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SUMMARY

HIGH-THROUGHPUT COMPUTATIONAL SCREENING OF
ORGANIC MOLECULES FOR ORGANIC ION BATTERY

CATHODES

To cope with the pressing environmental issues and ever-increasing demands for

clean energy, electrochemical energy storage (EES) technologies have been increasingly

researched and developed over the recent decades. Metal-ion batteries, particularly

lithium-ion batteries (LIBs) and sodium-ion batteries (SIBs), represent an important EES

technology and are used in a wide range of applications, including consumer electron-

ics, electric-powered vehicles, and smart grids. In commercially successful LIBs and

SIBs, several different metal oxides have been employed as cathode materials. While,

these inorganic materials offer easy tunability of the stored energy density, they suffer

from the availability of secure and adequate supplies of the critical raw materials and

from high energy use in their fabrication processes. Organic-based electroactive mate-

rials have been emerging as promising battery electrode materials since they are mostly

composed of earth-abundant elements (e.g., C, H, O, and N), more flexible in structural

designability, compatible with a variety of metal ions, and they can offer lower environ-

mental footprints for their synthesis.

The research described in this thesis is aimed at accelerating the speed of organic-

based candidate material discovery for LIB and SIB cathodes. In Chapter 3, we evaluate

the redox potential prediction performance of computational chemistry methods, in-

cluding semi-empirical quantum mechanics (SEQM), density-functional tight-binding

(DFTB), and density functional theory (DFT) for quinone-based cathode materials of

LIBs. The lowest unoccupied molecular orbital (LUMO) energy of the reactant quinone

molecules, regardless of the level of theory used for its calculation, showed the best per-

formance as a descriptor for the observed redox potential. In Chapter 4, a time- and

resource-efficient computational scheme, which incorporated machine learning (ML)

and quantum chemical methods, has been applied for the screening of a chemical space

of approximately 200,000 quinone molecules for LIB cathodes. The developed molec-

ular database has been enriched with key cathode-related metrics including synthetic

complexity, purchasability, reduction potential, gravimetric charge capacity, gravimetric

energy density, and lithiation-induced structural changes of the molecules. As a result,

a total of 349 compounds have been down-selected for further analysis and testing. In
Chapter 5, we explored a large library of quinone molecules, with increasing (from one

to four) ring counts, for the discovery of likely-useful cathode materials for SIBs. Through

v
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an automated search on purchasable molecule collections and the consecutive com-

putation of the cathode-related properties of the commercially available molecules, we

identified a total of 21 top candidates for SIB cathodes. In Chapter 6, we investigated a

newly discovered class of organic materials, conjugated sulfonamides (CSA), for LIBs. We

enumerated a focused chemical space of 11,487 CSA molecules, and applied the ML ap-

proach and the hybrid combination of SEQM and DFT methods to rank the enumerated

virtual chemical library. Finally, we identified a subset of 52 new compounds with highly

promising cathode material properties. In Chapter 7, we summarized the research stud-

ies presented in the thesis, and provided an brief outlook towards computational discov-

ery of organic cathode materials in the vast chemical space.
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2 1. INTRODUCTION

This section presents the research background of the thesis. First, it stresses the increas-

ing importance of electrochemical energy storage and reviews three prominent electro-

chemical energy storage systems and compares their characteristic features. Second, as

the representatives of commercial rechargeable batteries, lithium-ion batteries (LIBs) are

discussed and compared to another promising alkaline-ion battery technology, namely

sodium-ion batteries (SIBs). Third, an overview of sustainable cathode materials is pre-

sented, in which the advantages and disadvantages of organic versus inorganic materials

are discussed in view of their historical development stages. Fourth, the most widely in-

vestigated quinone-based and the newly reported conjugated sulfonamide-based organic

cathode materials are discussed. Lastly, the main research objectives and the outline of the

thesis are presented.
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1.1. ELECTROCHEMICAL ENERGY STORAGE
The demand for energy is increasing with the growth of world population and economy.

Fossil fuels, including coal, crude oil, and natural gas continue to dominate the global

energy market, with a significant share of about 84% of world’s total energy use [1]. How-

ever, the combustion of these conventional, carbon-based energy compounds is the pri-

mary contributor to the release of greenhouse gases. Particularly the cumulative release

of carbon dioxide (CO2) to the atmosphere warms the Earth through a phenomenon

called the greenhouse effect. In addition, the combustion of fossil fuels emits various

other pollutants that worsen the quality of air and environment. Moreover, a heavy de-

pendence on depletable fossil fuels leads to the risk of resource scarcity for the next gen-

erations. To tackle the global warming, pollution, and energy shortage, renewable re-

sources, such as tide, wind, and solar, have been increasingly researched and invested.

The major advantages of these energy resources are that they are intrinsically clean with

a low CO2 footprint, sustainable, and practically inexhaustible. However, they are, at

the same time, location-specific and intermittent. The fluctuations in energy produc-

tion by the renewables threaten the stability of the electricity grid, for instance when the

produced energy share from the renewable resources either falls back or surpasses the

overall energy capacity. For an efficient integration of the renewables to the grid, it is

required to balance the mismatch between power supply and demand, while not ham-

pering the overall reliability of the grid.

Electrical energy storage is a potentially cost-effective approach to solve the mis-

match problem. Therefore, energy storage systems are highly demanded, as they con-

tribute to a stable and durable power network and support a secure use of daily energy.

Among the various energy storage systems, electrochemical energy storage (EES) has

been widely applied [2]. EES systems can be broadly categorized into batteries, super-

capacitors, and fuel cells, in which EES is achieved through the electrical bias activated

breaking and formation of chemical bonds in the energy storage molecules and materi-

als [3].

The Ragone plot, shown in Figure 1.1, provides a comparison of the practical en-

ergy density (Wh/kg) and power density (W/kg) of various commercial EES devices [4].

The amount of time (hours) during which a device can be operated at its rated power

is given as the ratio between the energy density (x-axis) and the power density (y-axis).

The plot reveals information about gravimetric energy density and allows comparing

the performance of fundamentally different EES devices. The combustible engines (top

right position in the Figure 1.1), as powered by fossil fuels, can provide both high energy

density and high power density, which are the ideal goals for EES. Supercapacitors, in-

cluding electrostatic double-layer capacitors (EDLCs) that are based on porous carbon

electrodes, and pseudocapacitors that are based on transition metal oxides or conduct-

ing polymers materials, can feature ultra high power densities. However, they can only

achieve very low energy densities. Additionally, their charge-discharge time is quite fast,

usually in seconds or minutes. Batteries and fuel cells are considered as high-energy-
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density devices. However, their power densities are relatively low. For these devices,

the energy storage and delivery can take hours or days. Thus, depending on the type

and the underlying chemistry, EES devices can achieve fast charge and discharge cycles,

high energy density, high power density, long cycle life. Moreover, they can be developed

and operated as environment-friendly technologies that emit significantly less CO2 than

conventional fossil fuels. Therefore, even though the EES systems cannot easily out-

compete traditional fuels in terms of the energy content, they can still address to several

critical aspects of the future large-scale energy storage needs.

Figure 1.1. A Ragone plot for electrochemical energy storage devices. The figure is obtained from

reference [4].

1.2. RECHARGEABLE BATTERIES
With the rapid developments of electronic applications and electrically powered infras-

tructure, the EES systems, particularly the rechargeable batteries, have been extensively

researched during the past decades. Various rechargeable batteries, such as lead-acid [5],

nickel-cadmium [6], nickel-metal hydride [7], lithium-ion [8], sodium-sulfur [9], and re-

dox flow [10] have been gradually employed for commercial use. The battery perfor-

mance metrics of these most common rechargeable batteries are shown in Table 1.1. The

four types of rechargeable batteries altogether covered 94.8% of the global battery sales

in 2016 [11]. According to data shown in Table 1.1, lead-acid batteries suffer from low en-

ergy density, short cycle life, and slow charging rate. Nickel-cadmium batteries have the
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limitations of high self-discharge rate and memory effect. Moreover, cadmium is highly

toxic both for humans and environment. The main drawback of nickel-metal hydride

batteries is high self-discharge rate, which causes a loss of almost 30% stored charge

over a month. Compared with these three types of batteries, rechargeable lithium-ion

batteries (LIBs) exhibit remarkable battery performance. LIBs have relatively high en-

ergy density, high energy efficiency, long cycle life, and fast charging time. Additionally,

LIBs are lightweight, compact, and maintenance free. It is therefore no surprise that

LIBs are today’s most frequently applied EES technology in a wide variety of portable

electronic appliances, electric vehicles, and in stationary energy storage devices that are

specially designed for smart grid systems. Thus, the LIBs have become the economically

fastest-growing rechargeable battery segment. As driven by the projected large-scale de-

ployments in electrified transportation, LIBs are still expected to capture the majority

of growth in the battery market over the next decade. The market size of LIBs was ap-

proximately $42B in 2021, and it is forecasted to achieve about $182B by 2030, with a

compounded annual growth rate estimated at 18% from 2022 to 2030 [12].

Table 1.1. Comparison of various battery performance metrics for the four common rechargeable

battery types

Lead-acid Nickel-cadmium Nickel-metal hydride Lithium-ion

Gravimetric energy density (Wh/kg) 30 – 50 40 – 60 60 – 120 100 – 250

Volumetric energy density (Wh/L) 60 – 110 150 – 190 140 – 300 350 – 700

Cell voltage (V) 2.0 1.2 1.2 3.2 – 3.7

Coulombic efficiency (%) 50 – 92 70 – 90 70 – 90 80 – 90

Cycle life (to 80% of the initial capacity) 200 – 300 1500 1000 500 – 2000

Charge time (h) 8 – 16 1 1 – 4 ≤ 1

Self-discharge per month (%) 5 20 30 < 10

Overcharge tolerance High Moderate Low Low

Toxicity High High Low Low

Maintenance requirement 3 – 6 months 30 – 60 days 60 – 90 days Not required

Operating temperature range (◦C) -20 to 60 -40 to 60 -20 to 60 -20 to 60

Commercial use since 1970 1950 1990 1991

During the booming developments of LIB technology, the arising concerns about raw

lithium shortage as well as the pressing demands on performance and cost of recharge-

able batteries have spurred an increasing interest in the so-called “beyond Li-ion” tech-

nologies [13, 14]. Aiming to increase the diversity of solutions for EES, several alternative

battery technologies, such as metal (Na [15], Mg [16], K [17], Ca [18])-ion, metal (Li [19],

Na [20], Al [21], Zn [22])-air, and solid-state batteries [23] have been increasingly studied.
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Figure 1.2. Overview of the main advantages of SIBs. “EC” in the bottom-left panel denotes ethy-

lene carbonate, which is a commercial organic electrolyte applied in LIBs. The figure is obtained

from reference [24].

Rechargeable sodium-ion batteries (SIBs) are one of the battery technologies that

are closest in race to compete with LIBs [25, 26]. The initial studies on SIBs date back to

1980s [27], which are similar to the early explorations on LIB technologies [28]. SIBs have

been experiencing a research renaissance since 2010s, although the technology is still

immature for commercialization. The main advantages of SIBs, essentially when com-

pared to their directly competing technology of LIBs, are illustrated in Figure 1.2 [24].

First, the raw materials of SIBs (e.g., sodium salts) are economically more affordable

and naturally more abundant than their LIBs counterparts. Furthermore, since sodium

does not form an alloy with aluminum at room temperature, the conventionally em-

ployed copper anodic current collector can in principle be replaced by aluminum in

SIBs. Second, SIBs have less severe safety issues when considering the decomposition

of electrodes and electrolytes. Third, the Na+ ion shows weaker Lewis acidity than Li+,
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thus leading to smaller Stokes’ radii in various solvents and lower desolvation energies.

Fourth, similar to LIBs, SIBs are rechargeable batteries that operate through alkali metal

ion insertion/extraction reactions at electrodes. Thus, LIBs and SIBS have similar fun-

damental work principles. Moreover, the technical know-how and industrial-scale man-

ufacturing methods of LIBs can rather be easily transferred to SIBs. Hence, in the broad

fields of grid-scale electricity storage and other electrical appliances that require cost-

effective means of electricity storage, the SIBs can potentially be applied as a comple-

mentary EES technology to the LIBs [29, 30].

1.3. SUSTAINABLE ELECTRODE MATERIALS

1.3.1. ADVANTAGES OF ORGANIC CATHODE MATERIALS

The main components of rechargeable alkali-ion (Li and Na) batteries are cathode, an-

ode, electrolyte, and separator. Since anodes of LIBs and SIBs can offer higher energy

capacity than cathodes, the choice of cathode material is a critical factor that deter-

mines the energy density of a battery system. In commercial LIBs, cathode materials

also account for almost 50% of the total battery cost [31]. The commonly used cath-

ode materials are transition-metal oxide or phosphate compounds, which are mainly

produced from ores through energy intensive production processes. The resources of

the involved transition-metal elements, particularly Co and Ni, are unevenly distributed

over the globe, which builds concerns on the logistic security and cost of raw material

supplies. Furthermore, the practical capacities that can be achieved by these inorganic

material based cathodes are fast approaching their theoretical limits. Thus, making it

difficult to significantly enhance the energy densities. In this regard, the design of low-

cost, high-performance, and recyclable cathode materials is one of the central research

aims for the studies on rechargeable LIBs and SIBs.

Redox-active organic materials are regarded as highly promising candidates for both

LIB and SIB cathodes, essentially in view of their environmental-friendly, sustainable,

and scalable production [32–34]. Many of the organic cathode materials are mostly com-

posed of C, H, O, N, and S atoms, all of which can directly be sourced from biomass.

Meanwhile, they possess a minuscule environmental footprint for their production and

recycling processes, especially in comparison with their inorganic counterparts. More-

over, organic-based cathode materials promise superior gravimetric specific capacities,

owing to both the major presence of light elements and the multi-electron redox moi-

eties in their formulations. Furthermore, the humongous chemical diversity and struc-

tural tailorability of the organic-based materials provide virtually unlimited ways to tune

their electrochemical properties in an effort to meet the different technical requirements

of the various EES systems. Last, but not least, organic-based cathode materials show

good tolerance for metal ions. All these aspects make the organic-based cathode mate-

rials a favorable research topic for emerging battery technologies, including LIBs, SIBs,

and beyond [35].



1

8 1. INTRODUCTION

1.3.2. EVOLUTION OF ORGANIC CATHODE MATERIALS

Applying organic redox-active materials in batteries is not a new concept. A brief his-

tory on the evolution of representative organic cathode materials is illustrated in Fig-

ure 1.3 while a summary of the corresponding reaction mechanisms are shown in Ta-

ble 1.2. The first investigation of organic cathodes was in 1969, when a carbonyl com-

pound—dichloroisocyanuric acid—was used in primary Li batteries [36]. Although the

initial experiment showed unfavorable battery performance, such as limited energy den-

sity and short cycle life, the enthusiasm for research on organic cathode materials was

stimulated. In 1972, quinones were employed as cathode materials [37]. Afterwards,

conductive polymers were tested for LIB cathodes in 1981 [38], in connection with their

discovery in 1977 by Heeger and coworkers [39]. After the introduction of organosul-

fur materials in 1988 [40], the development of organic cathode materials has gradually

slowed down and overshadowed by the successful commercialization of intercalation

cathode materials in 1991. However, the research of organic batteries has undergone

a revival in 2008 when Tarascon et al. brought the concept of biomass-derived cath-

ode materials in battery field [41, 42]. Subsequently, a variety of new organic cathode

materials, such as ketones [43], imines [44], and anhydrides [45], have been extensively

investigated.

1969

Carbonyl 
compounds

1984

Nitrile 
compounds

2008

Revival of 
organic materials

1981

Conductive 
polymers

1988

Organosulfur
compounds

2011

Imine
compounds

2018

Azo
compounds

2019

More materials 
and chemistries 
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Figure 1.3. Development of organic cathode materials for batteries. The figure is updated from

reference [46].

According to molecular structures and their redox-active moieties, the organic-based

cathode materials can be broadly classified into carbonyls [47], conductive polymers [48],

nitrile compounds [49], organosulfur compounds [50], organic radicals [51], organic

imines [44], azo compounds [52], and conjugated sulfonamides [53]. In the past decade,

the study of organic-based cathode materials for rechargeable LIBs can be categorized

under two major groups of approach. The first approach is on improving the electro-
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Table 1.2. Summary of redox mechanisms of different types of organic electrode materials

# Organic material Classification Redox mechanism

1 Carbonyl compounds n type

2 Conductive polymers bipolar

3 Nitrile compounds n type

4 Organosulfur compounds
n type

p type

5 Organic radicals bipolar

6 Imine compounds n type

7 Azo compounds n type

8 Conjugated sulfonamide n type

chemical performance of prominent organic materials through the incorporation of dif-

ferent kinds of structural and compositional modifications on the compounds. The sec-

ond approach, on the other hand, involves the study of relatively unexplored chemical

space of organic cathode materials that would likely show refreshing redox chemistries.

Additionally, due to their mechanically flexible structures and multi-typed redox charge

states (n-, p-, and bipolar-type), the organic-based materials have been increasingly

applied in beyond-Li battery technologies, including but not limited to, alkaline-ion

(Na [54], K [55]) and multivalent-ion (Mg [56], Al [57], and Ca [58]) batteries.

1.3.3. QUINONE-BASED ORGANIC MATERIALS

Among all the above-mentioned organic materials, carbonyl-based compounds, includ-

ing quinones, anhydrides, imides, ketones, and conjugated carboxylates, are so far the

most-investigated electrode materials, which are also typical n-type materials [59, 60].

The redox-active C=O bonds are involved in the charge-discharge processes of recharge-

able batteries (Table 1.2). The metal binding energies are significantly influenced by

the chemical environment, thus resulting in different electrochemical behavior. For in-

stance, conjugated carboxylates, whose redox moieties are directly connected with aro-

matic rings, deliver discharging redox potentials that are approximately 1 V (vs Li/Li+),

which make them good candidates as anode materials [61]. On the other hand, or-

ganic quinones are equipped with at least one pair of carbonyl groups in the para or
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ortho positions on an unsaturated six-membered ring and can achieve aromaticity as

result of the reduction processes. Hence, they usually exhibit higher redox potentials

(2 – 3 V) at relatively faster kinetics than other carbonyl compounds [62]. Furthermore,

quinones can achieve relatively higher specific capacities by virtue of their lower redox-

inactive weights when compared to anhydrides or imides. As an example, one of the sim-

plest quinone structures is cyclohexa-2,5-diene-1,4-dione, namely para-benzoquinone

(p-BQ), which has an average discharge potential of approximately 2.7 V (vs Li/Li+) and a

theoretical gravimetric capacity of 496 mAh/g [63]. To date, research studies on quinone-

based small molecules include simple, multi-carbonyl, heteroaromatic, and substituted

quinones, as shown in Figure 1.4.

Two of the most widely studied quinones are anthracene-9,10-dione and phenanthrene-

9,10-dione, which are commonly called as anthraquinone (AQ) and phenanthrenequinone

(PQ), respectively. As a cathode material, AQ achieved a discharge potential of 2.27 V (vs

Li/Li+) and a specific capacity of 222 mAh/g at the first cycle, which is about 86% of

its theoretically achievable capacity of 257 mAh/g [65, 66]. For PQ, the redox potential

and practically achievable specific capacity were 2.61 V (vs Li/Li+) and 200 mAh/g, re-

spectively [65]. Using the simple quinones as building blocks, multi-carbonyl quinones

can be further derived as shown in Figure 1.4. The enlargement of theπ-system in multi-

carbonyl quinones is generally accepted to increase theπ-π intermolecular interactions,

thus facilitating a higher electronic conductivity. Multi-carbonyl quinones can also show

reversible multi-electron transfer reactions, which relate to an enhancement in electric-

ity storage capacity [65, 67–69]. For instance, pentacene-5,7,12,14-tetrone (PT) under-

went nearly four-electron reduction with an initial capacity exceeding 300 mAh/g, that

is 96% of the theoretical gravimetric capacity of the active PT material [67]. Similarly, the

symmetrical pyrene-4,5,9,10-tetraone (PTO) delivered an average discharge potential of

2.59 V (vs Li/Li+), and reversible practical capacity of 340 mAh/g, which is 83% of the ac-

tive material [65]. Also important, its capacity retained 253 mAh/g, which indicated 62%

active material, at 0.2 C (1 C = 260 mAh/g) after 50 charge/discharge cycles. Moreover,

the family of macrocyclic multicarbonyl compounds, such as calix[4]quinone [68] (C4Q

in Figure 1.4), pillar[5]quinone [70], and calix[6]quinone [71], have also received recent

attention as potential cathode materials in rechargeable LIBs and SIBs.

By introducing heteroatoms, such as N, O, and S, into quinone skeletons and by fus-

ing the (hetero)aromatic rings, a new group of heteroaromatic quinones formed. The ex-

amples include pyrido[3,4-g] isoquinoline-5,10-dione (PID), thieno[2,3-f][1]benzothiole-

4,8-dione (BDTD), benzofuro[5,6-b] furan-4,8-dione (BFFD), 1,10-phenanthroline-5,6-

dione (PhenQ), benzo[1,2-b:4,3-b’]dithiophene-4,5-quinone (BDTQ) and so on, which

have all been researched as candidate materials for cathodes [65, 66, 72–74]. In compar-

ison with pristine quinones, the heteroaromatic counterparts can induce favorable ele-

vations in redox potential owing to the delocalized electron distributions in heteroaro-

matic rings. Additionally, against their pristine quinone counterparts, the heteroaro-

matic molecules have rather unremarkable weight differences and yet can show im-
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Figure 1.4. Representative structures for each type of quinone-based small molecules. The figure

is updated from reference [64].

provements in capacity retention. For instance, PhenQ and BDTQ showed the average

discharge potential of 2.74 and 2.68 V (vs Li/Li+), respectively, which exhibited slightly

higher potential than the pristine PQ (2.61 V) [65]. Similarly, AQ had a discharge poten-

tial around 2.27 V, whereas its derivatives of PID, BFFD, and BDTD achieved discharge



1

12 1. INTRODUCTION

potentials of 2.71, 2.61, and 2.52 V (vs Li/Li+) respectively [66]. Also interestingly, at the

same cathode compositions, BFFD, PID, BDTD and AQ retained 86, 80, 65 and 54% of

their initial discharge capacity at 0.1 C (here, 1 C means the current rate equivalent to 1

Li/0.5 h) after 100 cycles, respectively.

The functionalized quinones are widely explored as battery cathode materials within

the large chemical space of quinone-based small molecules. This is because the elec-

trochemical performance of the pristine compounds can be improved with relatively

straightforward structural modifications, such as through the incorporation of small but

yet effective chemical functional groups to the molecules. In functionalized quinones,

the substituting chemical groups can be chosen from either electron-donating or electron-

withdrawing groups, which correspondingly result in a decrease or increase on the re-

dox potential when compared to the starting pristine molecule [63, 75–80]. Typically,

the electron-donating functional groups include amino (–NH2), alkyl (–CH3, –CH2CH3,

–(CH2)2CH3, and so on), phenyl (–C6H5), methoxy (–OCH3), –OLi, and –ONa. On the

contrary, electron-withdrawing functional groups include cyano group (–CN), trifluo-

romethyl (–CF3), perfluorobutyl (–C(CF3)3), perfluorohexyl (–C6F13), halogens (–F, –Cl,

–Br), –SO3Na, –COOLi, and –COONa. Apart from shifting the redox potential, the modifi-

cations involving functional groups also affect other critical electrochemical properties,

including gravimetric specific capacity, cycling stability, and reaction rate. Electrochem-

ically inactive and sterically large groups, such as bulk alkyl chains and heavy atom con-

taining substituents, inevitably increase the molecular weight of the pristine quinones,

and thus lead to reduced gravimetric capacities for the functionalized quinones. There

are, however, trade-offs among the above-mentioned electrochemical performance. For

example, although adding –OCH3 and –NH2 into the quinone-based compounds can

cause negative shifts on the redox potential that is undesirable for cathode materials,

they can at the same time improve capacity retention. Similarly, although halogen sub-

stituents exhibit a voltage elevation, they can also adversely influence cycle life. Sub-

stituting H atoms with high polarity groups (e.g. –SO3Na, –COOLi, –COONa, –OLi, and

–ONa) to form the quinone salts can effectively suppress the dissolution of quinone cath-

ode materials in aprotic electrolytes, thus contributing to significant enhancements in

capacity retention. Meanwhile, any additional atomic weight, as brought by the incor-

porated chemical functional groups, decreases the specific capacity of the molecules

that show similar redox reactions before and after their functionalization.

Due to the growing needs for sustainable materials for renewable energy storage,

quinone-based small molecules have shown great potential as cathode materials for

next-generation rechargeable batteries. However, compared with the commercial in-

organic cathodes, they face challenges that yet to be addressed. First and foremost, the

redox potential of quinone cathode materials, which is directly related to power output

and energy density, must be improved to facilitate their practical use in future batteries.

Additionally, the high solubility of quinones in organic electrolytes, which lead to seri-

ous capacity fading and poor cycling ability, must be addressed. To overcome these chal-



1.3. SUSTAINABLE ELECTRODE MATERIALS

1

13

lenges, various strategies, which include extending the degree ofπ-conjugation, increas-

ing the number of redox centers, introducing heteroatoms, and incorporating functional

groups are extensively applied in single or combined manner to optimize the quinone-

based small molecules and improve their battery performance. The compounds that

can be derived by applying each these aforementioned strategies correspond to different

types of quinone-based compounds, which are discussed here and shown in Figure 1.4.

1.3.4. CONJUGATED SULFONAMIDES

Limited by their inherent properties, n-type organic materials (< 3.0 V vs Li/Li+) usually

deliver lower redox potentials than p-type organic materials (∼ 3.0 – 4.0 V vs Li/Li+) [35].

Great efforts towards the enhancement of redox potentials for n-type materials have

been devoted by using various chemical modifications involving electronegative groups

or atoms. Alternatively, designing new reaction chemistry is also regarded as an effec-

tive strategy to tackle this issue. A novel type of organic compounds, namely conjugated

sulfonamides, were disclosed and used as cathode materials for rechargeable alkaline-

ion (Li, Na, and K) batteries [53, 81]. The redox moiety C=N-SO2CH3 in conjugated sul-

fonamides shows the similar position in a six-membered ring as carbonyl group in or-

ganic quinones as shown in Figure 1.3, which drew the inspiration from battery salts

MTFSI (molten alkali bis(trifluoromethane)sulfonimide, M = Li, Na, K) in organic elec-

trolyte. Due to the presence of the strong electron-withdrawing group, –SO2CH3, the

redox potential of sulfonamides are found to outcompete that of quinone-based ana-

logues, which have spanned a range of 2.85 – 3.45 V (vs Li/Li+) for single-ring com-

pounds [53]. Moreover, alkali cation-containing sulfonamides have favorable hydroly-

sis resistance in ambient air, thus enabling them assembled as battery cathodes. They

also showed significant battery performance, particularly the alkali-ion benzene-1,2,4,5-

tetrayltetrakis methylsulfonyl-amide (Li4PTtSA, Na4PTtSA, and K4PTtSA) molecules [81].

Li4-PTtSA|Li cell arrived 80% of the theoretical specific capacity with the capacity reten-

tion more than 75% after 1,000 cycles at 1 C (1 C = 92.8 mAh/g). The discharge potential

of Na4PTtSA|Na cell was 2.5 V vs Na/Na+, which was the highest reported potential to

date for sodiated-organic materials used as cathodes. Moreover, it exhibited 99.7% ca-

pacity retention and average Coulombic efficiency of 99.5% after 100 cycles at 0.1 C (1 C =

80 mAh/g). K4PTtSA|K cell demonstrated high average discharge potential at around 2.6

V vs K/K+, and kept 50% of the initial capacity after 100 cycles at 0.1 C (1 C = 45 mAh/g).

The Coulombic efficiency increased to 100% after 50th cycle and remained unchanged at

100th cycle. The novel chemistry of sulfonamides opens a path for new research explo-

rations on an expansive chemical space of candidate cathode materials en route to the

development of high-performance organic-based rechargeable batteries.
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1.4. RESEARCH OBJECTIVES
The main goal of this thesis is to accelerate the discovery of organic-based cathode mate-

rials for energy storage in rechargeable LIBs and SIBs. To achieve this goal, the following

questions were considered:

How can we accelerate the virtual discovery of candidate redox-active molecules?

How can we balance the trade-offs between computational accuracy and
efficiency, specifically for the prediction of redox potentials?

Which additional performance-related descriptors can be applied for the
efficient high-throughout screening of large molecule libraries?

To address the above questions, the below specific studies have been carried out and

their results have been included in this thesis.

• The chemical descriptors related to charge-discharge process were applied.

• New computational schemes, involving fast low-level methods for structural opti-

mizations and accurate high-level methods for total energy and electronic struc-

ture calculations were designed.

• Regression models showing the relationship between different the chemical de-

scriptors and the experimentally measured redox potentials were developed.

• The synthetic complexity score was calculated and applied as a descriptor for the

feasibility of synthesis of the virtually identified candidate molecules.

• The commercially availability of all the virtually generated molecules was exam-

ined via an in-house developed automated search code.

• The structural changes between reactant and product molecules were computed

and used as a descriptor of molecular stability upon lithiation and sodiation reac-

tions.

• A molecular search space of 211,311 molecules explored through the means of

newly designed workflow and developed models.

• 349 new quinone molecules were recommended for LIBs.

• 21 new and directly purchasable quinones were recommended for SIBs.

• 52 new conjugated sulfonamides were recommended for LIBs.
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1.5. OUTLINE OF THE THESIS
In Chapter 2, we introduced the computational methodology applied in the thesis. It in-

cludes information on the high-throughput computational screening (HTCS) approach

employed for the identification of the promising candidates from a vast chemical space

of small molecules, the theory behind different computational chemistry methods em-

ployed for the classical and quantum chemical calculations, and the use of machine-

learning (ML) models for the fast prediction of molecular properties and the visualiza-

tion tool for target subsets of the larger chemical space that has been studied in the cur-

rent work.

In Chapter 3, we compared the performance of different levels of electronic struc-

ture methods for the computation of energy-related descriptors, which are used for the

prediction of the redox potential of organic quinone cathodes for LIBs. The main aim

of this part of the work was to develop a fast and yet accurate HTCS workflow for the

large-scale exploration of molecular redox potentials. First, data from seven different

experimental datasets on quinone cathode materials was collected. Then, for all the ex-

perimented molecules, three chemical descriptors, including the redox reaction energy,

the lowest unoccupied molecular orbital (LUMO) energy of reactant quinones, and the

highest occupied molecular orbital (HOMO) energy of lithiated product quinones, were

computed using density functional theory (DFT), semi-empirical quantum mechanics

(SEQM), density-functional tight-binding (DFTB), and the hybrid of SEQM/DFTB and

DFT methods. Additionally, the implicit solvation effect was considered in separate DFT

calculations. Finally, the redox potential prediction performance of the computational

methods was evaluated by linearly calibrating the computed descriptors against the ex-

perimentally measured redox data.

In Chapter 4, we applied an HTCS approach on a chemical space of 199,498 quinone

compounds and found 349 new molecules that can show good performance as the cath-

ode of LIBs. A virtual library of quinones was initially constructed by applying certain de-

sign principles. Then, an automatic search for commercially available compounds was

performed for all molecules of the virtual library. Next, an ML model, SEQM method, and

SMILES representation of the molecules were separately employed to evaluate the syn-

thetic complexity, to predict the redox potential, and to compute the gravimetric charge

capacity of the newly generated molecules, respectively. After the first tier of HTCS as

based on the metrics of synthetic complexity score (SCScore), the DFT calculations and

a structural alignment algorithm were used to recalculate the redox potentials and to un-

derstand the (de)lithiation-imposed structural changes on the carbon backbones of the

reactant and product molecules. As an important results of HTCS, a total of 349 com-

pounds were recommended for LIBs, among which one commercial quinone compound

has been experimentally tested by our collaborators. Finally, the structure-property re-

lationships of quinones as emerged this custom-made chemical space were analyzed in

order to guide the future molecular engineering efforts on quinone cathodes for LIBs.

In Chapter 5, we extended the HTCS approach to organic SIBs, and identified 21 top-
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performing and readily purchasable quinones as candidate cathode materials for SIBs.

First, 326 purchasable quinones, which had been sourced from the enumerated virtual

library as a small subset of earlier synthesized molecules, were used as the molecular

database input for HTCS. Then similar to our previous work on LIBs in Chapter 4, the

experimented quinone cathodes for organic SIBs were examined and the redox poten-

tial prediction performance of the computational models were evaluated. The cathode-

related metrics, including redox potential, gravimetric charge capacity, gravimetric en-

ergy density, and molecular stability during sodiation process, were computed to gen-

erated the data that is used for an effective ranking of all molecules in the database for

SIBs.

In Chapter 6, we applied the HTCS approach for the exploration of the neighbor-

ing chemical space of the newly discovered conjugated sulfonamides (CSAs). A molec-

ular library of 11,487 CSA-based compounds was established as based on the R-group

enumeration method. The commercial availability of the CSAs was automatically deter-

mined. The performance of various computational schemes, including DFT, SEQM and

hybrid of SEQM and DFT methods, in predicting the redox potential of CSAs was eval-

uated. Next, the redox potentials of all the CSAs were predicted using an optimal strat-

egy, which combined SEQM geometry optimizations and DFT single-point energy cal-

culations. The battery-related properties, such as SCScore, gravimetric charge capacity,

and energy density, were calculated to rank all the CSAs found in the virtual molecular

database. As a result of HTCS, we discovered 52 new promising CSAs for LIB cathodes.

In Chapter 7, we concluded the research studies of the thesis, and proposed future

directions for research on computational discovery of organic molecules from the chem-

ical space for battery cathode materials.
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This section provides an overview of the computational methodology applied in the the-

sis. It first presents the virtual screening approach targeting the material discovery from

chemical space, with a special focus on redox-active organic materials. Then the conven-

tional computational chemistry approaches that have been employed for the theoretical

property predictions are reviewed. They include force field (FF), density functional the-

ory (DFT), semi-empirical quantum mechanical methods (SEQM), and density functional

based tight binding (DFTB). Lastly, the computational software and tools that have been

used for the prediction of practical battery-relevant features, including redox potential,

synthetic feasibility, purchasability, redox stability, and structural similarity of molecules

are introduced.
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2.1. HIGH-THROUGHPUT COMPUTATIONAL SCREENING OF CAN-

DIDATES FROM CHEMICAL SPACE

The chemical space, describing the ensemble of all the possible candidates, is too vast

to be explored by any trial-and-error approach [82]. Driven by the continuing advances

in computing power and theoretical methods, high-throughput computational screen-

ing (HTCS) is regarded as a powerful accelerator to identify the high-performance can-

didates from chemical space and has already been widely applied in the field of mate-

rial discovery [83–85]. In HTCS, a library of candidate molecules or materials, obtained

either from available databases or generated with predefined design rules, is theoreti-

cally characterized with application-specific properties by employing different compu-

tational techniques to gradually filter out large chunks of compounds that do not match

the requested metrics of the predicted properties [86, 87]. This way, the candidate library

is significantly narrowed down to a collection of promising candidates, which are ready

for further in-depth theoretical examinations and in-lab experimentations. Typically,

a complete process of HTCS includes the building of a chemical library, prediction of

application-relevant properties, and down-selection of top-performing candidates. The

success of HTCS relies on the quality of the database inputs as well as the accuracy and

time- and resource-efficiency of the underlying theoretical methods.

Since the electrochemical performance indicators of organic cathode materials, such

as redox potential and specific gravimetric capacity, are highly related to the molecular

structures, establishing a virtual screening database of redox-active organics on the basis

of clearly defined chemical design principles is a straightforward approach towards the

discovery of well-performing organic cathode materials. Usually, there are three strate-

gies, including fragment combinations by linking or fusion process, and R-group enu-

meration, to virtually generate a chemical library for redox-active organic molecules [88].

In a linking procedure, a new single covalent bond is formed between two atoms that are

located in separate fragments, while fusion process denotes that a covalent bond that is

embedded in two fragments is shared. To avoid the unlimited extension of the virtual

database, the boundary of chemical space, such as number of building blocks, number

of redox-active moieties, type of functional groups, molecular weight, etc., need to be

well-defined. Thus, a custom-made library targeting a focused yet interesting chemical

space is created, in which a good hit rate can be achieved for organic cathode materials

with desired properties.

Given a newly created virtual chemical database for screening, it is essential that the

underlying methods employed in the HTCS process can predict the key cathode-related

properties, such as synthetic accessibility, redox potential, specific gravimetric capacity,

energy density, cycling stability and so on, in an efficient and accurate manner. How-

ever, there is usually a trade-off between accuracy and efficiency of the methods that

are used for property predictions. To deploy the computation cost efficiently in HTCS,

the computationally expensive calculations are supposed to be performed only for the
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most promising candidates of the screening database. Well-established computational

chemistry methods such as density functional theory (DFT) calculations, and the newly

emerging machine-learning (ML) methods are the two major techniques that are effec-

tively applied in HTCS. DFT methods involving the electronic structure simulations of

the compounds can yield accurate data, but at the expense of a high computational

cost for a large library of candidates. ML models that are trained on a similar chemical

space of the screened space, on the other hand, can advantageously improve the speed

of HTCS. More details about the computational methodology and ML approaches, which

have been applied for the different HTCS tasks that are concerned in the current thesis,

are discussed in the below sections of Chapter 2.2 and Chapter 2.3.

2.2. COMPUTATIONAL CHEMISTRY METHODS

Computational chemistry methods have played a crucial role in gaining in-depth insight

into the chemical phenomena at the nanoscale. Based on the theoretical methodologies,

computational chemistry methods can be classified under two major families: classical

molecular mechanic, in which the force field methods are included, and quantum chem-

istry methods, which are also called ab initio methods that include the popular DFT-

based and wave function-based methods. The former does not account for the electrons

as individual particles, but relies on the laws of classical physics, thus resulting in simpli-

fied simulations aimed at the speedy search for the energy minima on the potential en-

ergy surface. The latter methods apply the laws of quantum mechanics and basic phys-

ical constants, aimed at calculating the structures and properties of molecules and ma-

terials mainly through approximated solutions for the time-independent Schrödinger

equation.

2.2.1. FORCE FIELDS

A force field (FF) refers to the functional form and a set of associated parameters that are

used to estimate the potential energy of molecules or molecules in a system [89]. Co-

valent and non-bonded interactions are included in the fundamental functional form of

the FF. The covalent term consists of bonds, angles, and dihedral angles between directly

bonded atoms. The non-bonded term involves the electrostatic interactions that are cal-

culated using Coulomb’s law and the van der Waals interactions that are calculated using

the Lennard-Jones potential [90]. The parameter set, derived either from quantum me-

chanical simulations or experimental data, is provided for different types of atoms, that

is, for different elements and same elements under different chemical environments.

Since the early 1980s, a variety of FFs have been developed to target diverse systems.

The FF family of Optimized Potentials for Liquid Simulations (OPLS) are widely for small

molecules and small-molecule systems [91, 92]. The modern OPLS3e [93] implemen-

tation, which is an extended version of OPLS3 [94] and OPLS_2005 [95] FFs, shows im-

proved accuracy for torsional angle and the assessment of conformational propensities
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of small molecules over a widely covered chemical space. Due to these reasons, in the

current study we employed the OPLS3e FF for the initial three-dimensional optimiza-

tion of all the molecular structures. Accordingly, only the lowest-energy conformers of

the molecules were used as input geometries for the successive quantum chemical opti-

mizations.

2.2.2. HAMILTONIAN

In quantum mechanics, the time-independent Schrödinger equation describes the sta-

tionary state of a system. Given a many-body system that contains N electrons with

spatial coordinates ri, M atomic nuclei with spatial coordinates RI, mass MI, and charge

ZI, it can be expressed as:

Ĥ Ψ(r ,R) = E Ψ(r ,R) (2.1)

where Ĥ , Ψ(r ,R), and E represent the Hamiltonian operator, total wave function, and

total energy of the system. In atomic units, the Hamiltonian can be denoted as:

Ĥ =−1

2
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where the five terms of T̂e(r ), V̂ee(r ), V̂en(r ,R), T̂n(R), and V̂nn(R) represent the kinetic

energy of the electrons, the potential energy of electron-electron Coulombic repulsions,

the potential energy of electron-nucleus Coulombic attractions, the kinetic energy of the

nuclei, and the potential energy of nucleus-nucleus Coulombic repulsions.

It is extremely difficult to solve the above-described time-independent Schrödinger

equation and to obtain accurate wave functions for a complex many-body system. The

Born–Oppenheimer Approximation (BOA) [96], which allows for separating the wave func-

tion of electrons and atomic nuclei in many-body system, was proposed to simplify the

problem somewhat. The success of this approximation is rooted in the physical fact that

the mass of an atom’s nucleus is significantly heavier than that of its electrons. Due to

this large difference in mass, the motions of electrons are much faster with respect to the

motion of atomic nucleus. In other words, the nucleus appears as fixed in position when

compared to the fast-moving electrons. As a result, the T̂n(R) term that represents the

kinetic energy of nuclei can be neglected, and the V̂nn(R) term can be treated as a clas-

sical particle interaction. The latter is then a constant parameter, since R is not variable

in a many-body system. Thus, the electronic Schrödinger equation can be obtained as:

Ĥe Ψe(r ; R) = Ee Ψe(r ;R) (2.3)
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where Ĥe,Ψe(r ;R), and Ee are the electronic Hamiltonian, electronic wave function, and

ground-state energy of electrons, respectively. The Ĥe can be represented as:

Ĥe = T̂e(r )+ V̂ee(r )+ V̂en(r ;R) (2.4)

Within the framework of BOA, the degree of complexity of the time-independent

Schrödinger equation is significantly reduced, that is from 3(M+N) dimensional func-

tion to 3N. Accordingly, the electronic Schrödinger equation is created. Nevertheless, a

direct solution of this new equation is still quite challenging, and therefore, additional

new approximations are applied for practical use.

2.2.3. DENSITY FUNCTIONAL THEORY

Density functional theory (DFT), in which the ground state energy of electrons is deter-

mined by electronic density, can massively simplify the N-body quantum problem from

3N coordinate variables into three coordinate variables. The foundation of DFT is based

on two Hohenberg-Kohn (HK) theorems, which were proven by Hohenberg and Kohn

in 1964 [97]. Then, the Kohn-Sham equation was developed in 1965 [98] and enabled

DFT as a practical tool for theoretical calculations. To further describe the exchange-

correlation energy in the Kohn-Sham equation and improve the accuracy in this energy

term, various exchange-correlation functionals were gradually expanded into DFT. Cur-

rently, DFT methods are quite successful and powerful approaches for the calculations

of electronic structures.

In DFT, the electron density, ρ(r ), refers to the probability of finding an electron at a

spatial coordinate r , and a total number of N electrons can be given by electron density

as: ∫
ρ(r ) dr = N (2.5)

The relation between ρ(r ) and the electronic wave functionΨe can be given as:

ρ(r ) = N
∫ ∫

· · ·
∫

|Ψe(r ,r2, · · · ,rn)|2 dr2 · · · drn (2.6)

HOHENBERG-KOHN THEOREMS

The two Hohenberg-Kohn (HK) theorems state that [97]:

(1) The ground-state electronic density, ρ0(r ), uniquely determines the external potential

within an additive constant, thus determining the ground-state electronic energy, E0, of a

system. The E0 can be written as:

E0 = E [ρ0(r )] (2.7)

(2)The electron density that minimizes the energy of the overall functional is the true elec-

tron density corresponding to the full solution of the Schrödinger equation. It can be ex-

pressed as:
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E [ρ(r )] ≥ E0 (2.8)

The HK theorems state the one-to-one matching between electron densityρ(r ) and elec-

tronic energy E [ρ(r )] for a system, and enable one to find the ground-state electronic

energy by varying the electron density. However, they are abstract definitions and do not

provide any actual form of the energy functional.

KOHN-SHAM EQUATION

Later on, Kohn and Sham proposed the idea of non-interacting Kohn–Sham particles for

a system [98]. They assumed that the ground-state density of the interacting system is

equal to that of the non-interacting system residing in an effective external potential,

Veff. In this case, the interacting particles can be treated as non-interacting particles,

and the Schrödinger equation for an interacting system is converted into single-particle

equations with additional effective potential. The ρ(r ) of an N-electron system consists

of the single-electron wave functions, ϕi(r ), and can be expressed as:

ρ(r ) =
N∑

i=1

∣∣ϕi(r )
∣∣2 (2.9)

The Kohn–Sham equation for an independent particle can be given as:

(−1

2
∇2 +Veff(r )) ϕi(r ) = ϵi ϕi(r ) (2.10)

where ϵi is the orbital energy. Veff(r ) represents a local effective external potential at

spatial coordinate r and it can be given as:

Veff(r ) =−
M∑

I=1

ZI

|r −RI|︸ ︷︷ ︸
Vext(r ; R)

+
∫

ρ(r ′′′)
|r − r ′′′| dr ′′′︸ ︷︷ ︸

VH(r )

+ δExc[ρ(r )]

δρ(r )︸ ︷︷ ︸
Vxc(r )

(2.11)

where Vext(r ; R), VH(r ), and Vxc(r ) represent external potential between electron and

nuclei, Hartree potential and exchange-correlation potential, respectively. Exc[ρ(r )] is

the exchange-correlation energy that captures the energy difference between the origi-

nal interacting system and Kohn-Sham auxiliary system. The total energy of N-electron

system can be defined as:

E [ρ(r )] =−1

2

N∑
i=1

〈ϕi(r ) ∇2 ϕi(r )〉+
∫

Vext(r ; R) ρ(r ) dr + 1

2

∫
VH(r ) ρ(r ) dr +Exc[ρ(r )]

(2.12)

The Kohn–Sham equation is formally exact. If all the four terms are known, the electron

density and total energy of a many-body system can be accurately obtained. Unfortu-

nately, the mathematical expression of Exc[ρ(r )] is unknown. The Kohn–Sham equation

can be solved through the self-consistent field (SCF) approach [99], in which the initial
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wave functions, {ϕ0
i }, are estimated using a basis set. Then, ρ(r ) and Veff(r ) can be con-

structed. Next, a new set of wave functions, {ϕ1
i }, can be calculated to compare with the

initial ones. The iterative process is repeated until the wave functions {ϕn-1
i } and {ϕn

i } are

self-consistent.

2.2.4. BASIS SETS

A basis set represents a series of basis functions used to model molecular orbitals. It

can be linearly constructed from atomic orbitals, such as the Slater-type orbitals [100]

and the Gaussian-type orbitals [101]. The basis sets composed of the Gaussian-type or-

bitals are quite popular, due to their efficient computations and good accuracy. The

LACVP++∗∗ basis set with diffuse and polarization functions has been applied in the

current thesis, which combines the 6-31G++∗∗ basis set for the elements from H – Ar

and the LANL2DZ effective core basis set for the heavier elements [102]. In 6-31G basis

set, each core orbital uses a contraction of six Gaussian primitives, and the valence re-

gion is described by a contraction of three Gaussian primitives and one single Gaussian

primitive [103]. The ++ and ∗∗ indicate that the diffuse functions and the polarization

functions are considered, respectively, for both heavy atoms and hydrogens. The effec-

tive core basis sets are practically useful for the calculation of heavy atoms [104].

2.2.5. EXCHANGE-CORRELATION FUNCTIONALS

In Kohn–Sham equation, the complexity of N-electron quantum problem has been dis-

placed from E [ρ(r )] to Exc[ρ(r )]. The solution to the Exc[ρ(r )] term can be reviewed as a

significant part in the development of DFT approaches as it can directly determine the

accuracy of DFT calculations [105]. Different approximations on electron density have

been made to obtain the functionals of this term, which include the local density ap-

proximation (LDA), the generalized-gradient approximation (GGA), and hybrid density

functional approximations.

LOCAL DENSITY APPROXIMATION

The simplest approximation is the local density approximation (LDA) which assumes

that the electron density can be treated locally as a uniform electron gas [106]. Thus, the

exchange-correlation energy can be expressed as:

E LDA
xc [ρ(r )] =

∫
ρ(r ) ϵxc[ρ(r )] dr (2.13)

where ϵxc[ρ(r )] represents the exchange-correlation energy per electron of a homoge-

neous electron gas. Meanwhile, the E LDA
xc [ρ(r )] term can be linearly separated into the

exchange part (E LDA
x [ρ(r )]) and correlation part (E LDA

c [ρ(r )]), which can be written as:

E LDA
xc [ρ(r )] =

∫
ρ(r ) ϵx[ρ(r )] dr︸ ︷︷ ︸

E LDA
x [ρ(r )]

+
∫
ρ(r ) ϵc[ρ(r )] dr︸ ︷︷ ︸

E LDA
c [ρ(r )]

(2.14)
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where ϵx[ρ(r )] is exchange energy density, and can be analytically calculated by:

ϵx[ρ(r )] =−3

4
(

3

2π
)

2
3

(
3

4πρ(r )
)
− 1

3
(2.15)

Various forms of correlation energy density ϵc[ρ(r )] are used in the Wigner functional,

the Vosko-Wilk-Nusair (VWN) functional [107], the Lee-Yang-Parr (LYP) functional [108],

the Perdew-Wang92 (PW92) functional [109], etc. The LDA approximation is usually ad-

equate for the systems with slowly varying electron density.

GENERALIZED GRADIENT APPROXIMATION

In actual molecules, the particles especially electrons are not uniformly distributed. To

account for inhomogeneities in the electron density, the generalised gradient approx-

imation (GGA) was introduced, which adds the gradient of the electron density into

exchange-correlation energy term [110]. The GGA exchange correlation energy can be

represented as:

E GGA
xc [ρ(r )] =

∫
ρ(r ) ϵxc[ρ(r )] Fxc[ρ(r ), ∇ρ(r )] dr (2.16)

where ϵxc[ρ(r )] is the local exchange-correlation energy density in LDA, and Fxc refers to

the enhancement factor that can be parameterised through various approaches. Widely

used exchange-correlation functionals in GGA include Perdew-Wang91 (PW91) [111] ,

Perdew-Burke-Ernzerhof (PBE) [112], and Becke-Lee-Yang-Parr (BLYP: Becke88 exchange

functional [113] and LYP correlation functional [108]). We heavily used the PBE func-

tional in the current study.

HYBRID FUNCTIONALS

Hybrid functionals are constructed by admixing a fraction of exact Hartree–Fock ex-

change to DFT exchange-correlation [114]. Usually, the energies from the contributing

theoretical methods are linearly combined in the exchange-correlation energy of hybrid

functionals. In the current study, we mostly employed the well-accepted hybrid func-

tional of Becke,3-parameter, Lee–Yang–Parr (B3LYP) [115–117] in the community, which

can be represented as:

E B3LYP
xc = (1−a) E LSDA

x +a E HF
x +b ∆E B

x + (1− c) E VWN
c + c E LYP

c (2.17)

where a, b, and c are three empirical parameters, which are numerically 0.20, 0.72 and

0.81, respectively, for B3LYP. E LSDA
x , E HF

x , and E B
x represent the exchange functionals

from local spin density approximation (LSDA) [118], Hartree–Fock [119], and GGA-based

Becke88 [113], respectively. E VWN
c and E LYP

c are the correlation functionals from VWN[107]

and LYP [108], respectively.
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2.2.6. SEMI-EMPIRICAL QUANTUM MECHANICS

Semi-empirical quantum mechanics (SEQM) methods are derived from the Hartree-

Fock formalism and can drastically accelerate the calculations of electronic structure

properties in both ground and excited states. By applying the neglect of the diatomic

differential overlap (NDDO) integral approximation [120, 121], the computational ef-

ficiency is gained by ignoring the electron-electron repulsion energy V̂ee(r ) shown in

Eq. 2.4. The empirical corrections, as obtained from experimental or high-level theo-

retical data, are introduced to compensate the errors, thus reaching a reasonable com-

promise between computational efficiency and accuracy. Since the introduction of the

modified neglect of diatomic overlap (MNDO) model in 1977 [122–124], further refine-

ments, including modifications to core repulsion, adopting more thorough and exten-

sive parametrizations, have been done to enhance the calculation accuracy and to en-

large the application fields of NDDO-based SEQM methods. The MNDO-type methods

include MNDO, MNDOD [125], AM1 [126], PM3 [127], PM6 [128], different variants of

PM6 [129, 130], PM7 [131], and RM1 [132]. The reduced computational efforts offered

by SEQM methods make them useful for both simulations on large systems and HTCS

simulations concerning the studies on large chemical spaces. In the current thesis, we

used seven separate NDDO-based SEQM methods as part of our different HTCS efforts.

2.2.7. DENSITY-FUNCTIONAL BASED TIGHT-BINDING

Density-functional based tight-binding (DFTB) methods are derived by applying tight-

binding approximations to Kohn–Sham DFT equation. DFTB methods retain the essen-

tial aspects of DFT and combine it with the computational speed of SEQM methods that

contain small number of empirical parameters [133, 134]. In DFTB, the total energy of

a system in Eq. 2.12 is expanded into a Taylor series in terms of a small electron density

fluctuation around a reference electron density [135]. By truncating this Talyor expan-

sion series, different approximation models can be obtained in DFTB. DFTB1 [136] (non-

self-consistent-charge (NCC)-DFTB), DFTB2 [137] (self-consistent-charge (SCC)-DFTB),

and DFTB3 [138] correspond to the inclusion of the first-, second-, and third-order terms

of this Talyor series, respectively. A family of GFNn-xTB (n = 0, 1, 2) schemes have been

introduced recently as the simplified variants of DFTB3 [139–141] method. The GFN

acronym indicates that these methods are specially designed to yield reasonable geome-

tries, vibrational frequencies, and non-covalent interactions, whereas the xTB acronym

represents an extension of parameterization for the elements up to Z = 86. For the works

of the current thesis, we used the SCC-DFTB and GFN1-xTB implementations of the

DFTB method.

2.3. COMPUTATIONAL SOFTWARE AND TOOLS

In this thesis, we employed robust computational software and state-of-the-art virtual

tools for the efficient screening of large-scale molecular libraries with an aim to identify
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the best performing redox-active compounds for LIBs and SIBs.

All the calculations that are based on FF, DFT, and SEQM methods were performed

using the MacroModel [142], Jaguar [143],and Molecular Orbital Package [144] programs,

respectively, as implemented in the Schrödinger Materials Science Suite [145]. The DFTB

calculations were performed by using the Amsterdam Density Functional (ADF) [146]

software. Additional details and the parameters for each method, as applied in the indi-

vidual projects, have been provided in the respective chapters of the thesis.

In addition to physics-based computations, we also used other computational and

advanced visualization tools to accelerate the search for the most optimal candidates for

further studies.

The first tool is a machine-learning (ML) model developed by Coley et al. in 2018 [147],

which is used to prioritize the compounds that can be easily produced in lab. In the ML

model, the synthetic complexity of a molecule is correlated with the number of prece-

dent reaction steps required to produce this compound. The molecules that are easy to

be synthesized are marked with low scores, while the molecules that are hard to synthe-

size are marked with high scores. The ML model for synthetic complexity score (SCScore)

had been trained on 12 million reactions from the Reaxys database. An SCScore value,

from 1 to 5, is returned when the SMILES representation of a molecule is inputted into

the ML model. We calculated and used the SCScore for all the molecules in our virtual

molecular libraries. To validate the efficiency of SCScore metric for our molecular space,

we obtained the SCScore of the 245 previously synthesized compounds. 95% of these

compounds had low SCScores (<3).

The second tool is a in-house python code, named AMDZincSearch application, de-

veloped by the soft engineer in our group. This code is used to search the commercially

available compounds in the virtual database from ZINC database [148], which is a free

database containing 750 million commercially-available organic compounds. Mean-

while, ZINC database is also one of large vendor databases. The SMILES of the molecule

is inputted into the code and the information, including the INCHIKEY, ZINCID, vendor

page in ZINC database, molecular page in ZINC database, and vendor count, is returned.

We used this python code to identify the commercial information of the enumerated vir-

tual database.

The third tool that we used is named LS-align. This is a structural alignment algo-

rithm applied for the atomic-level structure comparisons [149]. In LS-align, inter-atom

distance with mass and chemical bond comparisons are introduced to enhance the sen-

sitivity of recognizing subtle difference of two specific candidates. The benchmark test

of LS-align had involved 1,415,871 organic-based compounds. We employed LS-align to

evaluate the structural changes of the molecules upon lithiation or sodiation reactions.

The calculated structural change data of molecules is then used as a proxy for estimating

the molecular stability over the charge-discharge processes. As inputs for LS-align algo-

rithm, the DFT-optimized geometries of the molecules, which are redox reaction pairs,

were used. As the calculation output, a low value of root-mean-square deviation (RMSD)
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for the backbone carbon atoms of the molecules was taken as an indicator for good sta-

bility.

The final tool that we worked with is the ChemPlot, which enables the visualization

of chemical space of molecules [150]. In this model, three dimensionality reduction

methods, including principal component analysis (PCA) [151], t-distributed stochastic

neighbor embedding (t-SNE) [152], and uniform manifold approximation and projec-

tion (UMAP) [153], were implemented to convert high-dimensional data into 2D. Mean-

while, two molecular similarity methods, namely structural similarity and tailored simi-

larity, can be applied by using ChemPlot. In structural similarity method, the similarity

of molecules is estimated solely based on the substructures of molecules. In the tailored

similarity method, the descriptors that describe the target property are also used to eval-

uated the similarity. In this thesis, we used the UMAP dimensional reduction technique

in combination with the tailored similarity method to visualize our molecular data sets.
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High-throughput computational screening (HTCS) is an effective tool to accelerate the dis-

covery of active materials for Li-ion batteries. For the evaluation of organic cathode mate-

rials, the effectiveness of HTCS depends on the accuracy of the employed chemical descrip-

tors and their computing cost. This work was focused on evaluating the performance of

computational chemistry methods, including semi-empirical quantum mechanics (SEQM),

density-functional tight-binding (DFTB), and density functional theory (DFT), for the pre-

diction of the redox potentials of quinone-based cathode materials for Li-ion batteries.

In addition, we evaluated the accuracy of three energy-related descriptors: (1) the redox

reaction energy, (2) the lowest unoccupied molecular orbital (LUMO) energy of reactant

molecules, and (3) the highest occupied molecular orbital (HOMO) energy of lithiated

product molecules. Among them, the LUMO energy of the reactant compounds, regardless

of the level of theory used for its calculation, showed the best performance as a descrip-

tor for the prediction of experimental redox potentials. This finding contrasts with our

earlier results on the calculation of quinone redox potentials in aqueous media for redox

flow batteries, for which the redox reaction energy was the best descriptor. Furthermore,

the combination of geometry optimization using low-level methods (e.g., SEQM or DFTB)

followed by energy calculation with DFT yielded an accuracy as good as the full optimiza-

tion of geometry using the DFT calculations. Thus, the proposed calculation scheme is

useful for both the optimum use of computational resources and the systematic genera-

tion of robust calculation data on quinone-based cathode compounds for the training of

data-driven material discovery models. 1

1This chapter has been published as: X. Zhou, A. Khetan, S. Er, Evaluation of computational chemistry meth-
ods for predicting redox potentials of quinone-based cathodes for Li-ion batteries, Batteries, 2021, 7, 71,
https://doi.org/10.3390/batteries7040071.
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3.1. INTRODUCTION
Lithium-ion batteries (LIBs) are some of the most widely investigated energy systems de-

signed to meet the ever-increasing demands for renewable energy storage and thereby to

alleviate global environmental issues [154]. Characterized by high abundance, low cost,

and relatively sustainable synthesis and recycling procedures, organic electroactive ma-

terials have received increasing attention as high-performance battery electrodes [34,

155]. They are also structurally diverse, which allows one to tune their redox and me-

chanical properties. Among the currently investigated classes of organic materials, con-

jugated carbonyls are widely studied because of their tunable structures and battery-

relevant properties [47].

Quinones, which are a broad subclass of conjugated carbonyls, have drawn huge in-

terest from the research community, especially because of their reversible electrochem-

istry with Li ions [64]. The redox mechanism of quinones can be explained by the eno-

late reactions on the carbonyl groups [156] that are stabilized by conjugation. However,

quinone-based compounds suffer from high solubility in organic electrolytes, and their

redox properties require further optimization for practical application as cathode mate-

rials [47, 157]. Therefore, various modifications, such as functionalization with chemical

groups [75], the substitution of heteroatoms [65], the fusion of aromatic rings [66], and

increasing the number of carbonyl groups [158], have been used to tune their intrin-

sic properties to improve their electrochemical performance. Given the large chemi-

cal and configurational space of electroactive compounds, high-throughput computa-

tional screening (HTCS) is a promising strategy for creating virtual libraries of diverse

electroactive compounds, predicting their performance by computing descriptors, and

identifying the most promising candidates for further validation [159–164].

Typically, HTCS studies use quantum chemical simulations for the prediction of re-

dox properties; hence, the computational cost associated with screening possibly mil-

lions of candidate compounds can become unfeasibly large. Therefore, the performance

descriptors used in HTCS need to be carefully chosen, and the trade-offs between their

accuracy and computing cost must be addressed. One of the central properties of inter-

est is the redox potential of the lithiation of carbonyl groups because it is directly pro-

portional to the cell voltage and energy density. Multiple studies have reported the rea-

sonably accurate (∼ 50 mV) prediction of the redox potential of quinones for redox flow

battery applications, in which they are treated in a single-molecule (gas phase) model

with implicit solvation [160, 165]. However, the computational prediction of redox po-

tentials with the explicit treatment of the amorphous or crystalline electrodes is a diffi-

cult challenge because it requires knowledge of the solid-state structure [166].

Although it is in principle possible to achieve higher prediction accuracy with ab-

initio simulations of the solid phase [167], such an approach is in practice computa-

tionally demanding because the amorphous or semi-amorphous nature of these solids

requires the large simulation cells and an exhaustive search for the lowest-energy struc-

ture over a typically intractable configurational space. Given the fact that the subsequent



3

32
3. EVALUATION OF COMPUTATIONAL CHEMISTRY METHODS FOR PREDICTING REDOX

POTENTIALS OF QUINONE-BASED CATHODES FOR LI-ION BATTERIES

lithiation of these structures will arguably increase the complexity multifold because

many equally probable amorphous structures of even the same compound have varying

charge capacities and redox potentials, HTCS using ab-initio methods is currently infea-

sible for the solid-phase structures of thousands of quinone-based candidates. There-

fore, a common approach for estimating the redox potentials of quinones is to perform

simulations of gas phase molecules using density functional theory (DFT) [63, 75, 158].

Although DFT has been extensively applied for performing such computations, other

less frequently used low level methods, such as semi-empirical quantum mechanics

(SEQM) and density-functional tight-binding (DFTB), hold promise to speed up struc-

ture and property predictions while retaining accuracy.

In the current work, we systematically evaluated the performance of the level of the-

ories, including DFT, DFTB, SEQM, and their hybrid combinations, for predicting the re-

dox potentials of quinone-based compounds within the gas phase model. The effective-

ness of this approximation was validated in the context of different structural variations

of the molecular backbones, including heteroatom substitutions and functionalization

with chemical groups. For the prediction of experimental redox potentials, we com-

pared the performance of three descriptors by independently calibrating them against

the available experimental electrochemical data of the compounds. These descriptors

included the reaction energy of molecules with Li atoms, the lowest unoccupied molec-

ular orbital (LUMO) energy of the reactant, and the highest occupied molecular orbital

(HOMO) energy of the lithiated product molecules. The performance of descriptors and

calculation procedures for the acceleration of redox potential prediction of vast chemical

libraries were analyzed. The developed workflow in this work was displayed in Figure 3.1.
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Figure 3.1. Workflow of predicting redox potential with quantum chemistry methods in this work.
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3.2. METHODS

3.2.1. CHOICE OF DESCRIPTORS

Within the gas phase approximation, the redox potential (E o) can be described using the

Nernst equation as follows:

E o =−∆Gr

nF
(3.1)

where ∆Gr denotes the Gibbs free energy difference between the reactant and product,

F is the Faraday constant, and n is the number of transferred electrons. ∆Gr can be

expressed as:

∆Gr =∆Er +p ∆Vr −T ∆Sr +∆(Z PE) (3.2)

where ∆Er is the change in internal energy, also called reaction energy. ∆Vr, ∆Sr, and

∆(ZPE) correspond to changes in volume, entropy, and zero-point energy, respectively.

Pressure and temperature are represented by p and T, respectively. In the gas phase ap-

proximation, the terms p ∆Vr and T ∆Sr are typically much smaller than ∆Er [166], and

they are therefore neglected in the equation. For the prediction of the redox potentials

of quinone-based organic molecules, ∆(ZPE) is sufficiently small as shown in Table 3.1.

We chose seven representative quinones ranging from one ring to four rings in size. The

zero-point energies (ZPE) have been calculated both with the PBE and B3LYP functionals

in gas phase. As can be seen, ∆(ZPE) ranges from 0.04 to 0.13 eV without any particular

dependence on the ring type or size. These values are within the range of typical DFT

errors (0.1 eV) [168] and are much smaller than the experimental uncertainty. Therefore,

∆(ZPE) can be ignored especially in HTCS studies [72, 160].

Thus, the redox potential is approximated as:

E o =−∆Er

nF
(3.3)

where ∆Er is given by: B

∆Er = EQLi2
−EQ −2 ELi (3.4)

where EQLi2
, EQ and ELi denote the total energy of a lithiated molecule, reactant quinone

molecule, and a lithium atom in gas phase, respectively. In addition to ∆Er, we also

considered the frontier orbital energies corresponding to the HOMO of the lithiated

molecule and the LUMO of the reactant molecule as descriptors for the prediction of

redox potentials [169].

The prediction performance of redox potential can be evaluated by calculating the

coefficient of determination (R2) and root-mean-square error (RMSE) of the linear re-

gression (LR) between the computational data and the measured redox potentials. To

facilitate the comparison between models with different scales, we used the normalized

RMSE (NRMSE) [170], which is defined as the RMSE for any given dataset divided by the

range of redox potentials spanned by that dataset:
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N RSE = RMSE

Rang e o f exper i ment al r edox potenti al
(3.5)

Table 3.1. 2D structures of seven quinones, and zero-point energy ZPE of reactants, lithiated prod-

ucts, and their difference ∆ ZPE, calculated with the functionals of PBE and B3LYP in gas phase.

2D molecules

PBE B3LYP
ZPE for
reactant

(eV)

ZPE for
product

(eV)
∆ (ZPE) (eV)

ZPE for
reactant

(eV)

ZPE for
product

(eV)
∆ (ZPE) (eV)

2.25 2.32 0.07 2.32 2.36 0.04

3.51 3.56 0.05 3.61 3.69 0.08

4.77 4.81 0.04 4.91 4.92 0.01

5.16 5.20 0.04 5.31 5.36 0.05

5.19 5.27 0.08 5.33 5.41 0.08

5.61 5.71 0.10 5.76 5.86 0.10

4.70 4.83 0.13 4.84 4.96 0.12

3.2.2. EXPERIMENTAL DATA FOR VALIDATION

In order to examine the validity of the gas phase approximation, we collected experi-

mental data of the lithiation redox potential of a wide variety of quinone-like electroac-

tive compounds for Li-ion batteries [63, 65, 66, 75, 76, 158, 171–173]. We separately per-

formed LR analysis on the groups of molecules from different literature sources, thus

ensuring consistency with respect to electrode synthesis, electrolyte formulation, cell

configurations, charge/discharge rates, and other experimental conditions. While nu-

merous experimental studies have been reported on quinone-like electrodes, we identi-

fied seven experimental datasets [63, 65, 66, 75, 76, 158, 172], as shown in Table 3.2, that

satisfied the following five criteria: (1) the total number of different compounds that

have been tested should be at least three, which is essentially the minimal number of
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points for a LR model; (2) the redox potentials of the different molecules should span a

range that is wider than 0.1 V vs Li/Li+, as this value is similar to errors in DFT calcula-

tions [168]; (3) the redox potentials of compounds that involve a two-electron lithiation

process should be clearly specified rather than be presented as a range of values [173]; (4)

the lithiation sites on the molecules should be limited to the carbonyl groups that are di-

rectly attached to the rings of quinones, as opposed to the chemical functional groups of

the molecules; and (5) molecules with more than four rings should be ignored because

it is known that the π-π stacking interaction between quinones rapidly increases with

the number of aromatic rings [174] and the intermolecular interactions consequently

increase, which is likely to result in errors within the gas phase approximation [167].

In addition to these criteria, 5,5’-difluoro-2,2’-bis-p-benzoquinone (F2-BBQ) [63] from

dataset No. 5 was removed because of its fast decomposition (12% capacity retained

after 20th cycle) and therefore lack of discharge voltage data. As a result, a total of 39

compounds divided into seven sets were identified for the validation of the descriptors

and computational models. The two-dimensional (2D) structures of these compounds

are shown in Figure 3.2.

1

2

3

4

5

6

7

Figure 3.2. 2D structures of the molecules that were used for the calibration of computational

methods. A total of seven different experimental datasets were considered in the current study.

As shown in Figure 3.2, the experimentally tested compounds exhibit good struc-

tural diversity in terms of quinone-based backbones and their functional derivatives.

The molecules contain a maximum of four rings and four C=O groups as lithiation sites,

which are located at the para and ortho positions on the rings. Apart from the het-
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Table 3.2. A summary of experimental data for each of the seven calibration datasets.

Dataset Electrolyte Number Discharge Range of Data

1 1 M LiPF6–EC + DEC (v/v = 3:7) 4 0.1 mA 0.60 V Table

2 1 M LiPF6–EC + DMC (w/w = 1:1) 4 1 Li per 5 h 0.44 V Text

3 1 M LiPF6–EC + DMC (w/w = 1:1) 5 1 Li per 5 h 0.66 V Table

4 1 M LiPF6–EC + DMC (v/v = 3:7) 6 1 mV/s 1.55 V Text

5 2.75 M LiTFSI–Tetraglyme 8 40 mA/g 0.30 V Table

6 1 M LiTFSI–Tetraglyme 5 40 mA/g 1.00 V Table

7 1 M LiPF6-PC 7 1 Li per 10 h 0.82 V Text

∗ Table and Text indicate the original source in the corresponding literature from which the data were ex-
tracted.

eroatomic substitutions of ring carbons with N, O, and S atoms, several compounds are

functionalized with a wide selection of electron-donating and -withdrawing groups, in-

cluding –CH3, –CF3, –C4F9, –C6F13, –Cl, –COOH, –NH2, –CH3, –Br, –C4H9, –CH(CH3)2,

–C(CH3)3, –OCH3, –COOLi, and –COOCH3. The measured values of redox potentials

were obtained by two different experimental techniques: galvanostatic cycling and cyclic

voltammetry. Further details on the electrolytes, discharge rates, and type of data source

that was used to obtain the measured redox potentials are summarized in Table 3.2, and

the operation voltage and charge/discharge windows for the seven datasets are tabu-

lated in Appendix A Table A.1.

3.2.3. COMPUTATIONAL SCHEME

To compare the accuracy of various theoretical methods for the prediction of redox po-

tentials, we propose a computational workflow that includes the following steps:

(1) The three-dimensional (3D) molecular geometries were initially created by using the

Maestro editor in the Schrödinger Materials Science Suite [145].

(2) A search for the lowest energy conformer was performed for all the compounds using

the OPLS3e [93] force field.

(3) The lowest energy conformers were further optimized in the gas phase with various

SEQM, DFTB, and DFT methods that are described below. As an additional step, single

point energy (SPE) calculations using two representative DFT methods were performed

on frozen atom coordinates obtained from the SEQM or DFTB optimizations. Altogether,

these optimizations yielded descriptor data that were obtained at three levels of approx-

imation: SEQM or DFTB, DFT, and a hybrid of the two.

(4) To explore the possible contributions of solvation effects (as explored in previous
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studies [165, 175]), SPE calculations were performed again in an implicit solvation en-

vironment within the standard Poisson-Boltzmann Formalism (PBF)[176], in which the

parameters for the solvent phase were set according to the experimental conditions from

each dataset.

The conformational search was performed by using the MacroModel [142] module.

The MOPAC [144] and Jaguar [143] programs, both as implemented in Schrödinger Ma-

terials Science Suite, were used to perform the SEQM and DFT calculations, respectively.

The DFTB calculations were carried out using the ADF software [146]. Seven SEQM

methods were considered here to perform the geometry optimizations: AM1, MNDO,

MNDOD, PM3, PM6, PM6-D3H4X, and PM7. GFN1-xTB [140] and SCC-DFTB [137] with

the parameter set of QUASINANO2015 [177] were selected for the DFTB based geometry

optimizations. Two exchange-correlation functionals, also with and without Grimme’s

D3 dispersion corrections, were employed in the DFT simulations; these included PBE,

PBE-D3, B3LYP, and B3LYP-D3. The LACVP++∗∗ [102] basis set with diffuse and polariza-

tion functions was used for the DFT calculations. For DFT optimization calculations, we

used grids with medium point density, whereas for DFT SPE calculations, we used finer

grids. The hybrid scheme, i.e., the DFT calculated SPE on the SEQM- or DFTB-optimized

coordinates, was performed without the dispersion corrections, as they showed no sig-

nificant advantage when using the full DFT-based calculation scheme. The dielectric

constant, molecular weight, and density of the electrolyte solvent used for the SPE calcu-

lations involving the implicit solvation effect are provided in Appendix A Table A.2. The

values for binary solvents were calculated based on their molar ratios in the mixtures.

3.3. RESULTS AND DISCUSSION
To identify an optimal descriptor and prediction method for HTCS, we developed LR

models between the experimental redox potentials and the calculated descriptors (∆Er,

LUMO, and HOMO energies) for each of the seven datasets. The scatter plots for the

NRMSE of the three descriptors that were calculated at three rungs of a computational

ladder (DFT, SEQM, and DFTB) are shown in Figure 3.3, and their numerical data are pro-

vided in Appendix A Tables A.3 – A.5. The corresponding R2 and RMSE data are shown

in Appendix A Figure A.1, Table A.6 – A.8 and A.9 – A.11. We begin with a discussion of

the performance of the three descriptors at the highest level of theory considered in this

work; the DFT calculated results as shown in Figure 3.3a–c. Firstly, when using HOMO

energy as the descriptor, there was considerable spread in NRMSE values for the vari-

ous DFT methods for all datasets (Figure 3.3c). Secondly, when using ∆Er (Figure 3.3a),

the NRMSE spread was ∼ 10%, except for dataset No. 2, for which the NRMSE ranged

from 3.82% to 29.78%. Thirdly, when the reactant molecule’s LUMO energy was used

as the descriptor (Figure 3.3b), all DFT methods showed quite similar performance for

each dataset, with an NRMSE spread of approximately 5%. A consensus between the

various DFT methods applied in the current study reveals the optimized structures and

the corresponding energies of the lithiated molecules cause the problem, thus leading to
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unfavorable NRMSE spread. In addition, when considering DFT methods without im-

plicit solvation, the LUMO energy was found to be the best descriptor for predicting the

redox potentials not only because of the high consistency between various DFT methods

on NRMSE but also because of its lowest prediction error among three descriptors.
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Figure 3.3. NRMSE of three descriptors — ∆Er, LUMO energy, and HOMO energy — calculated

with (a–c) DFT functionals, (d–f) SEQM methods, and (g–i) DFTB methods for the seven datasets.

PBEg and PBEs represent the calculation of single point energy in the gas (g ) and solvent phases

(s ), respectively. The shaded vertical bars in (b, e, h) show the fully B3LYPg calculated data.

In a recent study, we showed that the redox potential of the concerted proton-electron

reduction of quinones in aqueous flow batteries is most efficiently predicted by using

∆Er as the descriptor [160]. As shown in Figure 3.3, the relatively better performance of

the LUMO energy when used as a descriptor for the redox potential predictions of Li-ion

batteries can be explained by noting that the gas phase approximation to the solid-state

structures became more erroneous. This was likely because the lithiation led to signifi-

cant changes in both the solid structures and their associated energies of inter-molecular
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interactions. Moreover, the computation of lithiated molecules not only led to a signifi-

cant drop in the prediction accuracy of redox potentials but also doubled the calculation

efforts. Therefore, these findings are expected to have major implications for strategizing

future HTCS efforts from the standpoint of prediction accuracy and computational cost.

The inclusion of implicit solvation in the DFT calculations of SPE had varying degrees of

effect on prediction performance. The inclusion of solvation improved the energetic of

lithiated quinones (though not consistently among the datasets), as can be seen in Fig-

ure 3.3c with a decrease in NRMSE values when using the HOMO energy descriptor. On

the other hand, the inclusion of solvation had negligible effect for reactant quinones, as

can be seen in Figure 3.3b with the performance of the LUMO energy descriptor. Since

the DFT treatment of lithiated molecules in the gas phase model is prone to errors when

predicting the measured potentials (as discussed above) and the fact that the inclusion

of implicit solvation requires additional computing power, there is no clear advantage of

including implicit solvation models for the calculation of chemical descriptors from the

perspective of HTCS.

Regarding the performance of the DFT functionals, when the LUMO energy was used

as the descriptor, B3LYP performed better than PBE in five datasets and was compara-

ble to PBE in the remaining two datasets (Figure 3.2b; see also Appendix A Table A.4).

Moreover, the dispersion corrections to either of the two DFT functionals had insignifi-

cant effects on the prediction performance. Accordingly, we chose the results from the

B3LYP functional as our benchmark and compared the results from the low-level theo-

retical methods to them. When comparing the accuracy of the three descriptors calcu-

lated with various SEQM (Figure 3.2d–f) and DFTB methods (Figure 3.2g–i), the trends

in the results showed similarities to those of the DFT simulations. As one can expect,

the overall errors for SEQM and DFTB were higher than DFT. Though the LUMO energy

emerged as the best performing descriptor again, ∆E r did not show good performance.

In addition, as evidenced by the performance of the HOMO energy as the descriptor,

the treatment of lithiated compounds with SEQM and DFTB was significantly more er-

roneous than with DFT. It must also be noted that even when using the LUMO energy as

the descriptor, the SEQM methods had a larger NRMSE spread than the DFT methods.

As shown in Table 3.3, the ranking of SEQM methods based on average of the NRMSE for

the seven datasets was: AM1 > PM7 > PM6-D3H4X > PM6 > MNDOD > PM3 > MNDO.

In the group of DFTB methods, GFN1-xTB showed a better prediction accuracy than

SCC-DFTB for all seven datasets. Based on these results, AM1 and GFN1-xTB emerged

as the best performing SEQM and DFTB methods, respectively.

A common feature of DFT, SEQM, and DFTB calculations was that their performance

on datasets No. 4, 5, and 7 was comparably worse than on the other sets. In dataset

No. 4, the number of rings in molecules varied from one to three, which indicates that

the varying degree of π−π interactions are likely to increase the non-systematic errors

when using the gas phase model. In experiments with dataset No. 5, the Cl- and Br-

substituted quinones were shown to display high solubility in the electrolyte, and the
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Table 3.3. Average NRMSE of the seven datasets for the LUMO energy descriptor as calculated with

B3LYP, SEQM, DFTB, and the hybrid schemes of SEQM (or DFTB) and B3LYP.

Methods Average NRMSE Methods Average NRMSE

B3LYPg 12.65% AM1/B3LYPg 13.83%

AM1 16.10% PM7/B3LYPg 11.46%

MNDO 19.61% AM1/B3LYPs 12.76%

MNDOD 17.50% PM7/B3LYPs 12.25%

PM3 18.17% GFN1-xTB/B3LYPg 12.99%

PM6 17.27% SCC-DFTB/B3LYPg 11.60%

PM6-D3H4X 17.16% GFN1-xTB/B3LYPs 13.11%

PM7 17.13% SCC-DFTB/B3LYPs 12.01%

GFN1-xTB 15.85%

SCC-DFTB 19.60%

discharge potentials were obtained by averaging the area under the charge-discharge

curves. It is possible that these factors incurred large uncertainties in dataset No. 5. Fi-

nally, for HTCS purposes, we note that the prediction accuracies of the SEQM methods

were not significantly worse than the DFT benchmark for the LUMO energy descriptor.

Although the average NRMSE values of the seven datasets for AM1, PM7, and B3LYP were

16.10, 17.13, and 12.65%, respectively (Table 3.3), the low-level methods were approxi-

mately 103 times faster to compute. As shown in Figure 3.3e, the prediction accuracies of

the SEQM methods were almost as good as the DFT simulations for datasets No. 1, 2, and

5, but they were slightly worse for datasets No. 3, 4, 6, and 7. The average NRMSE values

for GFN1-xTB and SCC-DFTB were 15.85 and 19.60%, respectively. The DFTB methods

showed similar prediction accuracies to DFT for datasets No. 1, 2, 4, and 5, though they

were comparably worse for datasets No. 3 and 6.

The hybrid scheme of using DFT calculations of SPE on frozen atom coordinates

from SEQM or DFTB optimizations was further explored with the aim to improve the

prediction accuracy of low-level methods. The NRMSE, R2, and RMSE of hybrid calcula-

tions for three descriptors are shown in Figure 3.4 and Appendix A Figure A.2, Table A.6

– A.8 and A.9 – A.11. Two SEQM (AM1 and PM7) and two DFTB (GFN1-xTB and SCC-

DFTB) methods were used for the geometry optimizations, and these were followed by

SPE calculations using the B3LYP functional. Yet again, the relative behavior of the three
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Figure 3.4. NRMSE of three descriptors: ∆E r , LUMO energy, and HOMO energy. The hybrid

schemes of SEQM/DFT (a–c) and DFTB/DFT (d–f) were used for the seven datasets. Accordingly,

AM1/B3LYPg and AM1/B3LYPs suggest that the molecules were optimized only with AM1, and

their energies were calculated by using B3LYP functional either without or with solvation effect,

respectively. The shaded vertical bars in (b, e) show the fully B3LYPg calculated data.

descriptors remained unchanged across all seven datasets, and the LUMO energy clearly

emerged as the most accurate descriptor with the lowest NRMSE. Remarkably, when us-

ing the LUMO energy as the descriptor, the performance of the hybrid scheme was just

as good as the DFT calculations across the seven datasets (Figure 3.4b & e). Within the

gas phase approximation, the notable similarities between the hybrid scheme and DFT

results suggest that the differences between the bare low-level calculations and the full

DFT calculations originated from the prediction of energies rather than the difference in

geometries. It can be observed that inclusion of implicit solvation led to a miniscule ef-

fect on the prediction accuracy when using the LUMO energy descriptor, which was the

same as the case of the full DFT calculations. The average NRMSE of the hybrid scheme

PM7/B3LYPg (11.46%) was slightly less than that of AM1/B3LYPg (13.83%), which was

different than the performance of the bare SEQM calculations. A similar conclusion

was reached for the hybrid scheme of DFTB and DFT, for which the SCC-DFTB/B3LYPg

(12.01%) slightly outperformed GFN1-xTB/B3LYPg (13.11%), and the bare GFN1-xTB re-

sults had smaller average NRMSE values than the bare SCC-DFTB results. According

to these findings, the PM7 and SCC-DFTB methods are efficient for geometry optimiza-

tion, and the AM1 and GFN1-xTB methods are better at predicting energies. In summary,

when the LUMO energy is used as the descriptor for the prediction of measured redox
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potentials, the hybrid scheme PM7/B3LYPg is the best choice.

3.4. CONCLUSIONS
A systematic evaluation of theoretical methods of varying levels of accuracy and compu-

tational cost was performed in order to devise an effective strategy for accelerating the

prediction of the redox potentials of quinone-based cathode materials for Li-ion bat-

teries. Two DFT functionals with dispersion corrections, seven SEQM and two DFTB

parametrizations were considered for evaluation. In addition, hybrid schemes that in-

volve SEQM, DFTB, and DFT methods, were also considered. Three energy-related de-

scriptors — ∆E r , the LUMO energy of the quinones, and the HOMO energy of lithiated

quinones — were used against the measured redox potential data of 39 quinone-based

cathode materials. The LUMO energy of the reactant molecules clearly emerged as the

best descriptor at all levels of the considered theory. The inclusion of an implicit sol-

vation model during energy calculations showed a negligible improvement when pre-

dicting the redox potentials. Combinations of low-level geometry optimization, either

with SEQM or DFTB, and high-level self-consistent single point energy calculation with

DFT (B3LYP) offered similar accuracies as the full DFT optimization calculations but at

only a fraction of a computational effort. Thus, we anticipate that the evaluation of the

performance of descriptors and computational methods, as well as the proposed com-

putational scheme of low- and high-level methods, will be useful for future explorations

of the vast chemical space of quinone-based cathode materials for Li-ion batteries.

SUPPLEMENTARY INFORMATION
Supplementary information is available in Appendix A.
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Organic cathode materials are attractive candidates for developing the high-performance

Li-ion batteries (LIBs). The chemical space of candidate molecules is too vast to be explored

solely by experiments, however, it can be systematically explored by high-throughput com-

putational search that incorporates a spectrum of screening techniques. Here, we present

a time- and resource-efficient computational scheme that incorporates machine learn-

ing and semi-empirical quantum mechanical methods to study a chemical space of ap-

proximately 200,000 quinone-based molecules for use as cathode materials in LIBs. By

performing an automated search on a commercial vendor database, computing battery-

relevant properties such as redox potential, gravimetric charge capacity, gravimetric en-

ergy density, synthetic complexity score, and evaluating the structural integrity upon the

lithiation process, a total of 349 molecules were identified as potentially high-performing

cathode materials for LIBs. The chemical space of the screened candidates was visualized

using dimensionality reduction methods with an aim to further downselect the best can-

didates for experimental validation. One such directly purchasable candidate, 1,4,9,10-

anthracenetetraone, was analyzed through cyclic voltammetry experiments. The mea-

sured redox potentials of the two lithiation steps, E o
exp, of 3.3 and 2.4 V, were in good agree-

ment with the predicted redox potentials, E o
B3LYP, of 3.2 and 2.3 V vs Li/Li+, respectively.

Lastly, to lay out the principles for rational design of quinone-based cathode materials be-

yond the current work, we constructed and discussed the quantitative structure property

relationships of quinones based on the data generated from the calculations.

1

1This chapter has been submitted.
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4.1. INTRODUCTION
Redox-active organic materials, including carbonyls [178], conducting polymers [179],

organosulfur compounds [180], organic radicals [181], and imine compounds [182] are

emerging as promising electrode alternatives to their inorganic counterparts for Li-ion

batteries (LIBs) owing to their abundant source elements, sustainable synthesizability,

structural and electrochemical property tunability. Among the variety of organic mo-

tifs, conjugated carbonyls are one of the earliest investigated energy storage materi-

als for battery applications, whose history dates back to 1970s [36]. To date, carbonyl-

containing organics, such as quinones [157], aromatic imides [183], anhydrides [184],

and ketones [185], have been explored as electrode materials for LIBs.

Quinone-based small molecules are particularly attractive in the research commu-

nity as they offer high theoretical specific capacity, promising redox stability, and can

be sourced from biomass [157, 186]. However, in comparison to the state-of-the-art in-

organic cathode materials, small quinones have not yet been found to be sufficiently

viable in terms of actual redox potentials and cycling stability [34, 59, 62]. Improve-

ments in the electrochemical performance of the quinone-based cathode materials are

possible by fine-tuning their molecular structure through different approaches, includ-

ing the functionalization with R-groups [63], fusing of aromatic [172] or heteroaromatic

rings [74] together, and incorporation of additional redox-active carbonyl groups [69].

Going beyond the Edison’s trial and error experiments, high-throughput computa-

tional screening (HTCS) has emerged as a powerful approach for accelerating the dis-

covery of high-performing material candidates. Owing to the ever-increasing computa-

tional power and the new analysis tools that are based on robust theoretical approaches,

HTCS has become an efficient means for the computational exploration of large ’vir-

tual chemical spaces’ [159, 187–191]. However, previous studies on quinone-based LIB

cathode materials have been restricted to modest number of molecules which were de-

rived from a limited range of often intuitively chosen quinone core structures, includ-

ing cyclohexa-2,5-diene-1,4-dione (BQ) [72, 175, 192], naphthalene-1,4-dione (NQ) [158,

175, 193], anthracene-9,10-dione (AQ) [73, 158, 194–197], and phenanthrene-9,10-dione

(PQ) [73, 74, 158]. These investigations of chemical spaces, although around few quinone

core structures, have offered useful insights on the effectiveness of various strategies,

such as functionalization and ring-fusion. However, the effect of these strategies, espe-

cially in terms of often competing performance requirements, have not yet been suf-

ficiently well explored for a large range of quinones that span across several functional

groups, ring numbers and number of redox-active carbonyl groups that can interact with

Li.

In this work, we tapped into a large chemical space of systematically enumerated

quinones by means of HTCS with two principal goals: (1) finding the top-performing

candidates which can be validated experimentally, and (2) deciphering the trends in

the battery performance-related properties induced by pondered molecular engineer-

ing. The structure-property relationships emerging from the second step can be used as
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guiding design principles for future discovery efforts. The workflow of chemical space

exploration of organic molecules conceptualized and applied in this work is shown in

Figure 4.1. The HTCS approach has been carried out in five major steps:

• Library generation: A virtual library consisting of 199,498 unique quinone molecules

was designed and developed by employing three elementary molecular building-

blocks and four chemically different R-groups.

• Property computations: An automated search for the commercial availability of

the virtual library molecules in the ZINC database [148] was performed, in which

matching records for a total of 245 compounds were found. In addition, the sim-

plified molecular input line entry system (SMILES) representations of all the vir-

tual library molecules were used as inputs for a machine learning (ML) model that

predicts the synthetic complexity score (SCScore) of the molecules. Next, we em-

ployed semi-empirical quantum mechanics (SEQM) calculations to optimize the

geometries of molecules, and to calculate their redox potentials via a linear regres-

sion model. Further, the theoretical gravimetric charge capacity (Q) and energy

density (W ) of the virtual molecules were calculated.

• DFT simulations: A small proportion of the entire library of 199,498 molecules,

which were either commercially available or easily synthesizable, was treated with

density functional theory (DFT) calculations. Accordingly, 641 molecules were fur-

ther optimized and their properties were recalculated at a higher level of accuracy.

In addition, to determine the stability of molecules, we used a structural align-

ment algorithm and analyzed the deviations between DFT-optimized structures

of the pre- and post-lithiated molecules.

• Virtual screening: Out of the 641 candidates that have been considered in DFT-

calculations, 430 molecules have satisfied the molecular stability criterion enforced

in the current work. Moreover, 349 of these 430 molecules have met the prescribed

criterion for redox potential. Lastly, we employed Uniform Manifold Approxima-

tion and Projection (UMAP) dimension reduction technique in combination with

the tailored similarity method in order to obtain a non-linear dimensional reduc-

tion of the top-candidate molecular chemical space.

• Experimental validation: For real-lab validation, we performed electrochemical

measurements on a readily purchasable molecule from the list of top-compounds

that had been identified via the virtual screening.

In addition to providing a list of top-grade quinone-based candidate molecules for LIBs,

we also included here a structure-property analysis of the entire virtual library molecules.
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Figure 4.1. An overview of the data-driven computational and experimental workflow that has

been applied for the exploration of the quinone-based LIB cathode materials in the current study.

4.2. METHODOLOGY

4.2.1. VIRTUAL LIBRARY GENERATION AND VENDOR SEARCH

Figure 4.1 shows the material discovery workflow implemented in this work. The first

step (Figure 4.1a) was the generation of the virtual library by enumerating all possible

quinone molecules within some well defined compositional constraints. For achieving

this, the core quinone structures (CQSs) of the virtual library were first created system-

atically by combining three elementary building blocks: 1,4-benzoquinone (carbonyl

groups at para position), 1,2-benzoquinone (carbonyl groups at ortho position) and ben-

zene. The usage of para- and ortho-quinones as building blocks for the core structures
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theoretically promotes a 2e−–2Li+ reaction, thus enabling ring aromatization during the

lithiation process [59]. The building blocks were then fused to exhaustively generate all

possible CQSs that had a maximum of four six-membered rings. This constraint was

implemented based on the expectation that the single-molecule approximation for pre-

diction of cathode properties will likely become more erroneous with increasing number

of rings due to increasing π-stacking interactions [167].

In addition to the size constraint, the CQSs contained either two or four C=O groups,

in other words, a maximum of two quinone building block molecules per CQSs were

allowed. Applying these two structural constraints, 170 unique CQSs were generated,

which can be classified into five main groups based on the number and position of car-

bonyl groups. The molecules that consist of one para-benzoquinone ([P]), one ortho-

benzoquinone ([O]), two para-benzoquinone ([P+P]), two ortho-benzoquinone ([O+O]),

and one para-benzoquinone and one ortho-benzoquinone ([P+O]), are shown in Ta-

ble 4.1. Accordingly, the molecular skeletons of [P] and [O] can undergo one pair of lithi-

ation reactions leading to aromatization, whereas [P+P], [O+O], and [P+O] can undergo

two pairs of lithiation reactions.

Table 4.1. (Top) Classification of lithiation sites that are found on the core quinone structures

(CQSs) from the virtual library. (Below) An overview of the generated virtual library, where the

number of functionalized molecules include all the derivatives that have been obtained by the

enumeration of CQSs with the four different R-groups.

Type of
carbonyl

groups

+

[P + O]P O

+

[O + O]

+

[P + P]

Number of
rings

Number of
core quinone

structures

Maximum number of
functionalized

positions

Number of
functionalized

molecules

1 2 4 62

2 9 6 793

3 32 8 11,696

4 127 10 186,947

Total 170 - 199,498

Finally, the fused CQSs were functionalized by replacing the peripheral H atoms on

the rings with four different R-groups: –Cl, –CH3, –OCH3, and –NH2. These electron-

withdrawing and electron-donating chemical groups were chosen to enlarge the elec-
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trochemical window of the CQSs [34, 164, 198]. Each core structure was exhaustively

enumerated from zero up to the maximum number of positions available for function-

alization. The enumeration of the virtual library was performed automatically using the

Custom R-Group Enumeration tool as implemented in Schrödinger Materials Science

Suite (SMSS) [145]. An overview of the statistical decomposition of the virtual library,

which contained 199,498 unique quinone-based molecules, is shown in Table 4.1. The

structures of the complete family of 170 CQSs, including their 2D structure drawings and

SMILES representations, as well as the total number of R-group functionalized deriva-

tives per CQS, are given in Appendix B Table B.1.

After generating the virtual library, an automated search for finding the commercially

available (CA) molecules was performed using an in-house developed tool on the ZINC

database, which contains vendor information data on 750 million purchasable com-

pounds [148]. This tool uses SMILES strings of molecules as the inputs and collects the

available vendor information from the ZINC database. The search resulted in match-

ing records of 245 organic compounds, which represents a tiny fraction (≤ 0.13%) of the

grand virtual library that has been built in the current work. This indicates a vast chem-

ical space of molecules that can possibly be synthesized and explored for application as

quinone-based cathode materials in LIBs.

4.2.2. SYNTHETIC COMPLEXITY PREDICTION

While HTCS studies report numerous promising new compounds, their synthesizability

is a crucial aspect that is often overlooked during screening. This is partly due to there

being lack of reliable and rigorous descriptors of synthesizability of organic compounds.

In an attempt to address this crucial aspect, we calculated the SCScore, a recently pro-

posed metric by Coley et al. [147], which provides an assessment of not directly the syn-

thesizability but the synthetic complexity of organic molecules. The model to assign SC-

Score was developed by training an artificial neural network on nearly 12 million known

chemical reactions. It accepts the SMILES string of a molecule as the input and returns

its predicted SCScore on a continuous scale from 1 to 5, where a high SCScore indicates

high complexity (and therefore, by proxy, low synthesizability) of precedent synthetic

routes for a compound, and vice versa.

4.2.3. REDOX POTENTIAL PREDICTION

The redox potentials of quinone molecules were predicted at the SEQM level of theory

for the entire virtual library, and at the DFT-level for the select group of 641 molecules. At

first, the lowest-energy conformers of all the molecules in gas phase were pre-optimized

with the OPLS3e [93] force field using the MacroModel [142] module in SMSS. Next, ge-

ometry optimization (OPT) and single-point-energy (SPE) calculations were performed

for the whole library at the SEQM-level with the AM1 method default parameters [126].

For these SEQM calculations, the MOPAC2016 [144] software package as implemented

in SMSS was employed. Based on the earlier recommendations for the choice of meth-
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ods [199], we used the LUMO energies of the quinone reactant molecules that have been

optimized at the AM1-level as a descriptor for predicting the redox potentials of all the

molecules of the virtual library. Accordingly, the applied linear regression equation is

given as:

E o
AM1 (V vs Li/Li+) =−0.88 × [E LUMO

AM1 (eV)]+1.07 (4.1)

where E o
AM1 and E LUMO

AM1 denote the redox potential and the LUMO energy of quinone-

based molecules computed at the SEQM-level, respectively. For a group of 641 down-

selected candidates, further OPT and SPE calculations were performed at a higher, DFT-

level, of accuracy using the B3LYP functional [108, 113] with the LACVP++∗∗ [102] basis

set with diffuse and polarization functions. The DFT calculations were performed us-

ing the Jaguar program [143] as implemented in SMSS. The change in energy and RMS

density matrix were separately converged to within 5.0×10−5 and 5.0×10−6 Hartree. A

‘medium’ grid density was chosen for performing OPT, whereas a ‘fine’ grid density was

used for SPE calculations. Similar to above, a linear regression equation, which instead

uses the DFT-calculated LUMO energies of the optimized quinone reactant molecules,

was employed to predict redox potentials. This equation is given as:

E o
B3LYP (V vs Li/Li+) =−0.70 × [E LUMO

B3LYP (eV)]+0.042 (4.2)

where E o
B3LYP and E LUMO

B3LYP denote the redox potentials and LUMO energies of quinone-

based molecules computed at the DFT-level, respectively. It should be noted that both

Eq. 4.1 and 4.2 are valid for an electrolyte formulation of 1 M LiPF6 with (w/w = 1:1)

mixture solution of ethylene carbonate (EC) and dimethyl carbonate (DMC) [66].

4.2.4. GRAVIMETRIC CHARGE CAPACITY AND ENERGY DENSITY CALCULA-
TION

Another primary metric of electrochemical performance of cathodes is their Q, which

represents the number of charge carriers in per unit mass of active cathode material.

While the real value of Q for any cathode material will depend on its actual structural

composition, molecular packing, and the thus determined density, a theoretical upper

limit of Q can be defined as [200]:

Q (mAh/g) = nF (C/mol)

3.6M (g/mol)
(4.3)

where M is the molecular weight of the quinone molecules in g/mol, n is the number

of transferred e−, and F is the Faraday constant. For quinone-based molecules in the

current work, we assumed that n is equal to the number of carbonyl groups in a CQS.

The molecular weights were calculated using the SMILES as inputs in SMSS. Similarly,

the W of organic cathode materials is defined as [200]:
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W (Wh/kg) =
∫ Q

0
E(q) d q ≈ E o × Q (4.4)

where E o represents the average redox potential of the cathode material with respect

to Li/Li+. The molecular dataset containing the calculated Q and W values has been

provided for future validation against experimental results.

4.2.5. MOLECULAR STABILITY PREDICTION

The chemical stability of quinones is a widely debated topic, not only because of their

use as electrode materials [72, 194] but also as redox active materials in flow batter-

ies [159, 192, 201]. The mechanisms that cause chemical instability in quinones differ

not only depending on their molecular structure but also on the electrochemical envi-

ronment of the surrounding electrolyte, the charge-discharge potentials and rates, and

impurities. For use as electrode materials, the change in internal bond lengths upon

(de)lithiation is one of the important descriptors of chemical stability because signifi-

cant bond changes in redox-active molecules are likely to result in instability due to geo-

metrical and mechanical deformations of the electrode [159, 202–204]. Apart from these,

structural deformation upon electron transfer is strongly correlated to the molecule’s re-

organization energy [192], which affects the (de)lithiation kinetics.

In the current study, to scrutinize the structural changes upon lithiation reactions,

we calculated the root mean square deviation (RMSD) between the reactant and prod-

uct molecules for all the down-selected 641 candidates. For this task, we employed the

LS-align algorithm [149], which is an iterative and heuristic tool for atom-level struc-

tural comparisons of the molecules. We used the DFT-level optimized reactant and

product molecular geometries for the comparisons. To ensure consistency over the ex-

plored space of candidate molecules, the calculation of RMSD was based only on the

carbon backbones of the pre- and post-lithiated CQSs. The backbone carbon atoms

were selected not only because they represent proportionally the largest atomic frac-

tion count in quinone backbones but also because they undergo notable aromatization-

driven changes due to lithiation. It must be noted that the inclusion of the contribution

of non-core atoms to RMSD is anyway likely to be erroneous in the gas phase approx-

imation that has been adopted here. This is because these peripheral atoms are high

likely to be affected by the inter-molecular interactions in the solid phase.

4.2.6. CHEMICAL SPACE VISUALIZATION

We used ChemPlot [150] to effectively visualize the final screened set of 349 molecules for

further analysis and selection of best candidates for experimental validation. ChemPlot

includes three types of dimensionality reduction methods to convert high-dimensional

data into visually interpretable two-dimensional plots. A motivation here for applying

the dimensionality reduction methods was to find molecules for experimental validation

that are structurally ’different’ from molecules that have previously been investigated in



4

52 4. DISCOVERY OF LEAD QUINONE CATHODE MATERIALS FOR LI-ION BATTERIES

literature. To start with, we classified the molecules in the set of 349 as either Already-

investigated, CA or Low-SCScore. We used the UMAP [153] and tailored-similarity meth-

ods, both as implemented in ChemPlot, for visual clustering of the 349 molecules.

It is important to note that some CQSs, such as BQ [72, 192], NQ [158], AQ [73, 158,

194–197], PQ [73, 74, 158], and several others [65, 69, 205] found in our screening li-

brary, have been investigated in recent literature as cathode materials for LIBs. Thus,

these molecules were classified as Already-investigated. After excluding the Already-

investigated molecules from the dataset of 349 molecules, the rest of the molecules that

were commercially-available were classified as CA otherwise as Low-SCScore.

4.2.7. EXPERIMENTAL VALIDATION

The electrodes for the electrochemical measurements were fabricated by mixing the ac-

tive material 1,4,9,10-anthracenetetraone (AT) with super P and polyvinylidene diflu-

oride (PVDF, average M 275,000 g/mol, Sigma-Aldrich) with a mass ratio of 8:1:1. In

particular, the organic active material was ground with super P in an agate mortar for

15 minutes to obtain the black mixed powder, which was subsequently dispersed in N-

methylpyrrolidone (NMP, ≤ 99%, Sigma-Aldrich) solution with the dissolved PVDF (0.05

g/mL). The mixed slurry was treated by ultrasonication for 30 minutes and cast on Al foil.

The half-cell consisted of a working electrode, lithium metal (99.9%, Sigma-Aldrich), and

a glass fiber separator (ECC1-01-0012-B/L, EL-CELL), while the cell assembly was per-

formed in an Argon-filled glove box. The electrolyte is composed of a mixture solution

of EC and DMC (v/v = 1:1) with 1.0 M LiPF6 (Sigma-Aldrich, battery grade). The cyclic

voltammetry (CV) measurements were conducted by a galvanostat/potentiostat (VMP-

300, BioLogic) with a scan rate of 0.2 mV/s.

4.3. RESULTS AND DISCUSSION

4.3.1. METRICS DISTRIBUTION AND HTCS OF QUINONES

The scatter plot of the predicted SCScores and E o
AM1 values of quinone molecules in the

virtual library is shown in Figure 4.2a. Each grey dot on the map represents a unique

molecule, while the entire group of 245 CA molecules are shown using a spectrum of

colors, where the colors for molecules were assigned according to the total number of

R-groups accommodated on them. As can be observed, there is a wide-ranging distribu-

tion of molecules across the two metrics with no apparent correlation. The CA molecules

are found to accumulate on the bottom-left of the distribution map. Remarkably, with

med(SCScores) = 2.2, 95% of the CA molecules had an SCScore < µ(SCScores). In addi-

tion, the SCScore distribution of molecules is observed to be positively biased towards

the molecules that accommodate small number of R-groups. This is expected since the

synthesis of molecules that contain large number of functional groups will be more com-

plex. All these observations support both the aptness of the SCScore as a first-order met-

ric for describing the synthesizability of the virtual molecules and the screening of these
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molecules on basis of their SCScores.

Figure 4.2. (a) 2D scatter plot showing the distribution of molecules according to their AM1-

predicted redox potential (E o
AM1) versus synthetic complexity score (SCScore) values. The

molecules of the virtual library are represented by grey dots, whereas the 245 CA molecules are

highlighted with colored dots. The color bar on the right indicates the use of different colors in

relation to the number of functional groups that are present on the CA molecules. The histogram

on the top depicts the distribution of SCScore values for the CA molecules. The dotted vertical line

indicates the med(SCScores) of the CA molecules. (b) Linear correlation of redox potential val-

ues for 641 molecules, which have been predicted by using AM1 (E o
AM1) and DFT-B3LYP (E o

B3LYP)

methods. The green and orange circles denote the CA and Low-SCScore molecules, respectively.

The predicted redox potentials of the CA molecules were found to be in the lower

range, as shown in Figure 4.2a. 180 out of 245 CA molecules had E o
AM1 values of 2.5 ±

0.2 V vs Li/Li+. On a more detailed inspection, it is found that a majority (∼ 81%) of

the CA molecules were the functionalized derivatives of only four different quinones,

namely, BQ (24 molecules; ∼13%), NQ (43 molecules; ∼24%), AQ (63 molecules; ∼35%),

and PQ (16 molecules; ∼9%). In previous experiments, the E o
exp values of NQ and AQ

were between 2.3 and 2.5 V vs Li/Li+, whereas PQ had E o
exp = 2.6 V vs Li/Li+ [65, 66,

158]. Next, molecules that have both low-SCScore (≤ 2.2) and small number of functional

groups (≤ 4) were down-selected for further screening. This resulted in 396 Low-SCScore

molecules from the library that were not CA. These molecules had 1.90 < E o
AM1 < 4.25 (±

0.03) vs Li/Li+, which is a wider potential window than it has previously been exercised

with quinone-based materials at LIB cathodes [199]. Given the large variety of functional

groups available in the chemical literature, we surmise that the synthesis of quinones

with targeted redox potentials is unlikely to be a bottleneck.

Next, we grouped together 245 CA and 396 Low-SCScore molecules, thus reaching to

a total of 641 molecules, for further screening. It has previous been shown that DFT

is more accurate than SEQM when predicting the redox potentials of quinones, with

the normalized root-mean-square errors (NRMSE) being 12.65% and 16.10%, respec-
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Figure 4.3. The distribution of calculated RMSD and E o
B3LYP values for the screened group of 641

molecules. The colors denote the type of R-groups, as indicated by the bar on the right, that have

been used for the functionalization of the molecules. The black stars denote the core quinone

structures (CQSs). The horizontal dotted line marks the upper limit of RMSD values; whereas the

vertical dotted line marks the lower limit of E o
B3LYP values that were applied over the screening

process. Accordingly, the molecules that satisfied both criteria are located at the bottom-right of

the plot.

tively [199]. In order to proceed further with higher accuracy, DFT calculations have

been performed to recalculate the redox potentials of the 641 molecules. As a side note,

the parity plot comparing SEQM (AM1) data against DFT (B3LYP) data is shown in Fig-

ure 4.2b. The observed RMSE and coefficient of determination (R2) of 0.12 V vs Li/Li+

and 0.94, respectively, imply that the AM1 method is sufficiently accurate when used for

the purpose of initial ranking of molecules in a large virtual library.

To evaluate the 641 molecules as based on their structural stability and reaction ki-

netics, we calculated the RMSD of backbone carbon positions between the DFT-optimized

structures of pre- and post-lithiated molecules. Figure 4.3 shows the distribution of cal-

culated RMSD values of molecules against E o
B3LYP. We found no clear correlations be-

tween the calculated RMSD values and either of E o
B3LYP or chemical functional group

type. Nevertheless, it is observed that the molecules functionalized with –Cl groups

tend to have higher RMSD (Above the horizontal dotted line: ∼11% of 641 molecules

for Cl, ∼6% for CH3, ∼7% for OCH3, and ∼5% for NH2), thus making them more likely

to undergo degradation. Drawing any inferences on the stability of candidate molecules

based on RMSD analysis needs validation against experimentally backed metrics. How-

ever, such analysis is currently not possible due to lack of such corroborating experi-
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mental data in literature. Still, we recommend the candidates with low RMSD values

for experimental validation. Theoretically, the length of single, aromatic, and double

bonds between the two neighboring carbon atoms in a molecule are 1.54, 1.40, and

1.33 Å, respectively [206]. Thus, as a crude approximation, we posit a maximum tol-

erable value of change in the bond length for an aromatic bond as 0.14 Å (i.e. single

- aromatic) because bond length changes larger than 0.14 Å will likely be more prone

to structural deformation and degradation. Subsequently, applying this criterion to the

group of 641 molecules, which is demarcated by the horizontal line in Figure 4.3, 430

promising molecules, of which included 216 CA molecules, were down-selected.

Low-SCScore

CA

Already-investigated

UMAP -1

U
M

A
P

 -
2

Figure 4.4. The ChemPlot-visualized dimensionally-reduced chemical space of the 349 candidate

molecules. The inset shows the distribution of molecules with respect to the predicted values of

redox potential (Eo
B3LYP) and gravimetric charge capacity (Q). Black arrows and black crosses point

to the same molecules that are shown by the two different visualization methods, respectively in

the main and inset plots.
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Finally, to determine the molecules for experimentation in the current study, we vi-

sualized the clustering of the 349 quinones by using the ChemPlot (Figure 4.4). The in-

serted figure within Figure 4.4 shows the distribution of E o
B3LYP and Q of these molecules.

As it can be observed in Figure 4.3 and Figure 4.4, there are ample possibilities in terms

of a multitude of properties, including redox potential, stability, charge capacity and

chemical variety in functional groups. Quite remarkably, it is apparent from the inset

figure within Figure 4.4 that the CA (green dots) and Already-investigated (blue dots)

molecules tend to show only modest energy-related properties in comparison to the vir-

tual library molecules with low SCScore (orange dots). The CA and Already-investigated

molecules were distributed in the low E o
B3LYP and Q regions. Also, the majority of the

CA molecules were located in the proximity of the Already-investigated molecules. Con-

sequently, these molecules were not prioritized for experimental validation in the cur-

rent study, as our main interest is in molecules that have not been studied for LIB cath-

odes. As the prime candidates for our experiments, we focused on the CA molecules

that were located in the same clusters with a large number of Low-SCScore molecules.

Accordingly, five CA quinones were identified in three different clusters of low SCScore

virtual molecules that are pointed out by the black arrows in Figure 4.4. The same five

CA molecules are also highlighted by the black crosses in the inset figure of Figure 4.4.

The calculated cathode-related properties of these five CA molecules are summarized in

Table 4.2. The molecules #1 and #5 are predicted to exhibit lower cathode-related per-

formance than the rest three molecules as based on the calculated properties of E o
B3LYP,

Q, and W. Thus, we prioritized molecules #2, #3 and #4 for experimentation and among

them we selected molecule #4 (AT) for electrochemical characterization as based on its

in-stock commercial availability.
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Table 4.2. 2D structural representations, predicted redox potential (E o
B3LYP), gravimetric charge

capacity (Q), and gravimetric energy density (W ), of the top five CA quinones for LIB cathodes.

#
2D

structures
E o

B3LYP
(V vs Li/Li+)

Q
(mAh/g)

W
(Wh/kg)

Available
in-stock

1 2.36 309 729 No

2 3.47 570 1978 No

3 3.20 450 1440 No

4 3.20 450 1440 Yes

5 2.41 231 557 Yes

4.3.2. EXPERIMENTAL VALIDATION

We investigated the electrochemical lithiation behavior of AT, which is a readily pur-

chasable top candidate molecule that has been identified via HTCS as explained above.

We performed CV analysis of the candidate compound in a half cell against lithium

metal. The open circuit voltage of the half-cell containing the initial electrode with

pristine active organic material was measured as approximately 2.6 V, which indicates a

promising nature as an electrode for LIBs. As shown in Figure 4.5, subsequent CV cycling

in the range between 2.0 and 3.8 V clearly demonstrated the presence of redox peaks in-

dicating the (de)lithiation reactions within the half cell. Repetitive cycling within this

voltage range showed a decrease/increase of the peak currents within the first four cy-

cles. However, very minimal change in the peak voltage positions were observed from

the first cycle to the fourth cycle. The experimental data exhibited clearly visible reduc-

tion peaks at 2.28 V and 3.25 V, and corresponding oxidation peaks at respectively 2.55 V

and 3.35 V. Thus, the average of redox potentials for this compound were 2.4 and 3.3 vs

Li/Li+, as shown with vertical dotted lines in Figure 4.5. The high redox potential value,

which implies the reaction of pristine compound with two Li atoms, was in good agree-

ment with our predicted values that have been obtained by using both the AM1 (E o
AM1 =

3.16 V) and the B3LYP (E o
B3LYP = 3.20 V) methods (Table 4.2). For the low redox poten-

tial, we used the computed LUMO+1 energy of AT (E LUMO+1
B3LYP = - 3.21 (eV)) and Eq. 4.2 to
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obtain the predicted E o
B3LYP between AT-Li2 and AT-Li4. The corresponding calculated

value of 2.29 V was close to the experimental value 2.4 V.
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Figure 4.5. Cyclic voltammograms in the first four cycles of 1,4,9,10-anthracenetetraone (AT) in 1

molL−1 LiPF6 and v/v = 1:1 mixture solution of EC and DMC.

4.3.3. STRUCTURE-PROPERTY RELATIONSHIPS

To facilitate the rational design of high-performance quinone-based cathode materials

beyond the current work, we investigated the effects of structural features of molecules,

including the type of functional groups, number of aromatic rings in core structures, and

type of carbonyl groups, chiefly on the two key predicted properties of E o and SCScore.

The effects of functional groups on E o
AM1 and SCScore are shown in Figure 4.6a and 4.6d,

respectively. It is found that the presence of highly electron-withdrawing functional

groups (–Cl > –CH3 > –OCH3 > –NH2) on molecules shifts the predicted redox distri-

bution towards higher potentials (Figure 4.6a). Interestingly, for all the four different

functional groups considered in the current work, the sizes of potential windows, which

show the range of redox potentials that can be varied upon functionalization, were quite

similar. On the other hand, as shown in Figure 4.6d, the SCScore was the lowest for –Cl

functionalized molecules, but it had no clear dependence on the choice of functional

group otherwise.

The number of aromatic rings, which is essentially the number of rings that include

no carbonyl groups of a reactant molecule CQS, had a notable influence on both proper-
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Figure 4.6. Violin plots showing distributions of E o
AM1 (a, b, c) and SCScore (d, e, f) data for ap-

proximately 200k candidates found in the virtual library. The distributions are shown with respect

to: (a, d) the type of functional group, (b, e) the number of aromatic rings, and (c, f) type of car-

bonyl groups that were present in molecules. The white dots that are in the center of black bars

represent the median values.

ties. An increase in the number of aromatic rings in reactant molecules resulted in shifts

towards lower redox potentials (Figure 4.6b) and higher SCScores (Figure 4.6e). This anti-

correlation implies that it will be difficult to independently optimize the redox potential

and the synthesizability of molecules just by varying their size. It is also observed that the

ranges over which both E o
AM1 and SCScore vary also expand with the number of aromatic

rings found on molecules. This is not so surprising, as the molecules with large number

of rings will have more atomic node positions available for functionalization and they are

therefore more likely to show a high degree of structural and electrochemical tunability.

Lastly, we analyzed the effects of the type and number of carbonyl groups on E o
AM1

and SCScore. The distribution of redox potentials, with respect to the type of carbonyl

groups is shown in Figure 4.6c. More detailed 2D histograms of molecules having differ-

ent carbonyl groups are shown in Appendix B Figure B.1- B.4. For the molecules that had

the same number of carbonyl groups, the ones that contained 1,2-benzoquinone, [O],

spanned a wider range of redox potentials when compared to the ones that contained

1,4-benzoquinone, [P]. Interestingly, the molecules with two pairs of carbonyl groups

showed higher redox potentials, which also motivated our choice of AT compound for

the CV experiments as discussed above. The [O+O] group of molecules achieved the

highest median redox potential among all the molecules with four carbonyl groups. This

observation can be attributed to favorable energetic interactions between a Li atom and

two C=O groups on neighboring positions on the same ring, thus resulting in a signifi-
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cantly higher stabilization of the product compound. A similar trend was also pointed

out by Poizot et al, in which they observed that ortho-quinones can reach a redox po-

tential of about 300 mV higher than para-quinones [207]. The overall influence of car-

bonyl groups on pushing the redox potential of the molecules to higher values can be

summarized as follows, [O+O] ≥ [P+O] > [P+P] > [O] > [P]. As shown in Figure 4.6f, the

SCScore metric did not show a clear dependence on type of carbonyl groups, though the

quinones with two pairs of carbonyl groups exhibited slightly lower SCScores than the

quinones with a single pair of carbonyl groups.

4.4. CONCLUSIONS
In this study, a hierarchically high-throughput computational screening has been de-

signed to identify the new candidates from a chemical space of 199,498 quinone-based

molecules for LIBs. To rank the molecules based on their synthesizability, the SCScore

metric of each compound was evaluated using a ML-based model, where a low SCScore

indicated a high possibility of synthesizability. In parallel, a search for vendor informa-

tion of the virtually designed molecules was performed in the ZINC database, which re-

vealed the commercial availability records for 245 unique molecules. Interestingly, most

of the commercially-available molecules were found to have low SCScores, thus vali-

dating the usefulness of this metric. Subsequently considering molecules that have low

SCScores and small number of functional groups, 396 additional virtual molecules that

had no ZINC records were down-selected from the screening library. Thus, a cumula-

tive number of 641 candidate molecules were subjected to DFT calculations for further

validation. Next, the RMSD analysis of the DFT-calculated structural data in pre- and

post-lithiation processes was applied to evaluate the propensity of these 641 molecules

to structural degradation. Consequently, 349 quinone-based molecules were identified

that had low RMSD and high E o
B3LYP values. After the use of dimensionality reduction

and tailored similarity methods for chemical space exploration, we targeted one readily

purchasable molecule, AT, for validation. This compound showed highly promising re-

dox features in CV experiments. The approach presented in the current study resulted

in a collection of top-candidates that are not only predicted to-be high-performing bat-

tery materials but are also deemed to-be synthetically accessible, which together make

them attractive for further investigations. Finally, the accompanied calculation dataset

of molecules is anticipated to be a useful resource for both as a reference and a training

data source for the development of new materials and predictive models, respectively.

SUPPLEMENTARY INFORMATION
Supplementary information is available in Appendix B.
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High-throughput computational screening (HTCS) has been increasingly applied as an

effective approach to find candidate materials for energy storage applications. We per-

formed a HTCS study, which is powered by: i) automated virtual library generation, ii)

automated search on a readily purchasable chemical space of quinone-based compounds,

and iii) computed physicochemical descriptors for the prediction of key battery-related

features of compounds, including the reduction potential, gravimetric energy density, gravi-

metric charge capacity, and molecular stability. From the initial virtual library of approx-

imately 450k molecules, a total of 326 compounds have been identified as commercially-

available. Among them, 289 of the molecules are predicted to be stable for the sodiation

reactions that take place at the sodium-ion battery cathodes. Finally, scrutinizing the key

performance indicators, 21 quinones are suggested for validation as cathode materials in

sodium-ion batteries. 1

1This chapter has been submitted.
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5.1. INTRODUCTION
Sodium-ion batteries (SIBs) attract increasing attention as a promising alternative to

lithium-ion batteries (LIBs), because of the natural abundance, low cost, and high safety

of sodium element when compared to lithium as well as the similarities in the electro-

chemistry between SIBs and LIBs [24, 25, 54, 208]. An overwhelming majority of cathode

materials in SIBs are inorganic compounds. They, however, suffer from the limitations

of depletable raw material resources, large energy consumption during their synthesis,

and structural deformations related to the embedding and stripping processes of the

sodium ions [209, 210]. Driven by the demand for more sustainable and eco-friendly

production and greater cost-effectiveness, organic electro-active compounds have been

recommended as prime candidates of electro-active cathode materials in SIBs [54]. Or-

ganic materials are renowned for their compositions based on earth-abundant elements,

ease of processibility, and structural tailorability [208, 211]. Furthermore, the relatively

flexible structural framework of organic materials induces less spatial hindrance during

reversible insertion and extraction of sodium ions [212]. Among all organic redox-active

species, the family of quinones is one of the most widely researched electrode materi-

als, as they show high energy capacity and fast redox-kinetics, and yet can be profusely

synthesized from biomass that will alleviate the environmental and economic costs of

battery production [186].

While both computational and experimental efforts have been increasingly devoted

to the study of quinone-based cathode materials for SIBs [62, 169, 213], finding suit-

able electroactive compounds that are equipped with excellent electrochemical perfor-

mance, which could eventually outcompete the conventional inorganic cathodes in some

practical applications, is still a central topic of research. When compared to computa-

tional screening, it is more labor-intensive and significantly less time-, resource- and

cost-efficient to experimentally study numerous organic-based electroactive candidates.

Benefiting from the recent advances in computational techniques, workflows, and com-

puting architectures, the high-throughput computational screening (HTCS) can speed

up the identification of top-performing leads within a chemical search space. Recent

HTCS efforts demonstrated the effectiveness of this approach for the accelerated explo-

ration of organic-based electroactive materials for batteries [188, 198, 214, 215]. Several

important metrics, which are related to the projected performance of the active mate-

rials, can selectively and hierarchically be incorporated into the sifting stages of HTCS

computational funnels [159, 162, 188]. In this way, a workable number of candidate ma-

terials for the in-depth theoretical and experimental studies are down-selected from a

vast screening space of chemical compounds in a notably reduced time window.

Deciding on a molecular search space serves as a start point for the HTCS of quinones

for SIBs. Instead of constructing a custom-made comprehensive virtual library on the

fly, the effortless and immediate accessibility to existing quinones is of prime interest

for HTCS, as then the candidate compounds are relatively free of the challenges in ma-

terial synthesis and are readily accessible for rapid electrochemical testing in real lab
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conditions. The ZINC database is one of the largest open chemical databases with over

230 million purchasable molecules [148]. Also important for the current work is that it

provides stock information on the purchasable compounds that has been accumulated

from various commercial vendors. Additionally, the database contains a large number

of lightweight organic molecules that are likely redox-active, which are worthy of explo-

ration. Here, our focus is on the computational chemical investigation of low molec-

ular weight quinones with high charge capacity. In order to thoroughly cover a chem-

ical space of existing quinones, we automatically searched the systematically created

molecules in the ZINC database.

In the current study, a chemical library of organic quinones was created in silico,

initially by combinatorial fusing of three different chemical building blocks and apply-

ing two design principles specifically for the number of carbonyl groups and ring struc-

tures, and then by exhaustively enumerating the new derivatives of fused core skeletons

with nine different R-groups. Meanwhile, for all the newly generated compounds, the

commercial vendor information was automatically collected from the ZINC database.

Thus, a total of 326 purchasable quinone molecules were identified and studied further

through simulations. To predict the reduction potential of the candidate compounds for

SIB cathodes, we developed a regression model between the density functional theory

(DFT)-calculated lowest unoccupied molecular orbital (LUMO) energies of the pristine

molecules and the experimentally measured reduction potential of quinone-based cath-

ode materials in SIBs. Then, via HTCS involving DFT calculations, we optimized all the

326 molecules in gas phase and subsequently predicted their reduction potential, gravi-

metric charge capacity, and gravimetric energy density. In addition, we estimated the

stability of the compounds using the calculated changes in molecular backbone atom

positions, which are the consequence of sodiation redox reactions. Finally, using the

newly generated HTCS data on the battery performance-related descriptors, we sug-

gested 21 directly purchasable quinones of diverse chemical motifs as promising can-

didates for SIB cathodes.

5.2. METHODS

5.2.1. PHYSICS-BASED SIMULATIONS

All of the physics-based simulations were performed using the Schrödinger Materials

Science Suite (SMSS) [145]. All the molecules were first optimized using the OPLS3e [93]

force field as implemented in the MacroModel [142] package to find the lowest-energy

3D structure among the conformers of each molecule. Then, employing the Jaguar [143]

program, the B3LYP [115–117] hybrid DFT functional together with the LACVP++∗∗ [102]

basis set with diffuse and polarization functions have been used for the further opti-

mization of molecular geometries and the calculation of properties. The convergence

criteria for energy change and root mean squared (RMS) density matrix change were set

at 5.0×10−5 and 5.0×10−6 Hartree, respectively. A ‘medium’ grid density was used during
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structural optimizations, whereas a ‘fine’ grid density was applied during the consec-

utive single point energy calculations on the optimized geometries and the prediction

of properties of the compounds. A similar calculation methodology and workflow have

recently shown to be effective for predicting the reduction potentials of quinone-based

cathode materials for LIBs [199].

5.2.2. MOLECULAR STABILITY PREDICTIONS

The (electro)chemical stability of cathode materials is an essential property that directly

relates to the operational performance of SIBs. The stability can be quantified in ex-

periments, for instance, by measuring the capacity retention after (dis)charge cycles.

However, it is highly difficult to simulate the cycling stability of organic-based cath-

odes, which is essentially due to lack of knowledge on the aggregated molecule struc-

tures and molecule crystals, as well as the (electro)chemical processes that may occur

during (dis)charge cycles at electrode materials and interfaces. Therefore, frequently

in HTCS, molecular-level calculations are resorted in order to estimate the cycling sta-

bility of cathode materials. For this purpose, several descriptors, including the aro-

maticity of organic compounds [72, 194], reorganization energy [192], and structural

changes [159, 192, 201] upon the reactions with lightweight alkali metal-ions have been

considered as a proxy for the stability. It has been previously reported that the changes

in bond lengths of organic reactants over the (dis)charge processes are correlated to

molecular stability, which eventually affect the kinetics of redox processes and recharge-

ability of electrodes [192, 204]. Therefore, organic compounds that undergo substantial

structural changes upon their reaction with the metal-ions are not very likely to exhibit

eminently reversible electrochemical behavior. In the current work, we compared the

optimized structures of the reactant quinone molecules and their respective sodiated

molecular products. By applying the LS-align algorithm [149], we calculated the root

mean square deviation (RMSD) in atom coordinates between the optimized structures

of pristine quinone molecules and their sodiated forms. In order to keep consistency

in our comparisons throughout the diverse chemical space of the investigated quinone

molecules, we only used the carbon atoms of the quinone backbones for the calcula-

tion of RMSD, which are essentially by far the most prevalent chemical element, besides

hydrogen, in the chemical composition of the quinone backbone structures.

5.2.3. CALCULATION OF CHARGE CAPACITY AND ENERGY DENSITY

The gravimetric charge capacity (Q), which describes the maximum number of charge

carriers per unit mass of the cathode material, is expressed as [169]:

Q (mAh/g) = n ×F (C/mol)

3.6×M (g/mol)
(5.1)

where n is the number of transferred electrons, F is the Faraday constant, and M is the

molecular mass of the reactant quinone compound without the sodium atoms involved
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in redox reactions. Here, we assumed that all backbone carbonyl groups of the molecules

can in principle be involved in the sodiation redox reactions. The molecular masses

of reactant compounds are calculated using the simplified molecular input line entry

system (SMILES) representations of molecules in the SMSS.

The gravimetric energy density (W ), which describes the available energy per unit

mass of the cathode material, is calculated as [169]:

W (Wh/kg) =
∫ Q

0
E(q) d q ≈ E o × Q (5.2)

where Eo represents the average reduction potential of cathode material with respect to

Na/Na+.

5.3. RESULTS AND DISCUSSION

5.3.1. LIBRARY GENERATION AND PURCHASABLE COMPOUND SCREENING

To perform an exact structural search of purchasable compounds on the ZINC database,

we first created a virtual library of small quinone-based compounds through a system-

atic approach as shown in Figure 5.1. The backbone structures of quinones have been

generated by using three basic scaffolds, namely benzene, 1,4-benzoquinone, and 1,2-

benzoquinone. The scaffolds have been fused together to populate the number of feasi-

ble backbone structures. Since we are interested in the quinone-based compounds here,

a minimum of one 1,4-benzoquinone or 1,2-benzoquinone subunit was included for the

fusion of ring structures. The intermolecular interactions, particularly due to the π−π
stacking of molecules, increase as the size of aromatic compounds becomes larger [174].

Thus, consequential computational deviations are expected when predicting the reduc-

tion potential of compounds as based on a single-molecule model. Therefore, to avoid

large errors in the predicted reduction potentials of compounds when compared to the

experimental measurements, we set limits for molecule size and number of redox-active

sites on a molecule. Accordingly, we allowed maximum of four rings and four carbonyl

groups on the virtual molecules. As a result, a total of 170 unique quinone backbones

were obtained with either of two or four carbonyl units, which is essentially due to the

even number of carbonyls found in the 1,4-benzoquinone, and 1,2-benzoquinone scaf-

folds. Next, to create R-group functionalized derivatives of the 170 backbone molecules,

a systematic R-group enumeration routine has been applied. According to this, all the

hydrogen atoms that are bonded to the molecular backbone carbon atoms have been

consistently substituted with a particular R-group. A far-reaching effect in the electron-

withdrawing and electron-donating ability of functional groups was intended for in or-

der to induce local changes in the electron density on the redox-active carbonyl units

of the quinone-based molecules [34, 63, 156, 160, 164]. Thus, to cover a sizable chem-

ical space when searching for redox active SIB cathode candidates, we considered nine

different R-groups for the functionalization of all of the 170 backbone molecules. These

R-groups were –CN, –CF3, –COOCH3, –F, –Cl, –Br, –CH3, –OCH3, and –NH2. Accordingly,
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a virtual screening library of 448,658 unique quinone-based chemically-functionalized

compounds has been created.
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Figure 5.1. A schematic representation of the library generation process for the quinone-based

compounds. The black and red spheres denote the carbon and oxygen atoms, respectively. The

fused bonds over the ring fusion processes are shaded by green. The R-group substituted positions

over the enumeration processes are shaded by orange.

The commercial information of the newly created compounds has been tracked by

using an in-house developed code, which performs an automated exact search of the

molecular SMILES representations in the ZINC database and concurrently returns the

recorded vendor information of the purchasable compounds from the database. After

performing a search on the newly created virtual library of quinone-based compounds,

we found a total of 326 molecules that were purchasable from at least one commercial

vendor. A numerical summary of the virtual library creation process as well as the dis-

tribution of purchasable molecules with respect to the size of molecules is shown in Ta-

ble 5.1.
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Table 5.1. A summary of the systematically enumerated virtual chemical library of quinone-based

small molecules and the commercially-available molecules that have been retrieved from the

ZINC database. In addition to the total numbers of virtual and purchasable molecules in the li-

brary, the numbers of molecules as grouped per six-membered ring count within their backbone

structures are also shown.

Number
of rings

Number
of core

structures

Maximum
number of

functionalized
positions

Number of
functionalized

derivatives

Number of
commercial
molecules

in ZINC

1 2 4 137 78

2 9 6 1,773 100

3 32 8 26,276 117

4 127 10 420,472 31

Total 170 - 448,658 326

5.3.2. REDUCTION POTENTIAL PREDICTIONS

Quinones show a similar reaction mechanism during both the lithiation and sodiation

reactions [157]. As shown in Figure 5.2a, two metal-ion and electron pairs are involved

for the reversible sodiation, or lithiation, of a quinone scaffold that contains two car-

bonyl units. It is has been previously shown that the experimentally measured redox po-

tentials of the LIB quinone cathode materials are most efficiently estimated by using the

DFT-calculated gas phase LUMO energy of the reactant quinone molecules [199]. Due

to the analogy between lithiation and sodiation reactions of quinones, we also used here

the LUMO energy of the pristine quinone molecules as a descriptor when predicting the

redox potentials of SIB cathode materials.

In order to evaluate the performance of the LUMO-energy descriptor for the predic-

tion of SIB cathode potentials, we collected experimentally measured redox data from

the recent literature on quinone-based SIB cathode materials [216, 217]. As shown in Fig-

ure 5.2b, all of the six experimented compounds contain the redox-active substructures

of either 1,4-benzoquinone or 1,2-benzoquinone. Moreover, they contain either one-

or two-pairs of backbone carbonyl units. Furthermore, the number of backbone rings

range from one to five. All of these features are in relevance to the structural diversity of

the newly developed in silico screening library in the current study. As for the reference

experimental reduction potential values, we used the average discharge voltage of the

quinone cathodes that had been obtained through the integration of charge-discharge

curves. Accordingly, the experimental reduction potential of the quinones retained a

voltage window of 1.09 V (Figure 5.2c).
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Figure 5.2. (a) A representation of the quinone reaction with metal ions at the cathodes of

sodium- & lithium-ion batteries; (b) 2D structural representations of the six experimentally-

studied quinones that have been used to develop an equation of calibration between the physic-

ochemical descriptors and the reduction potentials; (c) observed performance of the DFT-

optimized reactant molecule LUMO-energy as a descriptor for the prediction of measured reduc-

tion potentials in experiments.

The equation of a line of best fit, which correlates the experimentally-measured re-

duction potential of the SIB quinone cathode materials to the DFT-calculated gas phase

LUMO-energies of the quinone molecules, is given by

E o
B3LYP (V vs Na/Na+) =−0.66 × [E LUMO

B3LYP (eV)] − 0.39 (5.3)

where Eo
B3LYP is the predicted reduction potential at B3LYP-level. The statistical mea-

sures, including the coefficient of determination (R2), root-mean-square error (RMSE),

and normalized root-mean-square error (NRMSE), respectively with the values of 0.95,

0.094 V, and 8.6%, indicate the fitness of the linear regression model. As a result, to pre-

dict the reduction potential of new quinone-based SIB cathode candidate materials, we

employed the hybrid DFT-calculated gas-phase LUMO-energy of the optimized reactant

molecules as shown in Eq. 5.3.

5.3.3. HTCS OF COMMERCIAL QUINONES

In this section, we studied the library of 326 purchasable molecules in order to determine

the most promising quinone-based molecules as SIB cathode materials. To prioritize

the leading candidates, we first predicted the stability of compounds by calculating the

sodiation-induced structural changes of molecules in gas-phase. In addition, we calcu-

lated the decisive battery-relevant metrics, including reduction potential, charge capac-

ity, and energy density, all of which concern the practical use of the candidate cathode

materials.
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Figure 5.3. (a) A distribution of the calculated RMSD of the molecular structural changes upon

sodiation reactions versus the predicted reduction potentials of the 326 commercially available

quinones; (b) a distribution of the theoretical energy density versus the predicted reduction po-

tential of the 289 quinones that are predicted to be stable during battery (dis)charge cycles. The

different colors, as indicated by the color bar on the right, show the total number of six-membered

rings that are present on molecules.

For the complete set of 326 purchasable compounds, a distribution of the molecular

geometry RMSD values over the sodiation process versus the DFT-predicted reduction

potentials is shown in Figure 5.3a. It is observed that the RMSD of molecular struc-

tures had no apparent correlation with the predicted reduction potential data of the

molecules. Nevertheless, it is expected that a low RMSD would benefit to rapid redox-

kinetics and high cycling-stability for electroactive battery materials. Therefore, we ap-

plied a tolerance factor, tb, which is based on the change in bond lengths between the

first-neighbor carbon atoms of the quinone backbones [165]. According to this, we as-

sumed that single (dC-C ∼ 1.54 Å) and double (dC=C ∼ 1.34 Å) bonds between two carbon

atoms of the quinone backbones become aromatic at approximately 1.40 Å over sodia-

tion reactions [206]. Hence, any change in bond lengths that is greater than 0.14 Å in-

dicates a weakening of the bonds beyond tb, which consequently would result in an

increased probability of structural degradation over (dis)charge cycles. Accordingly, we

applied tb = 0.14 Å , which is indicated with a horizontal dotted line in Figure 5.3a, for the

calculated RMSD values between the DFT-optimized positions of carbon atoms in pris-

tine and sodiated molecules. We assumed that molecules with small RMSD values will

be stable over their redox reactions with sodium metal ions. Applying this criterion, 289

of the 326 purchasable quinones (i.e. 88% of the compounds) were found to have RMSD

≤ tb. A further analysis of the relationships between structural stability and cycling sta-

bility requires aggrandized volumes of experimental data on the aggregated structures

of SIB cathode materials at their associated cycle numbers, which is currently lacking in

the reported literature.

For the 289 quinones that are likely stable SIB cathode materials, a distribution of
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Figure 5.4. The distribution of the gravimetric charge capacity versus reduction potential for: (a)

one-ring, (b) two-ring, (c) three-ring, and (d) four-ring compounds. Only the calculation data for

289 likely stable quinones, which have RMSD ≤ tb, is shown. The dotted blue, orange, green, and

purple lines represent the cut-off energy density values for the group of molecules with increasing

number of rings, respectively from one to four.

the theoretical gravimetric energy densities versus the predicted reduction potentials is

shown in Figure 5.3b. Both of the two electrochemical properties cover a wide range,

which offers an abundant selection of candidates for the SIB cathodes and in relation

to that expands the list of compliant SIB anode materials that could be employed at the

counter electrode. As dictated by Eq. 5.2 and shown in Figure 5.3b, the quinones that fea-

ture very low reduction potentials are unlikely to embrace high energy densities, which

once again stresses the importance of high reduction potentials as a must-have-property

for the candidate cathode materials.

Figure 5.3b top-right includes the high-performance quinones as SIB cathode mate-

rials, which is heavily populated by relatively small (e.g., one- or two-ring) compounds.

However, low-molecular-weight quinones are prone to suffer from the undesirable dis-
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solution in organic electrolytes, which for instance may be required for the preparation

of cathode materials or the operation of SIB batteries. Therefore, when narrowing down

the predicted list of top-performing compounds, it is also practically useful to consider

the effect of molecular size which may eventually relate to dissolution issues. For this

reason, we grouped the candidates according to the total number of ring systems that

are present in these molecules. Figure 5.4 shows the distributions of gravimetric charge

capacity versus reduction potential of quinones that have an increasing number of six-

membered carbon rings in their structures. Thus, after grouping the molecules accord-

ing to the number of rings they have, there were 76 (26%) one-ring, 96 (33%) two-ring, 98

(34%) three-ring, and 19 (7%) four-ring molecules. In addition to the stability, redox po-

tential, gravimetric charge capacity and molecular size of compounds, the gravimetric

energy density is an important property as discussed above. Therefore, we included in

Figure 5.4 some pragmatic guidelines, as shown with dotted lines, to illustrate the con-

stant values for gravimetric energy density. Accordingly, a total of 21 quinone molecules,

which are predicted to achieve higher W than the cut-off values set for each different

group of molecules, were obtained. The full list of these 21 molecules, including their ba-

sic structural representations and calculated electrochemical data, is shown in Table 5.2.

Table 5.2. Total number of rings, 2D structural representations, and the theoretical reduction po-

tential (E o
B3LYP), gravimetric charge capacity (Q) and gravimetric energy density (W ) of the top 21

candidate quinones for SIB cathodes.

Ring
count

2D structures SMILES
E o

B3LYP
(V vs Na/Na+)

Q

(mAh/g)
W

(Wh/kg)

N#CC1=CC(=O)

C=C(C#N)C1=O
3.03 339 1027

1

N#CC1=CC(=O)C

(C#N)=CC1=O
3.03 339 1027

N#CC1=C(C#N)

C(=O)C=CC1=O
3.02 339 1024

N#CC1=CC

(=O)C=CC1=O
2.65 403 1065

O=C1C(F)=C

C(=O)C=C1
2.36 425 1002

N#CC1=CC

(=O)C(=O)C=C1
2.72 403 1097

Continued on next page
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Table 5.2. – Continued from previous page

Ring
count

2D structures SMILES
E o

B3LYP
(V vs Na/Na+)

Q
(mAh/g)

W
(Wh/kg)

O=C1C(=O)

C=CC=C1F
2.41 425 1026

O=C1C(=O)

C=CC(F)=C1
2.36 425 1004

2

O=c1ccc(=O)c(c12)

c(=O)c(Cl)c(Cl)c2=O
2.90 417 1211

O=c1ccc(=O)c

(c12)ccc(=O)c2=O
2.83 570 1611

N#CC(C1=O)=C(C#N)

C(=O)c(c12)cccc2
2.76 257 710

c1cccc(c1=2)=C

C(=O)C(=O)C2
2.43 339 823

3

O=c1ccc(=O)c(c12)

c(=O)c3c(c2=O)cccc3
2.58 450 1160

O=c1ccc(=O)c(c12)c(=O)

c3c(c2=O)c(Cl)ccc3Cl
2.57 349 898

O=c1c(=O)ccc(c12)cc3

c(c2)ccc(=O)c3=O
2.57 450 1157

4

c12c3c4c(=O)c(=O)c1c

ccc2c(=O)c(=O)c3ccc4
2.21 409 905

C1=CC(=O)C(=O)c(c1c23)

ccc2cc4c(c3)cccc4
2.07 208 429

c1cccc(c2C)c1cc3ccc

(c4c23)C(=O)C(=O)C=C4
2.05 197 404

c1cccc(c2C)c1cc(c23)

c4c(cc3)C(=O)C(=O)C=C4
2.04 197 402

c1cccc(cc2)c1c(c2c34)

ccc4C=CC(=O)C3=O
1.96 208 408

Continued on next page
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Table 5.2. – Continued from previous page

Ring
count

2D structures SMILES
E o

B3LYP
(V vs Na/Na+)

Q
(mAh/g)

W
(Wh/kg)

c12c3c4c(=O)c(=O)

c1cccc2ccc3ccc4
1.83 231 422

5.4. CONCLUSIONS
In the current study, we performed an automated exact structural search for a virtual

molecular library of 448,658 quinone-based organic molecules in the chemical vendor

databases. We found 326 electroactive molecules, which were readily purchasable and

practically testable in experiments that aim for the discovery of new cathode materials

for SIBs. To identify the most promising leads, we applied a DFT-empowered HTCS study

that reckoned with the most essential battery-relevant properties of the compounds. Fi-

nally, a top group of 21 promising quinones, which have not yet been considered as cath-

ode materials in SIBs, are recommended for validation studies.
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The newly disclosed redox-active chemistry C=N-SO2CH3 in conjugated sulfonamides fea-

tures the merits of high redox potential and good ambient stability, thus enabling con-

jugated sulfonamides as promising high-potential cathode materials for Li-ion batteries.

The chemical space of conjugated sulfonamides is computationally navigated using a ma-

chine learning approach and the hybrid use of semi-empirical quantum mechanical and

DFT methods. We calculated the redox potential, synthetic complexity score (SCScore),

gravimetric charge capacity, and gravimetric energy density of the candidate conjugated

sulfonamides. After applying the cutoffs for SCScore metric at 2.62 and for redox poten-

tial at 3.25 V vs Li/L+, a total of 52 easy-to-synthesize conjugated sulfonamide compounds

were identified for the positive electrode of lithium-ion batteries.
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6.1. INTRODUCTION
Organic compounds with various redox functionalities have increasingly been devel-

oped and researched as electrode materials in rechargeable lithium-ion batteries (LIBs),

due to their distinct merits of natural abundance, environmental benignancy, structural

diversity, and molecular level controllability [32–34, 46]. According to the characteristics

of uptaking and donating electrons in the neutral state of redox-active moieties, organic

materials can be classified into n-type, p-type, and bipolar-type systems. N-type organ-

ics, compared with p-type and bipolar-type, offer multiple electron transfer properties

and less redox-inactive weight. Additionally, their lithiated compounds can be prepared

without the consumption of organic electrolytes, therefore meeting the practical bat-

tery usage requirement for the battery cathodes that have to be paired with Li-free an-

odes [35]. Moreover, n-type materials include a large variety of redox-active groups, such

as S-S, C=O, C=N, C=C, N=N, C≡N, and C≡C, that allow for the diverse design of cathode

materials [46, 156].

To date, apart from the widely investigated organosulfur [50] and carbonyl-based

compounds [47], new classes of organics, including imine [44], azo compounds [52],

conjugated sulfonamides [53], and nitro-aromatic[218], have successively been discov-

ered and applied as electrode materials. These findings have enriched the library of or-

ganic electrode materials, and also brought fascinating advances in the electrochem-

ical performance of organic-based LIBs. Meanwhile, these studies also demonstrate

the difficulties of designing high-potential n-type organic cathodes, which are neces-

sary for obtaining high-energy-density LIBs. Among the n-type organic compounds,

the newly disclosed conjugated sulfonamides (CSAs) achieved high redox potentials that

can outcompete the performance of promising carbonyl-based compounds (2 – 3 V vs

Li/Li+) [53]. Meanwhile, they also displayed favorable cathode performance, such as

high cycling stability, and good power density for both LIBs and other alkali (Na, K)-ion

batteries [53, 81]. The lithiated CSAs can resist the intrinsic oxidation and hydrolysis re-

actions in ambient atmosphere, and thus, they can be directly used as cathode materials

in LIBs. Hence, they bring the development of organic cathode materials one step closer

towards the attainment of commercial use. This new class of organic materials, with

their redox chemistry regulated by C=N-SO2CH3 molecular subunits, promise great po-

tential as high redox voltage battery cathode materials.

Although CSAs have been explored in experiments, only seven molecules were cov-

ered by Wang et al. in their pioneering study [53]. Furthermore, there is up-until-now

no reported computational study on the design of CSA cathode materials. Thus, a vast

chemical space is awaiting to be explored to unearth completely new CSA cathode can-

didates for LIBs which would possess superior energy-related properties than the ex-

perimentally validated CSAs. Applying the high-throughput computational screening

(HTCS) approach for navigating the chemical space is an efficient strategy to achieve

this goal. The top-performing CSA candidates can be identified in stages by screen-

ing the large-scale chemical space using the HTCS method, which have been previously
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demonstrated for the discovery and design of molecules and materials for different en-

ergy applications [162, 163, 188, 191, 219].

In this work, we designed a computational scheme to explore a sub-chemical space

of organic CSAs, and used it to screen for high-redox CSA candidate molecules that are

worth being further researched. First, a virtual library of 11,438 CSA molecules was

created by exhaustively enumerating the functionalized derivatives on specially-chosen

CSA backbones with R-groups. Second, the prediction performances of different com-

putational methods, including density functional theory (DFT), and the hybrid of semi-

empirical quantum mechanics (SEQM) and DFT, were evaluated by linearly calibrating

the computationally-predicted lowest unoccupied molecular orbital (LUMO) energies

of the seven experimental CSA reactants in a single-molecule approximation against

their experimentally measured redox potentials. Third, we determined the most efficient

and accurate approach to perform the electronic structure simulations for the whole

chemical database, and applied it to predict the redox potential values of all the organic

CSAs in the virtual library. Fourth, we used the SMILES representations of CSAs in a

machine-learning (ML) model to predict the synthetic complexity score (SCScore) of the

molecules. In addition, we calculated the other important energy-related properties of

the new compounds, such as the gravimetric charge capacity (Q) and gravimetric en-

ergy density (W ). Last, we used the SCScore and predicted redox potential to select the

easy-to-synthesize and high-potential CSA molecules.

6.2. METHODS

6.2.1. ELECTRONIC STRUCTURE SIMULATIONS

The three-dimensional (3D) geometries of seven experimentally tested molecules were

initially created using the Maestro editor in Schrödinger Materials Science Suite (SMSS)

[145]. Then all the geometries were pre-optimized using the OPLS3e [93] force field

(FF) to find the lowest-energy conformers. The structural optimizations (OPT) were pre-

formed on these FF-minimized geometries using both SEQM and DFT methods. Finally,

the DFT-level single point energy (SPE) calculations were performed on both SEQM-

optimized and DFT-optimized coordinates. Additionally, for the purposes of model-

performance comparisons, the DFT SPE calculations were also applied for the molec-

ular geometries yielded from FF calculations. Both gas phase and an implicit solvent

phase environment were considered in DFT SPE calculations. The FF conformational

search, SEQM-based optimizations, and DFT calculations were performed using the

MacroModel

[142] module, MOPAC2016 [144] package, and Jaguar [143] program, all as implemented

in SMSS. AM1 [126] and PM7 [131] SEQM methods were applied in SEQM-level OPT sim-

ulations. The LACVP++∗∗ [102] basis set with diffuse and polarization functions were

employed for DFT OPT and SPE calculations. Two DFT functionals, including GGA-

PBE [112] and hybrid B3LYP [115–117], were employed in different DFT-level simula-
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tions. The default settings of ’medium’ grid density and ’quick’ accuracy level were cho-

sen for DFT OPT calculations, whereas ’fine’ grid density and ’accurate’ accuracy level

were selected for DFT SPE calculations. The standard Poisson–Boltzmann Formalism

(PBF)[176] was used as the implicit solvation model, in which knowledge on the three

physical parameters of the solvent, namely dielectric constant, molecular weight, and

density, were required. These parameters were set according to the electrolyte, tetraethy-

lene glycol dimethyl ether, that has been used in experiments on CSA molecules [53].

Additional details on computational parameters can be found in a previous study [199].

For the electronic structure simulations of the whole molecular database, the lowest-

energy geometries of all enumerated molecules were firstly searched using the OPLS3e

FF. Then the yielded geometries were optimized using the PM7 SEQM method. The DFT

SPE calculations were performed in an implicit solvent phase and using the PBE func-

tional. Thus, the parameters for the SEQM OPT and DFT SPE calculations of the molec-

ular database were the same as for the calculations on seven experimental molecules.

6.2.2. SYNTHETIC COMPLEXITY

In this work, to quantify the complexity of synthetic process for organic compounds,

we applied a previously developed machine-learning (ML) model [147] that was trained

on 12 million published reaction data points. In this ML model, the synthetic complex-

ity score (SCScore) of a compound is correlated with the number of precedent reaction

steps to synthesize the target compound. The SMILES string of the organic compound

is inputted into the ML model, and a SCScore value that is predicted via the model is

returned. The SCScore of an organic compound is defined on the scale from 1 to 5. A

low SCScore value indicates that the compound is easy to produce, while a high SCScore

means that the compound is difficult to synthesize. We used the SCScore as a screen-

ing metric to down-select a subset of organic CSAs that will likely be more favorable for

synthesis than the other CSAs.

6.2.3. GRAVIMETRIC CHARGE CAPACITY AND ENERGY DENSITY

The theoretical Q of CSA cathode materials can be computed using the following equa-

tion [169], which is similar to the equation that we applied for organic quinone com-

pounds in the previous chapters.

Q (mAh/g) = nF (C/mol)

3.6M (g/mol)
(6.1)

where M is the molecular mass of the reactant CSA compound, n is the transferred num-

ber of e, and F is the Faraday constant. In the current study, we assumed that the CSA

molecules undergo a two-e reaction, therefore n=2. The molecular mass of CSA was

computed from its SMILES using the SMSS.

The W of CSA cathode materials can be similarly denoted as [169]:
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W (Wh/kg) =
∫ Q

0
E(q) d q ≈ E o × Q (6.2)

where E o is the average redox potential of the CSA cathode material with respect to

Li/Li+.

6.3. RESULTS AND DISCUSSION

6.3.1. VIRTUAL LIBRARY GENERATION

The virtual database was constructed by the fusion of core CSA skeletons under prede-

fined design principles and exhaustive enumeration of functional derivatives through

the use of chemical R-groups. First, the core CSA structures were generated using three

chemical building blocks, namely para-CSA, ortho-CSA, and benzene. The use of para-

CSA and ortho-CSA can ensure a 2e−-2Li+ reaction for CSA compounds during the lithi-

ation/delithiation process. Given the fact that the molecular weight of the redox-active

group C=N-SO2CH3 (105.12 g/mol) in CSAs is about 3.7 times heavier than that of the

redox-active group C=O (28.01 g/mol) in quinones, we followed two design principles

for the creation of the core CSAs. The first one is that the total number of redox-active

groups in the CSA skeleton was limited to two. The second one is that the maximum

number of six-membered rings in CSAs was 3. Another reason of defining a bound-

ary condition for total ring count is that the single-molecule model will likely to show

larger errors for the organic CSAs with large number of six-membered rings since the π-

stacking interactions between the individual compounds will increase [167]. In this case,

the C=N-SO2CH3 containing chemical building blocks are fused solely with benzene. As

a result, 14 core CSA structures were considered, which are depicted in Figure 6.1.

The peripheral H atoms of the core CSA structures were substituted with six types

of chemical groups, including –CN, –F, –Cl, –CH3, –OCH3, and –NH2. Both electron-

withdrawing and electron-donating groups were considered to tune the electrochemical

performance of the core CSA structures. Exhaustive enumerations were performed for

all core CSA structures from zero up to the maximum number of functionalized positions

as shown in Figure 6.1. Accordingly, a total of 11,438 CSA compounds were created and

used as the virtual screening library for HTCS. The Custom R-Group Enumeration pack-

age, as implemented in SMSS, was employed for the enumeration of the virtual database.

The numerical details of the generated CSA compounds is provided in Table 6.1. The 2D

structural views and SMILES representations of all of the 14 core CSA structures as well as

the number of functionalized derivatives that were obtained by using a unique R-group

were shown in Appendix C Table C.1. Furthermore, the commercial vendor informa-

tion of the organic CSAs was automatically retrieved from the ZINC database [148] via

an automated search application that has been developed in our group. Unfortunately,

searching the entire chemical library of molecules on the ZINC database, we found no

readily purchasable CSA compound that can be tested rapidly in experiments. Never-

theless, this result indicates the novelty of the CSA compounds and the significance of
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an early computational work aimed at their property predictions.

No.1

No. 3

No. 2

No. 4 No. 5

No. 6 No. 7 No. 8 No. 9

No. 10 No. 11 No. 12 No. 13 No. 14

R-groups:

–CN

–F

–Cl

–CH3

–OCH3

–NH2

Figure 6.1. 2D representations of the 14 core CSA molecules. The six R-groups that are consid-

ered in the current study for molecular functionalizations are shown on the top right corner of

the figure. Rn (n = 1-8) labels on core structures represent the possible substitution positions for

R-groups.

Table 6.1. A summary of the enumerated virtual chemical library of the CSA-based small

molecules.

Number of
rings

Number of
core CSA

structures

Maximum number of
functionalized

positions

Number of
functionalized

molecules

1 2 4 92

2 3 6 807

3 9 8 10,539

Total 14 - 11,438
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6.3.2. REDOX POTENTIAL PREDICTIONS

To find an efficient yet accurate methodology for large-scale electronic structure sim-

ulations in HTCS, we initially evaluated the performance of the adapted chemical de-

scriptor that has been computed using different theoretical methods for predicting the

experimentally measured redox potentials. The study on quinone-based cathode ma-

terials for LIBs showed that the LUMO energy was an efficient chemical descriptor for

redox potential predictions [199]. Since CSAs undergo similar two enolization reactions

as the quinone compounds (see Figure 6.2b), we chose the LUMO energy of CSA com-

pounds as the chemical descriptor to predict the redox potentials of the CSA cathode

materials. Seven experimentally studied CSAs, all obtained from the same literature

source [53], were used as shown in Figure 6.2a to validate the accuracy of LUMO-energy

descriptor and computational methods. All the experimented molecules were one-ring

compounds and contained one pair of redox active sites, which were located either at

para or at ortho positions. Apart from the pure backbone structures of para- and ortho-

sulfonamides, the experimented compounds also included Cl-, CH3- and LiNSO2CH3-

substituted CSA derivatives. The redox potentials of the calibrated sulfonamides spanned

a range from 2.38 to 3.25 V vs Li/Li+ as shown by y-axis in Figure 6.2b. The developed lin-

ear regression (LR) model equation between computed LUMO energies and experimen-

tally measured redox potentials is shown in Figure 6.2b, in addition to the coefficient of

determination (R2) and root-mean-square error (RMSE) of the prediction.

a

2

4

6

1

3

5

7

Reaction mechanismb

Figure 6.2. (a) 2D structures of the seven CSA molecules that were examined in electrochemical

experiments. (b) (top) Illustration of the CSA redox reaction with two Li atoms and two electrons,

and (bottom) LR model as constructed with the measured redox data from experiments and the

DFT LUMO-energy descriptor values from calculations.
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Table 6.2. The redox potential prediction performance of the various computational schemes con-

sidered in the current work.

Methods #
Computational scheme

R2 RMSE
(V)

Time
(mins)FF OPT SPE

DFT

a OPLS3eg B3LYPg B3LYPs 0.931 0.077 >260

b OPLS3eg PBEg PBEs 0.974 0.047 260

c OPLS3eg - PBEs 0.927 0.079 14

d OPLS3eg - PBEg 0.937 0.074 5

SEQM
/DFT

e OPLS3eg AM1g PBEs 0.928 0.079 15

f OPLS3eg PM7g PBEs 0.963 0.057 15

g OPLS3eg PM7g PBEg 0.933 0.076 8

The g and s denote that the calculations were performed in gas and implicate solvent phases, respectively. FF,
OPT and SPE mean the force filed, optimization, and sing point energy, respectively.

The prediction performance, as measured by R2 and RMSE, and the computational

time, as measured at the same computing hardware, for seven distinct computational

schemes are tabulated in Table 6.2. We first discuss the performance of the LUMO-

energy descriptor computed by using Schemes a & b, as these two involve the highest

level of theory that has been applied in the current study. The LUMO energy of reactant

CSA molecules, with R2 > 0.93 and RMSE < 0.1 V, is found to be a good descriptor to

predict the redox potentials of CSA cathode materials. The solvent-phase PBE method

showed better performance than the solvent-phase B3LYP method, and had lower com-

putational cost. Although the R2 of solvent-phase PBE method reached 0.974, its signif-

icantly higher computational cost, which is about five hours per molecule an a single

core, makes PBE method hardly efficient for HTCS of a chemical library of 11,438 CSA

compounds. We also note that the CSA compounds in the virtual chemical database can

contain a maximum of three six-membered rings and up to eight functional groups on a

single molecule, which are much bulkier than the one-ring compounds that are used for

the calibration. Therefore, to improve the computational efficiency in the redox poten-

tial prediction of CSA molecules, the Scheme c-g were further designed, which include

the computation of the LUMO-energy descriptor using high-level DFT SPE calculations

with frozen atom coordinates. The input geometries for SPE calculations were obtained

either directly from FF optimization calculations or from FF and SEQM sequential opti-

mization calculations. Since PBE showed better performance than B3LYP, only the PBE

functional was considered for the hybrid computational schemes, (c-g) in Table 6.2. The
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hybrid scheme involving PBE SPE calculations with the inclusion of solvation effects and

as applied on the geometries from PM7 optimizations, shown by "f" in Table 6.2, had a

similar accuracy as the PBE OPT scheme shown by "b" in the same Table. However, the

computational cost of the pure PBE approach was approximately 17 times higher than

the SEQM-DFT hybrid approach. Therefore, we concluded that the hybrid approach

provides a good balance between the prediction accuracy and the speed of computa-

tions, which are both important for the computational frameworks employed in HTCS

studies. Accordingly, in the current work, we predicted the redox potential of CSA com-

pounds, which undergo the reaction shown in Figure 6.2b, by using the following equa-

tion

E o
PM7g/PBEs

(V vs Li/Li+) =−0.76 × [E LUMO
PM7g/PBEs

(eV)]−0.23 (6.3)

where E LUMO
PM7g/PBEs

is the PBE LUMO energy of the molecule in solvent phase, whose ge-

ometry was optimized first with OPLSe FF and then with PM7 SEQM methods both in

gas phase.

6.3.3. HTCS OF CONJUGATED SULFONAMIDES

For all the CSA compounds in the constructed virtual database, the scatter distribution

of predicted SCScore values against calculated E o
PM7g/PBEs

and Q values are shown in Fig-

ure 6.3a and 6.3b, respectively. The seven experimental CSAs were shown on the scatter

plots as green crosses, and their predicted values were also provided in Appendix C Ta-

ble C.2. The virtual database displays a wide range of distribution on each predicted

property as shown in Figure 6.3, thus enabling us to select the CSA candidates endowed

with the merits of high redox potential, low SCScore, and good gravimetric charge ca-

pacity. The SCScore values of the seven experimental CSAs were in the range of 1.91

to 2.62, which locate them at the bottom region of Figure 6.3a and b. Their predicted

SCScores are quite meaningful, as the experimented CSA compounds contain only one

six-membered ring and a maximum of two R-groups in addition to their redox-active

groups. Meanwhile, their theoretical Q values are very high. Given the fact that no com-

mercially purchasable CSA compounds were found in the ZINC vendor database, the

SCScores of experimental CSA molecules were used as a cutoff metric in the first tier of

HTCS. Accordingly, the CSA compounds that exhibit a SCScore higher than the cutoff

value were filtered out. Since we are interested, from the perspective of experimental

validation, in CSA compounds that can be easily synthesized, we set the cutoff of SC-

Score at 2.62, which is the largest SCScore value from the whole experimental dataset

and is shown as the horizontal dotted line in Figure 6.3. As a result, a total of 283 CSA

compounds were left for further analysis.

After performing a virtual screening based on the SCScore metric as explained above,

we considered the predicted redox potential values as the next tier of virtual library

down-selection. As it is shown in Figure 6.3a, the 283 CSA compounds exhibit a wide
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window of redox potential that ranges from 1.85 V to 4.50 V vs Li/Li+. For the experi-

mentally studied CSA molecules, the reported redox potentials were in the range of 2.38

to 3.25 V. We found that 239 of 283 CSA compounds can achieve higher redox potentials

than 2.38 V, while 52 of these 239 CSA compounds were predicted to deliver a redox po-

tential above 3.25 V. The organic redox-active compounds with high redox potentials are

desired for the n-type LIBs cathodes. To obtain high redox potential CSA cathode materi-

als that can outcompete the previously reported values, we therefore set the lowest cutoff

of redox potential at 3.25 V, which is shown as the vertical dotted line in Figure 6.3a. Ac-

cordingly, 52 CSA compounds were identified as good candidates, which were endowed

with theoretical Q values from 84 mAh/g to 187 mAh/g, as shown by the two vertical

dotted lines in Figure 6.3b.

Figure 6.3. 2D scatter distribution of (a) SCScore versus E o
PM7g/PBEs

, and (b) SCScore versus Q.

The green crosses represent the experimentally tested CSAs. The dotted horizontal lines in both

(a) and (b) represent the SCScore cutoff value of 2.62. The dotted vertical line in (a) indicates the

redox potential cutoff value, E o
PM7g/PBEs

= 3.25 V. The dotted vertical lines in (b) indicate the min

and max borders of Q for the best 52 CSA compounds that were predicted in the current study.

6.3.4. STRUCTURE-PROPERTY RELATIONSHIPS

The structure–property relationships between the molecular substructures, such as chem-

ical functional groups, aromatic rings, and redox-active groups, and the computed prop-

erties, such as the redox potential and SCScore values, were studied to guide the design

of other CSA cathode candidates for LIBs beyond the list of compounds that were con-

sidered in the current study. The effect of chemical functional group, the number of

aromatic rings, the type of redox-active group on the predicted E o
PM7g/PBEs

were shown in

Figure 6.4a - 6.4c, and on the predicted SCScore were shown in Figure 6.4d - 6.4f. It can be

observed in Figure 6.4a that the redox potentials of functionalized CSA compounds shift
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towards higher values as the electron-withdrawing inductive effect of chemical groups

on the molecules increases in an order that is –CN > –F > –Cl > –CH3 > –OCH3 > –NH2.

The CN-substituted CSA compounds can achieve quite high redox potentials even in

comparison with the other two electron-withdrawing unit (i.e. –F and –Cl) substituted

CSA molecules. We found no clear relationship between the SCScore metric (Figure 6.4d)

and the choice of chemical groups. The CSA compounds with different type of chemi-

cal groups showed quite similar distributions based on their SCScore. Meanwhile, CSA

compounds functionalized with –Cl group had slightly lower SCScore, and similar ob-

servation can be found in organic quinone compounds. The distributions of chemical

functional group versus the predicted redox potential and SCScore were also provided

for each ring size in Appendix C Figure C.1.
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Figure 6.4. (a) Violin plots showing distributions of predicted redox potential E o
PM7g/PBEs

(a, b, c)

and SCScore (d, e, f) for 11,438 CSA candidates in the virtual library with respect to (a, d) the type

of functional group, and (b, e) the number of aromatic rings and (c, f) type of redox-active groups

present in the molecule. The white dot in the center of the black bar represents the median value.

In terms of the effect of the number of aromatic rings in Figure 6.4b and 6.4e, the

CSA compounds containing aromatic rings tend to have broad distribution on the pre-

dicted E o
PM7g/PBEs

. It is expected as these compounds offer more substituted positions to

tune their redox potential. The CSA compounds with small number of aromatic rings are

distributed in the positions of high redox potential, and low predicted SCScore, which

is quite desirable for the design of the organic cathode materials. However, since only

one CSA building block was applied to fuse the core skeletons in this study, the CSA

compounds with high redox potential and low SCScore in the virtual library were mostly

small molecules with one six-membered ring. The high solubility of small compounds

in organic electrolytes is a concern for LIBs, which can result in a poor capacity reten-
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tion for cathode materials. It is therefore suggested that a balance among the various

key properties, including redox potential, Q, SCScore, and solubility are sought for when

designing the optimal cathode materials for LIBs.

For all the CSA compounds in the database, the redox-active group is located either

at para or at ortho position. The Figure 6.4c indicates that the predicted E o
PM7g/PBEs

val-

ues can reach slightly higher values for ortho-CSA compounds when compared with the

para-CSA compounds. Moreover, the majority of para-CSA compounds has predicted

E o
PM7g/PBEs

values that are lower than 3 V. Similar to the effect of the type of functional

group on the SCScore metric as discussed above, the redox-active groups have no clear

effect on the SCScore metric as shown in Figure 6.4f. Furthermore, the distribution of

para-CSA compound SCScore values were similar to that of ortho-CSA compounds. The

distributions of redox-active group versus the predicted redox potential and SCScore

were also provided for each ring size in Appendix C Figure C.2.

6.4. CONCLUSIONS
In this work, we computationally explored a molecular library of 11,438 conjugated sul-

fonamide compounds as candidate materials for LIB cathodes. The hybrid computa-

tional approach, involving SEQM-PM7 and DFT-PBE methods, was found to be suffi-

ciently accurate for HTCS purposes. Four cathode-related properties of the molecules,

including redox potential, SCScore, gravimetric charge capacity, and gravimetric energy

density, were calculated and used to rank the molecules in the entire virtual database.

The SCScore and redox potential of the previously tested conjugated sulfonamide com-

pounds were used as cutoff metric to identify the promising candidates. Accordingly,

we identified 283 compounds that have a good prospect of synthesizability. After per-

forming a screening on these 283 compounds, we found 52 promising high-potential

conjugated sulfonamide candidates, with redox potential values greater than 3.25 V vs

Li/Li+, which is currently the highest reported value in literature. Lastly, we provided

an analysis of the emerging structure-property relationships in order to assist the future

conjugated sulfonamide molecule engineering efforts.

SUPPLEMENTARY INFORMATION
Supplementary information is available in Appendix C.
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This section provides the conclusions of the thesis and an outlook for future efforts. First, it

summarizes the research studies of Chapter 3, 4, 5, and 6. Then it presents an extended vi-

sion for high-throughput computational screening of organic molecules for battery cath-

ode materials from the aspects of the diversity in library design, physico-chemical descrip-

tors, and computational models and methods.
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7.1. CONCLUSIONS
The thesis is aiming at computationally exploring the chemical space of organic electro-

active molecules, and identifying the high-performing candidates for energy storage ap-

plications, particularly lithium-ion batteries (LIBs) and sodium-ion batteries (SIBs).

Redox potential, as a primary property of battery cathode materials, is extensively

computed using density functional theory (DFT) methods. To ensure the efficiency and

accuracy of electronic structure simulations on predicting the redox potential of a large

library of candidate molecules, we developed linear regression (LR) models between

energy-related chemical descriptors — reaction energy, LUMO energy of reactant quinone

molecules, and HOMO energy of the lithiated quinone molecules — and experimentally

measured redox potentials of quinone molecules for LIBs, designed a multi-scale com-

putational scheme, including the semi-empirical quantum mechanics (SEQM), density-

functional tight-binding (DFTB), and DFT, and compared the prediction accuracy of the

LR models in regard to the employed chemical descriptors and computational meth-

ods. We observed that (1) the LUMO energy of reactant quinone molecules was the best

descriptor at all levels of the considered theory; (2) the inclusion of solvation model in

energy calculations demonstrated an insignificant improvement for the prediction of

redox potential; (3) the hybrid scheme of low-level (SEQM or DFTB) optimizations and

DFT-based energy calculations showed the similar prediction accuracy as the full DFT

simulations with an almost thousandfold increase in computational efficiency.

We continued our investigations on identifying the lead quinone molecules from

the vast chemical space for LIBs. We designed a virtual library consisting of 199,498

quinone candidates, and automatically searched the commercially available (CA) com-

pounds in the ZINC database for the entire virtual library. We found that 245 molecules

were commercially recorded, and 99% (242) of theses CA molecules were functional-

ized with a maximum number of four different R-groups. Then, we computed the syn-

thetic complexity score (SCScore) using a developed machine-learning (ML) model, pre-

dicted the redox potential using the SEQM-computed (AM1) LUMO energies, calculated

the gravimetric charge capacity (Q) using the SMILES, and therefore computed AM1-

based energy density (W ). We obtained a set of 641 molecules either CA or easily syn-

thesizable at the first tier of selection based on SCScore metrics and commercial infor-

mation. For the screened 641 molecules, we performed high-level DFT (B3LYP) calcu-

lations, predicted the B3LYP-based redox potential and energy density, and computed

the structural changes during the lithiation process using the structural alignment algo-

rithm. As a result, a group of 349 quinone molecules were further down-selected using

the criteria of molecular stability and B3LYP-computed redox potential. We visualized

the chemical space of 349 molecules via the dimensionality reduction method, selected

1,4,9,10-anthracenetetraone (AT) for experimental validation, and analyzed the quanti-

tative structure property relationships of quinone molecules. We concluded that (1) for

the purpose of ranking the dataset, AM1 is sufficiently accurate for predicting the re-

dox potential of large-scale molecules; (2) the majority of CA molecules demonstrated
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relatively low redox potentials and low SCScore; (3) the top-performing 349 molecules

demonstrated ample possibilities in terms of the computed performance-related prop-

erties, such as redox properties, synthetic complexity and structural integrity upon lithi-

ation, and their molecular structures, such as type of R-groups and carbonyl groups;

(4) the predicted redox potential of AT was in good agreement with the experimentally

tested redox potential.

Inspired by the idea of CA molecules for the immediate use of battery cathodes, we

extended our studies to the SIBs. We enlarged the virtual library from 199,498 molecules

to 448,658, and performed an exactly search on the ZINC database for commercial ven-

dors. We found a subset of 326 CA molecules for high-throughput computational screen-

ing (HTCS). We developed a new LR model between the LUMO energies of quinone

molecules and experimental redox potential for SIB quinone cathodes, and evaluated

the prediction performance of LR model. We predicted the redox potential using the de-

veloped equation, computed the Q and DFT-based W for 326 molecules, and calculated

the structural changes between B3LYP-optimized carbon backbones of quinones and

sodiated quinones. We found that (1) the DFT-computed LUMO energies demonstrated

good fitness to linearly predict the redox potential of SIB cathodes; (2) the molecular

structures of 289 quinones were predicted to be stable in the sodiation process; (3) 21

quinones were promising cathode materials for SIBs.

Apart from the organic quinones, we broadened our investigations to the newly dis-

covered conjugated sulfonamides, as they exhibited even higher redox potential and

cycling stability than organic quinones. We created a virtual library of 11,438 conju-

gated sulfonamides, searched the commercial vendors for the virtual library on the ZINC

database, evaluated the accuracy of LR model on redox potential prediction for conju-

gated sulfonamides, computed the SCScore using the ML model, performed a hybrid

scheme, namely SEQM-based optimizations and DFT-based energy calculations, for the

whole library, computed the battery-related properties, including redox potential, Q, and

W, and analyzed the quantitative structure property relationships for conjugated sulfon-

amides. We found that (1) the hybrid computational scheme that involved in the SEQM

(PM7) and DFT (PBE) methods exhibited a similar prediction accuracy as DFT (PBE)

methods for conjugated sulfonamides; (2) 283 compounds had a good prospect of syn-

thesizability; (3) a total of 52 easy-to-synthesize conjugated sulfonamides were predicted

to exhibit higher redox potentials than the seven experimentally reported compounds.

7.2. OUTLOOK
The thesis have computationally explored the chemical space of the quinones and con-

jugated sulfonamides, and select the top-performing candidate molecules for directly

experimentation or further studies in LIBs and SIBs. Research efforts are still required

from the following three aspects.

Diversity in chemical space: In the thesis, each molecule of the virtual library is en-

dowed with single type of R-groups and single type of redox-active moieties, namely ei-
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ther C=O or C=N-SO2CH3. Considering the diversity of chemical space, multiple types

of R-groups and redox-active moieties can be employed in the generation of the virtual

library. One core structure can be functionalized with different chemical groups at the

same time in R-group enumeration. The molecular building-blocks chosen for fusing

the core structures can include different n-type redox-active moieties as shown in Ta-

ble 1.2. Thus, one core structure contains multiple types of redox-active groups. Apart

from the fusion process, the core structures can be also generated by linking the molec-

ular building-blocks. In other words, the redox-active building-blocks can be used as

chemical groups in the library generation.

Physico-chemical descriptors: We used the SCScore, LUMO energies of reactant

molecules, structural changes upon lithiation/sodiation reaction as physico-chemical

descriptors to predict the synthesizability, redox potential, and molecular stability dur-

ing charge-discharge process for organic materials, respectively. More physico-chemical

descriptors need be employed to predict the cathode-related properties. The key cathode-

related properties of LIBs and SIBs include the energy density (redox potential and spe-

cific capacity), cycling stability, and rate capability. The rate capability is one of the im-

portant indicators of power for battery, and high rate capability means less charging

time and high power output. It is determined by the electrical and ionic conductivity

of cathode materials. Band gap is extensively employed as descriptor to qualitatively de-

scribe the electrical conductivity of cathode materials, especially inorganic oxide mate-

rials. Similarly, for organic cathode materials, band gap can be calculated as a screening

metric for electrical conductivity. The intrinsic ionic conductivity of cathode materials

depends on the distribution of diffusive ions in the transport trajectory and the migra-

tion barrier of ions. Accordingly, the energy barrier of ionic migration can be regarded as

one of the significant descriptors for ionic conductivity.

Computational models and methods: All the calculations are performed using sin-

gle molecular model in the thesis. For the battery cathodes, more complicate mod-

els, such crystal or amorphous structures of organic molecules, need to be employed

for theoretical simulations. The computations of band gap and energy barriers also

need to be performed on aggregate structures. Besides, the redox potential of organic

cathode materials can be re-calculated using the aggregate structures. The aggregate

structures of organic molecules for the virtual library can also be searched in already

known database, such as The Cambridge Structural Database (CSD), Organic Materi-

als Database (OMDB), and Crystallography Open Database (COD). The thesis applied

the thermodynamic energy calculations and ML methods. More computational and nu-

merical methods, such as molecular dynamics and data-driven ML, can be integrated

together to predict the cathode-related properties.





APPENDIX

APPENDIX A
SUPPLEMENTAL INFORMATION FOR CHAPTER 3

The dielectric constant, molecular weight and density of binary solvents can be calcu-

lated by the below three equations using the available information on pure solvents [220].

For a mixture solvent, the dielectric constant, εmi x , is calculated as [221, 222]:

εmi x =Σxiεi (A.1)

where xi is the molar ratio and εi is the dielectric constant of solvent i, respectively.

The molecular weight is determined as the equation:

Mmi x =Σxi Mi (A.2)

where Mmi x and Mi represent the molecular density of a binary solvent and solvent i,

separately.

The density of the mixture liquids can be given by:

ρmi x = (Σ
wi

ρi
)−1 (A.3)

where ρmi x and ρi are the density of mixture liquids, and solvent i. wi is the weight

fraction of pure solvent.
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Table A.1. Summary of operation voltage and charge/discharge windows for the seven datasets.

Dataset Molecular structure
Operation voltage Charge/discharge window

(vs Li/Li+) (vs Li/Li+)

1

2.5

1.2 – 4.3

3.0

3.1

3.1

2

2.61

Not given

2.52

2.71

2.27

3

2.61

Not given2.68

2.74

2.93

2.27

Continued on next page
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Table A.1. – continued from previous page

Dataset Molecular structure
Operation voltage Charge/discharge window

(vs Li/Li+) (vs Li/Li+)

4

3.28

1.5 – 4.02.35

2.01

2.04

1.86

1.73

5

2.8

1.5 – 4.22.8

2.9

2.7

2.7

2.7

Continued on next page
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Table A.1. – continued from previous page

Dataset Molecular structure
Operation voltage Charge/discharge window

(vs Li/Li+) (vs Li/Li+)

2.6

2.6

6

2.4

1.5 – 3.5
2.1

2.5

2.7

1.7

7

1.92

1.5 – 3.5
1.79

2.53

2.32

2.11

2.39

Continued on next page
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Table A.1. – continued from previous page

Dataset Molecular structure
Operation voltage Charge/discharge window

(vs Li/Li+) (vs Li/Li+)

2.61
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Table A.2. Physical properties, including dielectric constant, molecular weight, and density, of

organic electrolytes and their mixtures corresponding to the experimental datasets.

Solvent ε (25◦ C) Molecular weight (g/mol) Density (g/cm3)

Ethylene carbonate 89.78 88.06 1.32

Diethyl carbonate 2.81 118.13 0.97

Dimethyl carbonate 3.11 90.08 1.06

Tetraglyme 7.79 222.28 1.01

Propylene carbonate 64.92 102.09 1.20

EC+DEC (v/v=3:7) 41.00 104.93 1.08

EC+DMC (w/w=1:1) 46.98 89.06 1.18

EC+DMC (v/v=1:1) 51.66 88.95 1.19

EC+DMC (v/v=3:7) 33.71 89.37 1.14

The abbreviations of organic solvents in the above table are denoted as: EC = ethylene carbonate, DEC = diethyl
carbonate, DMC = dimethyl carbonate, PC = propylene carbonate. w/w and v/v indicate the mass fraction and
volume fraction of two solvents, respectively.

100



Table A.3. NRMSE of ∆E r as computed with DFT, SEQM, DFTB and hybrid schemes of SEQM (or

DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 3.17% 29.78% 5.10% 13.54% 21.32% 19.37% 18.29%

B3LYPg 3.12% 25.47% 7.13% 18.90% 21.96% 17.72% 18.24%

PBE-D3g 3.24% 28.79% 5.13% 16.45% 21.34% 17.36% 18.22%

B3LYP-D3g 3.87% 25.09% 7.47% 18.67% 22.04% 18.13% 18.12%

PBEs 9.81% 3.82% 4.07% 10.94% 19.42% 12.48% 19.09%

B3LYPs 10.65% 4.86% 2.94% 12.45% 16.81% 13.93% 18.32%

PBE-D3s 8.39% 4.02% 3.90% 11.10% 16.50% 12.34% 18.96%

B3LYP-D3s 8.72% 4.54% 2.70% 13.76% 15.52% 11.89% 18.01%

SEQM

AM1 22.53% 19.48% 11.05% 15.44% 22.02% 13.17% 18.76%

MNDO 25.72% 37.08% 32.48% 9.33% 22.31% 30.06% 34.13%

MNDOD 9.94% 37.07% 31.46% 9.60% 20.14% 21.89% 32.74%

PM3 34.25% 33.60% 26.54% 8.02% 28.55% 17.55% 22.38%

PM6 8.48% 31.58% 14.01% 12.12% 21.74% 14.71% 16.53%

PM6-D3H4X 8.62% 31.58% 14.01% 12.10% 21.69% 14.68% 16.53%

PM7 6.66% 29.81% 15.22% 13.72% 20.10% 16.11% 15.61%

DFTB
GFN1-xTB 2.70% 33.04% 14.33% 11.02% 17.81% 9.27% 23.66%

SCC-DFTB 21.88% 34.60% 22.82% 8.56% 31.26% 27.86% 27.42%

SEQM/

DFT hybrid

AM1/B3LYPg 7.55% 29.33% 6.94% 13.43% 20.35% 14.85% 19.40%

PM7/B3LYPg 14.03% 29.17% 7.09% 12.06% 25.72% 18.02% 17.71%

AM1/B3LYPs 3.29% 16.30% 5.76% 10.04% 16.82% 8.52% 19.97%

PM7/B3LYPs 38.01% 19.57% 6.79% 10.83% 24.50% 11.99% 16.74%

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 11.52% 27.53% 6.40% 11.46% 22.06% 16.17% 17.51%

SCC-DFTB/B3LYPg 7.67% 22.61% 6.87% 10.93% 20.74% 14.43% 20.10%

GFN1-xTB/B3LYPs 40.50% 28.39% 8.42% 9.25% 20.21% 9.12% 17.62%

SCC-DFTB/B3LYPs 33.16% 27.47% 16.83% 10.12% 14.03% 11.66% 26.67%
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Table A.4. NRMSE of LUMO energy of the reactant molecules as computed with DFT, SEQM, DFTB

and hybrid schemes of SEQM (or DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 6.40% 9.76% 10.59% 15.49% 18.64% 13.09% 21.02%

B3LYPg 5.08% 6.59% 9.01% 15.91% 18.52% 12.30% 21.13%

PBE-D3g 6.64% 9.73% 10.56% 15.59% 18.89% 13.09% 21.02%

B3LYP-D3g 5.52% 6.52% 9.05% 15.96% 18.62% 12.28% 21.14%

PBEs 2.90% 3.53% 9.82% 14.81% 18.57% 10.73% 23.29%

B3LYPs 4.96% 5.30% 6.71% 13.92% 17.72% 9.26% 22.27%

PBE-D3s 4.10% 5.11% 9.57% 14.90% 18.63% 10.72% 23.34%

B3LYP-D3s 5.56% 5.47% 6.70% 13.81% 17.97% 8.73% 22.21%

SEQM

AM1 6.21% 6.08% 16.35% 23.45% 17.36% 19.29% 23.97%

MNDO 7.76% 22.95% 16.04% 26.45% 20.02% 18.00% 26.07%

MNDOD 6.06% 12.53% 14.76% 26.47% 18.36% 18.01% 26.34%

PM3 2.57% 24.29% 19.11% 22.70% 14.19% 19.94% 24.40%

PM6 8.08% 9.77% 16.77% 23.54% 16.60% 21.00% 25.14%

PM6-D3H4 6.50% 9.77% 16.73% 23.57% 17.57% 20.88% 25.12%

PM7 6.31% 11.68% 16.62% 22.91% 17.04% 20.80% 24.58%

DFTB
GFN1-xTB 12.48% 6.84% 16.37% 14.09% 19.14% 18.27% 23.79%

SCC-DFTB 4.38% 34.27% 15.07% 12.32% 23.44% 21.07% 26.65%

SEQM/

DFT hybrid

AM1/B3LYPg 12.81% 8.78% 10.10% 15.88% 18.50% 10.43% 20.33%

PM7/B3LYPg 6.89% 1.33% 7.76% 16.60% 17.96% 9.82% 19.89%

AM1/B3LYPs 7.13% 11.49% 8.63% 13.90% 18.06% 8.09% 22.02%

PM7/B3LYPs 9.85% 6.87% 7.82% 15.09% 17.06% 8.36% 20.70%

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 6.57% 8.13% 8.59% 16.20% 19.32% 11.36% 20.78%

SCC-DFTB/B3LYPg 7.54% 3.56% 7.28% 12.35% 18.12% 10.30% 22.03%

GFN1-xTB/B3LYPs 15.95% 6.85% 6.51% 14.44% 18.46% 8.41% 21.12%

SCC-DFTB/B3LYPs 10.18% 9.75% 5.22% 9.85% 17.69% 7.90% 23.45%
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Table A.5. NRMSE of HOMO energy of the product molecules as computed with DFT, SEQM, DFTB

and hybrid schemes of SEQM (or DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 26.90% 27.37% 25.79% 23.20% 29.58% 20.67% 15.48%

B3LYPg 28.25% 14.86% 25.49% 32.66% 20.18% 21.07% 19.54%

PBE-D3g 26.98% 27.60% 25.86% 25.26% 29.69% 17.58% 15.55%

B3LYP-D3g 28.05% 13.09% 25.44% 32.67% 20.04% 14.60% 19.29%

PBEs 15.90% 27.81% 17.17% 15.86% 24.27% 18.27% 18.44%

B3LYPs 14.78% 13.30% 23.07% 20.60% 15.52% 12.11% 21.87%

PBE-D3s 15.26% 28.67% 17.29% 17.08% 24.77% 14.71% 18.22%

B3LYP-D3s 14.37% 12.50% 23.07% 20.82% 15.05% 12.09% 22.23%

SEQM

AM1 19.29% 9.54% 28.98% 19.12% 18.40% 17.33% 18.68%

MNDO 13.38% 35.97% 29.81% 13.76% 23.84% 17.45% 24.71%

MNDOD 29.80% 36.62% 31.58% 14.99% 21.09% 21.57% 32.92%

PM3 12.81% 16.74% 30.86% 13.62% 15.73% 15.32% 26.48%

PM6 8.97% 18.64% 31.33% 21.20% 22.83% 13.63% 22.55%

PM6-D3H4X 9.84% 18.83% 31.38% 21.25% 23.53% 13.53% 22.66%

PM7 12.81% 10.88% 30.36% 26.40% 25.41% 17.68% 19.73%

DFTB
GFN1-xTB 5.18% 11.88% 11.24% 26.51% 18.08% 18.12% 17.60%

SCC-DFTB 41.05% 37.01% 31.37% 13.11% 29.94% 8.19% 31.63%

SEQM/

DFT hybrid

AM1/B3LYPg 16.40% 9.92% 20.95% 32.53% 20.18% 20.39% 12.89%

PM7/B3LYPg 14.68% 20.02% 25.03% 32.25% 24.83% 22.37% 14.71%

AM1/B3LYPs 14.27% 1.74% 15.53% 17.37% 17.36% 14.20% 20.50%

PM7/B3LYPs 18.71% 10.03% 20.75% 17.62% 19.23% 15.03% 18.37%

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 15.69% 18.94% 24.41% 28.70% 19.32% 20.31% 18.50%

SCC-DFTB/B3LYPg 13.36% 7.35% 26.52% 29.01% 19.21% 20.61% 22.95%

GFN1-xTB/B3LYPs 20.01% 13.42% 23.32% 13.46% 17.97% 15.42% 22.16%

SCC-DFTB/B3LYPs 9.58% 6.72% 25.69% 13.05% 17.78% 17.26% 25.26%
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Figure A.1. R2 of three descriptors: ∆E r , LUMO energy, and HOMO energy. The computational

data is calculated by using (a-c) DFT, (d-f) SEQM, and (g-i) DFTB methods for the seven exper-

imental datasets. PBEg and PBEs represent single point calculations in gas (g ) and solvent (s )

phases, respectively. The shaded vertical bars in (b, e and h) show the fully B3LYPg calculated

data.
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Figure A.2. R2 of three descriptors: ∆E r , LUMO energy, and HOMO energy. The computational

data is calculated by using (a-c) hybrid SEQM/DFT scheme and (d-e) hybrid DFTB/DFT scheme

for the seven experimental datasets. Accordingly, AM1/B3LYPg and AM1/B3LYPs imply that the

molecules are optimized only with AM1 and their energies are calculated by using B3LYP func-

tional either without or with solvation effect, respectively. The shaded vertical bars in (b, e and h)

show the fully B3LYPg calculated data.

105



Table A.6. R2 of∆E r as computed with DFT, SEQM, DFTB and hybrid schemes of SEQM (or DFTB)

and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 0.99 0.36 0.98 0.83 0.56 0.69 0.72

B3LYPg 0.99 0.53 0.95 0.68 0.54 0.74 0.73

PBE-D3g 0.99 0.40 0.98 0.75 0.56 0.75 0.73

B3LYP-D3g 0.99 0.54 0.95 0.68 0.53 0.73 0.73

PBEs 0.94 0.99 0.98 0.89 0.64 0.87 0.70

B3LYPs 0.93 0.98 0.99 0.86 0.73 0.84 0.72

PBE-D3s 0.96 0.99 0.99 0.89 0.74 0.87 0.70

B3LYP-D3s 0.96 0.99 0.99 0.83 0.77 0.88 0.73

SEQM

AM1 0.70 0.72 0.89 0.78 0.53 0.86 0.71

MNDO 0.62 0.00013 0.015 0.92 0.52 0.26 0.041

MNDOD 0.94 0.00041 0.076 0.92 0.61 0.61 0.12

PM3 0.32 0.18 0.34 0.94 0.22 0.75 0.59

PM6 0.96 0.27 0.82 0.87 0.55 0.82 0.78

PM6-D3H4X 0.96 0.27 0.82 0.87 0.55 0.82 0.78

PM7 0.97 0.35 0.78 0.83 0.61 0.79 0.80

DFTB
GFN1-xTB 0.996 0.21 0.81 0.89 0.70 0.93 0.54

SCC-DFTB 0.72 0.13 0.51 0.93 0.062 0.36 0.38

SEQM/

DFT hybrid

AM1/B3LYPg 0.97 0.37 0.96 0.84 0.60 0.82 0.69

PM7/B3LYPg 0.89 0.38 0.95 0.87 0.37 0.73 0.74

AM1/B3LYPs 0.99 0.81 0.97 0.91 0.73 0.94 0.67

PM7/B3LYPs 0.16 0.72 0.96 0.89 0.42 0.88 0.77

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 0.92 0.45 0.96 0.88 0.53 0.79 0.75

SCC-DFTB/B3LYPg 0.96 0.63 0.96 0.89 0.59 0.83 0.67

GFN1-xTB/B3LYPs 0.046 0.41 0.93 0.92 0.61 0.93 0.74

SCC-DFTB/B3LYPs 0.36 0.45 0.74 0.91 0.81 0.89 0.41
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Table A.7. R2 of LUMO energy of the reactant molecules as computed with DFT, SEQM, DFTB and

hybrid schemes of SEQM (or DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 0.98 0.93 0.90 0.78 0.67 0.86 0.64

B3LYPg 0.98 0.97 0.92 0.77 0.67 0.88 0.63

PBE-D3g 0.97 0.93 0.90 0.78 0.66 0.86 0.64

B3LYP-D3g 0.98 0.97 0.92 0.77 0.67 0.88 0.63

PBEs 0.995 0.99 0.91 0.80 0.67 0.91 0.55

B3LYPs 0.99 0.98 0.96 0.82 0.70 0.93 0.59

PBE-D3s 0.99 0.98 0.91 0.80 0.67 0.91 0.55

B3LYP-D3s 0.98 0.98 0.96 0.83 0.69 0.94 0.59

SEQM

AM1 0.98 0.97 0.75 0.50 0.71 0.69 0.53

MNDO 0.96 0.62 0.76 0.36 0.62 0.73 0.44

MNDOD 0.98 0.89 0.80 0.36 0.68 0.73 0.43

PM3 0.996 0.57 0.66 0.53 0.81 0.67 0.51

PM6 0.96 0.93 0.74 0.50 0.74 0.64 0.48

PM6-D3H4X 0.98 0.93 0.74 0.50 0.70 0.64 0.48

PM7 0.98 0.90 0.74 0.52 0.72 0.64 0.50

DFTB
GFN1-xTB 0.91 0.97 0.75 0.82 0.65 0.73 0.53

SCC-DFTB 0.99 0.15 0.79 0.86 0.47 0.64 0.42

SEQM/

DFT hybrid

AM1/B3LYPg 0.90 0.94 0.90 0.77 0.67 0.91 0.66

PM7/B3LYPg 0.97 0.999 0.94 0.75 0.69 0.92 0.67

AM1/B3LYPs 0.97 0.90 0.93 0.82 0.69 0.95 0.60

PM7/B3LYPs 0.94 0.97 0.94 0.79 0.72 0.94 0.65

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 0.98 0.95 0.93 0.76 0.64 0.89 0.65

SCC-DFTB/B3LYPg 0.97 0.99 0.95 0.86 0.69 0.91 0.60

GFN1-xTB/B3LYPs 0.85 0.97 0.96 0.81 0.67 0.94 0.63

SCC-DFTB/B3LYPs 0.94 0.93 0.98 0.91 0.70 0.95 0.55
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Table A.8. R2 of HOMO energy of the product molecules as computed with DFT, SEQM, DFTB and

hybrid schemes of SEQM (or DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 0.58 0.46 0.38 0.51 0.16 0.65 0.80

B3LYPg 0.54 0.84 0.39 0.030 0.61 0.63 0.69

PBE-D3g 0.58 0.45 0.38 0.42 0.15 0.75 0.80

B3LYP-D3g 0.54 0.88 0.40 0.030 0.61 0.82 0.69

PBEs 0.85 0.44 0.72 0.77 0.43 0.73 0.72

B3LYPs 0.87 0.87 0.50 0.61 0.77 0.88 0.61

PBE-D3s 0.86 0.40 0.72 0.73 0.41 0.82 0.73

B3LYP-D3s 0.88 0.89 0.50 0.61 0.78 0.88 0.59

SEQM

AM1 0.78 0.93 0.22 0.67 0.68 0.75 0.71

MNDO 0.90 0.059 0.17 0.83 0.45 0.75 0.50

MNDOD 0.48 0.024 0.069 0.80 0.57 0.62 0.11

PM3 0.90 0.80 0.11 0.83 0.76 0.81 0.42

PM6 0.95 0.75 0.083 0.59 0.50 0.85 0.58

PM6-D3H4X 0.94 0.74 0.081 0.59 0.47 0.85 0.58

PM7 0.90 0.91 0.14 0.37 0.38 0.74 0.68

DFTB
GFN1-xTB 0.98 0.90 0.88 0.36 0.69 0.73 0.75

SCC-DFTB 0.019 0.0037 0.081 0.84 0.14 0.95 0.18

SEQM/

DFT hybrid

AM1/B3LYPg 0.84 0.93 0.59 0.039 0.61 0.66 0.86

PM7/B3LYPg 0.87 0.71 0.42 0.055 0.41 0.59 0.82

AM1/B3LYPs 0.88 0.998 0.77 0.73 0.71 0.83 0.65

PM7/B3LYPs 0.80 0.93 0.60 0.72 0.64 0.81 0.72

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 0.86 0.74 0.44 0.25 0.64 0.66 0.72

SCC-DFTB/B3LYPg 0.90 0.96 0.34 0.24 0.65 0.65 0.57

GFN1-xTB/B3LYPs 0.77 0.87 0.49 0.84 0.69 0.80 0.60

SCC-DFTB/B3LYPs 0.95 0.97 0.38 0.85 0.70 0.76 0.48
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Table A.9. RMSE of ∆E r as computed with DFT, SEQM, DFTB and hybrid schemes of SEQM (or

DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 0.019 0.13 0.034 0.21 0.064 0.19 0.15

B3LYPg 0.019 0.11 0.047 0.29 0.066 0.18 0.15

PBE-D3g 0.019 0.13 0.034 0.26 0.064 0.17 0.15

B3LYP-D3g 0.023 0.11 0.049 0.29 0.066 0.18 0.15

PBEs 0.059 0.017 0.027 0.17 0.058 0.123 0.16

B3LYPs 0.064 0.021 0.019 0.19 0.050 0.14 0.15

PBE-D3s 0.050 0.018 0.026 0.17 0.049 0.12 0.16

B3LYP-D3s 0.052 0.020 0.018 0.21 0.047 0.12 0.15

SEQM

AM1 0.14 0.086 0.073 0.24 0.066 0.13 0.15

MNDO 0.15 0.16 0.21 0.15 0.067 0.30 0.28

MNDOD 0.060 0.16 0.21 0.15 0.060 0.22 0.27

PM3 0.21 0.15 0.18 0.13 0.086 0.18 0.18

PM6 0.051 0.14 0.092 0.19 0.065 0.15 0.14

PM6-D3H4X 0.052 0.14 0.092 0.19 0.065 0.15 0.14

PM7 0.040 0.13 0.11 0.21 0.060 0.16 0.13

DFTB
GFN1-xTB 0.016 0.15 0.095 0.17 0.053 0.093 0.19

SCC-DFTB 0.13 0.15 0.15 0.13 0.094 0.28 0.23

SEQM/

DFT hybrid

AM1/B3LYPg 0.045 0.13 0.046 0.21 0.061 0.15 0.16

PM7/B3LYPg 0.084 0.13 0.047 0.19 0.077 0.18 0.15

AM1/B3LYPs 0.020 0.072 0.038 0.16 0.050 0.085 0.16

PM7/B3LYPs 0.23 0.086 0.045 0.17 0.074 0.12 0.14

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 0.069 0.12 0.042 0.18 0.066 0.16 0.14

SCC-DFTB/B3LYPg 0.046 0.10 0.045 0.17 0.062 0.14 0.17

GFN1-xTB/B3LYPs 0.24 0.13 0.056 0.14 0.061 0.091 0.14

SCC-DFTB/B3LYPs 0.20 0.12 0.11 0.16 0.042 0.12 0.22
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Table A.10. RMSE of LUMO energy of the reactant molecules as computed with DFT, SEQM, DFTB

and hybrid schemes of SEQM (or DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 0.038 0.043 0.070 0.24 0.056 0.13 0.17

B3LYPg 0.031 0.029 0.059 0.25 0.056 0.12 0.17

PBE-D3g 0.040 0.043 0.070 0.24 0.057 0.13 0.17

B3LYP-D3g 0.033 0.029 0.060 0.25 0.056 0.12 0.17

PBEs 0.017 0.016 0.065 0.23 0.056 0.11 0.19

B3LYPs 0.030 0.023 0.044 0.22 0.053 0.093 0.18

PBE-D3s 0.025 0.022 0.063 0.23 0.056 0.11 0.19

B3LYP-D3s 0.033 0.024 0.044 0.21 0.054 0.087 0.18

SEQM

AM1 0.037 0.027 0.11 0.36 0.052 0.19 0.20

MNDO 0.047 0.10 0.11 0.41 0.060 0.18 0.21

MNDOD 0.036 0.055 0.097 0.41 0.055 0.18 0.22

PM3 0.015 0.11 0.13 0.35 0.043 0.20 0.20

PM6 0.048 0.043 0.11 0.37 0.050 0.21 0.21

PM6-D3H4X 0.039 0.043 0.11 0.37 0.053 0.21 0.21

PM7 0.038 0.051 0.11 0.36 0.051 0.21 0.20

DFTB
GFN1-xTB 0.075 0.030 0.11 0.22 0.057 0.18 0.20

SCC-DFTB 0.026 0.15 0.099 0.19 0.070 0.21 0.22

SEQM/

DFT hybrid

AM1/B3LYPg 0.077 0.039 0.067 0.25 0.055 0.10 0.17

PM7/B3LYPg 0.041 0.0060 0.051 0.26 0.054 0.098 0.16

AM1/B3LYPs 0.043 0.051 0.057 0.22 0.054 0.081 0.18

PM7/B3LYPs 0.059 0.030 0.052 0.23 0.051 0.084 0.17

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 0.039 0.036 0.057 0.25 0.058 0.11 0.17

SCC-DFTB/B3LYPg 0.045 0.016 0.048 0.19 0.054 0.10 0.18

GFN1-xTB/B3LYPs 0.096 0.030 0.043 0.22 0.055 0.084 0.17

SCC-DFTB/B3LYPs 0.061 0.043 0.034 0.15 0.053 0.079 0.19
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Table A.11. RMSE of HOMO energy of the product molecules as computed with DFT, SEQM, DFTB

and hybrid schemes of SEQM (or DFTB) and DFT methods for the seven datasets.

No.1 No.2 No.3 No.4 No.5 No.6 No.7

DFT

PBEg 0.16 0.12 0.17 0.36 0.089 0.21 0.13

B3LYPg 0.17 0.065 0.17 0.51 0.061 0.21 0.16

PBE-D3g 0.16 0.12 0.17 0.39 0.089 0.18 0.13

B3LYP-D3g 0.17 0.058 0.17 0.51 0.060 0.15 0.16

PBEs 0.095 0.12 0.11 0.25 0.073 0.18 0.15

B3LYPs 0.089 0.059 0.15 0.32 0.047 0.12 0.18

PBE-D3s 0.092 0.13 0.11 0.27 0.074 0.15 0.15

B3LYP-D3s 0.086 0.055 0.15 0.32 0.045 0.12 0.18

SEQM

AM1 0.12 0.042 0.19 0.30 0.055 0.17 0.15

MNDO 0.080 0.16 0.20 0.21 0.072 0.18 0.20

MNDOD 0.18 0.16 0.21 0.23 0.063 0.22 0.27

PM3 0.077 0.074 0.20 0.21 0.047 0.15 0.22

PM6 0.054 0.082 0.21 0.33 0.068 0.14 0.19

PM6-D3H4X 0.059 0.083 0.21 0.33 0.071 0.14 0.19

PM7 0.077 0.048 0.20 0.41 0.076 0.18 0.16

DFTB
GFN1-xTB 0.031 0.052 0.074 0.41 0.054 0.18 0.14

SCC-DFTB 0.25 0.16 0.21 0.20 0.090 0.082 0.26

SEQM/

DFT hybrid

AM1/B3LYPg 0.098 0.044 0.14 0.50 0.061 0.20 0.11

PM7/B3LYPg 0.088 0.088 0.17 0.50 0.074 0.22 0.12

AM1/B3LYPs 0.086 0.0080 0.10 0.27 0.052 0.14 0.17

PM7/B3LYPs 0.11 0.044 0.14 0.27 0.058 0.15 0.15

DFTB/

DFT hybrid

GFN1-xTB/B3LYPg 0.094 0.083 0.16 0.45 0.058 0.20 0.15

SCC-DFTB/B3LYPg 0.080 0.032 0.18 0.45 0.058 0.21 0.19

GFN1-xTB/B3LYPs 0.12 0.059 0.15 0.21 0.054 0.15 0.18

SCC-DFTB/B3LYPs 0.057 0.030 0.17 0.20 0.053 0.17 0.21
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APPENDIX B
SUPPLEMENTAL INFORMATION FOR CHAPTER 4

Table B.1. 2D molecular drawings, SMILES representations, and the number of functionalized

derivatives of the 170 core quinones structures that have been used to build the virtual screening

library in the current study.

No. 2D structures SMILES
Number of

functionalized derivatives

1 O=C1C=CC(=O)C=C1 6

2 O=C1C(=O)C=CC=C1 9

3 c1cccc(c12)C
(=O)C=CC2=O

35

4 c1cccc(c12)C=C
C(=O)C2=O

63

5 c1cccc(c1=2)=C
C(=O)C(=O)C2

35

6 O=c1ccc(=O)c
(c12)ccc(=O)c2=O

15

7 c1cc(=O)c(=O)c
(c12)ccc(=O)c2=O

9

8 c1c(=O)c(=O)cc
(c12)ccc(=O)c2=O

15

9 O=c1c(=O)ccc
(c12)ccc(=O)c2=O

9

10 O=c1ccc(=O)c
(c12)c(=O)ccc2=O

6

11 c1c(=O)c(=O)cc
(c12)c(=O)ccc2=O

9

12 O=C1C(=O)C=Cc
(c12)cc3c(c2)cccc3

255

13 O=C1C=CC(=O)c(c12)
cc3c(c2)cccc3

135

14 c1cccc(c12)cc=3c(c2)
=CC(=O)C(=O)C3

135

Continued on next page
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Table B.1. – Continued from previous page

No. 2D structures SMILES
Number of

functionalized derivatives

15 c1cccc(c12)C(=O)c3
c(C2=O)cccc3

75

16 O=c1c(=O)ccc(c12)c
c3c(c2)ccc(=O)c3=O

35

17 O=c1ccc(=O)c(c12)c
c3c(c2)c(=O)c(=O)cc3

63

18 O=c1c(=O)ccc(c12)c
c3c(c2)cc(=O)c(=O)c3

63

19 O=c1c(=O)ccc(c12)c
c3c(c2)c(=O)c(=O)cc3

39

20 O=c1c(=O)ccc(c12)c
(=O)c3c(c2=O)cccc3

63

21 O=c1ccc(=O)c(c12)c
c3c(c2)c(=O)ccc3=O

23

22 O=c1ccc(=O)c(c12)c
c3c(c2)cc(=O)c(=O)c3

35

23 O=c1ccc(=O)c(c12)
c(=O)c3c(c2=O)cccc3

35

24 c1c(=O)c(=O)cc(c12)
c(=O)c3c(c2=O)cccc3

35

25 C1=CC(=O)C(=O)c
(c1c23)ccc2cccc3

255

26 c1cccc(c1c23)ccc2
C(=O)C=CC3=O

255

27 C1C(=O)C(=O)C=c(c=1c23)
ccc2cccc3

255

28 c1cccc(c1c23)ccc3C=C
C(=O)C2=O

255

29 c1cccc(c1c23)C(=O)C
(=O)c2cccc3

135

30 c1cc(=O)c(=O)c(c1c23)cc
c3ccc(=O)c2=O

63

Continued on next page
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Table B.1. – Continued from previous page

No. 2D structures SMILES
Number of

functionalized derivatives

31 c1cc(=O)c(=O)c(c1c23)
ccc2c(=O)c(=O)cc3

35

32 O=c1c(=O)ccc(c12)c3
c(c(=O)c2=O)cccc3

63

33 O=c1c(=O)ccc(c1c23)
ccc2c(=O)ccc3=O

63

34 O=c1ccc(=O)c(c1c23)
ccc2c(=O)ccc3=O

35

35 c1c(=O)c(=O)cc(c1c23)
ccc2c(=O)ccc3=O

63

36 c1cc(=O)c(=O)c(c1c23)
ccc2c(=O)ccc3=O

63

37 O=c1ccc(=O)c(c12)c
(=O)c(=O)c3c2cccc3

63

38 c1c(=O)c(=O)cc(c1c23)c
cc3ccc(=O)c2=O

63

39 c1c(=O)c(=O)cc(c1c23)c
cc2cc(=O)c(=O)c3

35

40 c1cc(=O)c(=O)c(c12)c
cc3c2cc(=O)c(=O)c3

63

41 c1cccc(c1c23)c(=O)c
(=O)c2cc(=O)c(=O)c3

63

42 O=c1c(=O)ccc(c1c23)c
cc3ccc(=O)c2=O

35

43 c1cccc(c1c23)c(=O)c
(=O)c2ccc(=O)c3=O

63

44 O=C1C(=O)C=Cc(c12)c
c3c(c2)cc4c(c3)cccc4

1023

45 c1cccc(c2)c1cc(c23)c
c=4c(c3)=CC(=O)C(=O)C4

527

46 O=C1C=CC(=O)c(c12)c
c3c(c2)cc4c(c3)cccc4

527

47 c1cccc(c2)c1cc(c23)C
(=O)c4c(C3=O)cccc4

527

Continued on next page
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Table B.1. – Continued from previous page

No. 2D structures SMILES
Number of

functionalized derivatives

48 O=c1c(=O)ccc(c12)c(=O)
c3c(c2=O)cc4c(c3)cccc4

255

49 c1cc(=O)c(=O)c(c2)c1cc
(c23)c(=O)c4c(c3=O)cccc4

255

50 O=c1ccc(=O)c(c12)cc3c
(c2)cc4c(c3)ccc(=O)c4=O

255

51 O=c1c(=O)ccc(c12)cc3c
(c2)cc4c(c3)c(=O)c(=O)cc4

135

52 O=c1c(=O)ccc(c12)cc3c
(c2)cc4c(c3)cc(=O)c(=O)c4

255

53 O=c1c(=O)ccc(c12)cc3c
(c2)cc4c(c3)ccc(=O)c4=O

135

54 c1cccc(c2)c1cc(c23)c(=O)
c4c(c3=O)cc(=O)c(=O)c4

135

55 c1cccc(c2=O)c1c(=O)c
(c23)cc4c(c3)cc(=O)c(=O)c4

135

56 O=c1ccc(=O)c(c12)cc3c
(c2)cc4c(c3)cc(=O)c(=O)c4

135

57 O=c1ccc(=O)c(c12)c(=O)
c3c(c2=O)cc4c(c3)cccc4

135

58 c1cccc(c2=O)c1c(=O)c
(c23)cc4c(c3)c(=O)ccc4=O

135

59 O=c1ccc(=O)c(c12)cc3c
(c2)cc4c(c3)c(=O)ccc4=O

75

60 c1cccc(c2=O)c1c(=O)c(c23)
c(=O)c4c(c3=O)cccc4

75

61 c1cccc(c2)c1cc(c2c34)c
cc4C=CC(=O)C3=O

1023

62 C1C(=O)C(=O)C=c(c=1c23)c
cc2cc4c(c3)cccc4

1023

Continued on next page
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63 C1=CC(=O)C(=O)c(c1c23)c
cc2cc4c(c3)cccc4

1023

64 c1cccc(c2)c1cc(c2c34)
ccc3C(=O)C=CC4=O

1023

65 c1cccc(c1c23)C(=O)C(=O)
c2cc4c(c3)cccc4

1023

66 c1cccc(c1c23)ccc2C(=O)
c4c(C3=O)cccc4

1023

67 c1cccc(c1c23)ccc2cc4
c(c3)C=CC(=O)C4=O

1023

68 c1cccc(c1c23)ccc2cc=4
c(c3)=CC(=O)C(=O)C4

1023

69 c1cccc(c1c23)ccc2cc4
c(c3)C(=O)C(=O)C=C4

1023

70 c1cccc(c1c23)ccc2cc4
c(c3)C(=O)C=CC4=O

1023

71 c1cccc(c2)c1cc(c2c34)
c(=O)c(=O)c3ccc(=O)c4=O

255

72 O=c1c(=O)ccc(c1c23)ccc2
c(=O)c4c(c3=O)cccc4

255

73 O=c1ccc(=O)c(c2)c1cc
(c2c34)ccc4ccc(=O)c3=O

255

74 O=c1c(=O)ccc(c2)c1cc
(c2c34)ccc4ccc(=O)c3=O

255

75 c1c(=O)c(=O)cc(c2)c1cc
(c2c34)ccc4ccc(=O)c3=O

255

76 c1cc(=O)c(=O)c(c2)c1cc
(c2c34)ccc4ccc(=O)c3=O

255

Continued on next page
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77 c1c(=O)c(=O)cc(c1c23)c(=O)
c(=O)c2cc4c(c3)cccc4

255

78 c1cccc(c2=O)c1c(=O)c(c23
)ccc4c3cc(=O)c(=O)c4

255

79 c1c(=O)c(=O)cc(c1c23)
ccc2cc4c(c3)c(=O)ccc4=O

255

80 c1c(=O)c(=O)cc(c1c23)
ccc2cc4c(c3)ccc(=O)c4=O

255

81 c1c(=O)c(=O)cc(c1c23)
ccc2cc4c(c3)cc(=O)c(=O)c4

255

82 c1c(=O)c(=O)cc(c1c23)
ccc2cc4c(c3)c(=O)c(=O)cc4

255

83 O=c1c(=O)ccc(c12)c3c
(c(=O)c2=O)cc4c(c3)cccc4

255

84 c1cc(=O)c(=O)c(c1c23)
ccc2c(=O)c4c(c3=O)cccc4

255

85 c1cc(=O)c(=O)c(c12)
ccc3c2cc4c(c3)c(=O)ccc4=O

255

86 c1cc(=O)c(=O)c(c12)
ccc3c2cc4c(c3)c(=O)c(=O)cc4

255

87 c1cc(=O)c(=O)c2ccc
(c3c12)cc4c(c3)cc(=O)c(=O)c4

255

88 c1cc(=O)c(=O)c(c12)cc
c3c2cc4c(c3)ccc(=O)c4=O

255

89 O=c1ccc(=O)c(c12)c(=O)
c(=O)c3c2cc4c(c3)cccc4

255

Continued on next page
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90 O=c1ccc(=O)c(c1c23)
ccc2c(=O)c4c(c3=O)cccc4

255

91 O=c1ccc(=O)c(c2)c1cc
(c2c34)ccc3c(=O)ccc4=O

255

92 O=c1ccc(=O)c2ccc(c3c12)
cc4c(c3)ccc(=O)c4=O

255

93 c1c(=O)c(=O)cc(c2)c1c
c(c2c34)ccc3c(=O)ccc4=O

255

94 c1cc(=O)c(=O)c(c2)c1c
c(c2c34)ccc3c(=O)ccc4=O

255

95 c1cccc(c2=O)c1c(=O)c
(c23)c(=O)c(=O)c4c3cccc4

255

96 c1cccc(c1c23)c(=O)c(=O)
c2cc4c(c3)ccc(=O)c4=O

255

97 c1cccc(c1c23)c(=O)c(=O)
c2cc4c(c3)c(=O)ccc4=O

255

98 c1cccc(c1c23)c(=O)c(=O)
c2cc4c(c3)cc(=O)c(=O)c4

255

99 c1cccc(c1c23)c(=O)c(=O)
c2cc4c(c3)c(=O)c(=O)cc4

255

100 O=c1c(=O)ccc(c2=O)c1c(=O)
c(c23)ccc4c3cccc4

255

101 O=c1ccc(=O)c(c12)c(=O)
c3c(c2=O)c4c(cc3)cccc4

255

102 c1c(=O)c(=O)cc(c2=O)
c1c(=O)c(c23)ccc4c3cccc4

255

103 c1cc(=O)c(=O)c(c2=O)
c1c(=O)c(c23)ccc4c3cccc4

255

104 c12c3c4ccc1c(=O)c
(=O)cc2ccc3ccc4

255

Continued on next page
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105 c12c3c4c(=O)c(=O)
c1cccc2ccc3ccc4

135

106 c12c3c4c(=O)c(=O)c1c
c(=O)c(=O)c2ccc3ccc4

63

107 c12c3c4c(=O)c(=O)cc3
ccc1c(=O)c(=O)cc2cc4

35

108 c12c3c4c(=O)c(=O)cc3
ccc2cc(=O)c(=O)c1cc4

35

109 c12c3c(=O)c(=O)c4c1c
(ccc4)ccc2cc(=O)c3=O

63

110 c12c3c4c(=O)c(=O)c1c
ccc2c(=O)c(=O)c3ccc4

23

111 c1cccc(cc2)c1c(c2c34)
ccc4C=CC(=O)C3=O

1023

112 C1C(=O)C(=O)C=c(cc2)
c=1c(c23)ccc4c3cccc4

1023

113 c1cccc(cc2)c1c(c2c34)
ccc3C(=O)C=CC4=O

1023

114 C1=CC(=O)C(=O)c(cc2)
c1c(c23)ccc4c3cccc4

1023

115 c1cccc(C(=O)C2=O)c1c
(c23)ccc4c3cccc4

1023

116 c1cccc(cc2)c1c(c2c34)
c(=O)c(=O)c3ccc(=O)c4=O

255

117 O=c1c(=O)ccc(cc2)c1
c(c2c34)ccc4ccc(=O)c3=O

135

118 O=c1c(=O)ccc(cc2)c1
c(c2c34)ccc3c(=O)ccc4=O

255

119 c1c(=O)c(=O)cc(cc2)c1
c(c2c34)ccc4ccc(=O)c3=O

255

120 c1cc(=O)c(=O)c(cc2)
c1c(c2c34)ccc4ccc(=O)c3=O

255

Continued on next page
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121 O=c1c(=O)ccc(c1c23)c
cc2c4c(c(=O)c3=O)cccc4

255

122 c1c(=O)c(=O)cc(c(=O)
c2=O)c1c(c23)ccc4c3cccc4

255

123 c1c(=O)c(=O)cc(cc2)
c1c(c23)ccc4c3cc(=O)c(=O)c4

135

124 c1c(=O)c(=O)cc(cc2)
c1c(c2c34)ccc3c(=O)ccc4=O

255

125 c1cc(=O)c(=O)c(c1c23)
ccc2c4c(cc3)cc(=O)c(=O)c4

255

126 c1cccc(c(=O)c2=O)c1c
(c23)ccc4c3cc(=O)c(=O)c4

255

127 O=c1ccc(=O)c(c12)c(=O)
c(=O)c3c2ccc4c3cccc4

255

128 O=c1ccc(=O)c(cc2)c1c
(c2c34)ccc3c(=O)ccc4=O

135

129 O=c1ccc(=O)c(c1c23)ccc2
c4c(c(=O)c3=O)cccc4

255

130 c1cc(=O)c(=O)c(c(=O)c2=O)
c1c(c23)ccc4c3cccc4

255

131 c1cc(=O)c(=O)c(cc2)c1c
(c2c34)ccc3c(=O)ccc4=O

255

132 c1cccc(c(=O)c2=O)c1c(c23)
ccc4c3ccc(=O)c4=O

255

133 c1cccc(c(=O)c2=O)c1c(c23)
c(=O)c(=O)c4c3cccc4

135

134 O=C1C(=O)C=Cc(c1c23)cc
c3ccc4c2cccc4

1023

135 c1cccc(c1c23)ccc3ccc=4
c2=CC(=O)C(=O)C4

1023

Continued on next page
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136 c1cccc(c1c23)ccc3ccc4
c2C=CC(=O)C4=O

1023

137 O=C1C=CC(=O)c(c1c23)cc
c3ccc4c2cccc4

1023

138 c1cccc(c1c23)C(=O)C(=O)
c3ccc4c2cccc4

1023

139 O=c1c(=O)ccc(c1c23)c(=O)
c(=O)c2ccc4c3cccc4

255

140 O=c1c(=O)ccc(c1c23)ccc3
c(=O)c(=O)c4c2cccc4

255

141 O=c1c(=O)ccc(c1c23)ccc3
ccc4c2ccc(=O)c4=O

255

142 O=c1c(=O)ccc(c1c23)ccc3
ccc4c2cc(=O)c(=O)c4

255

143 O=c1c(=O)ccc(c1c23)ccc3
ccc4c2c(=O)c(=O)cc4

135

144 O=c1c(=O)ccc(c1c23)ccc3
ccc4c2c(=O)ccc4=O

255

145 c1c(=O)c(=O)cc(c1c23)c
(=O)c(=O)c2ccc4c3cccc4

255

146 c1cccc(c1c23)c(=O)c(=O)
c2ccc4c3cc(=O)c(=O)c4

255

147 c1cc(=O)c(=O)c(c1c23)c
cc3ccc4c2cc(=O)c(=O)c4

255

148 c1c(=O)c(=O)cc(c1c23)
ccc3ccc4c2cc(=O)c(=O)c4

135

149 O=c1ccc(=O)c(c1c23)cc
c3ccc4c2cc(=O)c(=O)c4

255

Continued on next page
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150 c1cc(=O)c(=O)c(c1c23)
c(=O)c(=O)c2ccc4c3cccc4

255

151 c1cc(=O)c(=O)c(c1c23)c
cc3c(=O)c(=O)c4c2cccc4

255

152 c1cc(=O)c(=O)c(c1c23)c
cc3ccc4c2ccc(=O)c4=O

135

153 O=c1ccc(=O)c(c1c23)ccc3
ccc4c2ccc(=O)c4=O

255

154 O=c1ccc(=O)c2c(=O)c(=O)
c(c3c12)ccc4c3cccc4

255

155 O=c1ccc(=O)c(c1c23)ccc3
c(=O)c(=O)c4c2cccc4

255

156 O=c1ccc(=O)c(c1c23)ccc3
ccc4c2c(=O)ccc4=O

135

157 c1cccc2c1c(=O)c(=O)c(c23)
c(=O)c(=O)c4c3cccc4

135

158 c1cccc(c1c23)c4c(cccc4)
c2C=CC(=O)C3=O

1023

159 c1cccc(c1c23)c=4c(=C
C(=O)C(=O)C4)c2cccc3

527

160 O=C1C=CC(=O)c(c12)c3
c(cccc3)c4c2cccc4

527

161 c1cc(=O)c(=O)c(c1c23)c4
c(cccc4)c2ccc(=O)c3=O

255

162 O=c1ccc(=O)c(c12)c3c
(cccc3)c4c2ccc(=O)c4=O

255

163 O=c1c(=O)ccc(c12)c3c
(cc(=O)c(=O)c3)c4c2cccc4

255

Continued on next page
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164 O=c1c(=O)ccc(c12)c3c(
c(=O)c(=O)cc3)c4c2cccc4

135

165 c1c(=O)c(=O)cc(c1c23)c4c
(cccc4)c2ccc(=O)c3=O

255

166 c1c(=O)c(=O)cc(c1c23)c4c
(cccc4)c2cc(=O)c(=O)c3

135

167 O=c1ccc(=O)c(c12)c3c
(cccc3)c4c2cc(=O)c(=O)c4

255

168 O=c1c(=O)ccc(c1c23)c4c
(cccc4)c2ccc(=O)c3=O

135

169 O=c1c(=O)ccc(c1c23)c4c
(cccc4)c2c(=O)ccc3=O

255

170 O=c1ccc(=O)c(c1c23)c4c
(cccc4)c2c(=O)ccc3=O

135

123



Figure B.1. The distribution of –Cl functionalized molecules over the entire virtual library of

molecules, where the former are shown with colored dots and the latter with grey dots. The pre-

dicted E o
AM1 and SCScore values are shown for the compounds having (a) [P], (b) [O], (c) [P+P], (d)

[O+O], and (e) [P+O] type of carbonyl groups in their CQSs. The color bars on the right show the

number of molecules as indicated by the different colors. The violin plot (f) shows the distribution

of the predicted E o
AM1 values with respect to the five different types of carbonyl groups found in

the CQSs.
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Figure B.2. The distribution of –CH3 functionalized molecules over the entire virtual library of

molecules, where the former are shown with colored dots and the latter with grey dots. The pre-

dicted E o
AM1 and SCScore values are shown for the compounds having (a) [P], (b) [O], (c) [P+P], (d)

[O+O], and (e) [P+O] type of carbonyl groups in their CQSs. The color bars on the right show the

number of molecules as indicated by the different colors. The violin plot (f) shows the distribution

of the predicted E o
AM1 values with respect to the five different types of carbonyl groups found in

the CQSs.
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Figure B.3. The distribution of –OCH3 functionalized molecules over the entire virtual library

of molecules, where the former are shown with colored dots and the latter with grey dots. The

predicted E o
AM1 and SCScore values are shown for the compounds having (a) [P], (b) [O], (c) [P+P],

(d) [O+O], and (e) [P+O] type of carbonyl groups in their CQSs. The color bars on the right show the

number of molecules as indicated by the different colors. The violin plot (f) shows the distribution

of the predicted E o
AM1 values with respect to the five different types of carbonyl groups found in

the CQSs.
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Figure B.4. The distribution of –NH2 functionalized molecules over the entire virtual library of

molecules, where the former are shown with colored dots and the latter with grey dots. The pre-

dicted E o
AM1 and SCScore values are shown for the compounds having (a) [P], (b) [O], (c) [P+P], (d)

[O+O], and (e) [P+O] type of carbonyl groups in their CQSs. The color bars on the right show the

number of molecules as indicated by the different colors. The violin plot (f) shows the distribution

of the predicted E o
AM1 values with respect to the five different types of carbonyl groups found in

the CQSs.
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APPENDIX C
SUPPLEMENTAL INFORMATION FOR CHAPTER 6

Table C.1. 2D structures and SMILES of 14 core CSAs and their number of functionalized deriva-

tives for one chemical group.

No. 2D structures SMILES
Number of

functionalized derivatives

1 CS(=O)(=O)N=C1C=C
C(C=C1)=NS(=O)(=O)C

6

2 CS(=O)(=O)/N=C1\C(=N
\S(=O)(=O)C)C=CC=C1

9

3 CS(=O)(=O)\N=C\1C=CC
(=N/S(=O)(=O)C)\c(c12)cccc2

35

4 CS(=O)(=O)/N=C\1/C(=N/S
(=O)(=O)C)C=Cc(c12)cccc2

63

5 CS(=O)(=O)\N=C(C1)\C(=N
\S(=O)(=O)C)C=c(c=12)cccc2

35

6 CS(=O)(=O)\N=C\1C=CC(=N/S
(=O)(=O)C)\c(c12)cc3c(c2)cccc3

15

7 CS(=O)(=O)N=C1c(cccc2)c2
C(=NS(=O)(=O)C)c(c13)cccc3

9

8 CS(=O)(=O)\N=C\1/C(=N/S(=O)
(=O)C)C=Cc(c12)cc3c(c2)cccc3

15

9 CS(=O)(=O)/N=C(C1)/C(=N\S
(=O)(=O)C)C=c(c2)c=1cc(c23)cccc3

9

Continued on next page
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10 CS(=O)(=O)\N=C\1C=CC(=N/S
(=O)(=O)C)\c2ccc(c3c12)cccc3

6

11 CS(=O)(=O)\N=C\1/C(=N/S(=O)
(=O)C)C=Cc2ccc(c3c12)cccc3

9

12 CS(=O)(=O)\N=C(C1)\C(=N/S(=O)
(=O)C)C=c(c=1c23)ccc2cccc3

255

13 CS(=O)(=O)\N=C(C=C1)\C(=N/S
(=O)(=O)C)\c(c1c23)ccc2cccc3

135

14 c1cccc2/C(=N\S(=O)(=O)C)C(=N
/S(=O)(=O)C)\c(c3c12)cccc3

135

129



Table C.2. 2D structures, experimental and predicted redox potential (E o
exp, E o

PM7g/PBEs
), syn-

thetic complexity score (SCScore), and gravimetric charge capacity (Q) of seven experimentally

test compounds.

# 2D structures
E o

pre

(V vs Li/Li+)

E o
PM7g/PBEs

(V vs Li/Li+)
SCScore

Q
(mAh/g)

1 2.95 3.06 1.91 204.35

2 3.19 3.17 2.12 204.35

3 3.25 3.27 2.00 161.84

4 3.23 3.21 2.03 161.84

5 2.78 2.75 2.10 184.60

6 2.80 2.72 2.62 148.34

7 2.38 2.43 1.98 116.43
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Figure C.1. Violin plots showing distributions of predicted redox potential E o
PM7g/PBEs

(a, b, c)

and SCScore (d, e, f) for 11,438 CSA candidates in the virtual library with respect to the type of

functional group for (a, d) one-ring compounds, and (b, e) two-ring compounds and (c, f) three-

ring compounds. The white dot in the center of the black bar represents the median value.
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Figure C.2. Violin plots showing distributions of predicted redox potential E o
PM7g/PBEs

(a, b, c) and

SCScore (d, e, f) for 11,438 CSA candidates in the virtual library with respect to the type of redox-

active group for (a, d) one-ring compounds, and (b, e) two-ring compounds and (c, f) three-ring

compounds. The white dot in the center of the black bar represents the median value.
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