidelity.



Chapter 7

Advanced search for new organic polymer

dielectrics

7.1 Introduction

For the chemo-structural feature vector used in our machine learning approach,
actually one may generalize the above vector to include all possible ¢ — j pairs,
1 — j — k triplets, i — j — k — [ quadruplets, etc. For the Group 14 element-based
hybrid polymers, we intuitively chose the i—i pairs, 1—i—1 triplets as the components
of the feature vector in the previous chapter. But for the organic polymers, it is not
clear which ones are important for a certain propery and should be included in the
feature vector. One question remaining in our machine learning approach is related
to the proper choice of the components of the feature vector. If we can identify
a subset of the feature vector components that are most important in determining

a property, this knowledge can be used to perform targeted searches. It is also
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conceivable that some of the feature vector components may be hurtful rather than
helpful in predictions. For this reason, we have developed a scheme to reduce our
feature vector in this chapter.

Genetic algorithm combined with kernel ridge regression is used to determine
the proper components of the feature vector that most control a certain property.
Trained machine learning models were then used to predict the dielectric constant
and band gap of a large number of six block organic polymer systems. This extensive
search allows us to identify polymers with suitable dielectric constant and band gap

values

7.2 Genetic algorithm for feature selection

Genetic algorithm (GA) [90,151-153] is a powerful tool that can be used to solve
computational tasks with high complexity. It is premised on the evolutionary ideas
of natural selection and genetic. The basic concept of genetic algorithm is designed
to simulate processes in natural system necessary for evolution, specifically those
that follow the principles first laid down by Charles Darwin of survival of the fittest.
GA can be used to solve optimization/simulation/modelling/design problems, and
it also has a high predictive power.

Unlike the optimization problems, here we are facing 'yes or no’ decisions regard-
ing whether each component of the feature vector should be included. The flowchart
of our GA approach is shown in Figure 7.1. The basic idea is that, the initial feature

vector is represented by a array of n ones and zeros, indicating whether a particular
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component is, or is not, included. Based on this array, we can convert our initial
feature vector to a reduced one which we will use to run the machine learning pre-
diction. If the prediction accuracy is the same or gets increased, it means that the
eliminated components are not essential for a particular property; if the accuracy
decreases, we probably lose some important components in the feature vector. To
search for the best reduced feature vector, we need to go through the GA loop. As
shown in Figure 7.1, first we need to create a random initial generation, and each one
of the arrays of ones and zeros is used to evaluate the predction accuracy. Then the
new generation is created by selecting and reproducing, namely, taking the initial
generation as the parents and reproducing children by mutation and crossover. If
the highest accuracy in the new generation is equal or higher than the set accuracy,
the GA stops; if not, the next generation will be created and the loop goes on.

For the organic polymers, we construct the feature vectors using all possible ¢
units, ¢ — j pairs, and ¢ — j — k triples, which lead to 162 features in the feature
vector. Of the total 267 organic systems, 200 were classified to be in the ‘training’
set (used in the training of the KRR model), and the remainder in the ‘test’ set.
As shown in Figure 7.2, if considering all 162 features in the machine learning
scheme, the prediction of band gap is good compared with the DFT results. But for
electronic and total dielectric constant, the machine learning predicted values have a
big discrepancy with those computed from DFT, which probably indicate that some
of the feature vector components are hurtful in predictions. After applying the GA

scheme, the feature vector has been reduced. For band gap, 162 features are reduced
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Figure 7.1: Flowchart of the genetic algorithm scheme for feature vector reduction.

to 78 and at the same time, the prediction accuracy increases to 94.25%. In the case
of electronic dielectric constant, 82 features remain after applying the GA scheme
and the machine learning predicted values are now in a much better agreement with
those calculated from DFT with an accuracy of 90.98%. 162 features are reduced to
85 for total dielectric constant and the prediction accuracy increases from 64.00%
to 90.55%. Overall, with the GA scheme, the features are reduced and the accuracy

increases.

7.3 Larger scale chemical space exploration of new organic polymers

With the reduced features, the machine learning scheme is able to provide good

predictions for band gap, electronic and total dielectric constant. Thus, it can be
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stant as a function of the band gap. The green triangle represents the systems that

are identified to be already synthesized experimentally.
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used to study a much larger number of organic systems. In this study, organic
polymers with 6 independent blocks are considered. Accounting for translational
and inversion symmetries, and removing unstable systems, leaves 5,507 symmetry-
unique systems. The machine learning scheme is then used to predict the band
gap, electronic and total dielectric constant of these 5,507 organic systems, and
the results are shown in Figure 7.3. From Figure 7.3(a), the approximate inverse
relationship between the band gap and the electronic dielectric constant can still
be observed. It is also noted that an inverse correlation is seen between the total
dielectric constant and the band gap due to the fact that for organic systems, the
total dielectric constant is dominated by the electronic contribution. This extensive
search then allows us to identify polymers with suitable dielectric constant and band
gap values, e.g., in the case of capacitive energy storage applications, high dielectric
constant and large band gap.

Before exploring completely new systems, we should first examine those organic
polymers that have already been synthesized. So far, 44 systems have been iden-
tified to be experimentally synthesized, and are represented in Figure 7.3(b). The
complete list of these 44 systems is shown in Table 7.1 in decreasing order of total
dielectric constant. The top few polymers are predicted to have moderate band gap
and large dielectric constant values. These polymers may be considered as promis-
ing systems for capacitor and electronic applications and thus should undergo more
detailed computional and experimental studies. Within these polymers, kevlar (NH-

CgH4-NH-CO-CgH4-CO) is an commercial polymer which has many applications
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from bicycle tires to racing sails. It has a dielectric constant of 3.5-4.5 (machine
learning predicted value is 4.9). Another interesting polymer is NH-CS-NH-CgH,-
CHj-CgHy, polythiourea [12]. Tt is an recently synthesized polymer, which is shown
to have high breakdown strength, low dielectric loss, and high energy density. The

experimental dielectric constant of polythiourea is around 4.5.

Table 7.1: Already synthesized polymers. The band gap (E,), electronic (e.) and

total (e;) dielectric constant are machine learning predicted values.

System repeat unit Polymer class E, (eV) e €t

NH-C¢H4-C4H,S-CgH4-NH-CS Polyurea 3.1 5.8 7.4

NH-CO-NH-CgH4-CO-CgHy Polyketone, 3.6 4.9 7.2
polyurea

NH-CgH4-NH-CS-CgH,-CS Polyamide 2.6 5.8 7.1

NH-CgH4-NH-CgH4-CO-CgHy Polyketone, 3.4 6.2 6.8
polyamine

NH-CO-C,H,S-CO-NH-CgHy4 Polyamide 3.9 6.3 6.7

NH-C¢H4-CO-CgHy-CO-CgHy Polyamine, 3.4 6.5 6.5
polyketone

NH-CO-NH-CgH4-O-CgHy Polyether, 3.9 5.2 6.4
polyurea

CHQ—C4HQS—CO-O—COH4—O Polyester 4.1 4.2 6.2



NH-CO-CgH4-O-CO-CgHy

CG H4-C6 H4‘CGH4‘CG H4-C6 H4—O

CO-CgHy-O-CgHy-CO-0

NH-CO-CgHy-O-CgHy-CHy

CO-CgHy-O-CO-0-CgHy

CO-CgHy-CHy-CeHy-O-CHy

CO-CgHy-CO-CgHy-O-CHy

CO-CgHy-CHy-O-CHy-CoHy

CO-CgHy-O-CeHy-O-CgHy

CH,-CgH4-O-CS-0-CgHy

CH,-CHy-NH-CO-NH-CgHy

Polyester,
polyamide
Polyether
Polyanhydride,
polyester,
polyether
Polyamide,
polyether
Polyketone,
polycarbonate
Polyketone,
polyether
Polyketone,
polyether
Polyketone,
polyether
Polyether,
polyketone
Polycarbonate

Polyurea

3.9

3.0

3.6

4.0

3.1

3.7

3.1

3.8

4.4

4.4

4.2

5.6

4.6

5.9

4.1

5.5

5.6

5.6

5.5

4.1

4.6

6.0

6.0

2.9

5.9

5.8

5.8

5.7

5.7

0.6

5.3

5.3



CH,-NH-CgHy-O-CgHy-CO

NH-CS-NH-CgH4-CHo-CgHy
CH,-NH-CO-C¢H4-NH-CO
CH,-CgH,4-O-CO-0-CgHy
CH,-CHy-CO-CyHyS-CO-CgHy

CH,-0-CgHy-CO-CgHy-O

CH,-CO-CgHy-O-CgHy-CO

CH,-CgHy-NH-CgHy-NH-CgHy
NH-CgH4-NH-CO-CgHy-CO
(kevlar)
CH,-CsHy4-O-CeHy-O-CgHy
CO-CgH4-CO-CHy-CO-CgHy
CH,-CHy-CH,-CgHy-O-CgHy
CH,-CH,-NH-CS-O-CgHy
CH,-CHy-CO-CgHy-CO-CgHy
CH,-CgHy-CHo-CHy-CgHy-
CeHy

CH,-CgH4-CH,-O-CO-0O

Polyamine,
polyether,
polyketone
Polyurea
Polyamide
Polycarbonate
Polyketone
Polyketone,
polyether
Polyether,
polyketone
Polyamine
Polyketone,
polyamide
Polyether
Polyketone
Polyether
Polyurethane
Polyketone

Polyother

Polycarbonate

3.8

4.1

4.6

4.7

4.1

4.3

3.9

4.2

4.1

4.9

4.1

4.9

4.5

4.2

4.0

5.2

5.0

4.7

3.7

3.6

4.6

3.8

4.8

4.8

4.6

4.5

4.7

2.9

3.8

4.5

3.7

3.6

2.2

5.2

5.1

5.1

5.1

5.1

2.0

4.9

4.9

4.9

4.8

4.6

4.5

4.5

4.4

4.3
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CH,-CgH4-CO-CgH4-CH5-O Polyketone, 4.8 4.0 4.3
polyether

CH,-CgH4-CH,-O-CgHy-O Polyether 5.0 3.2 4.1

CH,-CH,-CH,-NH-CS-NH Polyurea 4.6 3.2 4.1

CH,-CO-CH,-O-CO-0O Polycarbonate, 5.5 3.0 4.1
polyketone

CH,-NH-CO-NH-CO-NH Polyurea 5.5 3.0 3.9

CH,-CH,-CH,-NH-CO-O Polyurethane 6.0 2.8 3.6

CH,-CO-0-CgH4-O-CO Polyester 4.9 3.1 3.6

CH,-CH,-O-CH,-CgH,4-O Polyether 5.2 3.4 3.5

CH,-O-CH3-O-CH,-O Polyether 6.3 2.6 3.4

7.4 Conclusion

In summary, this part of the work involves the development of a feature selec-
tion approach based on genetic algorithm and kernel ridge regression. For organic
polymers, we first used the feature selection approach to determine the proper com-
ponents of the feature vector that most control a certain property. Trained machine
learning models then predict the band gap and dielectric constant of a large number

of new organic polymers with six blocks in the repeat unit at negligible cost with
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high fidelity. The larger scale polymer chemical space exploration allows us to iden-

tify promising polymer systems with both high dielectric constant and large band

gap.



Chapter 8

Summary and future work

8.1 Summary

In this thesis, first principles computations and machine learning approach are
employed to the design of polymer dielectrics with both high dielectric constant and
large band gap. Specifically, we adopt two strategies, (1) functionalization of a well
understood polymer dielectrics, such as PE and PP, to enhance its dielectric re-
sponse, and (2) discovery of entirely new classes of polymer dielectrics, both organic
and organometallic. Approaches include exploration of large chemical spaces and
efficient computation of some relevant properties.

Although accurate dielectric properties of materials are readily accessible today
through DFT, such a conventional approach requires an knowledge of the appro-
priate crystal structure for the materials to be investigated. For polymer systems,
determination of a global minimum on the potential energy surface for each of the

new system may not be a practically feasible solution. Towards this end, we develop
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a new method, the single-chain approach, to rapidly estimate the dielectric constant
of polymers, which has paved the way for all other work in this thesis.

In the first strategy, our first principles calculations indicate that introduction of
-OH functional groups will enhance the interaction between PE chains due to inter-
chain hydrogen bonding. Moreover, when -OH groups are present, water molecules
tend to be trapped due to the strong interaction between water and the -OH groups
functionalized PE chains. The existence of the -OH groups and water molecules
in the system contribute cooperatively to the increase of the dielectric constant of
PE. Our DFT results are also consistent with MD simulations and experimental
results qualitatively. These are interesting findings, as they point towards a ratio-
nal pathway for the tunable control of dielectric properties of polymers via creative
utilization of molecular functionalization (and moisture).

In order to discover new polymer dielectrics with both high dielectric constant
and large band gap, we develop a high throughput DFT method (with the aid of
single-chain approach) to explore the polymer chemical space based on two proper-
ties, band gap and dielectric constant. Two classes of polymers are explored, new
organic polymers and Group 14 element-based hybrid polymers. The results provide
us with a “map” of the achievable combination of properties within the chemical
space explored. For example, in the case of capacitive energy storage applications,
the polymer systems with large dielectric constant and moderate band gap can lead
to useful structure information for synthesis efforts. Indeed, our computed results

have guided some interesting experimental results.
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DFT-based approach are limited to polymers based on short, periodic chains.
For longer chains required to screen larger regions of compositional space, the com-
putational cost associated with DFT rises rapidly. Furthermore, as the system size
increases, the number of candidates within the system grows exponentially, which
leads to combinatorial explosion. Omne of the important findings of this work is
the development of machine learning approaches to explore a much larger polymer
chemical space. These machine learning approaches help us predict the band gap
and dielectric constant of a new polymer in a minuscule fraction of the time ne-
cessitated by a typical DFT computation. With the aid of these approaches, the

discovery of new polymer dielectrics can be accelerated significantly.

8.2 Future work

8.2.1 Detailed studies of promising systems

This thesis can be considered as a paving stone for the future work, as it provides
methodologies to explore a large amount of polymer systems, from which possible
candidates can be chosen. Only a small portion of the promising systems have been
studied in this thesis. There are still a lot more that need to be carefully examined.
The crystal structures and morphologies of these promising systems must be investi-
gated. If inter-atomic potentials are available to handle the systems, MD simulations
can be used to determine their crystal structure and morphology, for example, using
a melt and quench approach. An additional option, especially if force fields are not

available for the new identified systems, is to use 3-dimensional structure searching
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schemes to determine the ground state structures based on DFT, e.g., evolutionary
algorithm [135-137], minima hopping [138,139], simulated annealing [140], etc.
Once the crystal structure and morphology are determined for the promising
polymers, relevant properties for dielectric applications should be calculated. The
work in this thesis deals largely with dielectric constant and band gap. While
these two properties are important, as mentioned in the Introduction, many other
factors are relevant to practical applications. Then down-selection of promising
candidates and real design of new polymer dielectrics require estimating a range of
other parameters. In the following, some possible properties, which can be studied

in details in the future, are listed.

1. Electron/hole injection barriers at metal-polymer interfaces Electronic and ca-
pacitor applications require the polymer dielectric to contact a metal electrode.
Such an interface sometimes dominates the performance of polymer dielectrics,
as charge injection from the metal electrode to the polymer is the primary
source of charge during conduction. The property that determines charge
injection at interfaces is the Schottky barrier heights for electron and hole
injection, which can be computed using modern DFT. Such issues have been
encountered in past studies of metal-dielectric or metal-semiconductor inter-
faces within the context of (inorganic) semiconductor devices [1,2,154,155].
While methods developed earlier can be used within the context of metal-
polymer interfaces, the primary impediment to doing so is the complex nature

of the metal-polymer interface at the atomic-level, which is far from ideal or
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“abrupt”, unlike interfaces typically encountered by the semiconductor com-
munity. Future efforts to compute barrier heights must break new ground in
terms of realistic models of interfaces, perhaps through a combination of DF'T

and force-field based computations.

. Dielectric breakdown The dielectric breakdown field of a capacitor dielectric
is correlated strongly with its energy density (i.e., its energy storage capac-
ity). Recently an approach to treat intrinsic breakdown using DFT in the
average electron model of Von Hippel has been developed [70,71]. But extrin-
sic factors, e.g., chemical impurities, nano-sized cavities, etc., are important
in determining breakdown field for polymer-based dielectrics, and need to be

taken into account.

. Glass transition temperature Many properties change dramatically when an
amorphous polymer undergoes glass transition. For instance, the dielectric
loss of a polar material normally increases dramatically as the polymer goes
through its Ty. At temperatures below Ty, polymers are hard and glassy
because motion of polymer chains is restricted to local vibration. When the
temperature goes to above T, chains have greater mobility and the polymer
softens. Various factors affect the T, of polymers, e.g., molecular weight and

the chemical structure.
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Figure 8.1: Possible motifs for expanding the chemical space exploration.

8.2.2 Expand search space

The chemical space of two different classes of polymers, namely, organic poly-
mers and hybrid polymers, has been explored. Seven units, CHy, NH, C(=0), CgHy4
(benzene), C4HsS (thiophene), C(=S), and O, were used for organic polymers ex-
ploration, and to search the Group IV element-based hybrid polymers, units CHs,
SiFy, SiCly, GeFy, GeCly, SnFy and SnCly; were considered. More units can be then
identified to expand the chemical space exploration. Figure 8.1 lists a few units that
can be considered. For organic polymers, it can be found that the total dielectric
constants of these polymers (c.f. Chapter 4) are mostly dominated by the electronic
contribution which is inversely related to the band gap. It means that the dielectric
constant values that one can achieve within this set of polymer are limited. Thus in
order to realize higher dielectric constant values, we need to explore polymers which
result in combinations of improved ionic and electronic dielectric constant. The top
two rows in Figure 8.1 are units containing dipoles. The stretching or rotation of

these dipoles may lead to increased ionic contribution to dielectric constant. The
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units in the last row are different aromatic groups. How these heterocycles with
localized conjugation in the presence of other functionalities (e.g., NH, CO) will
affect the dielectric constant can then be investigated.

As more units are going to be considered, there will be a combinatorial explosion
of the number of systems that one needs to study. Thus, the search strategy adopted
in this thesis can be extremely time consuming. After defining the desired properties
and selecting the polymer classes, we use high throughput DF'T calculations for the
initial screening, where all the possible polymer systems in the single chain model
are subjected to band gap and dielectric constant calculations. With more and more
units being considered, this step can be a curse. To relieve this curse, one way is to
use a so-called guided search approach.

With the single chain model, what we are trying to do is fixing the configura-
tion of a polymer system and varying the composition. The goal is to find com-
positions which correspond to high dielectric constant and large band gap. This
can actually be generalized into a combinatorial optimization problem (combinato-
rial optimization is a topic that consists of finding an optimal object from a finite
set of objects) [156], maximize both the dielectric constant and band gap values
by changing the composition. By applying appropriate combinatorial optimization
algorithms, such as genetic algorithm, greedy randomized adaptive search proce-
dure [157], etc., the number of calculations one need to do can be significantly
reduced. The challenge of this guided search approach is the appropriate choice of

combinatorial optimization algorithms.
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When designing polymeric capacitors, it is important to understand the structure—property relationship
between chemical functionalities and dielectric properties to tailor materials for specific applications in
terms of dielectric constant, dielectric loss, band gap, breakdown strength, etc. Herein, we report a clear
structure—property relationship with dielectric constant and dielectric loss in a series of polyurea and
polyurethane thin films. We demonstrate that the dielectric constant systematically increases and the

dielectric loss decreases as the number of carbons between polarizable functional groups decreases. Our
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syntheses are guided with data obtained from high-throughput density functional theory calculations. By
modeling 382 polymer systems, we have determined that a dielectric constant >4 is achieved with at
least one aromatic group and at least one of the following moieties: —NH—, —C(=0)—, or —O—.

© 2013 Elsevier Ltd. All rights reserved.

1. Introduction

The development of high energy density capacitors is driven by
their importance in various applications, including hybrid electric
vehicles, the electric propulsion of ships [1] and electromagnetic
railguns [2]. In terms of polymeric materials, biaxially oriented
polypropylene (BOPP) is the current industrial standard. BOPP
boasts a remarkably high electrical breakdown strength and large
band gap, in addition to its ease of processability, high breakdown
field and graceful failure [3]. BOPP has a dielectric constant at room
temperature of ~2.2 across a broad frequency range and a dielec-
tric loss in the neighborhood of 1073—10"* [4]. To add to the
existing body of work in this field [5—8], we aim to understand the
structure—property relationship between chemical functionalities
and dielectric properties, through the paradigm of rational capac-
itor design. Ultimately, this level of understanding should allow for
the tailoring of materials for specific electronic applications.

In the present study, we consider a large number of polymer
systems with different functionalities, with the intent of identifying
new polymer dielectric materials that have better dielectric prop-
erties than BOPP without sacrificing its already remarkable insu-
lating properties. In an attempt to identify promising polymer
subclasses we use first principles computations based on density

* Corresponding author. Department of Physics, University of Connecticut, 97
North Eagleville Road, Storrs, CT 06268, United States.
E-mail address: g.sotzing@uconn.edu (G.A. Sotzing).

0032-3861/$ — see front matter © 2013 Elsevier Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.polymer.2013.05.003

functional theory (DFT) to perform an initial combinatorial
screening. This initial screening has helped us to identify organic
building blocks such as aromatic rings, -NH—, —CO—, —O—, etc.,
(i.e., those that make up ureas and urethanes) as promising ones.
Polymers containing these functionalities are synthesized and their
dielectric properties are characterized and compared with the DFT
results.

2. Computational guidance

As a first step, we used DFT computations in a high-throughput
mode to identify promising cases that may lead to a high dielectric
constant and high band gap; we note that the former property leads
to a larger energy density, and the latter is an indicator of a good
insulator (and high breakdown strength). Fig. 1 captures the
computational model adopted in our strategy. In essence, we
consider an all-trans single polymer chain containing four inde-
pendent blocks with periodic boundary conditions along the chain
axis. We allow each block in the polymer backbone to be one of
following units: —CHy—, —NH—, —C(=0)—, —CsHs— (benzene), —
C4H,S— (thiophene), —C(=S)—, and —O—. Different combinations
of these units form traditional polymers, including polyesters,
polyamides, polyethers, polyureas, etc. This scheme results in 382
symmetry unique systems.

Density functional theory (DFT), as implemented in the Vienna
ab initio simulation package (VASP) [9] was used to determine the
structural and electronic properties of the 382 polymer chains. The
Perdew, Burke, and Ernzerhof functional (PBE) [10,11], projector-

dx.doi.org/10.1016/j.polymer.2013.05.003
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be able to achieve (a limit that may be understood by regarding the
electronic part of the dielectric response as a sum over electronic
transitions from occupied to unoccupied states). Fig. 2(b) shows the
variation of the total dielectric constant with the band gap. The
total dielectric constant derives its contributions from the elec-
tronic and ionic contributions. The latter is, in principle, not con-
strained by the band gap, and is related to the dipole moment
values of the functional groups and the flexibility of bonds that can
allow the dipoles to respond to an electric field. From Fig. 2(b), a set
of the most promising polymers may be selected based on the
criteria that the band gap >3 eV, and total dielectric constant >4.
This “promising” region is shown in Fig. 2(b), and corresponds to
systems composed of at least one aromatic group and at least one of
the following three groups: —NH—, —C(=0)—, —O—.

The DFT-recommended groups provided useful constraints for
determining the best functionalities to incorporate into a polymer
backbone. We understood that polymers synthesized for electronic
applications should be as pure as possible; we sought to eliminate
impurities that were both catalytic and inherent in nature. To this
end, we ultimately decided on polyureas and polyurethanes
derived from the step polymerization of an asymmetrically
substituted aromatic diisocyanate and various diols and diamines
(Fig. 3) — these systems were harmonious with the results of the

2 R.G. Lorenzini et al. / Polymer xxx (2013) 1-5
s
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Fig. 1. Model showing our computational strategy, in which we substitute different
functionalities into the four blocks. These calculations operate at the atomic scale, and
therefore neglect interchain interactions.

augumented wave (PAW) frozen-core potentials [12] and a cutoff
energy of 400 eV for the plane wave expansion of the wave-
functions were used. The optimized geometry was then used to
determine the electronic (high frequency, or optical) and total (low
frequency, or static) dielectric constant tensor of the polymer
chains density functional perturbation theory (DFPT) [13], followed
by extrapolation of these results to correspond to the volume
actually occupied in real polymeric systems using methods devel-
oped recently [14,15].

Fig. 2 shows the relationship between the electronic (Fig. 2(a))
and total (Fig. 2(b)) dielectric constant and the band gap for the 382
polymer systems. A near perfect inverse pareto-optimal front
relationship between the band gap and the electronic dielectric
constant can be seen from Fig. 2(a), which imposes a theoretical
limit on the electronic part of the dielectric constant that one may

DFT calculations, produced no byproducts, and required little or no
catalyst.

3. Polymer synthesis
3.1. Materials

Reagents and solvent were purchased from Acros Organics or
Sigma—Aldrich, with the exception of the 2,2’-oxybis-ethaneamine,
which was purchased from Huntsman. Liquids were purified either
by ambient pressure distillation or vacuum distillation and were
stored under nitrogen.

3.2. Polyurea and polyurethane syntheses

To a nitrogen-filled, flame-dried 25 mL 3-neck flask equipped
with a gas inlet, rubber and glass stoppers and a magnetic stirbar,
10 mL of dimethylsulfoxide was added via cannula needle. Next,
5 mmol of diamine/diol was cannulated; the materials used were:
1,2-diaminoethane, 1,2-diaminopropane, 1,3-diaminopropane, 1,6-
diaminohexane, 2,2’-oxybis-ethanamine, 1,2-ethanediol, 1,2-

(b)

. Band gap >3
w 104 - !—.
L2 w y i
‘B — 10 *s
S n ’ >4
= =] ¥
.E =
m b -
Ji
] 2
]
1
1]
1]
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1 T T T 1 T r T
1 2 3 4 5 6 7 1 2 3 4 5 6 7

Band Gap (eV)
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Fig. 2. DFT computed (a) electronic and (b) total dielectric constant along the polymer chain axis as a function of the band gap. The axes are in logarithmic scale.
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Table 2
The dielectric constant and dielectric loss of the polyurethanes at 60 Hz and 1 kHz at

Fig. 3. Structures of synthesized polyureas and polyurethanes.

propanediol, 1,3-propanediol, 1,6-hexanediol, diethylene glycol. In
the case of the diols, 1 wt% of dibutyltin dilaurate was added as a
catalyst. Cannulation of 5 mmol of 2,4-toluene diisocyanate (TDI)
initiated an exothermic event. When the temperature from the
initial mixing subsided, an oil bath was used to heat the mixture to
60 °C for 2 h. The resultant polymers were precipitated in methanol,
and were allowed to stir in the methanol for 1 h to remove any
excess monomer/catalyst, after which they were filtered using a
Biichner funnel and dried in vacuo for 24 h at 160 °C. This cleaning
and heating protocol ensured complete removal of solvent, excess
monomer and methanol-soluble oligomers, as confirmed by a GC/
MS polymer desorption method. In all cases, the polymers were
obtained in nearly quantitative yields.

3.3. Film preparation for TDDS

Polymer samples were prepared for films as follows: 5 wt% so-
lutions of polymer/DMSO were prepared by heating, stirring and
filtration through a 0.45 pm PTEFE syringe filter. Polymer films were
drop cast on stainless steel shims, and were left on the bench
overnight to allow a bit of solvent to evaporate off, leaving a “tacky”
film. These tacky samples were then heated in a vacuum oven for
160 °C overnight to ensure complete removal of solvent. During all
steps, care was taken to prevent the introduction of dust from the
laboratory, such as the use of petri dishes for solvent evaporation.
Polymer films prepared in this way were determined to be 200—
400 nm thick.

Table 1
The dielectric constant and dielectric loss of the polyureas at 60 Hz and 1 kHz at
various temperatures.

various temperatures.
R é\

Polyurethanes

Polyureas
Polymer Room temp. 50 °C 100 °C

e e E B £ e

60 Hz 1 kHz 60 Hz 1 kHz 60 Hz 1 kHz
1A 5.24 5.18 531 523 6.63 5.85
2A 435 4.29 4.50 438 5.92 5.13
3A 3.54 347 3.55 3.48 3.45 338
4A 217 2.08 223 213 220 211
5A 6.72 6.19 7.03 6.44 7.22 6.87
Polymer tan(d) tan(d) tan(d) tan(0) tan(0) tan(d)

60 Hz 1 kHz 60 Hz 1 kHz 60 Hz 1 kHz

1A 0.00683 0.00758 0.00883 0.00862 0.116 0.0539
2A 0.00941  0.00889  0.0179 0.0135 0.116 0.0675
3A 0.0117 0.0173 0.0130 0.0176 00141 0.0124
4A 0.0222 0.0312 0.0259 0.0323 0.0261 0.0242
5A 0.0342 0.0429 0.0322 0.0543 0.0266  0.0444

Polymer Room temp. 50°C 100 °C

e e B B e e

60 Hz 1 kHz 60 Hz 1 kHz 60 Hz 1 kHz
1B 6.47 635 6.71 6.52 9.75 8.43
2B 6.87 6.74 6.84 6.73 6.90 6.74
3B 5.96 5.81 4.72 4.54 6.37 5.63
4B 4.22 4.09 4.29 4.15 4.52 437
5B 108 10.5 11.0 106 138 12.0
Polymer tan(0) tan(0) tan(d) tan(0) tan(d) tan(0)

60 Hz 1kHz 60 Hz 1kHz 60 Hz 1 kHz

1B 0.0113 00126 00178 0.0157  0.1190  0.0650
2B 0.00896 0.0154 0.00874 0.0136 0.0138 0.0140
3B 0.0158 00139 0.0211 0.0210  0.0980  0.0608
4B 0.0184 0.0156 0.0167 0.0180 0.0220 0.0220
5B 0.0151 0.0188  0.0168 0.0201 0.135 0.0615

3.4. TDDS spectroscopy

The dielectric spectra were obtained on an IMASS time domain
dielectric spectrometer at the University of Connecticut Electrical
Insulation Research Center. Measurements were taken at room
temperature, 50 °C and 100 °C between silicone rubber guarded
electrodes.

3.5. Polymer characterization

TH NMR data was obtained on a Bruker DMX-500, and IR
spectroscopy was performed on a Nicolet Magna-IR 560 spec-
trometer. Thermogravimetric analysis was conducted on a TA
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Fig. 4. Dielectric constant (top) and tan(é) (bottom) at room temperature for the
different polyureas.
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12 Table 4
Table containing the number-average molecular weight (M,), the weight-average
10 —— molecular weight (M), and the polydispersity index (PDI). All molecular weights
= are reported in g/mol.
s 8 1B
g 28 Polymer M, My, PDI
?, 6 ————— 3B Polyureas
£ 4B 1A Not soluble
8 4 2A Not soluble
2 —— 3A 37,500 54,400 145
2 4A 31,400 41,200 131
5A 29,100 39,500 1.36
0 Polyurethanes
10 100 Erequency. Hz 1000 10000 1B 24,300 37,800 156
equency, 28 19,600 28,900 147
0.035 3B 28,700 36,400 1.27
4B 21,700 30,800 1.42
0.03 /‘ 5B 37,900 49,400 1.30
0.025 1B R s & di .
§ 002 | 28 . Results iscussion
o015 < %8 41 TDDs spectr It
- B 1. spectroscopy results
0.01 5B . . . .
For all of the polymers, the dielectric constant and dielectric loss
0.005 at 60 Hz and 1 kHz are tabulated (Tables 1 and 2). In addition, the
0 room temperature dielectric spectra are overlaid (Figs. 4 and 5).
10 100 1000 10000

Frequency, Hz

Fig. 5. Dielectric constant (top) and tan(d) (bottom) at room temperature for the
different polyurethanes.

Instruments TGA Q500 by heating 10 °C/min from room tem-
perature to 500 °C in oxygen; the data presented represents the
temperature at 3% weight loss. Differential scanning calorimetry
was performed on a TA Instruments DSC Q100: first, the sample
was heated at 10 °C/min to just before its weight loss onset
temperature, and was held isothermally for 5 min. It was then
cooled to —50 °C at 10 °C/min. Data was obtained on the next
cycle, when the sample was heated to the 3% degradation
temperature at 10 °C/min. Gel permeation chromatography was
conducted using dimethylacetamide as the mobile phase and
polystyrene standards with the following instrumentation: Wa-
ters 515 HPLC pump, Waters 2414 refractive index detector, two
mixed bed Jordi Gel DVB columns. Samples were filtered twice
prior to GPC analysis: first with a Kimwipe-plugged pipette to
remove large insoluble materials, and second with a 0.45 pm
PTFE syringe filter.

Table 3

Table containing the glass transition temperature (Tg), melting temperature (Tr,) and
3% degradation temperature (Tq4) for each of the sample polymers. All temperatures
are reported in °C.

Polymer Ty Tm Ta
Polyureas

1A N/O 242 246
2A N/O 228 234
3A N/O 234 227
4A N/O 224 263
5A N/O 201 264
Polyurethanes

1B 130 N/O 237
2B 75 N/O 251
3B 72 215 251
4B 95 213 277
5B 91 167 249

4.2. Structure—property relationship: polymer classes, alkyl length,
dielectric constant & loss

The dielectric behavior of these materials can be explained
through several paradigms. Most generally, polyurethanes have
higher dielectric constants than polyureas, which is reasonable based
on electronegativity arguments. These data suggest that for both
classes of polymers, increasing the number of carbons in the back-
bone lowers the dielectric constant. This can be attributed to the
increase in free volume, which decreases the number of polarizable
groups per unit volume [16,17]. Inclusion of a backbone ether moiety
(5a&b) drastically increases the dielectric constant in both cases, in
agreement with literature values for polyether polyurethanes; more
ether oxygen atoms present in the backbone result in higher
dielectric constants [18]. The dielectric loss tan(é) is also observed to
follow the aforementioned trend: smaller alkyl spacers yield lower
loss values. These conclusions are in agreement with generally
accepted means of increasing dielectric constant, including maxi-
mizing polarizability and imparting a low degree of free volume [19].

4.3. Polymer characterization

Due to the structural similarity of the polymers being tested,
differences in the NMR and IR spectra were difficult to discern.
However, we used these data to both confirm the purity of the ma-
terials and the absence of reactive isocyanate end groups, which
would manifest themselves in the IR as a sharp peak at ~2250 cm L
The TGA (3% degradation) and DSC data are presented below
(Table 3), demonstrating high thermal stability well beyond the
operating temperature of BOPP. The low polydispersity (Table 4)
observed in these polymers likely has to do with the workup con-
ditions — stirring in methanol removed some of the lower weight
chains. A study comparing the dielectric constants and losses of
polypropylene glycols with varying molecular weights shows that
the dielectric properties saturate between 1000 and 2000 g/mol [20].

5. Conclusions & summary

This study was primarily intended to span the chemical space,
searching for the paramount influences of structure on dielectric
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constant. Our synthetic efforts were guided by DFT calculations,
which revealed that polymers with high dielectric constants
contain at least one aromatic group, and one of three functional-
ities: —NH—, —C(=0)—, or —O—; the majority of the synthesized
polymers had dielectric constants >4 as predicted by said calcu-
lations. These dielectric data will be conglomerated with data from
parallel synthetic efforts in our group, to be fed into a quantitative
structure—activity relationship model (QSAR) to be published at a
later date. Our ultimate aim is to investigate materials with more
desirable electronic properties (higher dielectric constant, higher
band gap, comparable loss) compared with the current industry
standard BOPP, and we consider this work to be generally suc-
cessful toward our goal. Most of the aforementioned materials can
operate at or beyond BOPP’s failure temperature, which success-
fully operates between 60 and 80 °C [21]. BOPP has a dielectric
constant of 2.2; the dielectric constants reported herein are either
equal to or higher than BOPP. BOPP has loss values in the 103—10~*
regime, whereas our lowest loss polymer (1A) is towards the upper-
end of this range (6.8 * 1073).

Acknowledgments

We would like to thank Ms. JoAnne Ronzello and Dr. Steven A.
Boggs of the University of Connecticut Electrical Insulation
Research Center for dielectric testing and helpful suggestions. In
addition, we would like to express gratitude for financial support
from the Office of Naval Research through the Multidisciplinary
University Research Initiative (MURI).

References

(1]
2

3

[4]

(5

[6]

17]

8]

[9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]

[17]
(18]

[19]

[20]
[21]

Flynn PF. Meeting the energy needs of future warriors. Washington D.C.:
National Academics Press; 2004.

Electromagnetic railgun. Office of naval research fact sheet. http://www.onr.
navy.mil/Media-Center/Fact-Sheets/Electromagnetic-Railgun.aspx; Feb. 2012.
Sarjeant WJ, Zirnheld J. Handbook of low and high dielectric constant mate-
rials and their applications. UK: Academic Press; 1999.

Ho ], Jow R. Characterization of high temperature polymer thin films for po-
wer conditioning capacitors. Army Research Laboratories; Jul. 2009. ARL-TR-
4880.

Zhang Q, Zhu D, Su F, Xie Y, Ma Z, Shen J. ] Biomed Mater Res A 2012;100A(7):
1868-76.

Wang Y, Zhou X, Chen Q, Chu B, Zhang QM. IEEE Trans Dielectr Electr Insul
2010;17(4):1036—42.

Oprea S, Potolinca O, Oprea V. High Perform Polym 2011;23(1):49-58.
Adjokatse SK, Mishra AK, Waghmare UV. Polymer 2012;53:2751—7.

Kresse G, Furthmuller ]. Phys Rev B 1996;54:11169.

Perdew JP, Burke K, Ernzerhof M. Phys Rev Lett 1996;77:3865.

Blochl PE. Phys Rev B 1994;50:17953.

Kresse G, Joubert D. Phys Rev B 1999;59:1758.

Baroni S, de Gironcoli Stefano, Dal Corso Andrea. Rev Mod Phys 2001;73:
515.

Pilania G, Ramprasad R. ] Mater Sci 2012;47:7580.

Wang CC, Pilania G, Ramprasad R. Submitted for publication.

Simpson JO, St.Clair AK. Fundamental insight on developing low dielectric
constant polyimides. Thin Solid Films 1997;308—309:480—5.

Hwang H-J, Li C-H, Wang C-S. Polymer 2006;47:1291-9.

North AM, Reid ]C. Dielectric relaxation in a series of heterophase polyether
polyurethanes. Eur Polym ] 1972;8:1129-38.

Deligoz H, Ozgumus S, Yalcinyuva T, Yildirim S, Deger D, Ulutas K. Polymer
2005;46:3720-9.

Sarode AV, Kumbharkhane AC. ] Mol Liq 2011;160:109—13.

Zou C, Zhang Q, Zhang S, Kushner D, Zhou X, Bernard R, et al. PEN/Si3Ng
bilayer film for DC bus capacitors in power converters in hybrid electric ve-
hicles. ] Vac Sci Technol B 2011;29:061401.

dx.doi.org/10.1016/j.polymer.2013.05.003

Please cite this article in press as: Lorenzini RG, et al., The rational design of polyurea & polyurethane dielectric materials, Polymer (2013), http://

112



Appendix B

Structure-property relationship of polyimides
based on pyromellitic dianhydride and short-chain
aliphatic diamines for dielectric material

applications

113



Applied Polymer

CIENCE

Structure-Property Relationship of Polyimides Based on
Pyromellitic Dianhydride and Short-Chain Aliphatic
Diamines for Dielectric Material Applications

Aaron F. Baldwin,* Rui Ma,* Chenchen Wang,?2 Rampi Ramprasad,? Gregory A. Sotzing®3
1The Polymer Program, Institute of Materials Science, University of Connecticut, Storrs, Connecticut 06269
2Department of Chemical, Materials and Biomolecular Engineering, Institute of Materials Science, University of Connecticut,

Storrs, Connecticut 06269

SDepartment of Chemistry, University of Connecticut, Storrs, Connecticut 06269
Correspondence to: G. A. Sotzing (E -mail: sotzing@mail.ims.uconn.edu)

ABSTRACT: Most polyolefins that are used for dielectric materials exhibit a low dielectric constant and operating temperatures up to
70°C. Polyimides offer a means to a higher dielectric constant material by the introduction of a polar group in the polymer backbone
and are thermally stable at temperatures exceeding 250°C. A common dianhydride, pyromellitic dianhydride (PMDA), is reacted with
various short-chain diamines to produce polymers with high imide density. Homopolymers and copolymers synthesized had dielectric
constants ranging from 3.96 to 6.57. These materials exhibit a dielectric constant twice that of biaxially oriented polypropylene and
therefore a twofold increase in capacitance as well as maintaining low dissipation factors that are acceptable for this application. The
experimental dielectric constants of these materials are also compared to density functional theory calculations and exhibit a close

relationship. © 2013 Wiley Periodicals, Inc. J. Appl. Polym. Sci. 000: 000-000, 2013
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INTRODUCTION

There is a current push by the industrial complex to move
away from traditional pneumatic, hydraulic, and mechanical
devices to electrochemical ones which are controlled electri-
cally." Thus, there is a need for a high-energy storage system
to operate these new devices. The best solution to this problem
is the incorporation of high-energy density capacitor banks in
which the electrical energy can be stored over long charging
times and released as needed through short pulses.” For this
system to operate efficiently and to reduce the size of the over-
all capacitor bank, an insulating material is needed that pos-
sesses a large dielectric constant while still maintaining a low
dielectric loss. The two benchmark polymer dielectric materi-
als, biaxially oriented polypropylene (BOPP) and polyvinyli-
dene fluoride (PVDF), have dielectric constants of 2.2 and 10,
respectively.’ ™

Polyimides are attractive materials for this application as they
have a more polar backbone and thus a higher dielectric con-
stant than polyolefins. The fact that make polyimides even more
desirable is that they are thermally stable at temperatures
exceeding 250°C, twice the operating temperature of most com-

© 2013 Wiley Periodicals, Inc.
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mon dielectric materials, making them able to withstand the
heat generation that these capacitor banks will give rise to and
there is less need for cooling the entire capacitor bank.” Most
common polymers used as dielectric materials exhibit severe
decrease in dielectric strength around 70°C.*

Interestingly, a search of recent literature yields little work being
done in this field. Instead, polyimides are being researched as a
possible replacement of silicon dioxide in applications such as
the insulating material in semiconductors, printed microelec-
tronics, and so forth.”®> Most studies of polyimides in elec-
tronic applications have looked at ways to reduce the dielectric
constant of the material. The reduction of the dielectric con-
stant has been controlled by lowering the polarizability of the
polymer through modification of the backbone with the incor-
poration of bulky, space-filling groups, the replacement of
hydrogen with fluorine atoms, or a combination of both. The
introduction of space-filling groups, such as aromatics, increases
the free volume and thus decreasing the dipolar and atomic
polarizability, whereas fluorine replacement will reduce the total
polarizability through the heightening of the hydrophobicity of
the polymer, '+~

J. APPL. POLYM. SCI. 2013, DOI: 10.1002/APP.39240
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In our research, we focus on the opposite end of the polyimide
chemical space in which an increase of the dielectric constant of
the polymer is sought. This is done by the polymerization of a
common aromatic dianhydride with various alkyl diamines pro-
ducing an overall reduction of the free volume as well as main-
taining a high-imide functional group density in the polymer
backbone. The experimental results are combined with theoreti-
cal dielectric calculations done through density functional
theory (DFT) to give a better understanding of the structure—
property relationship of these polyimides. A comparison of the-
oretical and experimental data will then lead to a next genera-
tion of polyimides for the ones reported here.

EXPERIMENTAL

Materials

PMDA, 1,3-diaminopropane (1,3-DAP), 1,2-diaminopropane
(1,2-DAP), dimethylformamide (DMF), and N-methyl-2-pyrro-
lidone (NMP) were purchased from Aldrich Chemical (St.
Louis, Missouri). Jeffamines (Figure 1) EDR-104, HK511, and
D230 were provided by the Huntsman (The Woodlands, Texas).
PMDA was recrystallized from acetic anhydride, whereas the
diamines were used as received. Shim stocks were purchased
from McMaster Carr (Princeton, New Jersey) with a diameter of
2", a thickness of 0.01”, and ASTM A666 stainless steel.

General Procedure for Homopolymerization

A three-neck flask equipped with a Teflon™-coated magnetic stir
bar was fitted with a reflux condenser, a glass stopper, and a glass
apparatus for trapping evolved water. The entire apparatus is
flame dried under vacuum to remove moisture and placed under
an inert atmosphere. To the flask, the appropriate amount of dia-
mine, 0.02 mL of isopropylamine (IPAm) and 50 mL of NMP,
was added. The solution was stirred for 30 min at room tempera-
ture to disperse the amine equally in solution. To the solution,
the appropriate amount of dianhydride was added and this mix-
ture was stirred at 50-100°C for 2 h. Once all of the solids were
dissolved, the temperature was increased to 180°C and the solu-
tion was stirred for 10 h. The polyimide was precipitated out of
solution by the addition of methanol. The solvent was decanted
off and the polymer was dried at 75°C in vacuo.

Polymer 4. FTIR (cm"): 1774, 1717, 1664, 1395, and 1363.
Differential scanning calorimetry (DSC) results: T, = not
observed; T,, = not observed. Thermogravimetric analysis

(TGA) (10°C min’l): N, (onset): 258°C.

Polymer 7. '"H NMR ((CD3),S=0, ppm): 6 = 1.23 (m, 12H),
2.94 (m, 11H), 4.23 (m, 2H), 8.11 (m, 2H). FTIR (cm™'): 2976,
2878, 1771, 1716, 1460, 1380, 1355, 1265, 1105, and 917. DSC
results: T, = 75°C; T, = not observed. TGA (10°C min1): N,
(onset): 262°C.

General Procedure for Copolymerization

A three-neck flask equipped with a Teflon™-coated magnetic stir
bar was fitted with a reflux condenser, a glass stopper, and a glass
apparatus to trap evolved water and a rubber septum stopper.
The apparatus was then flame dried under vacuum to remove
moisture and placed under an inert atmosphere. To the flask, the
appropriate amount of the two diamines, 0.04 mL of IPAm and
25 mL of DME was added. The solution was stirred for 30 min

J. APPL. POLYM. SCI. 2013, DOI: 10.1002/APP.39240
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Figure 1. Structure of Jeffaimines EDR-104 (top), D230 (middle), and
HK511 (bottom).

at room temperature to disperse the diamines equally in DME
The appropriate amount of PMDA was added to an Erlenmeyer
flask and stored under inert atmosphere. To the flask, 75 mL of
DMF was added. The flask is heated slightly until all of the
PMDA is dissolved. The amine solution is heated to 50°C and
the PMDA/DMEF solution is then canulated into the three-neck
flask. After the addition of PMDA/DMEF solution is complete, the
temperature is raised to 150°C and the solution is stirred until
the polyamic acid is dissolved. After complete dissolution of the
polyamic acid, the temperature is raised to 180°C and the solu-
tion is refluxed for 12-24 h to form the polyimide.

Polymer 9. '"H NMR ((CD;),$=O0, ppm): § = 1.01 (m, 10H),
1.28 (m, 8H), 3.64 (m, 10H), 4.43 (m, 3H), 8.14 (m, 4H). FTIR
(em™Y): 2975, 2936, 2873, 1771, 1717, 1458, 1358, 1266, 1157,
1110, 1067, 1040, 916, 828, and 731. DSC results: T, = 54°G;
T,, = not observed. TGA (10°C min~!): N, (onset): 349°C.

Polymer 10. '"H NMR ((CD3),S=0, ppm): 6 = 1.08 (m, 16H),
4.18 (m, 10H), 8.17 (m, 4H). FTIR (cm'): 2975, 2936, 2873,
1771, 1717, 1458, 1358, 1266, 1157, 1110, 1067, 1040, 916, 828,
and 731. DSC results: T, = 54°C; T,, = not observed. TGA
(10°C min™"): N (onset): 349°C.

Polymer 11. '"H NMR ((CD3),S=0, ppm): 6 = 0.93 (m, 10H),
1.28 (m, 12H), 3.56 (m, 10H), 4.43 (m, 4H), 8.15 (m, 4H).
FTIR (cm™'): 2867, 1770, 1716, 1355, 1105, 1036, and 728.
DSC results: T, = 58°C; T,, = not observed. TGA (10°C
min~'): N, (onset): 350°C.

Instrumentation

Solution '"H NMR was performed on a Bruker DMX500 high-
resolution digital NMR spectrometer. All chemical shifts were
referenced to (CD;),5=0 ('H = 2.50 ppm). DSC was done
with a TA instruments DSC Q series with a heating rate of
10°C min~". Samples were sealed in an aluminum pan with an
empty pan used as a reference. TGA was performed using a TA
instruments TGA Q500. Dielectric measurements were made
with an Imass Time Domain Dielectric Spectrometer.

General Procedure for Generation of Polyimide Thin Film

An appropriate amount of polyimide and DMF is added to a
scintillation vial to produce a 10% wt/wt mixture. The mixture
is heated until the polyimide dissolves and the solution is then
filtered. The filtered solution is drop casted onto a stainless steel

@WILEY il ONLINE LIBRARY
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Figure 2. Structures of synthesized polyimides.

shim stock and covered with a glass petri dish slightly opened
to the air and allowed to dry overnight to produce a tacky film.
The shim stock with the tacky film is then placed into a vac-
uum oven and heated at 165-175°C for 24 h to evaporate all of
the solvents. Isothermal TGA is run at 170°C on a dried part of
the film to determine the level of solvent remaining

RESULTS AND DISCUSSION

Homopolymers

Solubility and Thermal Properties. The homopolymers shown
in Figure 2 were all synthesized from the same condensation
procedure. Polymers 4, 5, and 6 proved to be insoluble in most
organic solvents with the exception of m-cresol. However, even
after extensive drying under vacuum, the minute amount of m-
cresol remaining caused the films casted from this solvent to be
too conductive. Polymers 7 and 8 proved to be more soluble
stemming from the increase in distance between rigid aromatic
functionalities in the polymer backbone.

The DSC data summarized in Table I show that polymers 4, 5,
and 6 do not exhibit a glass transition temperature even down
to —90°C. A melting temperature is either absent or is above
the point of thermal degradation and thus not observed. The
incorporation of a longer alkyl ether chain between aromatic
imide groups gives rises to a T, but again there is an absence of
a melting temperature.

Dielectric Properties. The insoluble polymers were pressed
into a pellet to test the dielectric properties of the material with
polymer 4 being cohesive enough and did not fall apart when
placed in the sample holder. Figure 3 (top) shows the dielectric
spectra of polymer 4. The dielectric constant is stable above 5.5,
whereas the loss factor remains below 2% even as the tempera-
ture is increased to 100°C. Polymer 4, exhibits a dielectric con-

Table I. Thermal and Dielectric Properties of Polyimides
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stant that is 2.5 times larger than BOPP while still being well
under the 5% dielectric loss threshold which constitutes capaci-
tor failure.”” When the longer ether chains are added instead of
the short alkyl chains, the dielectric constant is reduced as there
is an increase in free volume stemming from the protruding
methyl groups. The loss factor, which is below 1% at room tem-
perature, increases significantly when the polymer is heated to
T, and the instrument short circuits as soon as the polymer is
heated above T,.

Copolymers

As the polymers that contain the longer ether chains are more
soluble in high boiling solvents, it was decided to copolymerize
them with the shorter alkyl diamines. The introduction of the
shorter alkyl diamine served a twofold purpose (1) by increasing
the percent functionality of imide there should be an increase in
dielectric constant and (2) the loss factor should also be
reduced through an increase in rigidity of the polymer, that is
less response by the polymer to the switching electric field.

Thermal Properties and Film Formation. Combining the short
alkyl diamine with the long ether diamines caused a reduction
in the T, versus a polymer solely made with the ether linkage.
The solubility of these copolymers, made with 20% of the alkyl
and 80% of the ether diamines, in high boiling solvents was
maintained compared to the homopolymers and the films pro-
duced looked like a sheet of glass over the shim stock. Changing
the feed of the diamines to a 50/50 mixture created polymers
with reduced solubility in DMF. Instead of a smooth, clear film,
a dispersion in DMF was obtained at a much reduced concen-
tration (1-5%). Upon cooling the film, cracks appeared and the
film peeled off of the shim stock.

Dielectric Properties. Figure 3 (bottom) shows the typical
dielectric results for the copolymers. There is an increase in the
dielectric constant with copolymers constructed from 1,3-DAP
and either Jeffamine 2 or 3. Using 1,2-DAP instead caused a
reduction in the dielectric constant which can be explained by
the free volume increase from the methyl group. Even with the
incorporation of alkyl diamine, the loss factor remains on the
same order as the homopolymer, whereas increasing the temper-
ature to the T, of the polymer does not cause as significant
increase in the loss as compared to the homopolymer. Raising
the temperature above the T, of the polymer causes the loss fac-
tor to increase well above 5% at high frequencies and above
10% at low frequencies.

Polymer T (°CP T (°C) Ty (CP Keale keo H2° k1 kHz® tan(8)eo w.° tan(8)1 knz°
44 n/o nlo 258 40 =05 561 5.60 0.000869 0.000553
7 75 nlo 262 3804 4.20 418 0.00357 0.00518
9 54 nfo 349 TBD® 6.57 6.55 0.00362 0.00626
10 58 nlo 350 TBD® 515 512 0.00363 0.00460
11 51 n/o 378 TBD® 3.96 3.92 0.00477 0.00608

2Values taken from the midpoint, bValues taken from onset, *Values at room temperature, dpressed pellet, °To be determined.
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Figure 3. Temperature effects on dielectric properties. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Comparison to Theoretical Calculations

Theoretical Calculations. Given that the synthesized polyi-
mides have complex structures, it is difficult and time-intensive
to perform DFT calculations. Therefore, we considered a few
polyimides (Figure 4) with simpler but similar structures com-
pared to those synthesized polyimides. In this way, we can give
a qualitative view on the structure—property relationship of syn-
thesized polyimides. To mirror the experimental work, the
repeat unit of A-1 is exactly the same as synthesized polymer 4,
and polymer A-3 which is very similar to synthesized polymer
7. By considering A-3, we can identify the effect of incorporat-
ing methyl groups and increasing the number of —CH2— units
in the repeat unit.

DFT, as implemented in the Vienna ab initio simulation package
(VASP), was used to determine the structural and electronic

) <] o o
P ’J\/O
™ N N N
o 0 0
- “n - n
A A3
0 o} Q 0
N N0 N N
(o]
o ] o
n - n
A2 A-4

Figure 4. Repeating units of polyimides calculated using DFT.
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properties of the polymers.* The Perdew, Burke, and Ernzerhof
functional (PBE), projector-augmented wave frozen-core poten-
tials, and a cutoff energy of 400 eV for the plane wave expansion
of the wave functions were used.”> >’ The PBE-optimized geome-
try was then used to determine the dielectric constant tensor
using density functional perturbation theory (DFPT).*® In this
study, we considered an isolated infinite chain of the polyimides.
The true dielectric permittivity of the polymer chain alone was
then extracted by combining the DFPT computation of the
supercell (containing a significant amount of vacuum) with effec-
tive medium theory, using a recently developed method.”>* The
band gap and dielectric constant results of polyimides are shown
in Figure 5 in which the filled symbol represents the electronic

56
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o
E 5.2‘ Actotal
2 A2
E 484
S
(:‘} 4.4 4 5 Ad A
‘E 401
o
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E 3.64
0 32
28 - - -
21 22 23 24 25
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Figure 5. Band gap and dielectric constant results.
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dielectric constant, whereas the open symbol is for total dielectric
constant. When changing the linker from —CH2— to —O—, the
band gap remains almost the same, but both the electronic and
the total dielectric constant increase, but when the linker is
changed to —CO—, both the band gap and the dielectric con-
stant decrease. Also, in Figure 5, when comparing A-3 with A-2,
we can see that incorporating methyl groups and increasing the
number of —CH2— units in the repeating unit will decrease the
band gap and the dielectric constant.

Polymer 4 has an experimentally higher, about a factor of 1.4,
than the calculated dielectric constant, whereas the calculated
and experimental dielectric constant is the same for polymer 7.
The difference in accuracy for the two calculations could be
owing to how well the polymer chains are ordered as polymer 4
is a pressed pellet and polymer 7 is a thin film. The ordering of
polymer chains could be different and this difference is not
taken into account in DFT calculations.

CONCLUSIONS

A series of high-functionality polyimide homopolymers and
copolymers featuring PMDA with various short-chain aliphatic
diamines were synthesized and dielectric properties were meas-
ured. The homopolymers with the densest functionality proved
to be insoluble, whereas the soluble homopolymers had a large
increase in dielectric loss and could not be measured at temper-
atures near or above T, A reduction in loss of the soluble
homopolymers is accomplished by copolymerization with a
shorter alkyl diamine which also allows for the measurements
to be made above T, but again the loss is quite significant
above this temperature. Still, the dielectric constant of all of the
polymers was higher than biaxially oriented polypropylene and
possessed operating temperatures well above that of BOPP.
Future work will look at processing a film of polymer 4 from
the more soluble poly(amic) acid form and then performing
thermal imidization.
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Appendix C

High througput DFT results of organic polymers

Table C.1 shows the calculated band gap, electronic and total dielectric constant
of 267 organic polymers. The dielectric constant is computed using the single-chain
approach, while the Heyd-Scuseria-Ernzerhof HSEO6 functional is used to obtain

the corrected band gap values.

119



120

Table C.1: Band gap (E,), electronic (e.), and total (e;) dielectric constant of 267

organic polymers

System E, €.  error bar ¢ error bar
CH2-CH2-CH2-CH2 7.18  2.51 0.25 2.51 0.25
CH2-CH2-CH2-NH 5.34  2.58 0.27 2.71 0.29
CH2-CH2-CH2-C6H4 5.08 3.34 0.39 3.37 0.40

CH2-CH2-CH2-C4H2S 4.79 3.21 0.37 3.25 0.37

CH2-CH2-CH2-CS 3.42  2.79 0.29 2.84 0.30
CH2-CH2-CH2-O 6.35 2.53 0.26 2.73 0.30
CH2-CH2-NH-CO 0.87 2.71 0.28 3.21 0.37
CH2-CH2-NH-C6H4 4.28 3.60 0.43 4.09 0.51
CH2-CH2-NH-C4H2S 4.27  3.54 0.43 4.34 0.56
CH2-CH2-NH-CS 4.04 3.05 0.34 3.23 0.37
CH2-CH2-CO-C6H4 4.77  3.47 0.40 4.10 0.50
CH2-CH2-CO-C4H2S 421 3.73 0.44 4.32 0.54
CH2-CH2-CO-0O 7.04 261 0.26 3.19 0.36

CH2-CH2-C6H4-C6H4 4.01 4.20 0.51 4.24 0.52

CH2-CH2-C6H4-C4H2S 3.79 417 0.51 4.24 0.52

CH2-CH2-C6H4-CS 3.03 4.01 0.47 4.51 0.55

CH2-CH2-C6H4-O 493 3.31 0.38 3.68 0.44

CH2-CH2-C4H2S-C4H2S 3.55 4.33 0.54 4.39 0.55



CH2-CH2-C4H2S5-CS

CH2-CH2-C4H2S-O

CH2-CH2-CS-O

CH2-CH2-O-NH

CH2-NH-CH2-NH

CH2-NH-CH2-CO

CH2-NH-CH2-C6H4

CH2-NH-CH2-C4H2S

CH2-NH-CH2-CS

CH2-NH-CH2-O

CH2-NH-CO-NH

CH2-NH-CO-C6H4

CH2-NH-CO-C4H2S

CH2-NH-CO-0O

CH2-NH-C6H4-NH

CH2-NH-C6H4-CO

CH2-NH-C6H4-C6H4

CH2-NH-C6H4-C4H2S

CH2-NH-C6H4-O

CH2-NH-C4H2S-NH

CH2-NH-C4H25-CO

CH2-NH-C4H2S-C6H4

2.68

4.93

4.16

2.66

5.19

4.78

4.97

4.70

3.45

5.61

5.89

5.15

4.36

6.47

4.38

3.44

3.97

3.76

4.36

4.36

3.19

3.66

4.19

3.28

297

2.71

2.64

2.68

3.43

3.34

3.04

2.65

2.81

3.45

3.70

2,77

3.63

4.40

4.41

4.53

3.68

3.70

4.78

4.48

0.52

0.38

0.33

0.30

0.29

0.28

0.41

0.39

0.34

0.29

0.30

0.39

0.44

0.29

0.44

0.55

0.55

0.57

0.44

0.46

0.61

0.57

4.60

3.67

3.29

297

2.84

3.44

3.54

3.69

3.51

3.87

4.33

4.05

5.00

3.73

4.41

5.81

6.50

4.92

5.22

5.87

6.74

5.81

0.59

0.44

0.38

0.35

0.32

0.41

0.43

0.45

0.42

0.50

0.55

0.49

0.65

0.45

0.56

0.77

0.88

0.64

0.70

0.82

0.93

0.79
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CH2-NH-C4H2S5-C4H2S

CH2-NH-C4H2S-CS

CH2-NH-C4H2S-O

CH2-NH-CS-NH

CH2-NH-CS-CO

CH2-NH-CS-C6H4

CH2-NH-CS-C4H2S

CH2-NH-CS-CS

CH2-NH-CS-O

CH2-NH-O-CO

CH2-NH-O-C6H4

CH2-NH-O-C4H2S

CH2-NH-O-CS

CH2-CO-CH2-CO

CH2-CO-CH2-C6H4

CH2-CO-CH2-C4H2S

CH2-CO-CH2-CS

CH2-CO-CH2-O

CH2-CO-NH-CO

CH2-CO-NH-C6H4

CH2-CO-NH-C4H2S

CH2-CO-NH-CS

3.25

2.46

4.46

4.14

2.65

3.57

3.27

1.91

4.83

2.93

4.99

4.62

4.36

4.26

4.77

4.67

2.87

2.38

4.39

4.62

4.30

2.94

4.87

5.92

3.49

3.26

3.34

3.86

4.22

3.94

3.25

2.99

3.50

3.61

3.37

2.68

3.42

3.34

2.90

2.56

2.98

3.79

3.88

3.16

0.63

0.81

0.42

0.38

0.38

0.46

0.53

0.48

0.37

0.33

0.41

0.44

0.40

0.27

0.40

0.38

0.31

0.26

0.32

0.45

0.47

0.36

5.89

8.04

4.58

4.11

4.12

4.33

4.74

4.97

3.89

3.74

3.78

4.01

3.95

3.12

3.72

3.66

3.15

2.96

3.97

4.39

4.40

4.11

0.80

1.16

0.60

0.53

0.51

0.53

0.62

0.65

0.48

0.46

0.46

0.50

0.50

0.34

0.45

0.43

0.36

0.33

0.48

0.55

0.55

0.51
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CH2-CO-C6H4-CO

CH2-CO-C6H4-C6H4

CH2-CO-C6H4-C4H2S

CH2-CO-C6H4-CS

CH2-CO-C6H4-O

CH2-CO-C4H25-CO

CH2-CO-C4H2S-C6H4

CH2-CO-C4H25-C4H2S

CH2-CO-C4H2S-CS

CH2-CO-C4H2S5-O

CH2-CO-0O-CO

CH2-CO-0-C6H4

CH2-CO-0O-C4H2S

CH2-CO-0-CS

CH2-C6H4-CH2-C6H4

CH2-C6H4-CH2-C4H2S

CH2-C6H4-CH2-CS

CH2-C6H4-CH2-O

CH2-C6H4-NH-NH

CH2-C6H4-NH-C6H4

CH2-C6H4-NH-C4H2S

CH2-C6H4-NH-CS

4.59

3.94

3.51

2.75

4.24

4.01

3.52

2.88

2.67

3.81

4.99

5.04

4.63

3.48

5.26

4.96

3.57

5.02

4.25

4.21

4.33

3.82

3.65

4.41

4.66

4.45

3.79

3.88

4.82

5.40

4.32

3.85

2.80

3.48

3.60

2.85

3.66

3.35

3.41

3.44

3.86

4.20

3.65

4.18

0.42

0.53

0.58

0.53

0.45

0.46

0.60

0.70

0.54

0.46

0.29

0.40

0.42

0.30

0.44

0.38

0.40

0.41

0.48

0.51

0.43

0.51

4.64

4.82

5.36

5.42

4.56

5.03

5.35

6.15

5.54

4.80

5.09

4.16

4.27

3.86

3.73

3.43

3.54

3.73

5.86

4.55

4.19

4.55

0.58

0.60

0.69

0.68

0.57

0.64

0.69

0.82

0.73

0.62

0.65

0.51

0.53

0.47

0.45

0.39

0.42

0.46

0.82

0.57

0.52

0.57
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CH2-C6H4-NH-O

CH2-C6H4-CO-C6H4

CH2-C6H4-CO-C4H2S

CH2-C6H4-CO-0O

CH2-C6H4-C6H4-C6H4

CH2-C6H4-C6H4-C4H2S

CH2-C6H4-C6H4-CS

CH2-C6H4-C6H4-0O

CH2-C6H4-C4H25-C6H4
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CH2-C6H4-C4H25-CS
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CH2-C6H4-O-C6H4
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CH2-C6H4-O-CS

CH2-C4H2S-CH2-C4H2S

CH2-C4H25-CH2-CS

CH2-C4H2S-CH2-O

CH2-C4H2S-NH-C4H2S

CH2-C4H2S-NH-CS

4.90

4.27

4.04

4.94

3.65

3.38

297

4.35

3.72

3.58

2.76

2.87

2.78

3.45

5.09

4.70

4.05

5.02

3.33

4.62

4.14

3.45

3.57

3.76

3.86

3.62

4.70

5.21

4.71

4.15

4.70

4.96

5.47

3.75

4.19

4.15

3.33

3.55

3.70

3.60

3.54

3.38

3.70

4.33

0.42

0.43

0.45

0.42

0.58

0.66

0.59

0.50

0.59

0.64

0.71

0.44

0.51

0.50

0.37

0.41

0.44

0.43

0.41

0.40

0.44

0.54

4.48

4.02

4.38

4.40

4.77

2.33

5.15

4.59

4.77

5.21

5.86

4.01

4.57

4.69

3.58

3.86

4.16

3.69

3.66

4.91

3.90

4.66

0.57

0.47

0.54

0.54

0.59

0.68

0.66

0.57

0.60

0.68

0.77

0.48

0.57

0.59

0.41

0.46

0.51

0.44

0.43

0.66

0.48

0.59
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3.65
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4.81

4.11

3.45

3.87
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0.59
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0.40
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0.41

0.35
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0.57
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4.35
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5.34
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0.72
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0.61
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0.72

0.69

0.64

0.44

0.55

1.19

0.33

1.16

0.62

0.96

3.17

0.69

1.59

0.72

125



CH2-CS-0-CS

CH2-O-CH2-O

CH2-O-NH-CO

CH2-O-NH-O

CH2-O-C6H4-O

CH2-O-C4H2S-C6H4

CH2-O-C4H2S5-O

CH2-0-CS-0O

CH2-O-0-C6H4

CH2-0-O-C4H2S

CH2-0-0-CS

NH-CO-NH-CO

NH-CO-NH-C6H4

NH-CO-NH-C4H2S

NH-CO-NH-CS

NH-CO-NH-O

NH-CO-C6H4-CO

NH-CO-C6H4-C6H4

NH-CO-C6H4-C4H2S

NH-CO-C6H4-CS

NH-CO-C6H4-O

NH-CO-C4H2S-CO

0.39

6.53

6.01

3.13

4.90

3.74

4.89

4.81

4.46

4.60

5.49

4.04

3.84

3.36

3.52

3.24

4.50

3.15

3.78

2.96

4.74

3.54

3.51

2.59

2.82

2.50

3.41

4.34

3.42

3.18

3.52

2.88

2.19

3.37

4.99

2.08

3.97

2.23

3.70

2.99

4.56

4.15

3.83

4.36

0.40

0.27

0.31

0.30

0.39

0.54

0.40

0.36

0.42

0.33

0.20

0.38

0.64

0.66

0.47

0.24

0.44

0.78

0.57

0.51

0.45

0.54

8.44

3.21

3.87

6.35

4.82

5.47

4.51

4.16

5.39

4.19

2.72

2.70

6.46

6.23

5.79

3.79

7.43

6.75

5.39

7.89

4.65

6.19

1.17

0.38

0.49

1.07

0.63

0.72

0.58

0.52

0.72

0.55

0.29

0.76

0.88

0.85

0.76

0.55

1.04

0.90

0.71

1.10

0.58

0.83
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NH-CO-C4H2S5-C6H4

NH-CO-C4H2S-C4H2S

NH-CO-C4H2S5-CS

NH-CO-C4H2S-O

NH-CO-0O-C6H4

NH-CO-0O-C4H2S

NH-C6H4-NH-C6H4

NH-C6H4-NH-C4H2S

NH-C6H4-NH-CS

NH-C6H4-NH-O

NH-C6H4-CO-C6H4

NH-C6H4-CO-C4H2S

NH-C6H4-CO-0O

NH-C6H4-C6H4-C6H4

NH-C6H4-C6H4-C4H2S

NH-C6H4-C6H4-CS

NH-C6H4-C6H4-O

NH-C6H4-C4H2S-C6H4

NH-C6H4-C4H2S5-C4H2S

NH-C6H4-C4H2S-CS

NH-C6H4-C4H2S5-O

NH-C6H4-CS-C6H4

2.72

2.32

2.35

4.22

4.38

3.87

3.97

3.00

3.26

2.50

3.02

3.00

4.24

3.25

2.46

3.66

2.13

3.60

2.24

2.36

2.22

2.56

6.95

8.29

5.33

3.95

4.23

4.44

4.72

6.49

5.67

4.87

6.12

5.62

4.30

2.76

8.39

5.94

7.23

5.19

9.30

8.33

5.26

741

0.94

1.16

0.70

0.49

0.52

0.56

0.62

0.91

0.75

0.63

0.80

0.73

0.53

0.76

1.17

0.78

1.01

0.67

1.33

1.16

0.74

1.01

8.04

9.75

8.47

5.25

5.87

2.79

5.29

7.47

6.75

8.98

7.40

9.00

5.42

6.34

9.39

6.68

8.98

8.10

11.01

9.19

5.97

8.72

1.11

1.39

1.21

0.70

0.78

0.78

0.72

1.07

0.93

1.30

1.00

1.26

0.71

0.85

1.32

0.90

1.30

1.14

1.61

1.30

0.86

1.22
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NH-C6H4-CS-O

NH-C6H4-O-C6H4

NH-C6H4-O-C4H2S

NH-C6H4-O-CS

NH-C4H2S-NH-C4H2S

NH-C4H2S5-NH-CS

NH-C4H2S5-NH-O

NH-C4H25-CO-C4H2S

NH-C4H2S5-CO-O

NH-C4H25-C6H4-C4H2S

NH-C4H2S-C6H4-CS

NH-C4H25-C6H4-O

NH-C4H2S-C4H2S-C4H2S

NH-C4H2S5-C4H2S-CS

NH-C4H2S-C4H2S-0O

NH-C4H25-CS-C6H4

NH-C4H2S-CS-C4H2S

NH-C4H25-CS-O

NH-C4H2S-O-C4H2S

NH-C4H25-O-CS

NH-CS-C6H4-CS

NH-CS-C6H4-O

3.42

3.40

3.42

3.79

2.74

2.97

2.79

2.27

3.26

2.40

3.27

2.30

2.05

2.04

3.35

2.28

1.70

2.69

4.38

3.28

1.06

3.25

4.80

5.61

3.84

4.73

6.54

2.75

3.84

9.17

5.17

8.63

4.65

6.75

10.26

9.56

491

7.80

13.01

6.78

3.85

4.96

20.62

4.29

0.61

0.73

0.46

0.60

0.92

0.77

0.53

1.31

0.68

1.21

0.59

0.95

1.49

1.37

0.64

1.08

1.92

0.96

0.47

0.64

3.14

0.52

5.31

6.61

4.62

5.90

7.36

6.74

4.39

12.26

8.31

9.40

5.19

9.19

11.14

10.76

6.64

11.57

16.73

10.82

4.30

6.18

37.64

4.84

0.70

0.89

0.59

0.79

1.05

0.94

0.63

1.80

1.19

1.34

0.68

1.36

1.63

1.56

0.92

1.67

2.51

1.63

0.54

0.84

5.87

0.61
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NH-CS-C4H2S-CS

NH-CS-C4H25-O

NH-O-C6H4-0O

NH-O-C4H2S-O

CO-C6H4-CO-C6H4

CO-C6H4-CO-C4H2S

CO-C6H4-CO-0

CO-C6H4-C6H4-C6H4

CO-C6H4-C6H4-C4H2S

CO-C6H4-C6H4-CS

CO-C6H4-C6H4-O

CO-C6H4-C4H25-C6H4

CO-C6H4-C4H25-C4H2S

CO-C6H4-C4H2S-CS

CO-C6H4-C4H25-0O

CO-C6H4-CS-C6H4

CO-C6H4-CS-C4H2S

CO-C6H4-CS-0O

CO-C6H4-O-C6H4

CO-C6H4-0O-C4H2S

CO-C6H4-O-CS

CO-C4H25-CO-C4H2S

1.35

3.14

1.75

1.86

4.13

3.69

4.61

3.31

2.87

2.29

3.88

2.53

2.59

2.22

3.53

2.89

2.28

3.27

3.49

3.65

3.47

3.00

20.24

4.44

5.16

4.08

3.94

4.08

3.76

5.09

6.16

6.52

4.47

7.24

6.83

7.00

4.79

4.01

5.02

4.22

5.14

4.54

3.82

5.94

3.07

0.57

0.73

0.57

0.48

0.49

0.43

0.64

0.80

0.86

0.55

0.97

0.93

0.94

0.61

0.50

0.63

0.50

0.65

0.56

0.45

0.77

35.84

5.52

7.41

5.09

4.59

5.43

6.21

5.49

7.02

7.69

5.28

7.98

8.43

9.06

6.37

4.57

6.05

6.26

6.24

6.74

4.74

7.73

5.57

0.75

1.12

0.75

0.59

0.71

0.81

0.70

0.94

1.04

0.68

1.08

1.18

1.26

0.86

0.59

0.79

0.82

0.82

0.90

0.59

1.05
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CO-C4H25-CO-0O

CO-C4H25-C6H4-C4H2S

CO-C4H25-C6H4-CS

CO-C4H25-C6H4-O

CO-C4H2S5-C4H2S-C4H2S

CO-C4H25-C4H2S5-CS

CO-C4H25-C4H2S-0O

CO-C4H25-CS-C4H2S

CO-C4H2S-CS-0O

CO-C4H25-0-C4H2S

CO-C4H2S-0-CS

CO-0-C6H4-CS

CO-0O-C6H4-0O

CO-0-C4H2S-CS

CO-0-C4H2S-O

C6H4-C6H4-C6H4-C6H4

C6H4-C6H4-C6H4-C4H2S

C6H4-C6H4-C6H4-CS

C6H4-C6H4-C6H4-O

C6H4-C6H4-C4H2S5-C4H2S

C6H4-C6H4-C4H25-CS

C6H4-C6H4-C4H2S-0O

3.98

2.39

2.18

2.92

1.98

1.97

2.62

1.99

297

2.89

2.86

2.95

5.35

2.29

4.26

2.54

2.48

2.58

3.57

2.27

2.31

2.95

3.89

8.16

7.29

6.09

10.55

8.78

6.75

6.84

4.29

6.16

4.57

4.38

3.44

5.17

4.03

8.27

8.27

2.59

5.07

8.78

7.18

6.41

0.47

1.11

0.99

0.81

1.50

1.22

0.92

0.92

0.54

0.82

0.57

0.53

0.40

0.67

0.49

1.12

1.14

0.73

0.64

1.22

0.97

0.86

7.20

9.21

9.04

7.43

12.23

10.30

8.66

8.20

8.18

8.10

5.60

5.97

4.80

6.96

5.43

8.33

8.37

7.04

5.42

9.11

8.05

7.09

1.00

1.28

1.27

1.02

1.76

1.46

1.23

1.13

1.18

1.14

0.74

0.79

0.62

0.96

0.71

1.13

1.16

0.96

0.70

1.28

1.11

0.96
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C6H4-C6H4-CS-C4H2S

C6H4-C6H4-CS-O

C6H4-C6H4-O-C4H2S

C6H4-C6H4-O-CS

C6H4-C4H25-C6H4-C4H2S

C6H4-C4H25-C6H4-CS

C6H4-C4H2S-C6H4-0O

C6H4-C4H25-C4H2S-C4H2S

C6H4-C4H25-C4H2S-0O

C6H4-C4H2S5-CS-C4H2S

C6H4-C4H2S5-CS-0O

C6H4-C4H25-0O-C4H2S

C6H4-C4H25-0-CS

C6H4-CS-C6H4-CS

C6H4-CS-C6H4-0O

C6H4-CS-C4H25-C4H2S

C6H4-CS-C4H2S-CS

C6H4-CS-C4H25-0O

C6H4-0O-C6H4-0O

C6H4-0O-C4H2S-0

C6H4-O-CS-C4H2S

2.31

3.23

2.93

3.21

2.79

2.11

2.81

1.96

3.28

2.10

2.57

2.90

3.08

2.69

2.56

2.37

2.04

2.65

4.75

4.59

2.57

C4H2S-C4H2S-C4H25-C4H2S  1.60

7.20

4.78

6.46

4.83

6.76

8.00

6.66

11.11

4.98

12.06

6.86

6.44

5.06

4.22

5.08

6.26

5.18

2.05

4.00

3.69

6.82

15.39

0.98

0.60

0.86

0.61

0.92

1.10

0.89

1.61

0.64

1.74

0.93

0.87

0.66

0.54

0.65

0.84

0.67

0.64

0.50

0.43

0.93

2.29

8.09

5.36

7.16

5.40

6.89

8.61

7.28

11.34

6.71

13.26

8.06

7.05

5.97

4.67

5.91

7.15

7.04

6.76

4.62

4.35

8.06

15.55

1.12

0.70

0.97

0.70

0.94

1.20

0.99

1.64

0.92

1.93

1.13

0.96

0.80

0.61

0.78

0.99

0.97

0.92

0.60

0.54

1.13

2.31
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C4H2S-C4H25-C4H25-CS

C4H2S-C4H25-C4H2S-O

C4H2S-C4H2S-CS-0O

C4H2S-C4H2S-0-CS

C4H2S-CS-C4H2S-CS

C4H2S5-CS-C4H2S5-0

C4H2S-0-C4H2S-0

1.50

2.39

2.40

2.37

0.93

2.51

3.73

15.04

7.73

7.33

7.42

9.67

7.22

4.71

2.20

1.08

1.02

1.03

1.36

1.00

0.61

16.88

8.43

9.00

9.10

11.03

9.82

5.49

2.49

1.19

1.29

1.30

1.57

1.42

0.74
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Appendix D

High througput DFT results of Group 14

element-based hybrid polymers

Table D.1 shows the calculated atomization energy, formation energy, c lattice
constant, spring constant, electron affinity, band gap, electronic and total dielectric
constant of 175 Group 14 element-based hybrid polymers. The dielectric constant
is computed using the single-chain approach, while the PBE functional is used to

obtain the band gap values.
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Table D.1: Atomization energy (E,), formation energy (Ey), lattic constant (c),
spring constant (k), electron affinity (EA), band gap (E,), electronic (e.) and total

(&) dielectric constant of 175 Group 14 element-based hybrid polymers

System E, (eV) E;(eV) c¢(A) k  EA(eV) E, e €
CH2-CH2-CH2-CH2 -16.33  -2.79 512 11939 057  6.39 250 2.50
CH2-CH2-CH2-GeF2 -15.64  -8.00 592 86.60  1.49 542 279 4.01

CH2-CH2-CH2-GeC]2 -14.44 -3.08 6.73  52.52 3.27 3.37 247  3.60

CH2-CH2-CH2-SiF2 -16.45 -10.30  5.71  96.80 0.94 2.78 2.52 3.15

CH2-CH2-CH2-5iCl2 -15.30 -5.59 5.74  78.46 0.99 5.75 2.66 3.01

CH2-CH2-CH2-SnF2 -15.29 -7.24 6.63  72.73 2.90 4.09 242 6.24

CH2-CH2-CH2-SnCl12 -14.36 -3.40 6.84  47.16 3.12 3.33 253 4.26

CH2-CH2-GeF2-GeF2 -14.97  -13.30 6.80 64.06 2.88 414 3.72 7.03

CH2-CH2-GeCl12-GeF2 -14.10 -9.69 6.79  50.72 3.18 3.77 3.63 6.10

CH2-CH2-GeCl2-GeCl2  -13.24 -6.10 6.77  37.82 3.47 3.47 3.57 5.39

CH2-CH2-SiF2-GeF2 -15.33 -13.82  6.03  82.76 3.70 3.55 235 5H.72

CH2-CH2-SiF2-GeCl2 -14.82 -11.65  6.59  56.45 2.33 4.46 3.10 4.67

CH2-CH2-SiF2-SiF2 -16.40 -17.18  6.38  75.48 1.92 4.75 2.80 4.36

CH2-CH2-5iCl12-GeF2 -14.57 -10.62  6.60  56.12 2.20 4.63 3.16 5.18

CH2-CH2-SiC12-GeCl12 -13.70 -7.04 6.60  42.59 2.48 4.23 3.12 454

CH2-CH2-5SiCI2-SiF2 -15.29 -12.58 640 60.97 2.05 4.65 283 3.85

CH2-CH2-SiC12-SiC12 -14.17 -7.99 6.43  47.83 2.13 4.60 287 3.70



CH2-CH2-SnF2-GeF?2

CH2-CH2-SnF2-GeCl2

CH2-CH2-SnF2-SiF2

CH2-CH2-SnF2-SiCl2

CH2-CH2-SnF2-SnF?2

CH2-CH2-SnCl12-GeF2

CH2-CH2-SnCl12-GeClI2

CH2-CH2-SnCI2-SiF2

CH2-CH2-SnCl12-SiCl2

CH2-CH2-SnCl12-SnF2

CH2-CH2-SnCl12-SnCl12

CH2-GeF2-CH2-GeF2

CH2-GeF2-CH2-GeCl2

CH2-GeF2-CH2-SiF2

CH2-GeF2-CH2-S5iC12

CH2-GeF2-CH2-SnF2

CH2-GeF2-CH2-SnCl12

CH2-GeF2-GelF2-GeF2

CH2-GeF2-GeCl2-GeF2

CH2-GeF2-SiF2-GeF2

CH2-GeF2-SiClI2-GeF2

CH2-GeF2-SnF2-GelF2

-14.31

-13.84

-15.22

-14.09

-14.48

-13.40

-12.55

-14.31

-13.19

-13.66

-12.84

-14.92

-14.03

-15.79

-14.61

-14.61

-13.80

-14.26

-13.40

-14.88

-13.79

-14.03

-11.31

-9.28

-14.02

-9.38

-12.65

-7.54

-3.99

-10.24

-2.61

-9.21

-5.82

-13.10

-9.39

-15.65

-10.80

-12.50

-9.15

-18.42

-14.86

-19.98

-15.47

-18.17

6.56

7.14

6.32

6.44

6.63

7.08

7.44

6.34

6.95

7.51

6.53

6.67

6.69

6.47

6.52

6.99

6.99

7.68

7.63

7.45

7.44

7.93

72.69

39.91

90.17

95.99

50.57

29.99

18.49

57.21

24.37

32.35

19.98

79.13

66.19

82.39

72.82

62.28

35.22

96.59

47.00

61.18

49.64

45.86

3.63

3.93

3.45

3.28

4.44

4.55

4.29

4.05

3.55

4.16

4.21

2.19

2.21

1.80

1.76

291

2.83

3.94

4.01

3.30

3.24

4.37
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2.79

3.09

3.72

3.36

2.98

1.89

2.11

2.92

2.82

2.70

2.65

5.30

4.75

5.59

5.30

4.51

4.13

3.33

3.13

3.81

3.74

3.07

3.10

4.31

2.59

2.65

4.27

4.39

3.57

2.76

2.80

5.06

3.88

3.00

3.04

2.80

2.90

3.24

3.18

4.41

4.10

3.70

3.56

4.74

12.40

11.33

5.00

5.69

10.46

14.20

7.88

4.32

3.69

12.84

7.31

5.40

4.75

4.70

4.38

7.31

5.75

11.75

9.92

8.07

6.90

14.84



CH2-GeF2-SnClI2-GeF2

CH2-GeCl12-CH2-Ge(Cl2

CH2-GeCl12-CH2-SiF2

CH2-GeCl12-CH2-SiC12

CH2-GeCl12-CH2-SnF2

CH2-GeCl2-CH2-SnCl12

CH2-GeCl2-GeF2-GeF2

CH2-GeCl2-GeF2-GeCl2

CH2-GeCl2-GeCl2-GeF2

CH2-GeCl12-GeCl12-GeCl12

CH2-GeCl2-SiF2-GeF2

CH2-GeCl2-5iF2-GeCl2

CH2-GeCl2-5iC12-GeF2

CH2-GeCl12-5iC12-GeCl2

CH2-GeCl2-SnF2-GeF2

CH2-GeCl2-SnF2-GeCl2

CH2-GeCl2-SnClI2-GeEF2

CH2-GeCl12-SnC12-GeCl2

CH2-SiF2-CH2-SiF2

CH2-SiF2-CH2-SiCl2

CH2-SiF2-CH2-SnF2

CH2-SiF2-CH2-SnCl12

-13.24

-13.08

-14.89

-13.65

-13.72

-12.88

-13.40

-12.50

-12.52

-11.66

-13.98

-13.11

-12.90

-12.04

-13.13

-12.28

-12.38

-11.51

-16.64

-15.46

-15.48

-14.67

-14.89

-5.48

-11.90

-6.84

-8.80

-9.33

-14.84

-11.11

-11.22

-7.64

-16.23

-12.65

-11.81

-8.23

-14.44

-10.89

-11.31

-7.69

-18.12

-13.25

-15.06

-11.67

7.93

6.81

6.50

6.66

7.01

7.09

7.66

7.69

7.61

7.64

7.45

7.50

7.44

7.50

7.94

7.96

7.93

7.97

6.27

6.33

6.78

6.80

38.55

56.45

69.93

49.54

54.76

33.87

46.16

37.86

35.63

26.29

49.44

42.59

39.21

31.72

37.82

29.78

28.75

21.14

92.24

79.30

63.45

40.09

4.33

2.56

2.11

2.40

2.78

2.96

3.93

4.37

4.25

4.28

3.51

3.52

3.48

3.57

4.65

4.70

4.35

4.59

1.33

1.23

2.69

2.73
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2.89

3.99

4.83

4.17

4.28

3.70

3.09

2.74

2.93

2.62

3.64

3.31

3.55

3.19

2.76

2.44

2.64

2.34

5.96

2.79

4.57

4.17

4.45

3.27

2.86

3.15

3.28

3.40

4.26

4.32

3.99

4.09

3.60

3.69

3.50

3.61

4.67

4.71

4.39

4.49

2.55

2.68

3.07

3.04

11.60

4.49

4.17

4.20

6.25

5.27

9.92

8.42

8.70

7.67

6.94

6.85

6.31

5.87

11.69

10.23

10.89

9.65

3.99

3.91

5.96

4.83



CH2-SiF2-GeF2-GeF2

CH2-SiF2-GeF2-GeCl2

CH2-S5iF2-GeF2-SiF2

CH2-SiF2-GeCl2-GeF2

CH2-5iF2-GeCl2-GeCl2

CH2-SiF2-GeCl2-SiF2

CH2-5iF2-SiF2-GeF2

CH2-SiF2-SiF2-GeCl2

CH2-SiF2-SiF2-SiF2

CH2-SiF2-SiCl2-GeF2

CH2-SiF2-SiCl12-GeCl2

CH2-SiF2-SiCl12-SiF2

CH2-SiF2-SnF2-GeF2

CH2-SiF2-SnF2-GeCl2

CH2-SiF2-SnF2-SikF2

CH2-SiF2-SnCl12-GeF2

CH2-SiF2-SnCl12-GeCl2

CH2-SiF2-SnCI2-SiF2

CH2-SiClI2-CH2-SiCl2

CH2-SiCl2-CH2-SnF2

CH2-SiC12-CH2-SnCl12

CH2-SiCl2-GeF2-GeF2

-15.02

-14.15

-15.76

-14.17

-13.30

-14.91

-15.64

-14.78

-16.38

-14.56

-13.69

-15.30

-14.77

-13.91

-15.22

-13.99

-13.12

-14.71

-14.21

-14.31

-13.47

-13.90

-20.55

-16.93

-22.56

-17.01

-13.39

-19.05

-22.11

-18.50

-24.12

-17.63

-14.02

-19.68

-20.21

-16.61

-21.09

-16.94

-13.34

-18.88

-8.11

-10.26

-6.74

-15.92

7.44

7.45

7.21

7.41

7.41

7.20

7.22

7.23

6.97

7.22

7.24

6.99

7.68

7.70

6.94

7.69

7.72

7.46

6.52

6.83

6.92

7.45

59.86

48.64

64.28

48.80

39.10

53.99

64.22

53.38

69.06

52.69

42.67

57.01

48.67

40.43

73.94

41.03

30.73

44.42

70.47

26.68

37.90

49.52

3.39

3.52

3.00

3.40

3.60

2.94

3.12

3.03

2.85

3.02

3.10

2,77

3.70

3.91

3.49

3.73

3.94

3.15

1.56

2.62

291

3.37
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3.76

3.44

4.12

3.57

3.25

4.02

3.90

3.73

3.94

3.87

3.66

3.94

3.54

3.14

3.23

3.31

2.96

3.76

5.03

4.45

3.80

3.57

3.81

3.71

3.25

3.61

3.55

3.15

3.37

3.31

3.00

3.27

3.23

2.95

4.06

4.00

2.56

3.87

3.86

3.33

2.98

3.15

3.30

3.79

9.57

7.34

8.38

7.43

6.65

5.80

6.32

5.87

6.15

6.05

5.33

4.86

13.73

11.82

11.15

9.27

8.44

7.19

3.80

5.67

4.85

8.40



CH2-SiCl12-GeF2-GeCl2

CH2-SiCl12-GeF2-SiF2

CH2-S5iC12-GeF2-SiCl2

CH2-SiCl2-GeCl2-GeF2

CH2-SiCl12-GeCl12-GeCl2

CH2-SiC12-GeCl12-SiF2

CH2-SiC12-GeCl12-5iC12

CH2-SiCl2-SiF2-GeF2

CH2-SiCI2-SiF2-GeCl2

CH2-SiCl2-SiF2-SiF2

CH2-SiCI2-5SiF2-SiCl12

CH2-SiC12-SiCl12-GeF2

CH2-SiC12-SiCl12-GeCl2

CH2-SiCl2-SiCI2-SiF2

CH2-SiCl2-5iC12-SiCl2

CH2-SiCl12-SnF2-GeF2

CH2-SiClI2-SnF2-GeCl2

CH2-SiCl2-SnF2-SiF2

CH2-SiClI2-SnF2-SiCl12

CH2-SiC12-SnCl12-GeF2

CH2-SiCI2-SnCl12-GeCl2

CH2-SiCl2-SnCI2-SiF2

-13.01

-14.63

-13.45

-13.03

-12.16

-13.76

-12.63

-14.47

-13.61

-15.20

-14.11

-13.43

-12.55

-14.18

-13.03

-13.66

-12.78

-14.36

-13.24

-12.87

-11.99

-13.59

-12.22

-17.91

-13.08

-12.30

-8.69

-14.31

-9.67

-17.30

-13.69

-19.26

-14.79

-13.00

-9.32

-15.06

-10.33

-15.62

-11.96

-17.51

-12.86

-12.34

-8.69

-14.27

7.50

7.23

7.32

7.42

7.48

7.24

7.33

7.24

7.32

7.02

7.14

7.25

7.35

7.05

7.21

7.71

7.7

7.46

7.56

7.73

7.82

7.52

41.20

54.61

46.08

38.70

29.96

42.52

34.37

53.41

45.69

57.96

50.88

42.94

34.23

46.13

38.80

40.34

33.49

44.02

36.48

31.46

23.15

33.61

3.73

2.90

3.28

3.72

3.90

3.02

3.28

3.17

3.27

2.85

2.93

3.00

3.34

2.75

2.99

3.82

4.14

3.14

3.51

3.87

4.22

3.26
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3.11

4.00

3.64

3.37

2.93

3.94

3.49

3.79

3.44

3.86

3.60

3.75

3.33

3.87

3.59

3.25

2.80

3.80

3.34

3.04

2.64

3.54

3.87

3.27

3.44

3.63

3.75

3.19

3.37

3.34

3.45

3.02

3.18

3.29

3.41

2.99

3.17

4.10

4.17

3.45

3.63

3.95

4.08

3.40

8.69

7.68

6.04

7.39

6.53

2.67

5.48

6.10

5.74

5.45

5.54

2.77

5.24

4.76

4.62

13.13

9.60

9.16

9.14

8.93

7.97

7.09



CH2-SiCl2-5SnCl12-SiC12

CH2-SnF2-CH2-SnkE2

CH2-SnF2-CH2-SnCl12

CH2-SnF2-GelF2-GeF2

CH2-SnF2-GeF2-GeCl2

CH2-SnF2-GelF2-SiF2

CH2-SnF2-GeF2-SiCl2

CH2-SnF2-GeF2-SnF2

CH2-SnF2-GeCl2-GeEF2

CH2-SnF2-GeCl2-GeCl2

CH2-SnF2-GeCl2-SiF2

CH2-SnF2-GeCl2-SiCl2

CH2-SnF2-GeCl2-SnF2

CH2-SnF2-SiF2-GeF2

CH2-SnF2-SiF2-GeCl2

CH2-SnF2-SiF2-SiF2

CH2-SnF2-SiF2-SiCl12

CH2-SnF2-SiF2-SnE2

CH2-SnF2-SiCl12-GeF2

CH2-SnF2-SiCl12-GeCl2

CH2-SnF2-SiCI2-SiF2

CH2-SnF2-SiCl12-SiCl2

-12.46

-14.28

-13.48

-13.99

-13.13

-14.75

-13.64

-13.71

-13.14

-12.28

-13.91

-12.79

-12.87

-14.85

-13.68

-15.25

-14.17

-14.21

-13.45

-12.62

-14.21

-13.12

-9.61

-11.84

-8.51

-17.98

-14.43

-20.11

-15.53

-17.55

-14.45

-10.90

-16.60

-12.02

-14.03

-20.50

-15.70

-21.20

-16.75

-18.60

-14.78

-11.33

-16.88

-12.41

7.66

7.30

7.32

7.93

7.94

7.68

7.71

8.25

7.90

7.93

7.68

7.72

8.24

7.69

7.71

7.43

7.47

7.99

7.70

7.73

7.46

7.52

26.31

59.07

47.80

35.52

37.16

40.15

36.39

43.44

36.55

28.67

33.65

30.40

35.57

41.22

37.09

43.90

42.41

47.28

39.62

32.49

40.97

33.95

3.67

3.22

3.12

4.33

4.24

3.83

3.80

4.60

4.39

4.34

3.96

3.95

4.65

3.42

3.60

3.39

3.29

3.89

3.78

3.71

3.42

3.41
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3.10

4.14

3.91

3.07

2.84

3.40

3.20

2.77

2.81

2.64

3.11

2.93

2.53

3.62

3.46

3.68

3.59

3.37

3.44

3.26

3.55

3.42

3.61

3.44

3.40

4.72

4.68

4.16

4.20

5.23

4.43

4.43

3.97

4.05
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3.94

3.88

3.65

3.64

4.27

3.79

3.79

3.54

3.58

6.70

9.18

7.35

17.39

15.65

11.50

11.96

21.61

14.29

11.78

10.78

10.53

17.74

10.55

9.21

8.09

8.73

14.69

8.93

7.81

9.18

7.26



CH2-SnF2-SiCl2-SnF2

CH2-SnF2-SnF2-GeF2

CH2-SnF2-SnF2-GeCI2

CH2-SnF2-SnF2-Sik2

CH2-SnF2-SnF2-5iCl12

CH2-SnF2-SnF2-SnkF2

CH2-SnF2-SnCl2-GeF2

CH2-SnF2-SnCl12-GeCl2

CH2-SnF2-SnCl12-SiF2

CH2-SnF2-SnC12-SiCl12

CH2-SnF2-SnCl12-SnF2

CH2-SnCl12-CH2-SnCl12

CH2-SnCl12-GeF2-GeF2

CH2-SnCl12-GeF2-GeCl2

CH2-SnCl12-GeF2-SiF2

CH2-SnCl12-GeF2-SiCl2

CH2-SnClI2-GeF2-SnF2

CH2-SnCl12-GelF2-SnClI2

CH2-SnCl12-GeCl2-GeEF2

CH2-SnCl12-GeCl2-GeCl2

CH2-SnCl12-GeCl2-SiF2

CH2-SnCl12-GeCl12-SiCl2

-13.16

-13.69

-12.86

-14.51

-13.41

-13.50

-12.99

-12.14

-13.73

-12.63

-12.73

-12.66

-13.20

-12.33

-13.96

-12.83

-12.93

-12.14

-12.35

-11.48

-13.11

-11.99

-14.26

-17.44

-14.01

-19.79

-15.26

-17.36

-14.50

-10.98

-16.56

-12.02

-14.12

-5.08

-14.72

-11.10

-16.80

-12.17

-14.29

-10.98

-11.17

-7.57

-13.29

-8.65

8.01

8.13

8.18

7.86

7.93

8.43

8.16

8.23

7.91

8.00

8.46

7.40

7.94

7.99

7.71

7.78

8.27

8.33

7.92

7.98

7.71

7.80

38.01

36.34

30.29

34.05

31.70

37.71

30.58

25.58

29.95

25.61

31.30

39.87

32.37

28.30

35.79

31.61

32.15

26.48

28.92

22.23

31.09

23.52

3.97

4.80

4.72

4.13

4.11

4.84

4.59

4.58

4.12

4.18

4.80

3.25

4.25

4.34

3.88

4.01

4.46

4.54

4.32

4.47

3.97

4.18

140

3.14

2.88

2.62

3.16

2.98

2.65

2.68

2.45

2.98

2.76

2.48

3.54

2.86

2.58

3.14

2.88

2.63

2.40

2.67
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2.90

2.65

4.11

4.97

4.99

4.34

4.43

5.37

4.71

4.83

4.16

4.33

5.10

3.52

4.54

4.65

4.02

4.19

5.02

2.05

4.30

4.45

3.88

4.10

12.11

26.04

18.35

16.69

18.17

46.94

17.85

14.46

16.62

11.36

26.25

6.10

14.38

11.04

9.32

8.72

19.53

13.68

10.15

9.78

8.01

8.06



CH2-SnCI2-GeCl12-SnF2

CH2-SnCl12-GeCl2-SnCl12

CH2-SnCI2-SiF2-GeF2

CH2-SnCl12-SiF2-GeCl2

CH2-SnCl12-SiF2-SiF2

CH2-SnCl12-SiF2-SiCl2

CH2-SnClI2-SiF2-SnEF2

CH2-SnCl12-SiF2-SnCl12

CH2-SnCl12-5iC12-GeF2

CH2-SnCl12-SiCl12-GeCl2

CH2-SnCl12-5iC12-SiF2

CH2-SnCl12-SiCl2-SiCl2

CH2-SnCl12-5iC12-SnkF2

CH2-SnCl12-SiCl12-SnClI2

CH2-SnClI2-SnF2-GeF2

CH2-SnCI2-SnF2-GeCl12

CH2-SnCl2-SnF2-SiF2

CH2-SnCl12-SnF2-SiCl2

CH2-SnCl12-SnF2-SnF2

CH2-SnCl12-SnF2-SnCl12

CH2-SnClI2-SnCl12-GeF2

CH2-SnCl12-SnCl12-GeCl2

-12.09

-11.29

-13.80

-12.94

-14.56

-13.44

-13.51

-12.84

-12.72

-11.87

-13.48

-12.36

-12.44

-11.64

-12.93

-12.09

-13.65

-12.56

-12.67

-11.91

-12.17

-11.33

-10.77

-7.46

-16.20

-12.59

-18.30

-13.68

-15.69

-12.86

-11.72

-8.18

-13.85

-9.22

-11.24

-7.91

-14.29

-10.80

-16.22

-11.75

-13.89

-10.70

-11.11

-7.63

8.27

8.3

7.71

7.79

7.47

7.57

8.03

8.12

7.72

7.83

7.52

7.66

8.07

8.19

8.16

8.24

7.92

8.02

8.48

8.58

8.21

8.34

27.52

19.32

36.03

33.11

38.88

32.31

34.98

30.24

31.89

24.80

33.50

25.57

29.89

21.92

30.77

24.57

30.20

24.74

27.82

20.06

23.15

17.00

4.58

4.68

3.44

3.54

3.25

3.38

3.64

3.76

3.58

3.80

3.41

3.62

3.85

4.03

4.69

4.76

4.21

4.32

4.83

4.87

4.62

4.75
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2.41

2.21

3.42

3.14

3.49

3.26

3.20

2.95

3.23

2.94

3.31

3.04

2.98

2.71

2.65

2.36

2.94

2.67

2.48

2.25

2.50

2.19

4.78

4.86

3.81

3.93

3.54

3.70

4.16

4.20

3.71

3.87

3.48

3.68

4.05

4.16

4.81

4.99

4.24

4.46

5.27

5.37

4.65

4.93

13.97

12.38

9.84

7.88

7.11

6.88

12.59

10.47

7.85

7.05

6.35

6.14

10.28

8.90

16.44

17.29

15.41

15.52

26.64

18.88

12.72

11.60



CH2-SnCl12-SnCl12-SiF2

CH2-SnCl12-SnCl12-SiCl2

CH2-SnCl12-SnCl12-Snk'2

CH2-SnCl12-SnCl12-SnCl12

-12.90

-11.82

-11.91

-11.15

-13.10

-8.64

-10.73

-7.56

7.98

8.17

8.54

8.70

25.63

17.94

22.30

15.24

4.21

4.46

4.81

491
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2,75 4.12

242 452

231 5.11

2.05 5.37

10.57

9.89

17.14

14.36




Appendix E

Chemo-structural feature vector generation -

python code

143



144

import csv
import re

#given a sequence 1122, which is CH2-CH2-CH2-CH2
#1111 contains 4 1-1, 4 1-1-1, overlapping

def Get_Reverse(fragment):
#to generate fragements for each item in the target seq
#for example, ’123° --> 2123’ and ’321°
#It is not permutation, but to generate a reverse
str_frag = [str(c) for ¢ in fragment]
fragement_reverse = ’’.join(list(reversed(str_frag)))
return fragement_reverse

def function(string, str_to_search_for):

count = 0
count_1 = 0
count_2 = 0
if str_to_search_for == Get_Reverse(str_to_search_for):
for x in xrange(len(string) - len(str_to_search_for) + 1):
if stringl[x:x+len(str_to_search_for)] == str_to_search_for:

count += 1
return count
else:
for x in xrange(len(string) - len(str_to_search_for) + 1):
if stringl[x:x+len(str_to_search_for)] == str_to_search_for:
count_1 += 1
for x in xrange(len(string) - len(str_to_search_for) + 1):
if string[x:x+len(str_to_search_for)] == Get_Reverse(str_to_search_for):
count_2 += 1
return count_1 + count_2

data = [row for row in csv.reader (open(’System-Info.csv’, ’rU’))]

polymer_list = []
for polymer in data:
for poly_seq in polymer:
poly_seq = poly_seq.replace(’-’, ’’)
if ’CH2’ in poly_seq:
poly_seq = poly_seq.replace("CH2", "1")
if ’NH’ in poly_seq:
poly_seq = poly_seq.replace("NH", "2")
if ’C0’ in poly_seq:
poly_seq = poly_seq.replace("CO", "3")
if ’C6H4’ in poly_seq:
poly_seq = poly_seq.replace("C6H4", "4")
if ’C4H2S’ in poly_seq:
poly_seq = poly_seq.replace("C4H2S", "5")
if ’CS’ in poly_seq:
poly_seq = poly_seq.replace("CS", "6")
if ’0’ in poly_seq:
poly_seq = poly_seq.replace("0", "7")
polymer_list.append(poly_seq)

target_seq = [’3’, ’4’, °5’, 26>, °7°, >11’, »12°, 14>, *15°, ’16°, *17’, ’237,
»977, 2352, 377, 447, 45’ 246’ , °557, ’56’, ’1117, 21137, 21157,
»117°, 1257, °134°, *137°, >144°, >145°, >146°, ’147’, ’157°, 72457,
72467, 2477, ’255°, 2567, ’344°, ’347’, ’356°, 444’ , 44T’ , 74557,
’2137, 22157, 2232°, ’254°, ’263’, ’264’, ’265’, ’272’, ’276°, ’3167,
»3237, ’374’, ’415°, ’425°, ’435°, ’516’, ’526’, ’'527’, ’537’, 5457,
’B565°, 6277, 6467, ’656°, ’T17’, 7277, ’T47’]
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feature_mat = []
for item in polymer_list:
feature_vec = []

for item_target in target_seq:

nblock = len(item)

double_poly = item + item

item_target_reverse = Get_Reverse(item_target)

#pat = re.compile("%sl|%s" %(item_target ,item_target_reverse))

nl = function(item, item_target)

n2 = function(double_poly, item_target)

#nl1 = len(pat.findall(item))

#n2 = len(pat.findall(double_poly))

#n = nl + (n2-2%nl)

n = n2 - nl

n =n / float(nblock)

feature_vec.append(n)
feature_mat.append(feature_vec)

with open(’feature.csv’, ’wb’) as f:
wtr = csv.writer(f, delimiter= > )
wtr.writerows (feature_mat)



Appendix F

Kernel ridge regression (KRR) - matlab code
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main.m

clear all
clc

% Predicting data using Kernel Ridge Regression model, where we require a

% feature vector with a given set of properties to be predicted. The

% feature vector uniquely identifies the candidates and this case being the
% chemostructural information or the charge density.

% Read the feature vector along with the property to be predicted
Feature = xlsread(’input.xls’);

% Property = xlsread(’Vacancy_formation.xlsx’);

Property = xlsread(’output.xls’);

global Inputs

% Inputs
Inputs.n_test=67; % Number of Test group
Inputs.cv_group=5; % k-fold cross-validation

% Parameters

Inputs.lambda = [0.00001 0.0001 0.0002 0.0006 0.0007 0.001 0.002 0.005
0.006 0.01 0.02 0.07 0.1 0.5 0.8 1];

% Inputs.sigma = [21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39

40 41 42 43 44 45 46 47 48 49 50];

% Inputs.lambda = [0.01:0.01:2];

% Inputs.sigma = [0.01:0.01:1];

% Inputs.sigma = [0.01:0.1:5];

%Inputs.sigma = [0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.5 1.7 2 2.3

3 3.544.555.566.57 7.5 8];
Inputs.sigma = [0.01 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.5
1.7 2 2.3 3 3.5 44.555.56 6.57 7.58 9 10]

R = zeros(100,1);

for seed_value = 1:100,
KRR ;

R(seed_value)= r;

end

xlswrite (’RESULTS_R.x1ls’,R)

seed_best = find (R==max(R))

KRR_Final;
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crossvaliation.m

function error_k = cross_validation(X,Y,sigma,lambda)
global Inputs
k = Inputs.cv_group;

d size(X,1);
i d/k;

%rng (Inputs.mySeed2)

n = randperm(d);
B = Y(n,:);
for j=1:k,
a_j = 1+ix(j-1);
b_j = j*i;

P =n(:,a_j:b_j);
T = n;
T(:,a_j:b_j) = [1;

A_j_pre = X(P,T);
A_j_train = X(T,T);
B_j_pre = B(a_j:b_j,1);
B_j_train = B;
B_j_train(a_j:b_j,:) = [1;

alpha_j = kernel(A_j_train,B_j_train,sigma,lambda);

error_j = cv(A_j_pre,B_j_pre,alpha_j,sigma);
error_k = 0;

error_k = error_k + error_j;

end

end
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cv.m

function error = cv(X,Y,alpha,sigma)
K = exp(-(X."2)/(2xsigma”2));

Y_pre = Kx*alpha;

A = Y_pre - Y;

error = sqrt(sum(A."2)/size(Y,1));
end

kernel.m

function alpha = kernel(X,Y,sigma,lambda)
K = exp(-(X."2)/(2xsigma”2));
I = eye(size(K,2));
alpha = (K+lambda*I)\Y;

end
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KRR.m

global Inputs Outputs
%% Obtaining the Training and Test Set

% Create a random number list to determine the training and test set
mySeed = seed_value;

rng (mySeed);

Outputs.length=size (Property,1);

n = randperm(Outputs.length);

Outputs.n_train= Outputs.length-Inputs.n_test;

% Randomize the A and B input data set
A = Feature(n,:);

B = Property(n,:);

% Obtain Training and Test Set by Concatenation

Feature_train = A;
Feature_train(1:Inputs.n_test,:) = [];
Property_train = B;
Property_train(1l:Inputs.n_test,:) = [];

Feature_test = A(1l:Inputs.n_test,:);
Property_test = B(1:Inputs.n_test,:);

%% Distance Matrix

% Since the distance matrix is symmetrical, the loop below
% calculates an upper triangular matri
for i=1:0utputs.n_train
for j=i:0Outputs.n_train
Dist(j,i)=sqrt(sum((Feature_train(i,:)-Feature_train(j,:))."2));
end
end

%Calculates the final distance matrix
Distance_matrix = Dist+Dist’;

%% Model Selection

for i = 1:length(Inputs.lambda)
for j = 1:length(Inputs.sigma)

a = Inputs.sigma(j);

b = Inputs.lambda(i);

error = cross_validation(Distance_matrix ,Property_train,a,b)/Inputs.cv_group;
G(i,j) = error;

end
end

[c,d]=find (G==min (min(G)));

%% Prediction

lambda = Inputs.lambda(c);
sigma = Inputs.sigma(d);

alpha = kernel(Distance_matrix ,Property_train,sigma,lambda);
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K = exp(-(Distance_matrix."2)/(2*sigma~2));
Property_train_pre = Kx*alpha;

for i=1:Inputs.n_test,
for j=1:0utputs.n_train,
C = Feature_test(i,:)-Feature_train(j,:);
D(j,1) = alpha(j,1)*exp(-sum(C."2)/(2*sigma”2));
end

Property_pre(i,1) = sum(D);
end
Property_DFT = [Property_train; Property_test];
Property_KRR = [Property_train_pre; Property_prel;

r_all = corr(Property_DFT, Property_KRR);
r = corr(Property_test, Property_pre);



KRRFinal.m

global Inputs Outputs
%% Obtaining the Training and Test Set

% Create a random number list to determine the training and test set

mySeed = seed_best;

rng (mySeed);

Outputs.length=size (Property,1);
n = randperm(Outputs.length);

Outputs.n_train= Outputs.length-Inputs.n_test;

% Randomize the A and B input data set
A = Feature(n,:);
B = Property(n,:);

% Obtain Training and Test Set by Concatenation

Feature_train = A;
Feature_train(1:Inputs.n_test,:) = [];
Property_train = B;
Property_train(1l:Inputs.n_test,:) = [];

Feature_test = A(1l:Inputs.n_test,:);
Property_test = B(1:Inputs.n_test,:);

%% Distance Matrix

% Since the distance matrix is symmetrical,
% calculates an upper triangular matri
for i=1:0utputs.n_train

for j=i:0Outputs.n_train

Dist(j,i)=sqrt(sum((Feature_train(i,:)-Feature_train(j,:))."2));

end
end

%Calculates the final distance matrix
Distance_matrix = Dist+Dist’;

%% Model Selection

for i = 1:length(Inputs.lambda)
for j = 1:length(Inputs.sigma)

a = Inputs.sigma(j);

b = Inputs.lambda(i);

the loop below
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error = cross_validation(Distance_matrix ,Property_train,a,b)/Inputs.cv_group;
G(i,j) = error;

end
end

[c,d]=find (G==min (min(G)));

%% Prediction

lambda = Inputs.lambda(c);
sigma = Inputs.sigma(d);

alpha = kernel(Distance_matrix ,Property_train,sigma,lambda);
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K = exp(-(Distance_matrix.”2)/(2*sigma~2));
Property_train_pre = K*alpha;

for i=1:Inputs.n_test,
for j=1:0utputs.n_train,
C = Feature_test(i,:)-Feature_train(j,:);
D(j,1) = alpha(j,1)*exp(-sum(C."2)/(2*sigma~2));
end

Property_pre(i,1) = sum(D);
end

%E_train = Property_train - Property_train_pre;
%E=[E_pre;E_train];

%RMS_test = sqrt(sum(E_pre.*E_pre)/size(E_pre,1));
%RMS = sqrt(sum(E.*E)/size(E,1));

Property_DFT = [Property_train; Property_test];
Property_KRR = [Property_train_pre; Property_prel;
r_all = corr(Property_DFT, Property_KRR)

r = corr(Property_test, Property_pre)

x = 0:7;

yo= x5

plot (Property_train, Property_train_pre,’MarkerFaceColor’,[0 0 1],
’MarkerEdgeColor’ ,[0 O 0],...
’MarkerSize’ ,10,...

’Marker’,’square’,...
’LineWidth’ ,2,...
’LineStyle’,’none’,...

>Color’,[1 0 01,...
’DisplayName’,’Training-4Block’);
hold on

plot (Property_test, Property_pre,’MarkerFaceColor’,[0 1 0],
’MarkerEdgeColor’ ,[0 O 0],...
’MarkerSize’ ,10,...

’Marker’,’square’,...
’LineWidth’ ,2,...
’LineStyle’,’none’,...

’>Color’,[1 0 0],...
’DisplayName’,’Test-4Block’);
plot(x,y,’k’,’LineWidth’,2)



Appendix G

Genetic algorithm for feature selection - matlab

code
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GA.m

% Binary Genetic Algorithm
% feature selection using genetic algorithm
clear all

clc

% I. Setup input and output
global Imnputs

Attribute = xlsread(’input.xls’);
Property = xlsread(’output.xls’);
.

% II. Stopping criteria
maxit=100; % max number of iterations
max_accuracy=0.98; % minimum cost

% III. GA parameters

popsize=16; 7 set population size

mutrate=.15; % set mutation rate

selection=0.5; % fraction of population

% kept

keep=floor (selection*popsize); 7% #population members
% that survive

% Create the initial population
iga=0; % generation counter
% initialized
pop=round (rand (popsize ,size (Attribute ,2))); % random population of
% 1s and Os
for i_GA = 1:popsize,
A_GA = pop(i_GA,:);
A_GA = A_GA(ones(size(Attribute ,1),1),:);
B_GA = times (A_GA,Attribute);
B_GA( :, “any(B_GA,1) ) = [1;
Feature = B_GA;

% Inputs
Inputs.n_test=45; % Number of Test group
Inputs.cv_group=5; % k-fold cross-validation

% Parameters

Inputs.lambda = [0.00001 0.0001 0.0002 0.0006 0.0007 0.001 0.002 0.005

0.006 0.01 0.02 0.07 0.1 0.5 0.8 1];

%Inputs.sigma = [0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.5 1.7 2
2.3 3 3.544.555.566.57 7.5 8];

Inputs.sigma = [1 2 3 45 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20]

R = zeros (100,1);
for seed_value = 1:100,

KRR ;

R(seed_value)= r_init;

end

seed_best = find (R==max(R));
KRR_Final;

accuracy(i_GA,1) = r;

end

[accuracy,ind]=sort (accuracy,’descend’); % min cost in element 1
pop=pop(ind,:); % sorts population with

% highest accuracy first

maxc (1)=max (accuracy); % maxc contains max of

% population
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meanc (1)=mean (accuracy); 7% meanc contains mean
% of population

% Iterate through generations
while iga<maxit
iga=iga+l; % increments generation counter

% Pair and mate

M=ceil ((popsize-keep)/2); % number of matings
prob=flipud ([1:keep]’/sum([1:keepl));% weights
% chromosomes based

% upon position in

% list

odds=[0 cumsum(prob(l:keep))’]; % probability distribution function
pickl=rand(1,M); % mate #1

pick2=rand(1,M); % mate #2

% ma and pa contain the indicies of the chromosomes
% that will mate

ic=1;

while ic<=M

for id=2:keep+l

if pickl(ic)<=odds(id) & pickl(ic)>odds (id-1)
ma(ic)=id-1;

end % if

if pick2(ic)<=odds(id) & pick2(ic)>odds(id-1)
pa(ic)=id-1;

end % if

end % id

ic=ic+1;

end % while

% Performs mating using single point crossover
ix=1:2:keep; % index of mate #1
for i_mate=1:size(ix,2)
xp=ceil (rand (1,M)*(size (Attribute ,2)-1));
pop (keep+ix(i_mate) ,:)=
[pop(ma(i_mate) ,1:xp(i_mate)) pop(pa(i_mate),xp(i_mate)+1l:size(Attribute ,2))];
% first offspring
pop (keep+ix(i_mate)+1,:)=
[pop(pa(i_mate) ,1:xp(i_mate)) pop(ma(i_mate),xp(i_mate)+1l:size(Attribute ,2))];

% Mutate the population

nmut=ceil ((popsize-1)*size(Attribute ,2)*mutrate); % total number
% of mutations

mrow=ceil (rand (1,nmut)*(popsize=-1))+1; % row to mutate

mcol=ceil (rand (1,nmut)*size (Attribute ,2)); % column to mutate
for ii=1:nmut

pop(mrow(ii) ,mcol(ii))=abs (pop(mrow(ii) ,mcol(ii))-1);

% toggles bits

end % 1ii

% The population is re-evaluated for cost

for i_GA = 2:popsize,
A_GA pop(i_GA,:);
A_GA = A_GA(ones(size(Attribute,1),1),:);
B_GA times (A_GA,Attribute);
B_GA( :, “any(B_GA,1) ) = [I;
Feature = B_GA;

% Inputs
Inputs.n_test=45; % Number of Test group
Inputs.cv_group=5; % k-fold cross-validation

% Parameters
Inputs.lambda = [0.00001 0.0001 0.0002 0.0006 0.0007 0.001 0.002
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0.005 0.006 0.01 0.02 0.07 0.1 0.5 0.8 11;
%Inputs.sigma = [0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.5

1.7 2 2.3 3 3.5 4 4.555.56 6.5 7 7.5 8];
Inputs.sigma = [1 2 3 45 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20]

R = zeros (100,1);
for seed_value = 1:100,

KRR ;

R(seed_value)= r_init;

end

seed_best = find (R==max(R));
KRR_Final;

accuracy(i_GA,1) = r;

end

[accuracy,ind]=sort (accuracy,’descend’); % min cost in element 1
pop=pop(ind,:); % sorts population with
% highest accuracy first

% Do statistics for a single nonaveraging run
maxc (iga+1)=max (accuracy);
meanc (iga+l)=mean (accuracy);

% Stopping criteria

if iga>maxit | accuracy(1)> max_accuracy
break

end

[iga accuracy(1)]

end %iga

% Displays the output

day=clock;

disp(datestr (datenum(day (1) ,day(2),day(3),day(4) ,day(5),day(6)),0))
format short g

disp([’popsize = ’, num2str(popsize), ’ mutrate = ’, num2str (mutrate)])
disp([’#generations=’, num2str(iga), °’ best accuracy=’, num2str (accuracy(1))])
disp([’best solution’])

disp ([num2str (pop(1,:))]1)

disp(’binary genetic algorithm’)

figure (24)

iters=0:1length(maxc)-1;

plot (iters ,maxc,iters ,meanc,’-’);

xlabel (’generation’);ylabel(’accuracy’);

text (0,maxc (1), ’best’);text (1,maxc(2), ’population average’)
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