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Chapter 1 Introduction of the research project  

1.1 Importance of energy storage 
The availability and popularization of energy sources have transformed the pattern of people’s work and 

life over the last few centuries. The global energy consumption continues to rise in relation to the growing 

population, increasing urbanization and accelerating industrialization. According to BP’s statistical review 

of world energy 2019, fossil fuels including petroleum (33%), coal (27%), and natural gas (24%) account 

for 84% of the current global primary energy consumption in the world (Figure 1.1). Non-fossil sources 

include hydroelectric (6.4%), nuclear (4.3%), and other renewable sources (5.0%) that consist of 

geothermal, solar, tidal, wind, wood, and waste (Figure 1.1).1 Although primary energy consumption 

growth slowed to 1.3% in 2019 to less than half the growth rate in 2018 (2.8%),1 fossil fuels still dominate 

the energy market. Meanwhile, the increasing growth in carbon dioxide (CO2) emissions has severely 

worsened environmental issues due to the heavy utilization of fossil fuels.  

 

 
Figure 1.1 Electricity generation by sources. The figure is obtained from Reference [1]. 
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In 2016, the Paris Agreement, a treaty within United Nations Framework Convention on Climate 

Change, was signed by representatives from 196 state parties to focus on the reduction of CO2 and other 

greenhouse gas emissions. The main aim of the Paris Agreement is to control the global average 

temperature rise within 2 ℃ compared to the pre-industrial period and strive to limit the temperature rise 

within 1.5 ℃, which could alleviate the risks and influences from climate change. The strong support of 

the international community not only proves the urgency of taking measures on climate change, but also 

shows that governments of all countries agree that the response to climate change requires strong 

international cooperation. Moreover, former UN Secretary-General Ban Ki-moon called on governments 

and all sectors of society to fully implement the Paris Agreement and take immediate actions to reduce 

greenhouse gas emissions, enhance their ability to deal with climate change, and to mitigate global 

warming. 

To effectively reduce greenhouse gas emissions and supply the increasing energy demand in a 

sustainable way, searching for a renewable and environmentally friendly energy future is of paramount 

importance in modern society. Among these energy resources, renewable energies, namely solar, tidal, 

wind, wave, etc., have been proposed as potential alternatives for fossil fuels.2 The inherent intermittency 

and fluctuation of renewable energy sources, however, are challenging for the electricity power operation. 

For instance, many factors such as weather, season, light intensity, and temperature have significant effects 

on solar power generation. Solar power generation is mainly concentrated between 10 am and 3 pm on a 

winter’s day in the Netherlands, but the actual electricity consumption is not restricted to this time interval 

and the energy demand surpasses the supply. Thus, photovoltaic power generation is limited by the above-

mentioned reasons and cannot match the electricity consumption 24 hours per day. Similar phenomena 

exist for wind power generation. Wind power is not well controlled and integration into the grid is 

challenging due to its fluctuating nature. The peak times of electricity generation and demand are often 

mismatched for these renewable energy sources.  

To tackle this challenge, securing highly effective and large-scale electrical energy storage (EES) 

systems are necessary to store excess renewable energy. Based on the timescale and power output of the 

stored electrical energy, there are three different types of EES devices as shown in Figure 1.2, including 

uninterruptible power supply (UPS), the transmission and distribution (T&D) grid support and load 

shifting, and bulk power management.3 Among all current technologies, pumped hydroelectric energy 

storage is the most mature and capable way of storing large amounts of electricity due to its long discharge 

time and high power. However, it is not appropriate as a form of dispatchable balancing power owing to 
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its extreme geographic constraints and high cost of infrastructure.3,4 The conventional compressed air 

energy storage system relies on fossil fuels, such as natural gas, to provide a heat source. Although the 

new adiabatic compressed air energy storage systems do not require fuel combustion, they are still in their 

infancy.4 Clearly, more flexible, affordable, environmental-friendly, and less geologically constrained 

EES technologies are necessary to meet the rapid growth of renewables. Currently, electrochemical energy 

storage in the form of batteries is one of the most widely used EES technologies, where produced 

electricity from renewable energy is converted into chemical energy during charging and delivered back 

during discharging.5 A battery technology that is large-scale, scalable, and durable can balance the 

mismatch between the energy supply and demand in comparison to pumped hydroelectric energy storage. 

Nevertheless, many battery technologies are still subject to high unit costs, potential safety hazards, and 

challenging battery-to-battery management, which all in all prevent their large-scale deployment. In 

contrast, redox flow batteries have emerged as one of the prime candidates for large-scale and cheap 

energy storage,2,6–9 while expediently addressing the issues that have been discussed above. They are 

designed specifically for large-scale and long duration EES applications by positively responding to the 

cost-effectiveness and inflexibility challenge uncovered in common solid-state batteries.  

 

 

Figure 1.2 Electrical energy storage (EES) technologies. A general categorization of EES technologies based on 
their system power ratings and discharge time at rated power. The figure is obtained from Reference [3]. 
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1.2 Redox flow batteries 
1.2.1 General principles of redox flow batteries 
A redox flow battery (RFB) is a rechargeable battery comprising three main components: an 

electrochemical cell and two tanks that contain a liquid electrolyte with one or more redox-active 

compounds. In RFBs, the electrochemical cell contains two electrodes and an ion exchange membrane 

(Figure 1.3).9 The ion exchange membrane is permeable to the supporting electrolyte (a conducting salt) 

but impermeable to the redox-active materials to reduce the fade rate of battery storage capacity. The 

dissolved redox-active compounds, the anolyte and catholyte, are pumped from outer tanks past the 

electrodes that are separated by the ion exchange membrane. During charging, where energy is stored, the 

anolyte is reduced and the catholyte is oxidized. In discharging, the stored energy is released by the 

oxidation of the anolyte and reduction of the catholyte. The catholyte and anolyte are also referred to as 

the posolyte (or positive solution) and negolyte (or negative solution). The RFB is similar to a fuel cell as 

the continuous circulation of electroactive materials sustains the chemical reaction. Meanwhile, the 

reversible redox reaction enables charging and discharging processes at the electrodes, like a battery 

(Figure 1.3).  

 

 

Figure 1.3 Schematic representation of a redox flow battery. The battery consists of an electrochemical cell with 
two compartments and a membrane separator in between. The electrolytes are circulated between the cell and the 
storage tanks by pumps.  
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Unlike other traditional EES systems, this unique architecture features some outstanding advantages, 

such as excellent scalability, flexibility, long cycling life, high energy efficiency, and ensuring security, 

making it possible to independently scale up the electricity storage capacity and power generation capacity 

as needed.2,6–8 Although an RFB does not have the high energy density found in small-scale energy storage 

applications, it could be considered as the best option for large-scale energy storage,6 since it decouples 

the battery’s power and energy density scaling in a higher cost-effective manner when compared to other 

batteries. 

 

1.2.2 Metal-based redox flow batteries 
In 1884, Charles Renard from France, designed the zinc-chlorine based battery to supply continuous 

electricity energy for his airship “La France”,10 and introduced the concept of an aqueous RFB (ARFB). 

The ARFB uses the reversible redox reaction of the aqueous electrolyte to achieve cyclic energy storage 

and release. Research on this technology revived in the early 1970s when the first practical RFB was 

invented by Thaller et al. at the National Aeronautics and Space Administration (NASA) in the United 

States for solar photovoltaic energy storage, in which Fe3+/Fe2+ and Cr3+/Cr2+ were dissolved in an acid 

medium as catholyte and anolyte, respectively.11 The design featured that of a typical RFB because both 

the catholyte and anolyte are dissolved in water and separated by an ion exchange membrane. Thaller and 

coworkers also proposed several important suggestions regarding to the battery system design, most of 

which are still applicable until now, as follows: (a) both the catholyte and anolyte should be soluble in the 

aqueous phase for efficient operation and high energy density; (b) the electrolyte solvent should be inert 

for safety reasons; (c) the separator should block the crossover of redox species but permit the free 

diffusion of either positive or negative ions as charge carriers to maintain charge neutrality. Due to the 

acceleration of the energy crisis and environmental concerns, the practical exploitation of renewable 

energy has been a pressing need in recent years, and many powerful external environmental factors drive 

the widespread development of RFBs. As the most developed flow battery technology, the all-vanadium 

redox flow battery (VRFB) has attracted the most extensive research,12–14 after it was first proposed by 

Skyllas-Kazacos and Robins in the 1980s.11,15 A VRFB uses the reversible conversion between different 

valence states of vanadium ions to store and release electrical energy with excellent electrochemical 

activity at a higher open-circuit voltage.11 Because a VRFB employs catholyte and anolyte based on the 

same element, the cross-contamination effect caused by the crossover of catholyte and anolyte is 
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eliminated. Subsequently, significant progress has been made toward the commercial development of 

VRFBs. For example, a 200 MW/800 MWh system is today operational in Dalian, China.8 Several 

different MW/MWh scale VRFBs systems have been developed for over ten years in Japan, particularly 

in the application of renewable energy sources such as solar and wind.16 

In addition to VRFBs, other metal-based RFBs were developed and investigated at the beginning of the 

21st century, such as iron, zinc, lead, and chromium.17 However, all face challenges in terms of ion 

crossover through the membranes and sluggish reaction kinetics as well as high cost. For instance, an 

additional catalyst is required to accelerate the sluggish reaction kinetics of Cr3+/Cr2+ redox species, which 

increases the cost of the battery system.18 The low-cost all-iron chemistries offer a promising potential 

toward RFBs, but the heterogeneous plating of elemental iron in the anolyte is known to lead to lower 

capacity utilization.4 Although all-VRFBs employing the same element on both sides can reduce the 

contamination from a crossover of redox species, the expensive vanadium and difficult maintenance 

hindered the widespread implementation of large-scale VRFBs. Recently, the zinc-based RFBs at low cost 

has been intensively studied and received a great deal of commercialization efforts, but parasitic reactions 

such as hydrogen evolution result in capacity decay.4,19 Additionally, transition metal-based battery 

systems often suffer from several risks associated with environmental concerns, metal toxicity, and 

complicated system design for a large-scale battery.9 Actually, these limitations as mentioned earlier have 

also driven scientists to search for new promising candidates as alternatives for RFB systems.  

 

1.2.3 Small molecule-based redox flow batteries 
To overcome the obstacles toward sustainable applications, the high-performance RFBs running on 

organic metal-free redox-active compounds (Table 1.1) such as quinones,8 viologens,20–22 alloxazines,23 

phenazines,24,25 and indigo derivatives26,27 offer a prosperous alternative to metal-based electrolytes since 

they can sustainably be sourced from low-cost and earth-abundant elements.2 More importantly, the key 

battery-relevant properties of organic molecules, such as solubility, reduction potential, and stability can 

be tuned by modifying their chemical structure. 

 

 

 

 

 



Redox flow battery 

 

7 

 

Table 1.1 An overview of representative compounds that have been experimentally reported as electrolytes for 
aqueous organic flow batteries. The experimental redox potentials and solubilities of compounds are shown. 

 
 

Negative electrolyte 2D structure Redox potential 
(V vs. SHE)

Solubility
(mol L-1) Ref.

Benzoquinone (BQ) 0.68 0.1 [32]

1,2-benzoquinone-3,5-disulfo-
nic acid (BQDS) 0.87 1 [33]

2,5-dihydroxy-1,4-
benzoquinone (DHBQ) -0.72 8 [36]

9,10-anthraquinone-2,7-
disulfonic acid (AQDS) 0.21 1.0 [29/34]

1,8-dihydroxyanthraquinone-
2,7-disulfonic acid (DHAQDS) 0.12 1.0 [29]

Anthraquinone-2-sulfonic acid 
(AQS) 0.15 0.2 [29]

2,6-dihydroxyanthraquinone
(DHAQ) -0.68 0.6 [35]

Methyl viologen dichloride -0.45 3.0 [21]

Bis[3-
(trimethylammonio)propyl] 

viologen tetrachloride
-0.34 2.0 [22]

Alloxazine 7/8-carboxylic acid 
(ACA) -0.62 0.5 [23]

7,8-dihydroxyphenazine-2-
sulfonic acid (DHPS) -0.86 1.8 [24]

2-amino-3-hydroxyphenazine 
(AHP) -0.78 1.27 [25]

Indigotrisulfonate (Indigo-
SO3H) -0.34 0.583 [27]
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Out of the reported organic-based redox couples for RFBs, the quinone compounds are ubiquitous in 

nature,28 provide fast redox kinetics,29,30 and have tunable properties owing to their chemical diversity.2,31 

Being the simplest quinone molecule, benzoquinone (BQ) is considered as the first choice for electrolyte 

material due to the higher theoretical specific capacity. A recent detailed study by Ding et al.32 reported 

the electrochemistry of the BQ/hydroquinone (H2BQ) redox couple operated in aqueous solution at 

different pH values. When paired with graphite as anode, such a quinone-based hybrid RFB can provide 

a specific capacity of 400 mAh g−1. Despite the good electrochemical performance, the solubility of BQ 

cannot reach the requirements for practical ARFB applications. Subsequently, 1,2-benzoquinone-3,5-

disulfonic acid (BQDS)33 was proposed as catholyte for ARFBs. Xu et al. found that the presence of 

sulfonic acid functional groups (–SO3H) on the benzoquinone core resulted in higher solubility and redox 

potential with respect to its counterpart, both of which are significant for achieving higher energy density.  

 

 
Figure 1.4 The coupled two-electron two-proton redox reaction of AQDS. 

 

In addition to BQ and its derivatives, anthraquinone (AQ), with two aromatic rings to delocalize the 

negative charge, is much more stable than BQ. Similar to BQ, the difficulty in employing AQ as a 

catholyte lies in tackling the challenge of obtaining a high energy density ARFB, owing to its low 

solubility. In 2014, Aziz and coworkers34 proposed 9,10-anthraquinone-2,7-disulfonic acid (AQDS) as a 

promising anolyte for ARFBs, in which quinone/hydroquinone underdoes a reversible two-electron two-

proton redox reaction (Figure 1.4). In this case, AQDS as the anolyte yielded high capacity retention (>99% 

per cycle) and peak galvanic power density (0.6 W cm−2 at 1.3 A cm−2) when paired with a bromine-based 

catholyte. Due to the hydrophilic effect of the two sulfonic acid groups (–SO3H), the aqueous solubility 

(1.0 M) of AQDS was improved.  

 

 

 

 

+(2H+ + 2e-)

-(2H+ + 2e-)
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Figure 1.5 (a) Cyclic voltammograms of AQDS (black), AQS (red), DHAQDS (blue), and DHAQDMS (orange), 
showing the decrease in reduction potential through chemical modification. (b) Open-circuit voltage as a function 
of state of charge for each quinone in a flow cell paired with the bromine-hydrobromic acid anolyte. (c) Structures 
of AQDS, AQS, DHAQDS, and DHAQDMS. The figure is obtained from Reference [29]. 
 

Subsequently, a series of four AQ derivatives, namely anthraquinone-2-sulfonic acid (AQS), alizarin 

red S (ARS), 1,8-dihydroxy-9,10-anthraquinone-2,7-disulfonic acid (DHAQDS), and 1,4-

dihydroxyanthraquinone-2,3-dimethylsulfonic acid (DHAQDMS) as anolytes (Figure 1.5c) with bromide 

as catholyte were employed for electrochemical measurements.29,34 The authors demonstrated that an 

enhanced redox potential and stability of AQ derivatives can be achieved by manipulating the number, 

position, and hydrophilicity of the functional groups. For example (Figure 1.5a), AQS exhibits a lower 

redox potential (∼20 mV) than AQDS, due to the absence of one electron-withdrawing –SO3H group, but 

the redox potential of DHAQDS is much lower by ∼90 mV than that of AQS, as a result of the introduction 

of two electron-donating hydroxyl (–OH) groups. Breaking the conjugation with the redox-active center 

in DHAQDMS, by introducing a methylene spacer between the AQ unit and the electron-withdrawing 

−SO3H groups, reduces the redox potential by another ∼100 mV compared to that of DHAQDS. However, 

the reduced DHAQDMS decomposes rapidly, resulting in a rapid capacity fade during constant voltage 

cycling. In addition to affecting the redox potential, the introduction of hydrophilic groups such as –SO3H 
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and –OH on the AQ molecule can improve the solubility in water. The AQS/bromide combination 

provides a more stable battery system with respect to other ones, presents higher open-circuit voltage 

(~1.0 V) at a high state of charge (Figure 1.5b), and higher peak galvanic power density (0.7 W cm−2) than 

that of the standard AQDS/bromide system.  
 

 

Figure 1.6 (a) Cyclic voltammogram of 2 mM 2,6-DHAQ (dark cyan curve) and ferrocyanide (gold curve) scanned 
at 100 mV s−1 on glassy carbon electrode; arrows indicate scan direction. Dotted line represents CV of 1 M KOH 
background scanned at 100 mV s−1 on graphite foil electrode. (b) Capacity retention, current efficiency, and energy 
efficiency values of 100 cycles. Normalized capacity is evaluated based on the capacity of the first charge and 
discharge cycle. The figure is obtained from Reference [35]. 
 

From the experimental observations, the adoption of AQ and BQ derivatives in acidic ARFBs exhibited 

good performances and dramatically reduced battery costs; however, the utilization of bromide as the 

positive electrolyte was precluded in several halves of the reaction systems due to its toxicity. Therefore, 

using a less-corrosive alkaline medium instead of the conventional sulfuric acid solution is a promising 

strategy to avoid toxicity concerns. Following this approach, an alkaline RFB (Figure 1.6) consisting of 

2,6-dihydroxyanthraquinone (2,6-DHAQ) with two electron-donating –OH groups as anolyte coupled 

with ferro/ferricyanide catholyte displayed high capacity retention (>99%) and delivered a higher open-

circuit voltage of 1.20 V compared to AQDS in acidic medium.35 Moreover, chemical and electrochemical 

stability studies showed that the anolyte was stable in base rather than in acid. Similarly, 2,5-dihydroxy-

1,4-benzoquinone (DHBQ) in less-corrosive alkaline solution has high solubility (> 8 M electrons in 1 M 

KOH) and lower redox potential (−0.72 V vs. SHE)36 owing to the presence of two –OH groups. When 

25. N. H. Schlieben et al., J. Mol. Biol. 349, 801–813
(2005).
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BATTERIES

Alkaline quinone flow battery
Kaixiang Lin,1 Qing Chen,2 Michael R. Gerhardt,2 Liuchuan Tong,1 Sang Bok Kim,1

Louise Eisenach,3 Alvaro W. Valle,3 David Hardee,1 Roy G. Gordon,1,2*
Michael J. Aziz,2* Michael P. Marshak1,2*

Storage of photovoltaic and wind electricity in batteries could solve the mismatch problem
between the intermittent supply of these renewable resources and variable demand. Flow
batteries permit more economical long-duration discharge than solid-electrode batteries by
using liquid electrolytes stored outside of the battery.We report an alkaline flow battery based
on redox-active organic molecules that are composed entirely of Earth-abundant elements
and are nontoxic, nonflammable, and safe for use in residential and commercial environments.
The battery operates efficiently with high power density near room temperature.These results
demonstrate the stability and performance of redox-active organic molecules in alkaline
flow batteries, potentially enabling cost-effective stationary storage of renewable energy.

T
he cost of photovoltaic (PV) and wind elec-
tricity has dropped so much that one of the
largest barriers to getting most of our elec-
tricity from these renewable sources is their
intermittency (1–3). Batteries provide ameans

to store electrical energy; however, traditional, en-
closed batteriesmaintain discharge at peak power
for far too short a duration to adequately regulate
wind or solar power output (1, 2). In contrast, flow
batteries can independently scale the power and

energy components of the system by storing the
electro-active species outside the battery container
itself (3–5). In a flow battery, the power is gen-
erated in a device resembling a fuel cell, which
contains electrodes separatedby an ion-permeable
membrane. Liquid solutions of redox-active spe-
cies are pumped into the cell, where they can be
charged and discharged, before being returned to
storage in an external storage tank. Scaling the
amount of energy to be stored thus involves sim-
ply making larger tanks (Fig. 1A). Existing flow
batteries are based on metal ions in acidic solu-
tion, but challengeswith corrosivity, hydrogen evo-
lution, kinetics, materials cost and abundance, and
efficiency thus far have prevented large-scale com-
mercialization. The use of anthraquinones in an
acidic aqueous flow battery can dramatically

SCIENCE sciencemag.org 25 SEPTEMBER 2015 • VOL 349 ISSUE 6255 1529

Fig. 1. Cyclic voltammetry of electrolyte and cell schematic. (A) Schematic
of cell in charge mode. Cartoon on top of the cell represents sources of
electrical energy from wind and solar. Curved arrows indicate direction of
electron flow, and white arrows indicate electrolyte solution flow. Blue ar-
row indicates migration of cations across the membrane. Essential com-
ponents of electrochemical cells are labeled with color-coded lines and

text. The molecular structures of oxidized and reduced species are shown
on corresponding reservoirs. (B) Cyclic voltammogram of 2 mM 2,6-DHAQ
(dark cyan curve) and ferrocyanide (gold curve) scanned at 100 mV/s on
glassy carbon electrode; arrows indicate scan direction. Dotted line rep-
resents CV of 1 M KOH background scanned at 100 mV/s on graphite foil
electrode.

1Department of Chemistry and Chemical Biology, Harvard
University, 12 Oxford Street, Cambridge, MA 02138, USA.
2Harvard John A. Paulson School of Engineering and Applied
Sciences, 29 Oxford Street, Cambridge, MA 02138, USA.
3Harvard College, Cambridge, MA 02138, USA.
*Corresponding author. E-mail: aziz@seas.harvard.edu (M.J.A.);
gordon@chemistry.harvard.edu (R.G.G.); michael.marshak@colorado.
edu (M.P.M.)

RESEARCH | REPORTS

on M
ay 23, 2021

 
http://science.sciencem

ag.org/
D

ow
nloaded from

 

a

reduce battery costs (6, 7); however, the use of
bromine in the other half of the system precludes
deployment in residential communities owing to
toxicity concerns.
We demonstrate that quinone-based flow bat-

teries can be adapted to alkaline solutions, where
hydroxylated anthraquinones are highly soluble
and bromine can be replaced with the nontoxic
ferricyanide ion (8, 9)—a food additive (10). Func-
tionalization of 9,10-anthraquinone (AQ) with
electron-donating groups such as OH has been
shown to lower the reduction potential and ex-
pand the battery voltage (6). In alkaline solution,
these OH groups are deprotonated to provide sol-
ubility and greater electron donation capability,
which results in an increase in the open-circuit
voltage (OCV) of 47%over the previously reported
system. Because functionalization away from the
ketone group providesmolecules with the highest
solubility (11, 12), we initially targeted commercially
available2,6-dihydroxyanthraquinone (2,6-DHAQ),

which we find exhibits a room-temperature sol-
ubility of >0.6 M in 1 M KOH. This system can
achieve power densities of >0.45W cm!2 at room
temperature and 0.7 W cm!2 at 45°C.
The use of alkaline electrolyte exploits pH as a

parameter to shift the thermodynamic potentials
of proton-dependent reactions to more negative
values. In acid solutions, AQ undergoes a two-
electron two-proton reduction at a single poten-
tial, which shifts to more negative values as the
pH increases (6). When the pH exceeds 12, the
reduction potential of 2,6-DHAQ becomes pH-
independent because the reduced species is gen-
erated in its fully deprotonated form (fig. S1). In
contrast with the pH-dependent electrochemical
behavior of quinones (negative terminal), the
ferro/ferricyanide redox couple (positive terminal)
has a pH-independent redox potential. This con-
trasting pH dependence can be exploited through
the development of low–reduction potential qui-
nones at high pH. The cyclic voltammograms

(CVs) of 2,6-DHAQ and ferro/ferricyanide predict
an equilibrium cell potential of 1.2 V upon com-
bination of these two half-reactions (Fig. 1B). A
quantitative analysis of the CV of 2,6-DHAQ at
pH 14 (fig. S2) revealed redox behavior consistent
with two one-electron reductions at potentials
separated by only 0.06 V, with a rapid kinetic rate
similar to that of quinones in acid (6). This be-
havior raises interesting questions about the re-
lationship between quinone redox and hydrogen
bonding (13).
Cell testing was performed at 20°C with so-

lutions of 0.5 M 2,6-DHAQ dipotassium salt and
0.4 M K4Fe(CN)6, both dissolved in 1 M KOH.
These solutions were pumped through a flow cell
constructed from graphite flow plates and carbon
paper electrodes,whichwere separatedbyaNafion
membrane. A charging current of 0.1 A cm!2 was
applied to charge the cell, and polarization curves
were measured at 10, 50, and 100% states of
quinone charge (SOC). The OCV is 1.2 V at 50%

1530 25 SEPTEMBER 2015 • VOL 349 ISSUE 6255 sciencemag.org SCIENCE

Fig. 2. Cell performance. (A) Cell open-circuit voltage versus state of charge. All potentials were taken when cell voltage stabilized to within ±1 mV. One
hundred percent SOC was reached by potentiostatic holding at 1.5 V until the current decreased to below 20mA/cm2. (B and C) Cell voltage and power density
versus current density at 20° and 45°C, respectively, at 10, 50, and ~100% SOC. Electrolyte composition: At 20°C, 0.5 M 2,6-DHAQ and 0.4 M ferrocyanide
were used in negative electrolyte and positive electrolyte, respectively. At 45°C, both concentrations were doubled. In both cases, potassium hydroxide content
started at 1 M for both sides in the fully discharged state.

Fig. 3. Cell cycling performance. (A) Representative voltage versus time curves during 100 charge-discharge cycles at 0.1 A/cm2, recorded between the
10th and 19th cycles. (B) Capacity retention, current efficiency, and energy efficiency values of 100 cycles. Normalized capacity is evaluated based on the
capacity of the first charge and discharge cycle.
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coupled with the ferricyanide/ferrocyanide catholyte, the ARFB delivered a large open-circuit voltage of 

1.21 V with coulombic efficiency exceeding 99%. In spite of that, the severe membrane crossover because 

of the small molecular size reduced the capacity, and obvious chemical decomposition of the aryl ring 

affect the chemical stability during cycling. 

 

 

Figure 1.7 Three-redox states. Donor and acceptor groups connected through conjugated bonds enable three-redox 
states. 
 

Many studies reported that ARFBs still partially need to rely on noxious bromide or costly metal redox 

species as positive electrolyte to pair with quinones in a battery reaction. To address the issues, Yang and 

coworkers37 investigated two kinds of quinones as alternatives to create an all-organic ARFB, in which 

BQDS and AQDS were used as catholyte and anolyte, respectively. This battery system delivers an open-

circuit voltage of 1.05 V. Indigo, a natural dye derived from the leaves of particular plants, is another 

useful bio-inspired redox species for ARFBs. Inspired by this concept, Carretero-González et al. reported 

soluble dye derivatives containing both electron-proton donor (−OH or −NH−) and acceptor (C=O) groups 

in the same conjugated organic skeleton that exhibit three redox states (Figure 1.7).27 In this study, the 

battery voltage (~ 1.0 V) and solubility (1.6 mol L−1) are enhanced by adding electron-withdrawing –SO3H 

groups. Their findings demonstrated that the same electroactive molecules could be used as a catholyte 

and anolyte with good performance in a symmetrical ARFB at neutral pH, which solves the problem in 

terms of cell corrosion and membrane requirements. Similarly, Aziz and coworkers reported a symmetric 

all-quinone aqueous battery that uses a lower-cost alizarin species as the redox-active material in both 

positive and negative electrodes.38 The open-circuit voltage (1.04 V) and high capacity retention (163 

mAh g−1) were exhibited when adding the electron-withdrawing –SO3H group on the backbones, which 

is in line with the previous observations.27 Therefore, a major challenge for organic ARFBs is to tune the 

properties of the electroactive compounds to meet the practical requirements. Functionalization is an 

important approach in molecular modification and design, which does not only improve the redox and 

solubility of the original backbone molecules, but is also an effective way to discover and design new 

chemistries that could be useful for ARFBs.  
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1.3 High-throughput virtual screening 
1.3.1 Early high throughput efforts  
Computer-aided drug design is a powerful tool and is widely used in the early stages to discover and 

search for promising drug molecules in combination with chemical biology screening techniques.39 With 

the greater availability of high-performance computers and the tremendous improvement of computing 

power, virtual computational screening techniques are now being used in different research fields to 

reduce the cost and time required for the discovery of potential materials. Moreover, computational 

screening can overcome the shortcomings of an experimental "trial and error approach". However, a small 

number of materials with excellent performance are hidden in thousands of materials, and the use of first-

principles calculation methods still has disadvantages in terms of the low efficiency and the waste of large 

amounts of resources.  

Given the vast molecular space covered by all the possible conformers and low computing efficiency, 

high-throughput virtual screening (HTVS) is a promising strategy for creating virtual libraries of diverse 

candidate compounds, fast and accurately predicting their features, and eventually identifying the most 

promising candidates for further study.40–45 For the identification process, HTVS projects rely on 

enumerated virtual libraries to identify the most promising candidate molecules from the comprehensive 

virtual data. Therefore, the establishment of a virtual library is important for exploring the chemical space 

of small molecules in following downselection.  

 

1.3.2 HTVS for identifying the promising molecules in RFBs  
As shown in Figure 1.8, creation of virtual libraries of diverse candidate electroactive compounds is an 

effective HTVS approach to predict molecular properties (solubility, redox potential, and stability) and 

subsequently identify the most promising candidates for further study. Moreover, these battery properties 

are the most essential performance metrics for achieving high energy density RFBs. To increase the energy 

density, the battery-relevant properties of electrolytes, including redox potential, solubility, and stability, 

need to undergo significant improvements for commercial applications.  
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Figure 1.8 Schematic showing the chain of high-throughput virtual screening for identifying promising candidates 
for ARFBs. 

 

The energy density of RFBs is proportional to the concentration of redox species. Hence, the solubility 

of the redox-active materials is an important metric for RFBs. However, typical organic molecules, 

especially those with large molecular structures, exhibit low solubility in water. In the quest for new 

electrolytes, a virtual library of diverse candidate compounds is often created by functionalization of the 

organic molecules with functional and solubilizing groups. To search for soluble molecules for ARFBs, 

various prediction approaches, including multiple kernel,46 solvation energy,40 artificial neural networks,47 

and consensus machine-learning models48 can be used to predict the solubility of the newly generated 

molecules. By means of predictions of solubility, we can select soluble molecules from the virtual library 

for the next virtual screening.  

Similarly, the energy density is also related to the cell voltage. Therefore, seeking catholytes and 

anolytes with the greatest potential difference within the potential window of the electrolyte is critical for 

ARFB applications. Based on an enumerated virtual library, the redox potentials of the newly generated 

molecules are directly calculated or predicted by a computational descriptor, where the molecules with 

??
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Virtual library Solubility

Redox potential
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lower redox potentials can be used as anolyte and those with higher redox potentials can be used as 

catholyte. After identifying compounds that fulfill the criteria of high solubility and redox potential, the 

shortlisted promising candidates are further screened.  

Currently, several computational studies have applied HTVS to explore the chemical space of quinones 

by creating a virtual library and predicting their properties to identify promising molecules. In 2015, 

Aspuru-Guzik et al.40 introduced a HTVS protocol to generate a virtual library of ~10,000 quinone 

molecules by functionalizing cores with various chemical groups. They utilized density functional theory 

(DFT) to predict the redox potential and solvent free energies of ~1,700 quinone-based derivatives, and 

investigated the effect of selected functional groups and their spatial positioning on the redox properties. 

A comprehensive structure-property relationship between the redox properties and geometries has been 

developed, which guided the subsequent experimental molecular design. The study demonstrated that the 

ARFB requires a redox potential greater than 0.9 V for a catholyte and less than 0.2 V for an anolyte, as 

well as a solubility greater than 1.0 M for both electrolytes. In the same year, Curtiss et al.41 reported that 

HTVS in combination with closely coupled experimental investigations provides an effective and fast 

approach for identifying quinones and quinoxalines. After this virtual screening, candidate molecules can 

be purchased or synthesized for electrochemical measurements. Battery cycling and capacity retention 

during charge and discharge can be used to evaluate the battery performance of predicted anolytes or 

catholytes. Additionally, the electrochemical properties of candidate molecules can be characterized by 

various techniques for additional understanding to identify promising candidate molecules for RFBs.  

In addition to solubility and redox potential, redox-active compounds must be stable during operation 

periods to allow for reversible cell cycles and long service-life. While the newly designed molecules 

should be small enough to have a high charge-to-weight ratio, they should also be large enough to exhibit 

minimal membrane crossover. The chemical stability of compounds can be improved by substituting H 

atoms conjugated to C=O groups that are vulnerable to a Michael addition reaction of water,43 with 

functional groups. For example, in a previous study, ~140,000 functionalized quinone pairs were analyzed 

in a virtual screening using semiempirical calculations. The authors quantified the instability of quinones 

in water, and investigated the relationships among chemical structure and redox potential, decomposition 

and instability mechanisms. Finally, it was found that many of the molecules with low redox potential are 

stable, but the molecules with high redox potential and stability are much rarer.43  

In summary, the goal of HTVS is to establish a database of properties of electrolytes for future searches 

and to identify the most promising molecular electrolyte candidates at an early stage for further 
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experimental synthesis and testing. Moreover, HTVS may combine quantum chemical calculations, 

cheminformatics, and machine learning to predict the key battery-related properties and thereby identify 

molecules, which effectively overcome the weaknesses of single quantum chemistry calculations, and 

accelerate the development of new materials in the future study. Guided by computational predictions 

beforehand, experimental efforts can focus on the most promising candidates. In addition, the robust 

structure-property relationships between the new molecules and their chemical properties, such as 

significant effects of various functional groups and heteroatoms on redox potentials and solubilities of 

quinone-based compounds, are established for future developments in battery modification and push 

forward the practical applications of high energy density batteries. While the identification approach 

described here has only been applied to the small-molecule based battery, it should be emphasized that 

similar formalisms can be utilized to other systems beyond RFBs. 
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1.4 Experimental characterization and 

electrochemical measurements 
1.4.1 Commercially availability of compounds 
By screening the chemical space of newly generated molecules, the promising candidate molecules that 

have desired solubility, redox potential, and stability can be selected for ARFBs. To verify the 

electrochemical performance of the candidate molecules, some candidate molecules are selected for 

experimental testing, so as to validate the calculations.  

Compared to metal-based redox species, quinones and their derivatives are cost effective, 

environmentally benign, and earth abundant for use as electrolyte materials in ARFBs. With respect to 

availability of quinone compounds, these are either commercially available or must be synthesized via 

known or newly designed synthetic procedures. Regarding the commercially available compounds, their 

detailed information on purchasability can be obtained from a vendor database. Although the mass 

production costs are hard to ascertain for new molecules, the investigation of lab-scale reagent grade prices 

from commercial vendors could suggest which candidate molecules can be obtained at lower prices.  

 

1.4.2 Cyclic voltammetry 
Cyclic voltammetry (CV) is a commonly used electrochemical method used to probe the redox reaction 

process on the electrode surface and the reversibility of redox reaction. Especially, via CV it is possible 

to gain insight on redox potentials, electrochemical kinetics, reversibility of reactions, reaction 

mechanisms, electrocatalytic processes, and other features. In this thesis, the electrochemical properties 

of small electroactive molecules were analyzed by CV to identify the candidate molecules with the best 

performance as anolytes in ARFB. The experimental redox potentials and solubility can be compared to 

predicted values obtained via computational methods for verifying the effectiveness and applicability of 

the screening approach. A more detailed discussion on this topic is provided in Chapter 4.  

 

1.4.3 Coulombic efficiency 
The coulombic efficiency (CE) is the ratio of the total charge extracted from a battery to the total charge 

put into the battery over a full cycle and is a quantitative indicator of the battery’s reversibility and is 
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widely used in ARFB research. Determining the CE upon repeated oxidation and reduction cycling of the 

entire electrolyte is a way to assess the average RFB chemical lifetime. In this work, we compare the CE 

of candidate molecules with a benchmark compound AQDS. More details on this discussion can be found 

in Chapter 4. 
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1.5 Thesis outline 
ARFBs are recognized as strong candidates for grid-scale electricity storage due to their independent 

scaling of power and energy density. Small organic molecules have recently been suggested as useful 

electroactive species in ARFBs. The main goal of my project is to identify the best candidate electrolyte 

compounds with optimum physicochemical properties that can meet the practical requirements of high 

energy density ARFBs. Following this introduction, the next section summarizes the computational 

methods used in this work. Then, in Chapter 3, we investigate the performance of classical and quantum 

chemical methods, such as force field (FF), semiempirical quantum mechanics (SEQM), density-

functional based tight-binding (DFTB), and density functional theory (DFT), in calculating different 

chemical descriptors that are useful for estimating the experimental redox potentials of quinones. In 

Chapter 4, a DFT and machine learning (ML) empowered HTVS study is applied for creating a large 

virtual library of quinone-like molecules (3,257 pairs), estimating their redox potentials and solubilities in 

water. As a result, we discovered 16 good virtual candidate electrolyte compounds for ARFBs. Following 

their experimental testing, the highly-soluble indigo-3(SO3H) is identified as the best performing battery 

compound. This molecule be utilized in a symmetric electrolyte set-up for high energy density ARFBs 

and thereby brings along additional advantages in terms of cell corrosion and membrane requirements. In 

Chapter 5, we evaluate various classical and quantum chemical computational methods, including FF, 

SEQM, DFTB, and DFT on the basis of their accuracy and efficiency to obtain a computational descriptor 

for estimating the experimental redox potentials of alloxazines. By comparing the performance of 

computational chemistry methods, we found that the lowest unoccupied molecular orbital (LUMO) energy 

of the reactant molecules is the best performing descriptor and offers a high prediction accuracy at a 

significantly low computational cost. In Chapter 6, we present a computational database that has been 

developed by using the results of high-throughput FF, DFT calculations, and ML-predictions on the two 

prominent classes of organic electroactive compounds, quinones and aza-aromatics. This database 

contains the calculated physicochemical properties of candidate molecules that are relevant to ARFBs, 

and thus it can directly be employed for material screening purposes. Additionally, for an accelerated 

exploration of the chemical space of energy-storage compounds, the database serves as an excellent 

resource for the future training of accurate data-driven models on the physics-based high-fidelity 

computational data on electroactive compounds. 

 



Methodology 

 

19 

 

Chapter 2 Methodology  

 

 
Abstract 
This methodology chapter begins with a basic introduction to DFT, followed by the Hohenberg-Kohn 

theory and the Hohenberg-Kohn equation. Exchange and correlation functionals are discussed and it 

summarizes the usefulness of computational methods in this work, including force field (FF) calculations, 

semiempirical quantum mechanical methods (SEQM), density functional based tight-binding (DFTB), 

and density functional theory (DFT). Computational software and the basis sets used in the present 

calculations are described .  
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2.1 Density functional theory 
Density functional theory (DFT)49,50 is a quantum mechanical method used in computational chemistry 

and computational materials physics to calculate the electronic structure of atoms, molecules, and solids. 

It has become increasingly popular since the 1970s.51 The classical computational methods of electronic 

structure theory, especially the Hartree-Fock52 method coupled with a large basis set, are based on 

complex multi-electron wavefunctions. The main goal of DFT is to replace the many-particle electronic 

wavefunction with electron density as the basic quantity of research. This approach is more convenient to 

handle both in concept and practice because the multi-electron wavefunction has 3N variables (N is the 

number of electrons, and each electron contains three spatial variables), and the electron density is only a 

function of three variables. In parallel with the continuous development of computer technology, several 

new computer programs based on DFT have been developed. These advancements triggered progress in 

the fields of material design and discovery, including molecules, polymers, solids, surfaces, and 

biochemical systems, and have become an integral part of studies aimed at the physical and chemical 

properties of matter. In this work, DFT is used to design new molecules and perform geometry 

optimizations, as well as calculate total energies, electronic features, and redox properties of molecular 

redox pairs.  
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2.2 Hohenberg-Kohn theory 
In 1964, P. Hohenberg and W. Kohn proposed the Hohenberg-Kohn theorem and theoretically proved that 

the ground-state properties of a multi-particle physical system can be determined in terms of the ground-

state electronic density.53 The ground-state energy is obtained when the functional is sufficiently accurate. 

The Hohenberg-Kohn theorem is considered as a theoretical basis of DFT that contains two theorems, as 

follows: 

Theorem 1: Upon the influence of an external potential, 𝑉$%& , in a system of multiple interacting 

particles, the ground-state density uniquely determines the potential and other ground-state properties, 

such as the many-body wavefunction and the eigenvalues of the operators. In other words, the external 

potential (and hence the total energy) is a unique functional of the electron density.  

Theorem 2: Under the condition of a constant number of particles, the energy functional 𝐸(𝑛) takes 

the minimum value for the particle number density functional, 𝑛(𝑟), and is equal to the ground-state 

energy of the physical system. In other words, the density functional that minimizes the energy functional 

is the exact ground-state density and provides the ground-state energy. In the Hohenberg-Kohn theory, 

the Hamiltonian of the system can be written as: 

 H = 	− ℏ1

23
∑ ∇626 +	𝑉$%& +	

8
2
	∑ $1

|:;<:=|6>?   (2.1) 

The corresponding energy functional is expressed as: 

 𝐸@A[𝑛] = 𝑇[𝑛] +	∫ 𝑑G𝑟𝑉$%&(𝑟)𝑛(𝑟), (2.2) 

where, 𝑇[𝑛]  represents the kinetic energy term; 𝑉$%&(𝑟)  represents the external potential, including 

external field effects and nuclear effects. Although the Hohenberg-Kohn theory offers a pathway to 

determine the ground state of the system, it cannot determine the particle number density functional, 

kinetic energy functional, and exchange-correlation functional. Therefore, another comprehensive 

approximation is required to promote the solution of practical problems. 

  



Methodology 

 

22 

 

2.3 Kohn-Sham equation 
In order to find the ground-state density, W. Kohn and L.J. Sham54 suggested to replace the kinetic energy 

functional 𝑇[𝑛] with known non-interacting particle energy functional 𝑇H[𝑛]. The non-interacting particle 

system (e.g. typically electrons) generates the same ground-state density as any given system of an 

interacting particle system. Within the assumption, the electron density can be defined as the sum of the 

squares of orbitals with different spins, namely: 

 𝑛(𝑟) = 	∑ 𝑛(𝑟, 𝜎)K = 	∑ ∑ |𝜓6K|2MN
6O8K  (2.3) 

The kinetic energy of the particles 𝑇H[𝑛] (using Hartree as atomic unit, ℏ = 𝑚$ = 𝑒 = RS
𝜺𝟎
= 1) can be 

expressed as: 

 𝑇H[𝑛] = −8
2
∑ ∑ ⟨𝜓6K|∇2MN

6O8K |𝜓6K⟩ =
8
2
∑ ∑ |∇𝜓6K|2MN

6O8K  (2.4) 

The Coulomb interaction is: 

 𝐸@Y:&:$$[𝑛] =
8
2∫ 𝑑

G 𝑟𝑑G𝑟Z [(:)[(:
\)

|:<:\|
 (2.5) 

Accordingly, the energy functional of the multi-particle interaction system under the Kohn-Sham 

approximation is described as follows: 

 𝐸A] = 	𝑇H[𝑛] +	∫𝑑G𝑟𝑉$%&𝑛(𝑟) + 𝐸@Y:&:$$[𝑛] +	𝐸%^[𝑛] (2.6) 

In this formula, the exchange-related energy term 𝐸%^[𝑛] involves the complex relationship in the system. 

By comparing the Hohenberg-Kohn and Kohn-Sham approximations, 𝐸%^[𝑛] can be expressed as: 

 𝐸%^[𝑛] = 〈�̀�〉 − 𝑇H[𝑛] +	 〈�̀�〉 − 𝐸@Y:&:$$[𝑛] (2.7) 

It can be seen from the above formula that 𝐸%^[𝑛] contains the difference between the kinetic energy and 

internal energy of the real system and the imaginary system. By performing the K-S orbital variation on 

the energy functional, the Kohn-Sham equation is obtained: 

 b−8
2
∇2 + 𝑉$%&(𝑟) + 𝑉@(𝑟) + 𝑉%^(𝑟)c𝜓6 = 𝜀6𝜓6 (2.8) 

In the formula, 𝑉$%&(𝑟) is the external potential, 𝑉@(𝑟) the Hartree potential, and 𝑉%^(𝑟) the exchange-

related potential. The sum of effective potential integrates the external potential, the Hartree potential, and 

the exchange-correlation potential, which is determined by the electron density. Meanwhile, the electron 
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density is obtained using the eigenfunction K-S orbital. Accordingly, an iterative self-consistent field 

(SCF)55 method is a necessity when solving the Kohn-Sham equation. Adding the charge density 𝑛e 

obtained by self-consistent convergence, the total energy of the system can be described: 

 𝐸e = ∑ 𝜀6M
6 − f1

2 ∫ 𝑑
G 𝑟𝑑G𝑟Z [g(:)[gh:

\i
|:<:\|

− ∫ 𝑑G𝑟𝑉%^ (𝑟)𝑛e(𝑟) + 𝐸%^[𝑛e], (2.9) 

where 𝜀6 is the eigenvalue of Kohn-Sham equation. 

 

 
Figure 2.1 Schematic diagram of the self-consistent field iteration process 

 

In the multi-particle system, the complex components are contained in the exchange correlation energy. 

Therefore, DFT is accurate enough as long as the exchange-correlation functional is strict enough. 

Currently, DFT has become a very important method in computational materials research. The solution of 

the Kohn-Sham equation requires a SCF method, as shown in Figure 2.1. 
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2.4 Exchange-correlation energy functional 
The exchange-correlation energy functional 𝐸%^[𝑛] (including the exchange term 𝐸% and the correlation 

term 𝐸^) determines the accuracy of the density functional theory. Therefore, all problems are transformed 

into finding the correct and convenient expression of the exchange correlation energy 𝐸%^[𝑛]. Currently, 

the commonly used exchange-correlation energy functionals include the local-density approximation 

(LDA)56,57 and the generalized-gradient approximation (GGA).58  

 

2.4.1 The local-density approximation  
The LDA method was proposed by W. Kohn and L.J. Sham56 in 1965. The goal is to approximately 

express the unknown exchange-correlation energy so that the DFT method can be used in practical 

calculations. LDA uses the density functional of a homogeneous electron gas to calculate the exchange-

correlation energy of an inhomogeneous electron gas. In general, for a spin-unpolarized system, a local-

density approximation for the exchange-correlation energy is written as: 

 𝐸%^jkl[𝑛] = ∫𝑛(𝑟) 𝜀%^[𝑛(𝑟)]𝑑G𝑟  (2.10) 

where n, and 𝜀%^[𝑛(𝑟)]  define the electron density and exchange-correlation energy per electron, 

respectively. Similarly, the exchange-correlation potential is written as: 

 𝑉%^(𝑟) =
mnop[[(:)]
m[(:)

= 𝜀%^[𝑛(𝑟)] + 𝑛(𝑟)
qrop[[(:)]
q[(:)

  (2.11) 

The simple functional form of the LDA does not consider the local effect of the change in charge density, 

resulting in the underestimation for 𝐸% and overestimation for 𝐸^ . LDA is well suitable for systems with 

slow changes in charge density, systems with high charge density, and most crystal structures. However, 

it is not suitable for systems where the electron distribution shows strong localization and the charge 

density distribution is inhomogeneous, and the absolute value of the binding energy of the system and the 

absolute value of the band gap are not suitable for analysis by LDA. 

 

2.4.2 Generalized-gradient approximation 
In order to calculate the practical material system more accurately, Becke, Perdew, and Wang58 proposed 

the GGA approach in 1986, which is also the most widely used processing method in DFT. The GGA 
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method involves rewriting the original expression term into a functional form that includes the electron 

density and gradient functional, plus the description of the spin, and the obtained exchange-correlation 

functional is as follows: 

 𝐸%^ssl = ∫𝑛(𝑟)𝜀%^[𝑛(𝑟)]𝐹%^[𝑛(𝑟), ∇𝑛(𝑟)]𝑑G 𝑟 (2.12) 

In the formula, 𝐹%^ is an infinite-dimensional functional, that is a dimensionless quantity. GGA improves 

the accuracy for the calculation results of the atomic-related exchange energy. The commonly used 

generalized gradient approximation functional forms are: Perdew-Wang (PW91)59 and Perdew-Burke-

Ernzerhof (PBE).49,60 
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2.5 Hybrid functionals 
To the best of our knowledge, Hartree-Fock and LDA tend to make opposite errors. Hartree-Fock 

overestimates gaps and magnetic moments, whereas LDA underestimates them. In recent years, so-called 

hybrid functionals have gained in popularity, which are a class of approximations to the exchange-

correlation energy functional in DFT. This exchange-correlation hybrid functionals with an exact Hartree-

Fock exchange energy admixture is a powerful tool for solving various problems within the framework of 

modern DFT and giving a better description of electronic properties. Hybrid functionals include e.g. Becke, 

3-parameter, Lee-Yang-Parr (B3LYP),61 Perdew-Burke-Ernzerhof (PBE0),62 Heyd-Scuseria-Ernzerhof 

(HSE06),63 and meta-hybrid GGA64. One of the most commonly and successfully used versions is B3LYP. 
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2.6 Basis set 
The basis set in theoretical and computational chemistry is a set of functions (called basis functions) that 

is used to represent the electronic wavefunction in the Hartree-Fock method or DFT in order to turn the 

partial differential equations of the model into algebraic equations suitable for efficient implementation 

on a computer. In this work, the geometry optimization and single point energy (SPE) are performed with 

the LACVP**++ basis set, containing polarization and diffuse functions.65,66 The LACVP basis set is chosen 

here because it includes an effective core potential (ECP), which represents the effect of the core electrons 

in a parametrized form. The use of ECPs speeds up calculations on compounds that contain heavy 

elements. For the elements from H to Ar, LACVP and the widely employed 6-31G basis sets are 

essentially indistinguishable when evaluating the ground-state properties. The small molecules considered 

in this work contain the elements of C, H, O, N, S, F, and Cl and thus, the use of LACVP**++ basis set is 

consistent with the use of 6-31G**++ basis set. 
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2.7 Classical and semiempirical methods 
2.7.1 Force field 
A force field (FF) is a mathematical expression describing the dependence of the potential energy of a 

system on the coordinates of its particles in molecular mechanics, molecular dynamics, or Monte Carlo 

simulations. A FF consists of the equations chosen to model the potential energy and its associated 

parameters sets. To be effective, a FF requires to offer an accurate parametrization for all components of 

the system which can affect the property of interest. The parameters are typically obtained either from ab 

initio or semiempirical quantum mechanical calculations or by fitting to experimental data. A successful 

and broadly used FF implementation is the optimized potentials for liquid simulations (OPLS) FF, which 

was introduced in the early 1980s67 and aimed at reproducing liquid state thermodynamic properties for a 

variety of small organic molecules. It was implemented by deducing non-bonded interactions by fitting 

the thermodynamic properties of simple liquids. These efforts generated a set of non-bonded parameters, 

which still is a core for the development of the OPLS method. In our calculations, we used the OPLS3 

force field68 to optimize the geometry and calculate the lowest energy of structures. In comparison to 

previous OPLS_2005,69 OPLS3 achieves a high level of accuracy across performance benchmarks that 

assess small-molecule conformational propensities and solvation.  

  

2.7.2 Semiempirical quantum mechanical methods  
It is known that Hartree-Fock calculations are computationally time-consuming and require a large 

memory disk space, particularly when treating large molecular systems. SEQM70 is based on the Hartree-

Fock method, but the computationally costly electron integrals are approximated by empirical data or 

omitted completely. Therefore, to improve for this approximation, SEQM introduces additional empirical 

terms in the Hamiltonian, which are weighted by a set of a priori empirical parameters and experimental 

data. The simplified versions reduce the calculation workload, extending the applicability to more 

complicated electronic structures. The data and visuals obtained by these comparably fast calculations 

show the characteristics of qualitative and semi-quantitative relationships, which is beneficial for the 

initial screening of chemical properties of large number of molecular systems in HTVS calculations. 

SEQM is much faster than ab initio counterparts. The computed results, however, may become quite 

inaccurate essentially when a molecule being computed is not similar to the molecules found in the 
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database that has been used to parameterize the method. SEQM calculations have been successfully used 

for the description of organic compounds, where only a few different elements are used in the construction 

of molecules with a moderate size. In addition, the Pariser-Parr-Pople (PPP) method applies the SEQM 

method and can perform well for the prediction of electronic excited states of polyene compounds when 

parameterized adequately.71 At present, most of the semiempirical methods simplify the calculations of 

two-electron integrals and independently address internal electrons and valence electrons. These methods 

mainly include modified neglect of diatomic overlap (MNDO),72 parameter model 3 (PM3),73 Austin 

model 1 (AM1),74 parameter model 6 (PM6),75 and parameter model 7 (PM7)76. 

 

2.7.3 Density-functional based tight-binding 
In comparison to commonly used SEQM methods, DFTB77,78 is a good engine for affordable and accurate 

calculations as it includes quantum effects. DFTB, first introduced by Seifert, Eschrig, and Bieger in the 

1980s,79 is considered as a computationally-efficient approximation to DFT. Similar to many previous 

treatment methods, the total energy of DFTB is also composed of orbital energy and repulsive energy. 

The single-electron orbital energy can be obtained by diagonalizing the Hamiltonian matrix of the system, 

and the sum of all occupied orbital energies represents the orbital energy, which is the so-called band-

structure energy. The repulsion energy represents the short-range repulsion energy that consist of the 

nuclear repulsion and the electron coulomb repulsion. The repulsion energy is only parameterized in 

DFTB without involving practical quantum mechanics calculations.  

Through the two assumptions of parameterized repulsive energy and Hamiltonian, DFTB, in some cases, 

can substantially reduce the computational cost and without significantly hampering the computational 

efficiency. However, the pure DFTB method basically allows to treat some molecular systems with small 

and large intramolecular charge transfer but cannot perform for systems with intermediate charge transfer. 

To address this issue, SCC-DFTB (self-consistent-charge density-functional based tight-binding)80 

introduces a charge self-consistent iteration and corrects the Hamiltonian matrix by the gain and loss of 

the charge of the atom. The achievement of self-consistent iterative process makes the calculation results 

close to the practical situation of the system. Moreover, the energy correction is caused by the effect of 

charge transfer, which makes the calculated total energy more realistic and reliable. Additionally, a new 

semiempirical TB method, extended tight-binding (xTB) model, has recently been developed by Grimme 

and coworkers,78 which is primarily designed for the fast calculation of structures and noncovalent 

interaction energies for the system. xTB model makes similar approximations as Slater-Koster based 
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DFTB,81 which uses a basis of Slater-type orbitals and an extended Hückel-like approximation for the 

Hamiltonian.  

 

2.7.4 Computational software 
In this thesis, the MacroModel program is used for the FF-based configurational searches and geometry 

optimizations, while the Jaguar program82 is used for DFT calculations, all as implemented in the 

Schrödinger Materials Science Suite (version 2019-2). Molecular orbital package (MOPAC) and DFTB 

calculations are performed using the Amsterdam Density Functional (ADF) program.83  
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Chapter 3 Comparison of computational chemistry 

methods for the discovery of quinone-based 

electroactive compounds for energy storage 

 

 
Abstract 
HTVS is a powerful approach for the rational and time-efficient design of electroactive compounds. The 

effectiveness of HTVS is dependent on accuracy and speed at which the performance descriptors can be 

estimated for possibly millions of candidate compounds. Here, a systematic evaluation of computational 

methods, including force field, SEQM, DFTB, and DFT is performed on the basis of their accuracy in 

predicting the redox potentials of redox-active organic compounds. Geometry optimizations at low-level 

theories followed by single point energy (SPE) DFT calculations that include an implicit solvation model 

are found to offer equipollent accuracy as the high-level DFT methods, albeit at significantly lower 

computational costs. Effects of implicit solvation on molecular geometries and SPEs, and their overall 

effects on the prediction accuracy of redox potentials are analyzed in view of computational cost versus 

prediction accuracy. This outlines the best choice of methods corresponding to a desired level of accuracy. 

The modular computational approach is applicable for accelerating the virtual studies on functional 

quinones and the respective discovery of candidate compounds for energy storage.  
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3.1 Introduction 
Commercial utilization of intermittent renewable energy sources, such as solar and wind, requires large-

scale, low-cost, and durable energy storage technologies to balance the mismatch between energy supply 

and demand. RFBs are recognized as prime candidates for large-scale and variable-term storage of 

electrical energy.2,4,6 RFBs have external storage tanks that store the liquid-phase redox-active electrolyte 

materials separated from the electrochemical reaction cells. This unique design feature is advantageous as 

it decouples the battery’s power and energy density scaling, while also facilitating easier maintenance and 

recycling.6  

Conventional RFBs operate using metal-based electrolyte materials, such as vanadium, iron, zinc, lead 

and chromium.17 They, however, face technical challenges of ion crossover through the membranes and 

sluggish reaction kinetics.84 Additionally, the cost of active materials and the risks associated with metal 

toxicity have been hindering a widespread deployment of metal-based RFBs.9,85 RFBs employing organic 

redox-active materials offer a promising alternative to metal-based electrolytes, since they can be sourced 

from earth-abundant elements and modified further structurally to tune their key battery-relevant 

properties.2,6 The emerging classes of organic redox-active RFB compounds consist of quinones,4 

viologens,86,87 alloxazines,23,88 phenazines,24,89 and nitroxide radicals90. Quinones are ubiquitous in 

nature28, and with their fast redox kinetics29,30 and tunable properties owing to their chemical diversity,2,31 

they are increasingly being utilized as electroactive materials in advanced RFB technologies. In recent 

years, an increasing effort has been made to develop ARFBs that use quinones as electroactive materials, 

including the functionalized forms of benzoquinones,36,91 naphthoquinones,30,91 and anthraquinones.91,92 

Research has shown that these molecules undergo a coupled two-electron two-proton redox reaction in 

aqueous media.34 However, these molecules offer low energy densities in a practical ARFB as they are 

not very soluble and their half-cell redox potentials are not close to 0 V versus SHE, which is desired for 

ARFB anolytes.37,91,93 Therefore, a major challenge for organic ARFBs is to tune the properties of the 

electroactive compounds to meet the practical requirements of high power and high energy density 

batteries. To develop an ARFB having a large cell voltage, maximizing the redox potential window of 

quinone-based compounds is essential. Recent experimental and computational studies show that the 

redox potential of organic ARFBs are significantly influenced by functionalizing them with electron-

withdrawing/donating groups.2,6 Curtiss et al.41 and Aspuru-Guzik et al.40,43 used HTVS methods for 

creating virtual libraries of candidate electroactive compounds populated with the functionalized 
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compounds of quinones and predicting their redox properties. These studies utilized robust quantum 

chemical calculations to estimate the thermodynamic properties of compounds and identify the most 

promising candidates. Thus, they show the usefulness of hierarchical HTVS methods in accelerating the 

property predictions of redox-active molecules. Using quantum chemical calculations to predict the redox 

properties is, however, a practically challenging task. The approach is particularly not well-suited for 

HTVS studies on a huge space of conceivable molecules. Therefore, there is a need to determine the 

tradeoffs between the prediction accuracy and the computational cost. While there has been a significant 

increase in the number of HTVS efforts for RFBs,40–43,45,94–96 to the best of our knowledge, an analysis of 

the factors that affect prediction accuracy, such as the level of theory for optimization of molecular 

geometry, inclusion/exclusion of solvation effects, and the level of theory for the calculation of chemical 

descriptors, are not available in the current literature.  

Here, we systematically evaluate the performance of different computational methods, including DFT, 

DFTB,77 and SEQM.97 We compare them based on their accuracy in predicting the experimentally 

measured redox potentials of quinones obtained from four different sources. In addition, we make first-

order comparisons of the computational cost of these approaches to offer the best approach for the 

prediction of redox potentials. Our results provide new insights on the factors that influence the prediction 

performance of computational methods. The findings are expected to be useful for both customary and 

HTVS efforts that are aimed at the study of redox-active molecules for RFBs, but also beyond ARFB 

compounds that take part in biochemical and electrochemical conversion reactions.  
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3.2 Computational workflow 

  

Figure 3.1 (a) Schematic showing the chain of operations for geometry optimization (OPT) and single point energy 
(SPE) calculations at different levels of theory. (b) A graphical summary of the various levels of approximations 
used to estimate D𝐸uvwxyz . The hollow black arrows with symbol Δt represent the difference between gas-phase 
reaction energies of the optimized geometries obtained at different levels of theory. The solid black arrows with 
symbol Δe represent the difference between energies computed using DFT on a fixed geometry obtained from a 
lower-level theory and energies computed at that given level of theory. The dotted gray arrows represent the 
solvation effect from gas-phase SPE to solution-phase SPE, when the implicit solvation model is considered. For 
both (a) and (b), the text boxes with no background color represent geometry optimizations; the boxes with colored 
background represent SPE calculations; the boxes with water bubbles in the background represent solution-phase 
SPE calculations using the implicit solvent model with water as the solvent. 
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We developed a systematic workflow to make generalizable and consistent comparisons between the 

different computational approaches. As shown in Figure 3.1, the starting point of the workflow for any 

molecule is a simplified molecular-input line-entry system (SMILES) representation,98 which is a widely 

used form of graph-representation and can easily be generated for any given molecule. The SMILES 

representation is at first converted to a two-dimensional (2D) geometrical representation using a SMILES 

interpreter. Next, 

(1) The 2D representation is converted to a three-dimensional (3D) geometry by applying the 

geometry optimization (OPT) scheme of OPLS3e FF99 to identify the lowest energy 3D conformer. 

As shown in Figure 3.1b, the FF-level geometry is the starting point for all approaches. 

(2) The 3D geometry is further optimized in the gas phase at three different levels of theory, namely: 

SEQM, DFTB, and DFT. For SEQM and DFT, geometry optimizations have also been performed 

in an implicit aqueous phase, but for simplicity they are not shown in Figure 3.1. This step yields 

different 3D geometries and the corresponding SPE of the compounds. 

(3) Next, SPEs of all the different 3D geometries are calculated using different DFT functionals. This 

step yields energy values that are directly comparable but are obtained from geometry 

optimizations that have been performed at four different levels of theory.  

(4) Lastly, for the geometries obtained from the optimizations in the gas phase, the SPEs are 

recalculated, this time by including the effect of the aqueous medium (SOL) implicitly by using 

the Poisson−Boltzmann solvation model (PBF).82,100  
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3.3 Methods 
3.3.1 Thermodynamic principle 
The reaction energy difference between the reactant and product is used as an approximation for the Gibbs 

free energy of proton-coupled electron transfer redox reactions. During a redox reaction in the aqueous 

phase: 

 Q + 2H}+	2𝑒<	 → 	QH2 (3.1) 

The hydroquinone, QH2, compounds can be generated from the quinone, Q, compounds via a two-electron 

two-proton redox reaction.34 A quantitative measure of the favorability of a given reaction is the change 

in standard Gibbs free energy, D𝐺uvw� . According to the Nernst equation, the equilibrium potential of a 

redox reaction, 𝐸�, is related to the change in the standard Gibbs free energy per coulomb of charge 

transferred during the electrochemical reaction as: 

 𝐸� = −D𝐺uvw� 𝑛𝐹⁄  (3.2) 

where n = 2 is the number of electrons and F is the Faraday constant. Typically, 𝐸� is measured relative 

to the standard hydrogen electrode (SHE) and D𝐺uvw�  is computed at standard conditions. To calculate 

D𝐺uvw�  we use the following equation: 

 D𝐺uvw� = 𝐺�(QH2) − [𝐺�(Q) + 𝐺�(H2)] (3.3) 

in which D𝐺uvw�  is expressed simply as the difference in the standard free energies of the reactants and 

products. Thermodynamically and at constant temperature and pressure, D𝐺uvw�  can be described as a sum 

of contributions arising from the change in internal energy (D𝑈uvw ), pressure-volume (𝑝D𝑉uvw ), and 

entropic (𝑇D𝑆uvw) contributions to the reaction as: 

 D𝐺uvw� = D𝑈uvw + 𝑝D𝑉uvw − 𝑇D𝑆uvw (3.4) 

The change in internal energy can be further decomposed as D𝑈uvw = D𝐸uvw + DZPE, where D𝐸uvw is the 

reaction energy and DZPE is the change in zero-point energy. In the present work, the ZPE contributions 

to the internal energy, changes in pressure-volume, and entropic contributions are neglected, thus 

effectively using the approximation: 

 D𝐺uvw� 	@	D𝐸uvw = 𝐸��(QH2) − [𝐸��(Q) + 𝐸��(H2)] (3.5) 

where 𝐸�� represents the theoretically calculated internal energy of species in aqueous phase. All the other 
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contributions are ignored because they require extra calculation steps, computational resources, and thus, 

are not suitable from the perspective of HTVS. Nevertheless, the effects of ignoring these other 

contributions on the accuracy of predictions are discussed in the remainder of this chapter. In this work, 

the descriptor of choice, D𝐸uvw , is calculated with the inclusion of aqueous solvation effects, which 

requires additional computation time. To quantify the effect of solvation on prediction accuracy, another 

approximation is considered by ignoring solvation such that Eq. (3.5) can be rewritten using internal 

energies calculated in the gas phase as: 

 D𝐺uvw� 	@	D𝐸uvw = 𝐸�(QH2) − [𝐸�(Q) + 𝐸�(H2)]  (3.6) 

Under these set of approximations, the calculated change in internal energies D𝐸uvw from Eq. (3.5) and 

(3.6) are linked to the measured redox potentials using Eq. (3.2). We used various theoretical methods, as 

explained below in computational details, to calculate D𝐸uvw , and discuss their performance for the 

prediction of experimentally measured redox potentials. 

 

3.3.2 Computational details 
We developed a systematic computational approach involving one FF, nine SEQM, two DFTB, and eleven 

DFT methods, as well as their combination with implicit solvation environments, to predict the 

experimentally measured redox potentials of quinone-based electroactive compounds. The MacroModel 

program is used for FF configurational searches and geometry optimizations, while the Jaguar program82 

is used for DFT calculations, all as implemented in the Schrödinger Materials Science Suite (version 2019-

2). MOPAC and DFTB calculations are performed using the ADF program.83 Molecular structures are 

optimized both in gas and aqueous phases using the OPLS3e FF, which provides a broad coverage of 

small compounds.99 The gas-phase FF optimized geometries are used as inputs to perform gas- and 

aqueous-phase geometry optimizations using nine different SEQM methods, including AM1,74 MNDO,72 

MNDOD,101 PM3,73 PM6,75 PM6-D3,102 PM6-D3H4X,97 PM7,76 and RM1.103 The aqueous-phase 

geometry optimizations at the SEQM level are performed using the conductor-like screening model for 

real solvents (COSMO-RS) solvation model.104,105 The choice of this solvation method is constrained by 

the present availability in the ADF program. The gas-phase FF optimized geometries are also used as 

inputs for DFTB optimizations using the DFTB-D3106 and GFN1-xTB78,107 methods. The DFTB-D3 

computations are performed with a self-consistent charge cycle using the QuasiNANO-2015 parameter 

set,77 while the parameters for GFN1-xTB are taken from the work of Grimme et al.78,107 The aqueous-
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phase geometry optimizations of molecules are not performed with the DFTB method, since currently 

there is no available routine for this task in the ADF program. Finally, FF minimized geometries are used 

as inputs to perform geometry optimizations in gas-phase DFT calculations using different flavors of 

exchange-correlation functionals, including the local-density approximation (LDA),57 generalized-

gradient approximation (GGA),108 hybrid and meta-GGA functionals,108 all of which vary drastically in 

their accounting of the exchange-correlation energy. For the geometries that have been obtained from FF, 

SEQM, and DFTB optimizations, the DFT level SPEs are computed in gas phase, and subsequently in 

aqueous phase using only the Perdew-Burke-Ernzerhof (PBE), B3LYP, and M08-HX functionals, as they 

are well accepted in the community but also span a wide range of ways for accounting for the exchange-

correlation effects.108 A total of eleven exchange-correlation functionals, also including some of the D3 

dispersion109,110 corrected variants, are used for high-level OPT and SPE calculations. These functionals 

include LDA,57 PBE,49,60 PBE-D3,109 BLYP,61 BLYP-D3,109 B3LYP,61,111 B3LYP-D3,109 PBE0,62 PBE0-

D3,109 HSE06,112 and M08-HX.113 Due to computational costs, the DFT aqueous-phase geometry 

optimizations are performed only with the following functionals: PBE, B3LYP, and M08-HX.  

As DFT options in Jaguar, we chose “medium” grid density for OPT and “fine” grid density for SPE 

calculations. Energy and root-mean-square (RMS) density matrix change convergence criteria are set to 

the default values of 5.0 × 10−5 and 5.0 × 10−6 Hartree, respectively. The default direct inversion in the 

iterative subspace is employed as the convergence scheme. For OPT, Jaguar’s mixed pseudospectral grids 

with default cutoffs are employed. For SPE calculations, we used pseudospectral grids with accurate 

cutoffs. To treat solvated molecules in water, we used the standard PBF solver with water as the 

solvent.82,100 The calculations are performed with LACVP**++ basis set with polarization and diffuse 

functions.65,66  

 

3.3.3 Calibration data and performance metrics 
We collected redox potential data from 43 quinone redox couples in acidic aqueous solution.29,43,91,114 In 

consideration of prediction accuracy and universality for the calibration models, the selection of available 

experimental data has been expanded within various quinone molecules, rather than using monotonous 

structural patterns. This is because compounds decorated with chemical functional groups usually show 

different redox properties as well as charge/discharge capacities when compared to their undecorated 

counterparts. The experimental molecules cover both quinone cores and their functionalized derivatives 

with multiple substituted groups including   ̶SO3H,   ̶COOH,  ̶ OH,  ̶ CH3,  ̶ F, and   ̶Cl (collected and 
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numbered in Table A1 in the appendix) and the redox data span a broad range experimental redox 

potentials between -0.084 and 1.21 V. The redox couples are chosen consistently from measurements that 

were performed under similar experimental conditions, such as T = 298.15 K, pH = 0, and highly 

conducting salts. The correlations between experiments and calculations are expressed in terms of two 

commonly used coefficients, namely the coefficient of determination (R2) and root-mean-square error 

(RMSE). R2 and RMSE are calculated using the definitions from Originlab. All benchmark simulations 

of calculation time have been performed on a single core of Intel Core i9-9960X 3.10GHz CPU with 

Ubuntu 18.04 Bionic Beaver as the operating system. 
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3.4 Results and discussion 
3.4.1 Comparison of DFT methods 
Since DFT is the highest level of theory considered in the current study, we begin with a discussion of the 

performance of the various DFT functionals, also with an aim to use them as performance benchmarks for 

low-level methods. Initially, we briefly discuss the performance of D𝑈uvw  and D𝐺uvw�  as chemical 

descriptors to predict redox potentials. For this purpose, DFT energy calculations using the PBE functional 

are performed, first for optimizing geometries in the gas phase and then for calculating single point 

energies in an implicit aqueous phase. The calibration performances of D𝑈uvw (RMSE = 0.049 V, R2 = 

0.978) and D𝐺uvw�  (RMSE = 0.048 V, R2 = 0.979) are very similar, as shown in Figure 3.2. Inclusion of the 

zero-point energy (ZPE) in D𝑈uvw, as well as entropic effects in D𝐺uvw� , is only marginally better than using 

D𝐸uvw (RMSE = 0.051 V, R2 = 0.977). Therefore, we consider that the effects of including these terms are 

not significant enough from HTVS perspective. Accordingly, all the following discussions in this work 

consider D𝐸uvw as the descriptor. 

 

 

Figure 3.2 Performance of (a) D𝑈uvw and (b) D𝐺uvw�  descriptors for the prediction of experimentally measured redox 
potentials, 𝐸�v�� . The DFT calculations were performed using the PBE functional. 
 

First, we discuss linear calibrations of three representative DFT functionals of PBE (Figure 3.3a), 

B3LYP (Figure 3.3b), and M08-HX (Figure 3.3c). The results shown in Figure 3.3 have been obtained by 

using three kinds of DFT-calculated reaction energies D𝐸uvw = D𝐸uvwxyz , against the experimentally 
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measured redox potentials (𝐸�v�� ) as follows: (1) OPT in gas phase without calculation of SPE in SOL, (2) 

OPT in gas phase and a following SPE in SOL, and (3) both OPT and SPE in SOL.  

On comparing RMSE and R2 data, the following observations are made: 

(1) When using D𝐸uvwxyz from only gas-phase optimized geometry and SPE, PBE is the least performing 

functional with RMSE = 0.072 V, R2 = 0.954. Nevertheless, the results show that at any DFT level, 

it is possible to predict 𝐸�v��  for quinone-based molecules within a range of common experimental 

errors (~ 0.1 V).  

(2) Upon the inclusion of solvation effects using an implicit model on the gas-phase geometries, all 

three functionals show a decrease in their RMSE values. The percentage decrease in error is highest 

for PBE (30%) and lowest for M08-HX (23%). 

(3) Remarkably for all the three functionals, full geometry optimizations and energy calculations in 

an implicit solvation model yield slightly worse results than their counterparts in which geometries 

are optimized in gas phase. The RMSEs increase by 0.002 ~ 0.004 V, indicating that there is no 

real added value of performing geometry optimizations with implicit solvation, not to mention that 

they are also computationally more demanding. 

Based on the findings above, we evaluate the performances of eight other DFT functionals without 

considering geometry optimizations in an implicit solution phase. In Figure 3.3d, Figure 3.3e and Table 

3.1, a summary of the performance of all the DFT functionals considered in this work is presented using 

bar plots for RMSE and R2, respectively. When compared under the same set of conditions, all functionals, 

with the exception of LDA, show a similar performance. The PBE0/PBE0-D3, HSE06, and M08-HX 

functionals show a highly similar performance when using implicit solvation on gas-phase optimized 

geometries, which are followed by the other hybrid functionals of B3LYP/B3LYP-D3, and then by the 

PBE/PBE-D3 and BLYP/BLYP-D3 GGA functionals. The addition of D3-dispersion corrections makes 

hardly any difference on either of the hybrid or the GGA functional calculated results. For all further 

comparisons in this work, we choose, among the compared exchange-correlation functionals, the PBE as 

benchmark DFT functional as it offers the best compromise between prediction accuracy and 

computational cost. We note that, the different DFT functionals have been compared here purely on the 

basis of their performance in predicting the measured potentials. We also note that, functionals constructed 

with higher degrees of empiricism, such as the Minnesota density functionals,113 are aimed at producing 

better values for a chosen set of physically observable properties. In this regard, it is not surprising that 

the M08-HX performs among the best functionals, as it is heavily parametrized to show good performance 
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for thermochemistry. However, it must also be kept in mind that such heavily parametrized functionals 

tend to produce less accurate electron densities than the ones with little to no empiricism in their design 

(e.g. the PBE functional).49  
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Figure 3.3 Performance comparisons of different exchange-correlation functionals in predicting the experimentally 
measured redox potentials, 𝐸�v�� . The scatter plots (a), (b), and (c) show linear correlations of the DFT calculated 
energy difference, D𝐸uvwxyz, versus 𝐸�v�� , for the three representative functionals of (a) PBE, (b) B3LYP, and (c) 
M08-HX. The bar plot (d) and (e) shows the RMSE and R2 for all the functionals considered. The color green 
represents both OPT and SPE in gas phase, the color orange represents OPT in gas phase followed by SPE with 
SOL, and the color blue represents both OPT and SPE with SOL, as also summarized in a tabular format. In (d), 
the horizontal dashed green line represents PBEg (RMSE = 0.072 V, R2 = 0.954) benchmark, the horizontal dashed 
blue line represents PBEaq (RMSE = 0.053 V, R2 = 0.975) benchmark, and the horizontal dashed orange line 
represents PBEs (RMSE = 0.051 V, R2 = 0.977) benchmark. 
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Table 3.1 Performance comparisons of nine different SEQM methods for the prediction of experimentally measured 
redox potentials. SEQMg represents OPT or SPE in gas phase. PBEg, B3LYPg and M08-HXg, represent SPE 
calculations in gas phase using these three exchange-correlation functionals. 

Scheme for OPT 
and SPE 

OPT:SEQMg 

SPE:SEQMg 
OPT:SEQMg 

SPE:PBEg 
OPT:SEQMg 

SPE:B3LYPg 
OPT:SEQMg 

SPE:M08-HXg 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

AM1 0.899 0.107 0.963 0.064 0.958 0.068 0.955 0.071 

MNDO 0.773 0.159 0.840 0.134 0.852 0.129 0.860 0.125 

MNDOD 0.748 0.168 0.847 0.131 0.860 0.125 0.867 0.122 

PM3 0.864 0.123 0.952 0.073 0.957 0.070 0.956 0.070 

PM6 0.863 0.124 0.928 0.090 0.916 0.097 0.891 0.111 

PM6-D3 0.870 0.121 0.919 0.095 0.907 0.102 0.895 0.108 

PM6-D3H4X 0.877 0.117 0.947 0.077 0.943 0.080 0.933 0.087 

PM7 0.906 0.103 0.954 0.072 0.961 0.066 0.967 0.061 

RM1 0.846 0.131 0.958 0.069 0.956 0.071 0.952 0.074 

 

Discussion: As shown in Figure 3.3d and 3.3e, the DFT LDA data is not as good as the GGA and the 

hybrid method calculated data. Additionally, there is a positive impact on the prediction accuracies due to 

the inclusion of implicit solvation in calculations of D𝐸uvwxyz . The effect can be attributed to a better 

accounting for the interactions of the -OH groups with the surrounding aqueous environment in the 

hydroquinone products.96 Surprisingly, optimizing geometries with implicit solvation slightly worsens the 

prediction accuracies. This can be attributed to multiple factors. First, it is possible that the PBF solvation 

model is not accurate enough to improve the gas-phase geometry. Secondly, there might be a serendipitous 

cancellation of errors when using the gas-phase geometry that is affected by the changes in the geometry 

due to the implicit solvation model in use. Additionally, D𝐸uvw is used as an approximation for D𝐺uvw� , and 

accounting for the ignored pressure-volume and temperature-entropy terms from Eq. (3.4) might result in 

better prediction accuracies when optimizing the geometries in solution. In the work of Zimmerman et 

al.,96 it was shown that the reduction potentials of anthraquinones in acidic aqueous solutions are strongly 

influenced by specific interactions with molecules in solvent environment. In aqueous solution, they found 

that using DFT (ωB97X-D/6-31G*) with implicit solvation (polarizable continuum model (PCM (Bondi)) 

for geometry optimizations yields good results, except for the redox couples that have strong 

intramolecular hydrogen bond interactions. They evaluated a total of 19 anthraquinones and reported a 



Chapter 3  

 

45 

 

mean absolute deviation (MAD) of 0.194 V for the three outliers that showed strong intramolecular 

hydrogen bond interactions. This value was more than five times the MAD value of the remaining 16 

redox couples (0.037 V). Further, they showed that quantum mechanics/molecular mechanics (QM/MM) 

calculations (with the TIP3P force field for explicit water molecules) alleviate the overestimation and lead 

to a more balanced treatment of solute-solvent interactions. Accordingly, using a QM/MM model, the 

correlation between theory and experiment data had a MAD of 0.033 V. In the current work, we performed 

a similar analysis on our calibration data set of 43 molecule pairs. We found that there are only 12 

molecules, with IDs: 1, 2, 3, 4, 5, 6, 8, 9, 16, 35, 37, and 39 shown in Table A1 in the appendix, without 

any possibility of strong intramolecular hydrogen bond interactions due to the neighboring positions found 

in the hydroquinone versions of the molecules. Surprisingly, we found that when using implicit aqueous 

solvation during geometry optimizations, the MADs for the predicted redox potentials were 0.039 V for 

the 12 molecules and 0.037 V for the remaining 31 molecules. We note that these MADs are very similar 

and the difference between the two groups is only in the third decimal digit. Therefore, we cannot confirm 

that the explanation provided by Zimmerman et al. also applies to the methods used in this work. At the 

same time, it must be noted that Zimmerman et al. used only anthraquinones (3-ring molecules) for their 

analysis, whereas this work considers a wide variety of quinone molecules (from 1 to 3 rings), including 

those with the C=O groups at the 1,2 positions on the compounds. Further, Zimmerman et al.96 employed 

the PCM (Bondi) implicit solvation model, which is different from the PBF model used in the current 

work. These differences, as well as the difference in the calibration data, make it hard to ascertain the 

exact origin of the disparities between this work and the work of Zimmerman et al. 

Another important aspect of the calibration of molecules that needs to be considered is the effect of 

ionization of sulfonic acid groups, as they are prone to dissociation in aqueous media. In the calibration 

set of 43 molecule pairs used in the current work, there are 18 molecules that contain –SO3H groups, with 

IDs: 7, 8, 9, 10, 11, 12, 13, 30, 31, 32, 33, 34, 35, 36, 37, 41, 42, and 43 as shown in Table A1 in the 

appendix. In the framework of the best performing scheme, i.e. PBEs, the calculated MAD for these 18 

molecules is 0.047 V, which is approximately 50% higher than the MAD of the remaining 25 molecules 

(0.032 V). Clearly, the ionization of sulfonic groups has adverse effects on the prediction accuracies. 

Although the effect is not significant from a perspective of HTVS studies, we recommend the inclusion 

of explicit water molecules, such as in a QM/MM formalism, when extremely accurate values for the 

sulfonic group decorated quinone redox potentials are sought.96 

In order to discover and understand the existence of functional group dependent rational trends, we 
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selected anthraquinone (Molecule ID 5 in Table A1 in the appendix) as the base molecule from our 

calibration set and found 6 derivatives with  ̶ SO3H (Figure 3.4a) and 6 derivatives with  ̶ OH functional 

groups (Figure 3.4b). Molecules with mixed functional groups were excluded. As can be seen in Figure 

3.4a, increasing the number of   ̶ SO3H groups leads to an increase in the redox potential, whereas 

increasing the number of  ̶ OH groups leads to decrease in the redox potential, as seen in Figure 3.4b. 

These trends are very much in line with the expected chemical behavior, as electron withdrawing groups 

are known to increase the redox potential and vice-versa. It must be noted that the correlation for   ̶SO3H 

is weak, indicating that not only the functional group type and number but also the position of 

functionalization is very decisive in determining the redox potential. 
 

 

Figure 3.4 (a) shows the effects of   ̶SO3H groups on redox potentials of selected anthraquinone derivatives; (b) 
shows the effects of   ̶OH groups on redox potentials of selected anthraquinone derivatives. 
 

The calibration equation for the prediction of redox potentials versus SHE, using the PBEs calculated 

reaction energies is: 

 𝐸� = −0.409[D𝐸uvwxyz] − 0.193	V (3.7)  

The performance metrics of all the DFT functionals are given in Table 3.1. 

 

3.4.2 Comparison of low-level methods: FF, SEQM and DFTB 
After establishing the effectiveness of DFT-based methods, we next consider the computationally less 

costly methods for the optimization of geometries and the prediction of energies. As summarized in Figure 

3.5 and Table 3.2 – 3.7, we employ different lower level methods such as FF, SEQM, and DFTB for 
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geometry optimizations. To obtain D𝐸uvwz  of the reactions, we use the optimized structures of compounds 

and perform SPE calculations via the following three schemes: 

I. SPE values are taken directly from low-level methods after the geometry optimizations in gas or 

aqueous phases. Aqueous-phase optimizations are performed only by using FF and SEQM (but 

not DFTB, as explained in the Computational workflow). 

II. SPE values are taken from gas-phase DFT calculations using three different functionals (PBE, 

B3LYP, and M08-HX), on the molecular geometries obtained via scheme (I). 

III. SPE values are taken from DFT calculations with implicit solvation using three different 

functionals (PBE, B3LYP, and M08-HX), on the molecular geometries obtained via scheme (I). 

Several observations are made by comparing the R2 and RMSE data across the various combinations 

of methods. 
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Figure 3.5 Performance comparisons of low-level methods: FF, SEQM and DFTB. (a) RMSE and R2 of SPE data 
calculated at the three different levels of theory. Similarly, (b) RMSE of DFT calculated SPE data on the geometries 
obtained from the three different levels of theory. In (b), the solid bars show SPE results without implicit solvation 
effects, whereas the dashed bars show results with implicit solvation effects taken into account. The dashed green 
horizontal line represents PBEg (R2 = 0.954, RMSE = 0.072 V) benchmark and the dashed orange horizontal line 
represents PBEs (R2 = 0.977, RMSE = 0.051 V) benchmark. 
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Table 3.2 Performance comparisons of nine different SEQM methods for the prediction of experimentally measured 
redox potentials. SEQMg represents OPT or SPE in gas phase. PBEs, B3LYPs and M08-HXs, represent SPE 
calculations in SOL using these three exchange-correlation functionals. 

Scheme for 
OPT and SPE 

OPT:SEQMg 

SPE:SEQMg 
OPT: SEQMg 

SPE: PBEs 
OPT: SEQMg 

SPE: B3LYPs 
OPT: SEQMg 

SPE: M08-HXs 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

AM1 0.899 0.107 0.969 0.059 0.967 0.061 0.960 0.067 

MNDO 0.773 0.159 0.892 0.110 0.902 0.105 0.906 0.102 

MNDOD 0.748 0.168 0.888 0.112 0.898 0.107 0.902 0.105 

PM3 0.864 0.123 0.975 0.053 0.976 0.052 0.974 0.054 

PM6 0.863 0.124 0.916 0.097 0.892 0.110 0.849 0.130 

PM6-D3 0.870 0.121 0.920 0.095 0.880 0.116 0.867 0.122 

PM6-D3H4X 0.877 0.117 0.949 0.076 0.931 0.088 0.905 0.103 

PM7 0.906 0.103 0.976 0.051 0.972 0.056 0.969 0.059 

RM1 0.846 0.131 0.959 0.068 0.953 0.072 0.940 0.082 

 

Table 3.3 Performance comparisons of nine different SEQM methods for the prediction of experimentally measured 
redox potentials. SEQMaq represents OPT or SPE in SOL. PBEg, B3LYPg and M08-HXg, represent SPE calculations 
in gas phase with three exchange-correlation functionals. 

Scheme for 
OPT and SPE 

OPT:SEQMaq 

SPE:SEQMaq 
OPT: SEQMaq 

SPE: PBEg 
OPT: SEQMaq 

SPE: B3LYPg 
OPT: SEQMaq 

SPE: M08-HXg 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

AM1 0.886 0.113 0.956 0.070 0.947 0.077 0.937 0.084 

MNDO 0.394 0.261 0.654 0.197 0.649 0.198 0.563 0.221 

MNDOD 0.820 0.142 0.772 0.160 0.793 0.152 0.812 0.145 

PM3 0.861 0.125 0.925 0.092 0.930 0.089 0.930 0.088 

PM6 0.927 0.090 0.919 0.095 0.919 0.095 0.914 0.098 

PM6-D3 0.926 0.091 0.934 0.086 0.925 0.092 0.919 0.095 

PM6-D3H4X 0.909 0.101 0.929 0.089 0.923 0.093 0.918 0.096 

PM7 0.915 0.098 0.943 0.080 0.944 0.079 0.950 0.075 

RM1 0.869 0.121 0.928 0.090 0.928 0.090 0.923 0.093 
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Table 3.4 Performance comparisons of nine different SEQM methods for the prediction of experimentally measured 
redox potentials. SEQMaq represents OPT or SPE in SOL. PBEs, B3LYPs and M08-HXs, represent SPE calculations 
in SOL with three exchange-correlation functionals. 

Scheme for 
OPT and SPE 

OPT:SEQMaq 

SPE:SEQMaq 
OPT: SEQMaq 

SPE: PBEs 
OPT: SEQMaq 

SPE: B3LYPs 
OPT: SEQMaq 

SPE: M08-HXs 
Method R2 RMSE (V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

AM1 0.886 0.113 0.961 0.066 0.951 0.074 0.941 0.082 

MNDO 0.394 0.261 0.815 0.144 0.796 0.151 0.846 0.131 

MNDOD 0.820 0.142 0.870 0.121 0.886 0.113 0.901 0.105 

PM3 0.861 0.125 0.957 0.069 0.963 0.065 0.965 0.062 

PM6 0.927 0.090 0.940 0.082 0.938 0.084 0.926 0.091 

PM6-D3 0.926 0.091 0.953 0.073 0.940 0.082 0.927 0.090 

PM6-D3H4X 0.909 0.101 0.948 0.076 0.941 0.081 0.937 0.084 

PM7 0.915 0.098 0.962 0.065 0.961 0.066 0.967 0.060 

RM1 0.869 0.121 0.947 0.077 0.944 0.079 0.928 0.090 

 

Table 3.5 Performance comparisons of FF(OPLS3e) in combination with different DFT methods for the prediction 
of experimentally measured redox potentials. FFg represents OPT or SPE in gas phase. FFaq represents OPT or SPE 
in SOL. PBEg, B3LYPg and M08-HXg, represent SPE calculations in gas phase with three DFT functionals. PBEs, 
B3LYPs and M08-HXs represent SPE calculation in SOL with three exchange-correlation functionals. 

Scheme for OPT and 
SPE 

OPT:FFg 

SPE:FFg 
OPT: FFg 

SPE: PBEg 
OPT: FFg 

SPE: B3LYPg 
OPT: FFg 

SPE: M08-HXg 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

OPLS3e 0.596 0.213 0.947 0.077 0.945 0.079 0.936 0.085 
Scheme for OPT and 

SPE 
OPT:FFg 

SPE:FFg 
OPT: FFg 

SPE: PBEs 
OPT: FFg 

SPE: B3LYPs 
OPT: FFg 

SPE: M08-HXs 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

OPLS3e 0.596 0.213 0.969 0.059 0.957 0.070 0.945 0.078 
Scheme for OPT and 

SPE 
OPT:FFaq 

SPE:FFaq 
OPT: FFaq 

SPE: PBEg 
OPT: FFaq 

SPE: B3LYPg 
OPT: FFaq 

SPE: M08-HXg 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

OPLS3e 0.06 0.325 0.939 0.083 0.933 0.087 0.926 0.091 
Scheme for OPT and 

SPE 
OPT:FFaq 

SPE:FFaq 
OPT: FFaq 

SPE: PBEs 
OPT: FFaq 

SPE: B3LYPs 
OPT: FFaq 

SPE: M08-HXs 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

OPLS3e 0.06 0.325 0.964 0.063 0.951 0.074 0.938 0.083 
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Table 3.6 Performance comparisons of two different DFTB methods for the prediction of experimentally measured 
redox potentials. DFTBg represents OPT or SPE in gas phase. PBEg, B3LYPg and M08-HXg, represent SPE 
calculations in gas phase with three exchange-correlation functionals. 

Scheme for OPT and 
SPE 

OPT:DFTBg 

SPE:DFTBg 
OPT: DFTBg 

SPE: PBEg 
OPT: DFTBg 

SPE: B3LYPg 
OPT: DFTBg 

SPE: M08-HXg 

Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

DFTB-D3 0.953 0.072 0.960 0.067 0.964 0.063 0.964 0.063 

GFN1-xTB 0.944 0.079 0.949 0.075 0.961 0.066 0.965 0.062 

 

Table 3.7 Performance comparisons of two different DFTB methods for the prediction of experimentally measured 
redox potentials. DFTBg represents OPT or SPE in gas phase. PBEs, B3LYPs and M08-HXs, represent SPE 
calculations in SOL with three exchange-correlation functionals. 

Scheme for OPT and 
SPE 

OPT:DFTBg 

SPE:DFTBg 
OPT: DFTBg 

SPE: PBEs 
OPT: DFTBg 

SPE: B3LYPs 
OPT: DFTBg 

SPE: M08-HXs 
Method R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) R2 RMSE(V) 

DFTB-D3 0.953 0.072 0.978 0.049 0.974 0.054 0.968 0.060 

GFN1-xTB 0.944 0.079 0.977 0.051 0.981 0.046 0.976 0.052 

 

Comparisons within scheme (I): When comparing redox potential predictions from SPE data of 

scheme (I) to PBEg benchmark (R2 = 0.954, RMSE = 0.072 V), we make the following observations (note: 

subscript ‘g’ represents gas-phase and subscript ‘aq’ represents aqueous-phase geometry optimizations at 

a given level of theory): 

• In Figure 3.5a and 3.5c, gas-phase (OPLS3eg: R2 = 0.596, RMSE = 0.213 V) and aqueous-phase 

(OPLS3eaq: R2 = 0.060, RMSE = 0.325 V) calculated FF SPEs are significantly worse than PBEg. 

Just as observed for DFT methods, aqueous-phase FF optimizations yield worse results than their 

gas-phase counterpart. Clearly, the internal energy predictions at the FF level are inaccurate.  

• In Figure 3.5a and 3.5c, gas-phase SEQM methods show significantly better performance 

compared to FF method, and are close to PBEg benchmark. Of note are the AM1g (R2 = 0.899, 

RMSE = 0.107 V) and PM7g (R2 = 0.906, RMSE = 0.103 V) methods. The aqueous-phase SEQM 

geometry optimizations with COSMO solvation model result in very similar prediction accuracies 

to their gas-phase counterparts for both AM1aq (R2 = 0.886, RMSE = 0.113 V) and PM7aq (R2 = 

0.915, RMSE = 0.098 V).  
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• In Figure 3.5a and 3.5c, gas-phase DFTB methods perform as good as PBEg benchmark, with 

parameter sets DFTB-D3g (R2 = 0.953, RMSE = 0.072 V) and GFN1-XTBg (R2 = 0.944, RMSE = 

0.079 V).  

Comparisons within scheme (II): When comparing predictions from SPE data of scheme (II) to PBEg 

benchmark (R2 = 0.954, RMSE = 0.072 V), we make the following observations:  

• In Figure 3.5b and 3.5d (solid bars), the performances of gas-phase DFT calculations of SPEs on 

gas-phase FF geometries (OPLS3eg: R2 = 0.947, RMSE = 0.077 V) are significantly better than 

their counterparts from scheme (I). The same is also observed for gas-phase DFT calculations of 

SPEs on aqueous-phase FF geometries (OPLS3eaq: R2 = 0.939, RMSE = 0.083 V). However, even 

after performing DFT calculations of SPEs, the OPLS3eaq performs worse than OPLS3eg. 

• In Figure 3.5b and 3.5d (solid bars), gas-phase DFT calculations of SPEs on gas-phase SEQM 

geometries also show improved prediction accuracies with respect to their counterparts from 

scheme (I). The two best SEQM methods are AM1g (R2 = 0.963, RMSE = 0.064 V) and PM7g (R2 

= 0.954, RMSE = 0.072 V), with performances equivalent to PBEg benchmark. Gas-phase DFT 

calculations of SPE on aqueous-phase SEQM geometries resulted in worse predictions for both 

AM1aq (R2 = 0.956, RMSE = 0.070 V) and PM7aq (R2 = 0.943, RMSE = 0.080 V), though they are 

still better with respect to their counterparts from scheme (I). 

• In Figure 3.5b and 3.5d (solid bars), gas-phase DFT calculations of SPEs on gas-phase DFTB 

geometries also show slightly improved prediction accuracies and are slightly better than PBEg 

benchmark, with parameter sets DFTB-D3g (R2 = 0.960, RMSE = 0.067 V) and GFN1-XTBg (R2 

= 0.949, RMSE = 0.075 V).  

Comparisons within scheme (III): Upon including implicit solvation effects during DFT calculations 

of SPE, the performances of low-level methods versus the corresponding PBEs benchmark (R2 = 0.977, 

RMSE = 0.051 V) can be described as follows (please note that the subscript ‘s’ represents gas-phase 

geometry optimization but with implicit solvation included while calculating SPE with DFT):  

• In Figure 3.5b and 3.5d (dashed bars), RMSEs are lowered by 0.02 V for FF optimized geometries, 

both from gas- (OPLS3eg: R2 = 0.969, RMSE = 0.059 V) and aqueous-phases (OPLS3eaq: R2 = 

0.964, RMSE = 0.063 V), in comparison to their counterparts from scheme (II). Surprisingly, the 

performances of these methods are close to PBEs benchmark. This shows that even though the 
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thermochemistry with FF obtained energies is not accurate (as observed in Scheme I), the quinone 

molecule geometries from FF are good enough for performing DFT SPE calculations. 

• In Figure 3.5b and 3.5d (dashed bars), prediction accuracies from SEQM optimized geometries 

are improved when compared to their counterparts in scheme (II). The two best SEQM methods 

are AM1g (R2 = 0.969, RMSE = 0.059 V) and PM7g (R2 = 0.976, RMSE = 0.051 V). Yet again, 

predictions from aqueous-phase SEQM geometries resulted in slightly worse results for both 

AM1aq (R2 = 0.961, RMSE = 0.066 V) and PM7aq (R2 = 0.962, RMSE = 0.065 V). Interestingly, 

the performances of these SEQM methods are close to PBEs benchmark. 

• In Figure 3.5b and 3.5d (dashed bars), prediction accuracies from DFTB optimized geometries 

improve when compared to their counterparts in scheme (II). Strikingly, both sets of DFTB 

parameters, DFTB-D3g (R2 = 0.978, RMSE = 0.049 V) and GFN1-XTBg (R2 = 0.977, RMSE = 

0.051 V), perform better than PBEs benchmark.  

 

Discussion: All the variations in computational methods that are used for geometry optimizations and 

SPE calculations, also with and without implicit solvation effects, are found to influence the prediction 

accuracies to varying degrees. First, for all methods, gas-phase DFT calculations of SPEs lead to 

significant improvements in prediction accuracies. According to these results, computationally demanding 

DFT geometry optimizations are hardly necessary for a first-order screening of large numbers of candidate 

molecules. Instead, either of SEQM or DFTB methods may be employed for the task of gas-phase 

geometry optimizations. Secondly, SPE calculations employing the PBE functional are generally better 

performing than SPEs obtained from computationally more costly B3LYP and M08-HX functionals. 

Thirdly, for all low-level methods, the inclusion of implicit solvation during DFT calculations of SPEs 

leads to improved prediction accuracies. Finally, the results confirm that the effects of geometry 

optimizations in aqueous phase are minimal and they often result in slightly worse prediction accuracies.  

The calibration equation for the prediction of redox potentials versus SHE, using the DFTB-D3g calculated 

reaction energies is: 

 𝐸� = −0.447[D𝐸uvwxyz�] − 0.823	V  (3.8) 

The performance metrics of all the low-level methods, as well as their combinations with high-level 

methods, are given in Tables 3.2–3.7. It is worth pointing out that a recent study by Tabor et al.43 also 

considered DFT and SEQM based methods for performing a similar calibration exercise to determine an 

optimum method for predicting redox potentials of 28 quinone molecules using D𝐸uvw as a descriptor. In 
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their study they considered the B3LYP functional at the DFT level with 6-311+G(d,p) basis set, which is 

very similar to the basis set used in this study. At the SEQM level they considered the PM7 method. The 

MAD with gas-phase DFT was 0.056 V (vs. 0.058 V using PBE in this work) and with implicit aqueous 

solvation using the PCM model was 0.041 V (vs. 0.038 V using PBE with PBF solvation model in this 

work). When using the PM7 method, their predicted MAD value was 0.052 V in the gas phase (vs. 0.065 

V in this work), and 0.067 V with the COSMO solvation model (vs. 0.067 V in this work). The difference 

between the results from the two studies are quite small and vary mostly in the third decimal place, which 

is not surprising given the common pool of molecules. For predicting redox potentials, we recommend 

using Eq. (3.7) not only because it has slightly better prediction accuracy but also because it covers a 

larger range of molecules with a wider range of redox potentials. 
 

3.4.3 Accuracy of predictions versus cost of calculations 

 

Figure 3.6 (a) Variation of computation time for gas-phase geometry optimizations versus the corresponding 
RMSEs from the four representative methods of each level of theory, namely OPLS3e (FF), PM7 (SEQM), DFTB-
D3 (DFTB), and PBE (DFT). The SPEs are taken directly after optimization runs at corresponding levels of theory. 
A logarithmic scale is used when plotting the computation time. (b) Bar plot for change in RMSE values, Δ[RMSE], 
due to gas-phase DFT calculation of SPE and inclusion of implicit solvation. Solid bars, Δe, show the impact of 
DFT calculation of SPEs on geometries obtained from lower level methods. Dashed bars, Δs, show the impact of 
implicit solvation on the DFT calculated SPEs. 
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quinones, a major aim of the current study is to decide on the methods that are most suited for both 

standalone and HTVS studies for which a balance between the speed of computations and the accuracy of 

results are aimed. This is especially important when the robust DFT calculations become impractical for 

studies on a vast chemical space (103 ~ 106 compounds). Thus, an estimation of the tradeoff between the 

computational accuracy and its cost is useful for efficient screening studies. For a comparison of the 

computation time, we selected a representative method for each level of theory, namely, OPLS3e (FF), 

PM7 (SEQM), DFTB-D3 (DFTB) and PBE (DFT). Next, noting that the geometry optimizations are 

usually the most computationally demanding processes, we optimized the geometries of all the molecules 

in gas phase using these representative methods. We added the FF geometry optimization time to all other 

methods’ calculation times since we use it as the base method for performing all other geometry 

optimizations (as explained in Computational workflow). An averaged computation time, as obtained 

from five different runs that actually showed no significant variation, is used to describe the relation 

between RMSEs versus the computational cost. As shown in In Figure 3.6a, DFTB-D3 is almost as 

accurate as DFT in predicting the redox potentials, while it requires substantially less (~103 times) 

computing time. Also noting that DFTB-D3 has previously been applied for calculations of large systems 

at relatively lower computational costs and with similar accuracies to that of the higher level (i.e. DFT-

GGA) methods,115 we suggest that for the small quinone redox compounds the DFTB-D3 method provides 

a good compromise between prediction accuracy and computational cost. Accordingly, for HTVS studies 

that are aimed to work on extremely large chemical spaces of molecules, we suggest DFTB-D3 

computations on OPLS3e optimized geometries as a way to accelerate the virtual screening of compounds. 
 

3.4.4 Effects of geometry optimizations at various levels of theory 

and implicit solvation 
For the set of methods considered in the previous section, we also first quantify the effect of gas-phase 

DFT calculation of SPEs by using the geometries that have been obtained via low-level methods. As 

shown in Figure 3.6b (solid bars), the improvement in prediction accuracy, Δe RMSE, is most significant 

for geometries optimized by OPLS3e (Δe RMSE = 0.136 V), followed by PM7 (Δe RMSE = 0.031 V), 

and then by DFTB-D3 (Δe RMSE = 0.005 V). These results show that SEQM, and more pronouncedly, 

DFTB methods do not only predict the reaction energies accurately, but they also predict the geometries 

of the compounds as comparable to that of DFT. For the same set of methods, we also investigate 

relationships between the differences in molecular geometries and the calculated values of Δe RMSE. By 
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performing structure superposition analysis we compared the optimized geometries from different 

methods to the reference, gas-phase PBE optimized geometries. The average root-mean-square deviation 

(RMSD) of all the 86 reactant and product molecules under various atomic constraints are shown in Table 

3.8. First, under all constraints OPLS3e has the largest average RMSD with respect to PBE, which is 

expected. Secondly, when considering all atoms or only heavy atoms, PM7 and DFTB-D3 are very similar 

in geometrical difference with regards to PBE. Thirdly, it is surprising to note that DFTB-D3, while the 

most accurate of the low-level methods, does not necessarily provide the geometry closest to PBE (i.e. 

lowest average RMSD) when all atoms or non-hydrogen atoms are considered. However, when 

considering only the carbon atoms in the ring structure of molecules, DFTB-D3 produces structures that 

are closest to PBE. Given that the cyclic carbon atoms are a large fraction of the total number of atoms, it 

is possible that being able to represent the geometry of the rings accurately is what gives DFTB-D3 (Δe 

RMSE = 0.005 V) an advantage over PM7 (Δe RMSE = 0.031 V) and OPLS3e (Δe RMSE = 0.136 V) for 

the redox potential predictions.  

 

Table 3.8 The difference in the optimized molecular geometry using various calculation methods with reference to 
PBE (DFT) geometry under various atomic constraints. The average RMSD values for the 86 molecules are shown 
in units of Å. RMSD values have been calculated for all atoms, all non-hydrogen atoms, and carbon atoms of 
molecule rings.  

Method All atoms Non - hydrogen Only ring carbon 

OPLS3e (FF) 0.148 0.120 0.052 

PM7 (SEQM) 0.132 0.098 0.050 

DFTB-D3 (DFTB) 0.135 0.102 0.043 
 

Next, we quantify the improvements in prediction capability of the methods, with respect to gas-phase 

DFT calculation of SPE, due to the inclusion of implicit solvation effects, Δs RMSE (dashed bars). As 

shown in Figure 3.6b, an improvement in prediction accuracy is evident for all levels of theory and Δs 

RMSE are similar at each level of theory. The decrease in RMSEs are 0.018, 0.021, 0.018, and 0.021 V 

for OPLS3e, PM7, DFTB-D3, and PBE, respectively. These results show that the amount of improvement 

due to the inclusion of implicit solvation is independent of the source of geometry. These findings are 

useful, for instance, when building ML-models for the prediction of solvation energies directly from 

cheminformatics-based descriptors without a need for an explicit knowledge of compound geometries.  
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3.5 Conclusion  
We performed a systematic computational study to evaluate the accuracy of different computational 

methods and their useful combinations in predicting the experimentally measured redox potentials of a 

large number of compounds that have not been cumulatively considered before. One of our key findings 

is that the resource and timewise costly DFT calculations are unnecessary. We also found that low-level 

methods, such as DFTB, are ~103 times faster than DFT, while providing a similar level of accuracy as 

DFT. 
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Chapter 4 Data-driven discovery of small 

electroactive molecules for energy storage in aqueous 

redox flow batteries 

 

 
Abstract 
Owing to advancements in computing power and improvements in automation of modeling, high-

throughput virtual screening (HTVS) has increasingly been used for materials data generation. Here, we 

applied an HTVS-guided experimental study for the large-scale exploration of quinone-like anolytes for 

aqueous redox flow batteries (ARFBs). This includes the design of a focused virtual chemical library 

inspired by small colorant molecules, quantum chemical prediction of redox properties, machine learning 

prediction of aqueous solubility, automated search for commercial availability on vendor databases, and 

electrochemical characterization of the most promising compounds. Screening efforts in a chemical space 

of 3,257 redox pairs led to 205 predicted candidates with higher solubility and lower redox potential than 

that of the state-of-the-art anthraquinone-2,7-disulfonic acid (AQDS) anolyte used in ARFBs. Through 

the electrochemical studies on the commercially available compounds, we identified the molecules that 

show good performance in an ARFB setup. Among them, indigo trisulfonate [indigo-3(SO3H)] showed 

higher solubility, capacity retention, and coulombic efficiency than AQDS and its predecessors. The data-

driven material design methodology presented here is flexible and applicable for the future exploration of 

small compounds for electrochemical energy storage. 
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4.1 Introduction 
Aqueous redox flow batteries (ARFBs) have emerged as one of the most promising technologies for low 

cost, long-term storage of renewable energy as their unique design allows for independent scaling of peak 

power and energy storage.2,4 Even though there are, mostly metal-based, ARFBs that are commercially 

available today, the technology still faces obstacles that impede a widespread development.9,17,85,116 

ARFBs with organic active materials are progressively being investigated because of their rich structural 

diversity that relates to tunable properties and raw material abundance that relate to production scale-

up.91,117 A promising family of electroactive materials for ARFBs is that of the quinone-like cyclic dione 

compounds,29,34,35,118,119 which possess high electrochemical and chemical tunability29,120 as well as rapid 

redox kinetics.29,30,34,35 Quinones are found to occur naturally121 and are also mass produced for application 

in the chemical and pharmaceutical industries.122,123  

The battery relevant properties of quinones, including redox potential, solubility, and stability need 

improvements for the future commercial use of these compounds.37,91,93 To this end, a number of recent 

studies have employed high-throughput virtual screening (HTVS) methods to partially explore the vast 

chemical space of quinones, which were derived mostly from cyclohexadiene and its fused derivatives, 

such as benzoquinones (1-ring), naphthoquinones (2-rings), anthraquinones (3-rings),40,41,43,45,124 or from 

naturally occurring quinones.125 The HTVS approach generally begins with the creation of a 

comprehensive virtual library of candidate molecules. This is typically performed by decorating ring 

positions on quinone-like backbone structures with various functional groups40,41,43,45 and/or by 

substituting the carbon atoms in the rings with heterocyclic atoms,124 with an aim to tune the relevant 

properties of the core molecule. These efforts have not only led to the discovery of new molecules that 

can potentially perform better than the best experimentally validated quinones,40,43 but they also have 

elucidated molecular design principles that are crucial for the further optimizations of the desired 

properties of the electroactive molecules.43 It must be noted that reversible electrochemical behavior can 

also be found in quinone-like molecules in which the carbonyl pairs are attached on cyclopentene instead 

of cyclohexadiene, as often found in dyes and cosmetics. For instance, a recent study demonstrated that 

the compound indigo and its derivatives undergo two distinct reversible redox reactions between three 

oxidation states.27 In this regard, the chemical space of cyclopentene with carbonyl pairs has not yet been 

explored. 

Herein, we performed a data-driven study on a library of quinone-like molecules, whose backbone 
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structures were derived from colorant compounds that had been approved by the U.S. Food and Drug 

Administration (FDA)126 for commercial use. This choice was motivated not only by the excellent battery 

performance 27 but also by the present availability of the compounds. Inspired by the recurrent motifs of 

the FDA approved molecules, a comprehensive virtual chemical space of backbone structures, which 

primarily includes carbonyl pairs on cyclopentene molecules and their combinatoric variations generated 

by heterocyclic substitutions, was developed and used for HTVS. Figure 4.1 shows a schematic overview 

of the data-driven compound discovery workflow that has been used in the current study. The redox 

potentials of the candidate compounds were predicted by using density functional theory (DFT) powered 

computational schemes that were introduced in our recent studies.127,128 Instead of using the aqueous 

solvation energy as a proxy, the aqueous solubility data of the compounds was created by using a 

supervised machine learning (ML) model,48 which was trained on a curated solubility database.93 All 

commercially available compounds were identified by using an in-house developed code that performs an 

automated vendor search on the ZINC database.129 Some of the molecules thus obtained were further 

characterized experimentally by using cyclic voltammetry (CV) and galvanostatic cycling methods. Thus, 

through a combined HTVS-experiment approach, several previously untested dye-based molecules were 

explored for their use in ARFBs. The molecules that showed the best performance, when compared to 

their pure backbone structures as well as to the benchmark energy storage compounds from literature, are 

discussed further. 

 

 
Figure 4.1 An overview of the data-driven material discovery workflow that has been employed in the current work 
for the identification of useful small electroactive molecules for ARFBs. 

~105 16

Library Enumeration
l Functionalization
l Conformation search

Calculations
l DFT Calculations
l Machine Learning

Experiments
l Cyclic Voltammetry
l Galvanostatic Cycling

172

Vendor Search
l SMILES Input
l Purchasable

3,257 Best Electrolyte

l Redox potential :
-0.100 < "# < 0.294 V

l Solubility :
S > 0.06 mol / L

Analysis

Promising Candidate List
205



Chapter 4  

 

62 

 

4.2 Methods 
4.2.1 Virtual chemical library design 
The molecules in the virtual library were derived by functionalizing backbone structures from a starting 

set of six FDA-approved compounds that are shown in Figure 4.2a (#1 to #6 with grey background). 

Compound #1 is N-methylphthalimide, which is a building block molecule that finds use in plastics and 

dyes.130 Compounds #2 and #3 are derived from the colorant carmine131 molecule and they both are 

essentially functionalized anthraquinones, thus allowing for the study of the effect of more than one type 

of functional group on the same backbone structure. Compound #4 is indigo,27 which is followed by its 

known heterocyclic variations of compound #5132 and #6133.  

In addition to the colorant molecules, a complementary set of 23 small molecules (#7 to #29) were used 

as backbone structures. These include carbonyl groups on cyclopentene (#7), cyclohexene (#15) and the 

5-membered ring in indane (#22 and #26). The remaining backbone structures were generated by replacing 

C atoms in these structures by N, O, and S atoms to give heterocyclic compounds. Five functional (R)-

groups (–SO3H, –COOH, –NH2, –OH, and –F) were in turn used for the functionalization of backbone 

structures. An exhaustive enumeration of the functionalized derivatives of the reactant backbone structures 

was performed by using the custom R-group enumeration tool of the Schrödinger Materials Science Suite 

(SMSS).66 Figure 4.2b shows a simplified representation of the combinatorial virtual library generation 

process for molecule #22. The product molecules were next generated according to the two-electron two-

proton reaction mechanism.34 For consistency between the reactants and their respective products, the 

molecule pairs were matched by using the reaction-based enumeration tool in SMSS. The generated 

simplified molecular-input line-entry system (SMILES) representations of both the reactant and product 

molecules were converted to three dimensional (3D) geometries. Subsequently, for each candidate 

molecule in the virtual library, the lowest energy conformer was identified by using the MacroModel 

conformation search tool as implemented in SMSS and the OPLS3e99,134 force field. Further details of the 

molecule database creation process is provided in our recent work.135 The newly built virtual molecule 

library contains a total of 3,257 O/OH redox pairs for HTVS. 
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Figure 4.2 (a) The reactant backbone structures considered for HTVS. (b) An example showing enumeration of all 
functionalized derivatives. 
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4.2.2 Physics-based and data-driven modelling 
DFT calculations were performed on the lowest energy 3D conformers using the Jaguar program82 as 

implemented in SMSS. The PBE exchange-correlation functional49,60 and LACVP**++ basis set with 

polarization and diffuse functions65 were employed to perform gas-phase geometry optimizations. A 

medium electronic grid density was used during structural optimizations. The convergence criteria for 

energy and density matrix were kept at their default root mean square (RMS) values of 5.0×10−5 and 

5.0×10−6 Hartree, respectively. The default direct inversion scheme was employed in combination with 

Jaguar’s mixed pseudospectral approximation. Lastly, the DFT optimized geometries of the molecules 

were used as inputs for single point energy (SPE) calculations, which were performed with fine electronic 

grid densities and accurate self-consistent field cutoffs. The single point energies were calculated in an 

implicit aqueous medium based on the Poisson-Boltzmann solvation model (PBF).82,100 Further 

information on the physics-based calculation methodology can be found in our recent works on the 

evaluation of various computational chemistry methods for the prediction of redox potentials of small 

organic-based energy storage compounds.127,128 Accordingly, the linear regression equations used for 

predicting the experimental redox potentials of reduction of C=O groups on quinone-like127 molecules 

was 𝐸� = −0.409[∆𝐸uvwxyz] − 0.193	V	(pH	 = 	0), and of the reduction of in-ring C=N groups alloxazine-

like128 molecules was 𝐸� = −0.377[∆𝐸uvwxyz] − 0.616	V	(pH = 7), where on both cases ∆𝐸uvwxyz represents 

the DFT-calculated reaction energies.  

The aqueous solubility data of the reactant molecules was obtained by using AqSolPred v1.0,48 which 

is a state-of-the-art consensus ML model that had been trained on the largest open-source measured 

solubility dataset of chemical compounds.93 In this context, the approach employed here is in stark contrast 

to other HTVS efforts that make use of the computed aqueous solvation free energy, ∆𝐺����� , as an 

approximate descriptor for the solubility of compounds. 
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Figure 4.3 Automated ZINC search process 
 

4.2.3 Screening for commercially available molecules 
The ZINC database contains approximately 120 million purchasable compounds that have been 

aggregated from several commercial vendors.129 Therefore, to screen the readily available molecules from 

our newly built virtual library, an exact SMILES search was performed in this colossal database.129 To 

automate the search, a client-side app was developed that communicates with the ZINC servers via the 

ZINC15 application programming interface (API). Our search app runs through sequential and multi-step 

data exchange steps, as shown in Figure 4.3. Both the ZINC ID that corresponds to the searched SMILES 

representation of the molecule and the source of the molecule’s ZINC page were recorded. Next, the most 

useful information for our purpose, including a list of vendors and stock status, was extracted and tabulated.  
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Figure 4.4 List of commercially available molecules obtained through search on the ZINC database. Molecules A 
– I (grey background) were not subjected to further experimentation owing to their poor solubility. 
 

The search yielded a total of 172 unique molecules from the ZINC database (Table A2 in the appendix) 

and 16 of them were directly purchasable from different vendors (Figure 4.4). All the readily available 

compounds were acquired for experimental studies. Out of the 16 molecules, nine molecules (Figure 4.4: 

A – I) had either very low solubility or water instability. Therefore, only the remaining seven molecules 

(J – O) were subjected to further experimental studies. In addition to these molecules, for comparison, 

anthraquinone-2,7-disulfonic acid (AQDS), which is a benchmark ARFB anolyte molecule, was also 

included in our experiments. 
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with DI-H2O until a neutral pH was obtained. Subsequently, the sodium/potassium salt solution passed 

through the activated resin three times. Finally, the chemical was collected after drying the passing 

solution under 110 °C for 24 hours.  

Solubility tests were carried in a 20 mL vial. A small quantity of molecule powder was weighed in a 

vial, then DI-H2O was added in 25 µL per step by using a micropipette. The vials were vigorously shaken 

and then left stationary for 1 hour to check the undissolved particles at the bottom/walls of the vials. The 

maximum solubility was reached when the solution presented a homogeneous state without deposits, and 

without precipitation after left standing overnight. It must be noted that some compounds undergo 

hydrolysis in solution after several days, and such cases are specified in section 4.3.2. In order to obtain 

the lowest possible concentrations (10−5 M), the solubility tests were carried out in a 250 mL bottle. 

Cyclic voltammetry (CV) measurements were performed in 3-electrode cell in DI-H2O with an acidic 

supporting (buffer) electrolyte, a graphite (SGL company; PV15) working electrode (effective area 1 cm2), 

a platinum wire (>99.99%) counter electrode and a home-made Ag/AgCl/3M KCl reference electrode. 

CVs were conducted at scan rate 10 mV s−1 using a potentiostat (Gamry, Reference 3000). All CVs were 

repeated more than three times to ensure reproducibility. The molecule concentration was set at 0.01 M, 

or at its maximum solubility in cases where solubility was low. Additionally, in order to make comparisons 

with the relevant literature, a Britton–Robinson (BR) buffer was used as supporting electrolyte, consisting 

of phosphoric acid, boric acid, and acetic acid, titrated to pH = 7 with sodium hydroxide. 

The electrochemical cycling experiments were conducted in a custom-made ARFB cell. On each side, 

a commercial graphite plate with interdigitated flow channels was in contact with a porous carbon felt 

electrode (SGL Carbon, 2.5 mm thickness, 4 cm2 geometric area). An Aquivion® membrane (Solvay, 

E87-12S, ∼175 µm thickness) served as the ion-selective membrane. Electrolytes were pumped through 

the cell at a fixed flow rate of 275 mL min−1 using volumetric pumps (Cole Parmer, Masterflex PTFE-

Diaphragm Pump Head, 80 to 800 mL min−1 connected to a Masterflex L/S® Digital Precision Modular 

Drive with Benchtop Controller, 6 to 600 rpm). The charge/discharge experiments were conducted using 

a potentiostat (Biologic VMP3 with a 5A booster), under constant galvanostatic conditions. The current 

was selected based on preliminary voltammetric experiments. All cells were galvanostatically cycled 

between 1.5 and 0 V at a constant current of 800 mA. Each half-cycle ended when the cell voltage reached 

1.5 V on charge, or 0 V on discharge, without a potentiostatic hold.  
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4.3 Results and discussion 
4.3.1 Redox potential and solubility map of molecules 
For all the molecules in the virtual library, the computational redox potential (𝐸�) and aqueous solubility 

(S) data is shown in Figure 4.5.   

 

 

Figure 4.5 Distribution of redox potential and reactant solubility for redox couples in the library. The black colored 
cross and accompanying blue lines represent the predicted values for AQDS. The data points marked with numbers 
are outliers. 
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have 𝐸� that is lower than AQDS. This indicates that the generated library of small molecules contains 

several potential candidates for the anode side of ARFBs that have more suitable redox potentials than 

AQDS. However, it must be noted that molecules with too low redox potential (e.g., 𝐸� < −0.1 V) would 

likely be unsuitable for application in acidic media due to the undesired H2 evolution reactions.40 Secondly, 

in the group of promising molecules as based on their predicted redox potentials, there are 623 candidates 

(19%) with ML-predicted solubility values that are higher than that of AQDS. Yet again this is a large 

number of candidate molecules with promise for improving the energy density of ARFBs. Based on our 

screening criteria, with −0.1	< 	𝐸� < 0.294 V and S > 0.06 mol L−1, 205 quinone-like compounds have 

been downselected as candidate anolytes for ARFBs. The full list of good candidates is shown in Table 

A3 of the appendix. Out of the 205 shortlisted molecules, only two molecules that are discussed later in 

section 4.3.2, were commercially available. Moreover, assuming that a pair of redox couples with potential 

difference of more than 0.7 V would make a viable battery,21 there are as well several candidates that can 

be employed as catholytes in ARFBs (Figure 4.5).  

 

 
Figure 4.6 Outliers 1 and 2 are derived from backbone structure # 21 with –NH2 and outlier 3 is derived from 
backbone structure # 15 with –SO3H. 

2_reactant 2_product

1_reactant 1_product

3_reactant 3_product
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The wide range of predicted redox potentials, which is approximately from −1.1 to 1.1 V, necessitates 

a detailed examining of the outliers. For instance, the most obvious outliers are marked with the numbers 

from 1 to 3 in Figure 4.5 and their optimized structures are shown in Figure 4.6. Outliers 1 and 2 were 

derived from backbone structure #21 (Figure 2) by incorporating the –NH2 functional group, whereas 

outlier 3 was derived from backbone structure #15 (Figure 4.2) by incorporating the –SO3H functional 

group. It is likely that the geometry optimization of these molecules leads to a sub-optimal minimum 

because of the strong intramolecular steric interactions. To quantify the effect of functional groups on the 

overall energy density of the backbone electrolyte material, we propose a metric for energy density of the 

backbone structure, 𝐶�, that is proportional to the solubility (S) and cell voltage (V). Under the assumption 

of an ideal catholyte with redox potential of 1.23 V vs. SHE, the cell voltage can be defined in terms of 

the calculated anolyte redox potential as 𝑉 = (1.23 −	𝐸�). Thus, 

 𝐶� = 𝑆𝑉 = 	𝑆(1.23 − 𝐸�) (1) 

To surpass the 𝐶� of backbone structures, the solubility of the functionalized molecules should be as 

high as possible and meanwhile the redox potential should be as close as possible to 0 V. The advantage 

of using 𝐶� as a metric is that it allows tradeoffs between redox potential and solubility when estimating 

the energy density of the candidate materials. Additionally, such tradeoffs between redox potential and 

solubility may be rationalized based on the structural features of compounds as discussed in next section, 

and used for the material screening purposes. 

The predicted redox potential and solubility data of the backbone structures and their functionalized 

derivatives are shown in Figures 4.7, 4.8, and 4.9. In each sub-figure, the 𝐶�  value for the respective 

backbone structure is provided in addition to a locus that satisfies Eq. (1). Accordingly, this implies that 

the molecules positioned on the bottom-right side of this curve are predicted to offer higher energy density 

when compared to their respective backbone structures. As shown in Figure 4.7, consistent trends are 

observed upon analyzing the effect of functional groups within the FDA approved group of molecules (#1 

to #6 from Figure 4.2). While the electron-donating –NH2 and –OH functional groups tend to decrease the 

redox potential, the electron-withdrawing –F, –COOH and –SO3H groups have an opposite effect. 

Furthermore, with the exceptions of molecule #1 and group –F, nearly all combinations of backbones and 

functional groups result in increased solubility. Thus, there are several hundred virtual molecules that have 

higher energy density than 𝐶�	of backbones. Here, backbone structure #4 represents only one of the redox 

states of indigo, which otherwise exists in three states: fully oxidized (#4 − 2H), partially reduced (#4), 
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and fully reduced (#4 + 2H). The stepwise reduction processes are assumed to undergo two redox reactions, 

each involving a two-electron two-proton mechanism, on the C=O and the in-ring C=N bonds at low and 

high redox potentials, respectively. Therefore, this molecule can in principle be used as a bifunctional 

electrolyte in a symmetrical ARFB,27 and it will be discussed later in this work. For indigo, the 

incorporation of S (#5) or O (#6) heteroatoms in the backbone of the molecule decreases the 𝐶� . 

Nevertheless, the addition of functional groups on molecules with heteroatoms (#5 and #6) has a similar 

overall effect to that of the indigo compound (#4). 

 

 

Figure 4.7 The predicted redox potential-solubility maps of quinone-like compounds of different sizes. The 
functional groups that effectively tune the 𝐸� and S are highlighted in different color. The dashed black circles 
show the capacity values of backbone molecules. The dashed black line represents the cut-off criterion based on 
predicted capacity of parent molecules.  
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cyclopentene-derived backbones are higher than the ones with cyclohexene-derived backbones. In 

addition to this, benzoquinones that are derived from cyclohexenes have been investigated before45 that 

have been derived from cyclohexenes have been investigated before, whereas the cyclopentene derivatives 

have not yet been covered well in literature.  

For one-ringed backbone structures shown in Figure 4.8, the effect of heteroatoms on the theoretically 

achievable energy density is significant, however, it is not systematic. For instance, for backbone structure 

#7, both N (#8) and O (#10) substitutions lead to higher energy densities, whereas S substitution (#9) has 

an adverse effect. For backbone structure #11, all heterocyclic substitutions (#12 – #14) lead to lower 

energy densities. And lastly, for backbone structure #15, all heterocyclic substitutions lead to higher 

energy densities. For the same compound, the single atom substitutions (#16 – #18) are significantly more 

effective than the two atom substitutions (#19 – #21) in increasing the energy density. 
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Figure 4.8 The predicted redox potential-solubility maps of quinone-like compounds of different sizes. The 
functional groups that effectively tune the 𝐸� and S are highlighted in different color. The dashed black circles 
show the capacity values of backbone molecules. The dashed black line represents the cut-off criterion based on 
predicted capacity of parent molecules.  
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When considering carbonyl groups and heteroatom substitutions on the two-ringed indane derivatives, 

the effects are quite different for redox potential and solubility. While the effect of functional groups on 

redox potential is similar as before (#1 to #21), their effect on solubility is more akin to the FDA list of 

molecules considered here. The groups –SO3H, –COOH, and –OH increase the solubility, whereas –F and 

–NH2 have a detrimental effect. As a result of improved solubility, there are several indane derivatives 

that have a higher energy density than that of their respective backbone structures. For the two-ringed 

backbone structures, the effect of heteroatoms on the energy density is quite similar to their one-ringed 

cyclopentene counterparts. For backbone structure #22, both N (#23) and O (#25) substitutions result in 

higher energy densities than 𝐶� , whereas S substitution (#24) lowers energy density. For backbone 

structure #26, all heterocyclic substitutions (#27 – #29) result in lower energy density than 𝐶�.  

Based on these observations, it can be argued that the overall effect of functional groups on energy 

density of the electroactive molecule is strongly coupled to the chemical motif of the backbone structures. 

For molecules with two or more rings, the solubilizing effect of –SO3H is found to be strong enough to 

overcome the losses in energy density because of increased redox potential, and thus, the reduced cell 

voltage. For the same group of molecules, functionalizing with –OH is a promising strategy as it both 

leads to compounds with increased solubility and decreased redox potential, and thus, the increased cell 

voltage. In practical ARFB applications, molecules with compact size usually would suffer more, as 

compared to bulky ones, from membrane crossover issues.94 On the contrary, molecules that are 

comparable in size to AQDS, or larger, are prone to suffer from low solubility and sluggish kinetics. In 

this context, quinone-like molecules of moderate size are highly promising for further exploration as 

electrolyte materials for ARFBs. 
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Figure 4.9 The predicted redox potential-solubility maps of quinone-like compounds of different sizes. The 
functional groups that effectively tune the 𝐸� and S are highlighted in different color. The dashed black circles 
show the capacity values of backbone molecules. The dashed black line represents the cut-off criterion based on 
predicted capacity of parent molecules.  
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the 7 compounds, compounds J (derived from backbone #8) and K (from backbone #27) did not show any 

clear or reproducible peaks in the CV experiments (Figure 4.10). Compound J, known as maleimide, was 

not stable in solution and formed gel-like deposits in DI-H2O (pH = 5.4), H2SO4 (pH = 0.7), and NaOH 

(pH = 13) solutions. The amide bonds in maleimide have the tendency to be hydrolyzed under acidic and 

alkaline aqueous conditions.136–138 The amount of hydrolysis product, N-methylmaleamic acid, remained 

stable in solution after weeks. Compound K, also known as 7-fluorisatin, showed a change in color from 

colorless to brown within four days of storage in DI-H2O, which indicates a slow reaction that possibly is 

related to water instability. For simplicity of discussion the other compounds, henceforth named as indigo-

2(SO3H) [M_1], indigo-2(SO3Na) [M_2], indigo-3(SO3H) [N], and indigo-4(SO3H) [O], are all –SO3H 

functionalized derivatives of indigo [L] (same as backbone #4). Compounds M_1 and M_2 are nearly 

identical but sourced from two different salts as were provided by the vendors. M_1 is the protonated form 

of M_2 after hydrogen ion-exchange. 

 

 
Figure 4.10 The cell cyclic voltammetry of (a) J (derived from backbone No.#8) and (b) K (from backbone No.#27)  
 

We first look at the solubility of the seven compounds in Figure 4.11, in which the ML-predicted 

solubility (Figure 4.11a) and the commonly used metric ∆𝐺�����  (Figure 4.11b) are compared to the 

measured value. It can be observed that the AqSolPred ML model underestimates solubility, however, it 

is able to predict the trend within the same order of magnitude. Especially when looking at compounds L, 

M_1, M_2, N, and O, which are the functional derivatives of indigo (backbone #4), the model-

measurement trend is monotonic. This behavior is driven by solubilization due to increasing number of 
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−SO3H groups. The experimentally measured solubilities of compounds L and K are too low in magnitude 

and they are in a region where typically significant uncertainties in measurements can occur. On the other 

hand, the calculated ∆𝐺�����  does not show any particular trend with respect to the measured solubility. 

It must be noted that the solubility is related to ∆𝐺�����  according to the exact thermodynamic relation 

𝑆 = 	𝑝 exp	(−(∆𝐺�£¤∗ + ∆𝐺����� ) 𝑅𝑇⁄ ) 𝑅𝑇⁄ , where ∆𝐺�£¤∗  is the sublimation free energy. Usually, ∆𝐺�£¤∗  

is extremely difficult to predict for organic compounds139 because of the lack of knowledge about their 

crystal structures. Besides the fact that the missing value of ∆𝐺�£¤∗  makes the comparison difficult, it can 

be observed that the exponential proportionality 𝑆 ∝ exp	(−∆𝐺����� 𝑅𝑇)⁄  does not hold for the compounds 

considered in this study. Based on these observations, in the current work, prediction of solubility by using 

the AqSolPred ML model is a more accurate approach than by using ∆𝐺����� . However, it is difficult to 

make broader generalizations due to lack of number of data points and well-known uncertainties in 

solubility measurements.140 

 

 

Figure 4.11 Comparison between solubility measurements and predictions from (a) the ML model AqSolPred, and 
(b) DFT calculated ∆𝐺����

� . 
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dissolved in acidic media with different pH values were evaluated. The linear fit between redox potential 

and pH data yields a y-axis intercept at 0.227 V which is in reasonable agreement with the DFT-calculated 

redox potential value of 0.294 V vs. SHE at pH = 0, and in good agreement with the literature data.34 

 

 
Figure 4.12 The cell cyclic voltammetry of anthraquinone-2,7-disulfonic acid (AQDS). The redox potential 
𝐸¨:$  (V	vs. Ag/AgCl)	= 0.294 V − 0.197 V = 0.097 V. 
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top panel in Figure 4.13a. The results of CV experiments on the four compounds are shown in Figure 

4.13b to 4.13e. The reduction/oxidation peak center was determined by reading the highest/lowest current, 

and the redox potential value was taken as the average of the corresponding reduction and oxidation 

potential values.  
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Figure 4.13 (a) Two-step reaction scheme for indigo molecules with three different oxidation states. Three-
electrode cell cyclic voltammetry of (b) indigo-2(SO3Na), (c) indigo-2(SO3H), (d) indigo-3(SO3H), and (e) indigo-
4(SO3H) in various electrolyte solutions. The vertical black lines and the associated values in red and blue fonts 
denote the DFT predicted redox potentials. 
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M HClO4 acidic electrolyte, two oxidation peaks were observed at 0.06 and 0.76 V vs. Ag/AgCl in the 

forward scan, while in the reverse scan there was a dominant reduction peak at −0.01 V that was 

accompanied by a smaller peak at −0.19 V. These results are in good agreement with the measurements 

performed in the same electrolyte by Carretero-González et al.27 In DI-H2O, the CV showed only one 

oxidation peak at 0.83 V, and two reduction peaks at 0.19 and −0.50 V. The CVs reported by Carretero-

González et al.27 showed an oxidation peak located at 0 V and a reduction peak at −0.4 V in the range 

−0.4 V to 0.9 V. The difference in number of peaks and their positions is likely due to the different 

potential range chosen for scanning and different electrolyte concentration. In the BR buffer, the CV 

showed two oxidation peaks, at 0.16 and 0.59 V in the forward scan, and two reduction peaks at −0.56 

and −0.38 V in the reverse scan. While the difference between the pair of peaks (~0.75 V) is similar to the 

value reported by Carretero-González et al., 27 their peak locations were different. We think that the 

discrepancy is due to the use of a regular 3-electrode 10 mL cell in our study as compared to the cavity 

microelectrode in their study. The difference in electrode set-up possibly leads to different cell resistances, 

which is related with chemical concentration and effective electrode area, etc. The DFT predicted values 

of redox potentials for the two-steps at pH = 7 for indigo-2(SO3Na) [−0.47 V and 0.39 V vs. Ag/AgCl] 

agreed with the experimentally measured values.  

Indigo-2(SO3H) showed a maximum concentration of 0.5 – 0.6 M in DI-H2O, which is similar to 0.583 

M reported by Carretero-González et al.27, 0.37 M in BR buffer, and 0.75 – 0.79 M in 0.1 M HClO4, which 

is also similar to 0.761 M reported by Carretero-González et al.27 Indigo-2(SO3H) did not exhibit 

reversible electrochemistry as a bifunctional anolyte at pH = 1.2 in 0.017 M HBr. The forward scan 

showed two oxidation peaks at 0.06 and 0.77 V vs. Ag/AgCl, therefore having a separation of 0.71 V, 

while in the reverse scan only one reduction peak was observed at −0.04 V. These results are in good 

agreement with earlier reported measurements in a similar acidic electrolyte.27 In DI-H2O the molecule 

showed two oxidation peaks at 0.06 and 0.76 V in the forward scan. In the reverse scan two reduction 

peaks were recorded at −0.07 and −0.23 V. Yet again, the peak positions differed with the reported 

measurements,27 however, the peak separation was found to be quite similar (~0.8 V). In the BR buffer, 

the forward scan showed two major peaks at −0.32 and 0.42 V , while the reverse scan showed at −0.36 

and 0.39 V, in good agreement with the reported measurements.27 In addition, at pH = 7 indigo-2(SO3H) 

exhibits electrochemistry which is much more reversible than indigo-2(SO3Na). The predicted values of 

redox potentials for the two-steps at pH = 7 for indigo-2(SO3H) were −0.45 V and 0.44 V (vs. Ag/AgCl), 

which agreed in the range of ~0.1 V of the experimentally observed values of −0.34 V and 0.41 V, 
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respectively.  

Indigo-3(SO3H) with three –SO3H groups was prepared with a maximum concentration of 2 M in DI-

H2O. The electrochemical measurements were performed in 0.017 M HBr (pH = 0.2), DI-H2O (pH = 1.7), 

and BR buffer (pH = 7) supporting electrolyte. In the acidic HBr electrolyte, the CV showed one oxidation 

peak at 0.18 V vs. Ag/AgCl and its corresponding reduction peak at 0.10 V. An additional reduction peak 

at 0.66 V is attributed to HBr itself. In DI-H2O, the CV showed only one oxidation peak at 0.07 V and its 

corresponding reduction peak at 0.04 V. In the neutral BR buffer, the CVs showed two redox couples: an 

oxidation peak at −0.33 V and its corresponding reduction peak at −0.41 V and an oxidation peak at 0.56 

V and its corresponding reduction peak at 0.35 V. The separation between the two redox couples was 

found to be 0.83 V, which is slightly higher than in the case of indigo-2(SO3H) (0.77 V), indicating that 

indigo-3(SO3H) is potentially a better bifunctional electrolyte than indigo-2(SO3H). The DFT-predicted 

values of redox potentials for the two-steps at pH = 7 for indigo-3(SO3H) were −0.42 and 0.48 V (vs. 

Ag/AgCl), which agree quite well with experimentally observed values of −0.37 and 0.46 V, respectively. 

Lastly, maximum solubility of indigo-4(SO3H) in DI-H2O was ~3M. The electrochemical 

measurements were performed in DI-H2O (pH = 2.1) and BR buffer (pH = 7). The CV in DI-H2O presented 

one featureless oxidation peak at 0.29 V vs. Ag/AgCl and the corresponding reduction peak at −0.27 V. 

In the neutral BR buffer, the CV showed a redox couple with oxidation shoulder peak at 0.24 V and a 

more defined reduction peak at −0.38 V. In addition, another oxidation peak was observed at 0.9 V, which 

could not be assigned to a known electrochemical reaction. The DFT-predicted redox potential for the 

reduction of the carbonyl group was −0.38 V, which agrees well with the observed reduction peak. 

However, it is ascertained from experiments that this redox couple does not show a reversible 

electrochemistry. Therefore, the electrochemical behavior of indigo-4(SO3H) shows that this compound 

is not suitable either as a bifunctional electrolyte or even as an anolyte. A likely reason for this instability 

can be due to structural distortions that result from a larger number of electron-withdrawing groups 

positioned on the compound that relate to strong intramolecular hydrogen bonds in solution. 

In order to better evaluate the performance of the most promising candidate identified in the current 

study, indigo-3(SO3H), we performed galvanostatic cycling tests and compared the results to the data of 

AQDS experimented under the same conditions, that is at a rate of 200 mA cm−2 and at 20 ℃. The anolyte 

contained 0.3 M of either indigo-3(SO3H) or AQDS and 1.5 M HBr (48%, Acros Organics). On the 

opposite side, a solution of 1.2 M HBr (62%, Israel Chemicals Ltd), 0.1 M 1-ethyl-1-methylpyrrolidinium 

bromide (99.99% purity, Israel Chemicals Ltd) and 0.2 M H2SO4 (96%, Acros Organics) were employed 
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as catholyte, with the Br−/Br2 couple generated by the redox reaction. The catholyte concentration was set 

two times larger than the anolyte concentration required for the cell reactions, therefore the observed cell 

capacity fading was attributed to the anolyte active species. Each electrolyte tank contained 40 mL of 

electrolyte. All electrochemical impedance spectroscopy (EIS) tests showed similar cell resistances of 0.2-

0.3 Ω. 

 

 

Figure 4.14 Performance of indigo-3(SO3H) and AQDS: (a) discharge capacity, (b) charge capacity, (c) 
galvanostatic cycling, and (d) coulombic efficiency function of the cycle number. 
 

During the cycling experiments, as shown in plots for discharge (Figure 4.14a) and charge (Figure 4.14b) 

capacity as a function of cycle number, it is observed that the sample AQDS-S1 delivers a higher initial 

discharge capacity of 10.4 Ah L−1. However, it undergoes a severe capacity fade from 10.4 to 2.9 Ah L−1 
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after 50 cycles, although the average Coulombic efficiency remains above 91.3% (Figure 4.14d). In 

contrast, the sample indigo-3(SO3H)-S2 delivers a lower initial discharge capacity of 8.1 Ah L−1 and 

shows a slower capacity fade to 4.6 Ah L−1 after 49 cycles, while the average Coulombic efficiency is 

maintained above 94.9% (Figure 4.14d). After 21 cycles, the sample indigo-3(SO3H)-S2 shows higher 

capacity than the AQDS samples in the discharge process. After 80 cycles, the capacity of indigo-

3(SO3H)-S2 is nearly twice as that of AQDS-S1 (Figure 4.14c). As AQDS is reported to undergo 

extremely rapid and reversible two-electron two-proton reduction in acidic conditions34 and indigo-

3(SO3H) has, in principle, maximum two protons available for the reduction reaction, the lower capacity 

fade ability, which must be investigated in future studies. 
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4.4 Conclusion  
In this work, we performed a data-driven study on a focused a chemical space of small molecules, which 

included carbonyl pairs on cyclopentene molecules and their combinatoric variations generated by 

heterocyclic substitutions. We predicted the candidate materials’ redox potentials using a DFT-

empowered regression model and aqueous solubilities using a consensus ML model. We identified 205 

quinone-like compounds as candidate anolytes for ARFBs that are worthy of experimental validation, 

which would potentially lead to improvements in battery capacity when compared to a state-of-the-art 

electroactive molecule, AQDS. In addition, structure-property relationships of the candidate molecules, 

including the effects of heteroatoms and chemical functional groups, that pertain to tuning the redox 

potential and aqueous solubility of the compounds were discussed. While the effects of heteroatoms and 

functional groups on the battery-relevant properties were evident, they were not always systematic, but 

instead, were peculiar to the different chemical motifs. To guide our experimental efforts, we performed 

an automated vendor search on the ZINC database for the entire virtual library of reactant molecules and 

procured a total of 16 distinct molecules by direct order. Among them, seven molecules were further 

characterized by using CV and galvanostatic measurements. As an important result of our data-driven 

approach, we identified indigo-3(SO3H) compound for energy storage in ARFBs. The electrochemical 

performance as well as the high solubility of indigo-3(SO3H) show that the compound is competitive in 

performance to state-of-the-art organic energy storage compounds. In addition, indigo-3(SO3H) can be 

employed in symmetric flow battery designs, thus offering reduced irreversible capacity losses that are 

due to active material crossover through the separating membranes. Moreover, indigo-3(SO3H) is a 

relatively large molecule, therefore it is also expected to exhibit a minimal membrane crossover, which in 

turn would benefit to the battery lifetime. On the downside, unlike the organic anthraquinone species that 

can be synthesized from inexpensive commodity chemicals,141 indigo-3(SO3K) salt is a relatively more 

expensive material with a low solubility (< 0.05 M in DI water), thereby facing the challenges related to 

purification and ion-exchange processes. Therefore, the optimization of synthesis routines will be a 

rewarding step forward for the large-scale production and ample use of this compound in future flow 

batteries. 
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Chapter 5 A quantitative evaluation of computational 

methods to accelerate the study of alloxazine-derived 

electroactive compounds for energy storage 

 

 
Abstract 
Alloxazines are a promising class of organic electroactive compounds for application in aqueous redox 

flow batteries (ARFBs), whose redox properties need to be tuned further for higher performance. High-

throughput virtual screening (HTVS) enables a rational and time-efficient way for the study of energy 

storage compounds. We compared the performances of computational chemistry methods that have been 

commonly employed in HTVS studies, including the force-field based molecular mechanics, 

semiempirical quantum mechanics, density-functional based tight-binding, and density functional theory, 

on the basis of their accuracy and computational cost in predicting the redox potentials of alloxazines. 

Various energy-based descriptors, including the redox reaction energies and the frontier orbital energies 

of the reactant and product molecules, have been considered. We found that the lowest unoccupied 

molecular orbital energies of the reactant molecules are the best performing chemical descriptors for 

alloxazines, which is in contrast to other classes of energy storage compounds, such as quinones that we 

reported earlier. Notably, we present a flexible in silico approach to accelerate both the singly and the 

HTVS studies, therewithal considering the level of accuracy versus measured electrochemical data, which 

is readily applicable for the discovery of alloxazine-derived organic compounds for energy storage in 

ARFBs. 
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5.1 Introduction 
Aqueous redox flow batteries (ARFBs) are one of the most attractive candidates for grid-scale energy 

storage due to their independent scaling of power and energy density.2,6,8 The electrolyte, which contains 

the electroactive compounds for reversible energy storage, is the central component of an ARFB that 

influences all metrics of battery performance from energy density to rechargeability. One of the most 

popular electrolyte materials for ARFBs is vanadium oxide.17,142,143 However, the economic and technical 

challenges related to its abundance,144 high cost,85,145 and sluggish reaction kinetics84,146 prevent a 

widespread commercial adoption of the technology. To overcome these limitations, organic electroactive 

compounds, including quinones,38,118,119 viologens,86,87 TEMPO (2,2,6,6-tetramethyl-1-

piperidinyloxy)147,148 and their derivatives, have been proposed as electroactive materials in ARFBs. Aza-

aromatics, which contain nitrogen atoms in the aryl rings, have recently been explored as candidate 

materials.23,24,88,149–151 In particular, Aziz et al.23 and Kwon et al.88 have independently reported 

alloxazines (also called flavins) that show reversible, radical free redox cycling in alkaline ARFBs with 

very high current efficiency (99.7%) and capacity retention (> 99.98%) per cycle, as shown in Figure 5.1a 

and 5.1b. The battery-relevant physicochemical properties of these molecules can further be improved, 

for instance, by functionalization with –COOH and/or –OH groups to comply with the practical 

requirements of high aqueous solubility for ARFBs. High-throughput virtual screening (HTVS), 

particularly when powered by quantum chemical calculations, is a promising strategy152 for creating 

virtual libraries of chemically diverse electroactive candidate compound motifs, for predicting their 

performance with descriptors, and finally for identifying the most promising candidates for further in-

depth studies.23,41,153,154 The computational costs that are associated with the screening of possibly millions 

of candidate compounds by using quantum chemical simulations, however, are quite large. Therefore, the 

performance descriptors for candidate compounds that will be used in a HTVS study need to be chosen 

carefully, and the tradeoffs between the accuracy of descriptors and the computational costs for computing 

these need to be quantified. One of the central properties of research interest is the redox potential between 

the redox couples. To date, HTVS studies on various classes of organic compounds have used density 

functional theory (DFT) calculated reaction energies23 and lowest unoccupied molecular orbital (LUMO) 

energies41,153,154 as the default descriptors for predicting redox potentials. Although DFT is a widely 

accepted method for performing such calculations, there are other computational methods, such as 

semiempirical quantum mechanics (SEQM)70,155,156 and density-functional based tight-binding (DFTB),77 
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that are computationally more affordable, and therefore, worth exploring from the standpoints of accuracy 

and computing efficiency. 

In our recent work on prediction of redox potentials for quinone molecules,127 we systematically 

evaluated different computational methods and showed that molecular geometry optimization (OPT) with 

a low-level computational method followed by DFT calculation of the single point energy (SPE) with 

implicit aqueous solvation offers an equipollent accuracy as the high-level DFT methods, albeit at 

significantly (~103) lower computational costs.127 To the best of our knowledge, an analysis of the effect 

of various factors on the accuracy for predicting redox potentials for alloxazines, such as the level of 

theory for OPT, the level of theory for the calculation of SPE, and also together with an 

inclusion/exclusion of solvation effects, has not yet been performed. Furthermore, it is worth exploring 

the relative performance of various chemical descriptors for predicting the redox potentials of 

electroactive compounds in general. 

To understand how the aforementioned factors affect the prediction accuracies for alloxazines, the 

performances of various computational methods corresponding to different levels of theoretical fidelity, 

such as force-field (FF)99,134 based molecular mechanics, SEQM, DFTB, and DFT, are systematically 

evaluated in this work. Apart from reaction energies, other energy-based descriptors, such as highest 

occupied molecular orbital (HOMO) and lowest unoccupied molecular orbital energies (LUMO) are 

independently calibrated against the measured redox potentials to evaluate their performances. An 

optimum combination of methods for an accelerated and robust prediction of alloxazine redox potentials 

is suggested. The results provide insights on the influential factors that affect the efficiency of 

computational methods in predicting the redox potentials, which are often overlooked. 
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5.2 Computational workflow 

 

Figure 5.1 The two-electron and two-proton reaction takes place on (a) the heterocyclic nitrogen atoms of the adjacent 
rings, and (b) the heterocyclic nitrogen atoms of the same ring. (c) A graphical summary of the various levels of 
approximations used for estimating D𝐸uvw, 𝐸°±²³ and 𝐸´³²³ in this work. The text boxes with no background fill color 
represent geometry optimizations; the boxes with solid color background represent SPE calculations; the boxes with 
yellow background represent solution-phase SPE calculations using an implicit aqueous solvent model.  
 

To make generalizable and consistent comparisons between various computational approaches, we 

developed a systematic workflow (Figure 5.1c). In this workflow, the starting point for any given molecule 

is its simplified molecular-input line-entry system (SMILES) representation,98 which is a widely used 

form of graph-representation. The SMILES representation is at first converted to a two-dimensional (2D) 

geometrical representation using a SMILES interpreter. Next, 

(1) The 2D representation is converted to a three-dimensional (3D) geometry by performing OPT with 

the OPLS3e FF and identifying the lowest energy 3D conformer.99,134 It is important to note that 

the FF level geometry is the starting point for all considered theoretical approaches here. 

(2) Next, gas-phase OPT is performed on the 3D geometry at three different levels of theory, namely: 

SEQM, DFTB, and DFT. OPT is also carried out separately in the implicit aqueous phase but these 

are not shown in Figure 5.1 for the sake of simplicity. This step also yields the corresponding SPEs 

of molecules that have been calculated at each level of theory. 
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(3) SPEs of the 3D gas-phase geometries from low-level methods are calculated using various DFT 

functionals. This step yields energy values that are directly comparable but are obtained using 

geometries that result from four different levels of theory. 

(4) Finally, for the geometries obtained in Step (2), the SPEs are recalculated, this time by including 

the effect of an implicit aqueous medium (SOL) using the Poisson−Boltzmann solvation model 

(PBF).82,100  
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5.3 Methods 
5.3.1 Thermodynamic principle  
The thermodynamic basis to predict the redox potentials of electroactive alloxazine compounds for 

ARFBs is the aqueous-phase redox reaction given by: 

 Z + 2H}+	2𝑒<	 → 	ZH2 (5.1) 

This redox reaction assumes a rapid and reversible two-electron two-proton mechanism in which the 

product, ZH2, is generated from the reactant, Z. In this work, the calculated reaction energy, D𝐸uvw =

𝐸(ZH2) − [𝐸(Z) + 𝐸(H2)], is used as a descriptor for predicting the redox potential, under the same set 

of assumptions as described in our recent work on quinones.127 In principle, the reaction Gibbs free energy, 

D𝐺uvw� , is related to the redox potential, 𝐸�, through the Nernst equation given by 𝐸� = −D𝐺uvw� 𝑛𝐹⁄ . 

However, as discussed above, neither the D𝐺uvw�  nor the internal energy D𝑈uvw that includes the zero-point 

energy corrections to D𝐸uvw, are found to offer improved prediction accuracies in comparison to the D𝐸uvw. 

Apart from D𝐸uvw , the energy corresponding to the LUMO, 𝐸°±²³, of the reactant molecule Z is also 

considered as a key descriptor because the reduction of Z implies filling of its LUMO, and because the 

location of 𝐸°±²³  with respect to the electrode Fermi level indicates the thermodynamic driving for 

electron transfer. Using similar arguments, the energy level corresponding to the HOMO, 𝐸´³²³, of the 

product molecule ZH2 is a key descriptor because the oxidation of ZH2 implies emptying of its HOMO. 

As explained below, we used various computational chemistry methods for the calculation of D𝐸uvw , 

𝐸°±²³ and 𝐸´³²³, and evaluated their performances in predicting the experimentally measured redox 

potentials. 

 

5.3.2 Computational details 
In this work, the MacroModel program is used for the FF99,134 based configurational searches and OPT, 

and the Jaguar program82 is employed for DFT calculations, all as implemented in the Schrödinger 

Materials Science Suite (version 2019-2). The SEQM (molecular orbital package (MOPAC)) and DFTB 

calculations are performed using the Amsterdam Density Functional (ADF) program.83 The molecular 

structures of redox couples are optimized both in the gas and aqueous phases using the OPLS3e FF that 

provides a broad coverage of small compounds.99,134 The aqueous-phase geometry optimizations at FF 
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level use a generalized Born model implemented in the Schrödinger’s MacroModel program. In addition, 

a FF based exhaustive conformational search over rotatable bonds and torsional interaction is performed 

using the MacroModel program to determine the lowest energy conformers for each molecule. These 

lowest energy conformers are then used as inputs to perform the gas- and aqueous-phase geometry 

optimizations using nine different SEQM methods, including AM1,74 MNDO,72 MNDOD,101 PM3,73 

PM6,75 PM6-D3,102 PM6-D3H4X,70 PM7,76 and RM1.103 The gas-phase FF optimized geometries are also 

used as inputs for DFTB level optimizations using the DFTB-D3106 and GFN1-xTB78,107 methods. The 

DFTB-D3 computations are performed with a self-consistent charge cycle using the QuasiNANO-201577 

parameter set, while the parameters for GFN1-xTB are taken from the work of Grimme et al.78,107 The 

aqueous-phase geometry optimizations at the SEQM and DFTB levels are performed using the conductor-

like screening model for real solvents (COSMO-RS) solvation model.104,105,157 The choice of this solvation 

method is constrained by the current availability in the ADF program. Finally, FF minimized geometries 

are used as inputs to perform geometry optimizations in the gas phase at the DFT level by using local 

density approximation (LDA),57 generalized gradient approximation (GGA), hybrid, and meta-GGA 

functionals, which lie on four different rungs of the so-called Jacob’s ladder of accuracy,108 and vary 

drastically in their accounting of the exchange-correlation energy. A total of 11 functionals, also including 

some of the D3 dispersion109 corrected variants, are used for OPT and SPE calculations. These functionals 

include LDA,57 Perdew-Burke-Ernzerhof (PBE),49,60 PBE-D3,109 BLYP,61 BLYP-D3,109 B3LYP,61 

B3LYP-D3,109 PBE0,62 PBE0-D3,109 HSE06,112 and M08-HX.113 For the geometries that have been 

obtained from FF, SEQM, and DFTB optimizations, the DFT level SPEs are computed in the gas phase, 

and subsequently in the aqueous phase using only the PBE functional due to reasons discussed above. 

 

5.3.3 Calibration data and performance metrics 
The experimental redox potential data for calibration was collected from a total of 21 alloxazine-based 

redox couples in neutral and alkaline aqueous solutions. For consistency, all measured redox potentials 

were corrected to reversible hydrogen electrode (RHE) at pH = 7. In consideration of the generality of 

calibration models, experimental data on the bare molecules as well as the ones decorated with various 

functional groups, such as –Cl, –F, –OMe, –NMe2, –CN, –COOH, –OH, and –CH3 (collected and 

numbered Table A5 in the appendix), has been utilized. Accordingly, the calibration data spans a broad 

range of redox potentials between -0.359 and -0.062 V.  
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It is important to note that the alloxazines synthesized by Rizzo et al.158 and Aziz et al.23 have different 

pairs of heterocyclic nitrogen atoms that react. As shown in Figure 5.1, in one group of molecules (from 

Rizzo et al.) the protonation reaction takes place on the nitrogen atoms of adjacent heterocyclic rings, 

while in the other (from Aziz et al.) it takes place on the nitrogen atoms of the same heterocyclic ring. In 

the current work, however, the two types are not treated distinctly because a generic predictive model is 

sought. The correlations between experiments and calculations are expressed in terms of the commonly 

used coefficients, namely, the coefficient of determination (R2), root-mean-square error (RMSE), and 

mean absolute error (MAE). R2, RMSE, and MAE are calculated using the definitions from the Originlab, 

in which R2, RMSE, and MAE are given by Eq. (5.2), Eq. (5.3), and Eq. (5.4), respectively: 

 

 R2 = 1- ∑ (µ;<µ¶;)1·
;¸¹
∑ (µ;<µº	)1·
;¸¹

  (5.2) 

 RMSE = »∑ (µ;<µ¶;)1·
;¸¹

[<8
  (5.3) 

 MAE = ∑ |µ¶;<µ;|·
;¸¹

[
  (5.4) 

 

where 𝑦6	is the experimental measurement made at the ith x-value in the data set, 𝑦¶6  is the predicted 

response for the measurement, 𝑦º is mean of 𝑦-value. The x-value in this study refers to either of D𝐸uvw, 

𝐸°±²³ or 𝐸´³²³, and 𝑦-value refers to predicted redox potential as described above.  
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5.4 Results and discussion 
5.4.1 Comparison of chemical descriptors from DFT 
DFT is the highest level of theory considered in this work. Therefore, the performances of the exchange-

correlation functionals are discussed first with an aim to use them as benchmarks for the low-level methods. 

We first compare the performance of total internal energy, D𝑈uvw , and Gibbs free energy, D𝐺uvw� , as 

descriptors for predicting the redox potentials. For this purpose, DFT calculations employing the Perdew-

Burke-Ernzerhof (PBE) functional were performed for OPT in the gas phase and then calculating the SPE 

in the implicit aqueous phase. The calibration performances of D𝑈uvw (R2 = 0.926, RMSE = 0.021 V) and 

D𝐺uvw�  (R2 = 0.919, RMSE = 0.022 V) are very similar, as shown in Figure 5.2. The inclusion of zero-point 

energy (ZPE) in D𝑈uvw, as well as entropic effects, in D𝐺uvw� , is not better than using only the reaction 

energy D𝐸uvw (R2 = 0.959, RMSE = 0.016 V). Moreover, the inclusion of these effects is detrimental from 

an HTVS perspective, not only because of their lower accuracy but also their high computational costs. 

Therefore, all the following discussions in this work consider only D𝐸uvw  as the total energy-related 

descriptor, besides the orbital energy-related descriptors of the LUMO energy (𝐸°±²³) and the HOMO 

energy (𝐸´³²³). 

 

 
Figure 5.2 Performance of (a) D𝑈uvw, (b) D𝐺uvw� , and (c) D𝐻uvw as descriptors for the prediction of experimentally 
measured redox potentials, 𝐸�v�� . The DFT computations are performed using PBE functional. 
 

Next, according to the three computational schemes discussed in Computational workflow, a 

comparison of D𝐸uvw, 𝐸°±²³, and 𝐸´³²³, at the PBE level is shown in Figure 5.3a for the alloxazine 

compounds.  
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Figure 5.3 Scatter plots showing linear correlations of the PBE calculated D𝐸uvw, 𝐸°±²³, and 𝐸´³²³, versus the 
experimentally measured redox potentials (𝐸�v�� ) for (a) alloxazine-based compounds, and (b) quinone-based 
compounds. The color orange represents both the OPT and SPE in gas phase, the color yellow represents OPT in 
gas phase followed by SPE with SOL, and the color green represents both OPT and SPE with SOL. 
 

Clearly, the reactant’s 𝐸°±²³ (R2 = 0.974, RMSE = 0.013 V) emerges as the best descriptor, which is 

followed closely by D𝐸uvw  (R2 = 0.959, RMSE=0.016 V) and then the product’s 𝐸´³²³  (R2 = 0.743, 

RMSE = 0.040 V), irrespective of whether the OPT and SPE calculations are performed in the gas phase 

(orange markers) or in the aqueous phase (green markers). This ranking of descriptors was found to be 

consistent for all the 11 exchange-correlation functionals considered in this work (Figure A1 in the 

appendix and Table 5.1). These results imply that for HTVS on alloxazines, the computational effort can 

be reduced at least by half simply by using 𝐸°±²³ as a descriptor for the redox reaction of the compounds 

in experiments. Moreover, a large variety of DFT methods are not able to capture either the energetics or 

the geometry of the reduced forms of the alloxazines to a comparable level of accuracy as the oxidized 

forms of these compounds. Furthermore, the performance rankings of the descriptors considered here are 

in stark contrast to the descriptors for quinones (Figure 5.3b).127 For quinones, D𝐸uvw (R2 = 0.977, RMSE 

= 0.051 V) is distinctively the best descriptor across all the three computational schemes, followed by 
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𝐸´³²³  (R2 = 0.779, RMSE = 0.158 V) and 𝐸°±²³  (R2 = 0.748, RMSE = 0.168 V). The contrasts in 

performance of the descriptors for alloxazines and quinones reveal that such comparisons of methods and 

descriptors as well be needed for other classes of organic electroactive compounds.  
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Figure 5.4 Performance comparison of exchange-correlation functionals for predicting 𝐸�v�� . The bar plots (a)-(d) 
show the RMSE and R2 for descriptors D𝐸uvw and 𝐸°±²³, respectively. The color orange represents both OPT and 
SPE in gas phase, the color yellow represents OPT in gas phase followed by SPE with SOL, and the color green 
represents both OPT and SPE with SOL.  
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Table 5.1 Performance comparisons of the exchange-correlation functionals for the prediction of the experimentally 
measured redox potentials. DFTg represents both OPT and SPE in gas phase; DFTs represents OPT in gas phase 
followed by SPE in SOL; DFTaq represents both OPT and SPE in SOL. 
(a) R2 and RMSE when using D𝐸uvw as the descriptor 

Scheme for OPT and SPE DFTg DFTs DFTaq 

DFT methods R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

LDA 0.801 0.035 0.944 0.019 0.880 0.027 

PBE 0.756 0.039 0.959 0.016 0.910 0.024 

PBE-D3 0.752 0.039 0.958 0.016 0.916 0.023 

BLYP 0.741 0.040 0.958 0.016 0.935 0.020 

BLYP-D3 0.729 0.041 0.939 0.019 0937 0.020 

B3LYP 0.719 0.042 0.934 0.020 0.934 0.020 

B3LYP-D3 0.660 0.046 0.834 0.032 0.934 0.020 

PBE0 0.725 0.041 0.939 0.019 0.927 0.021 

PBE0-D3 0.720 0.042 0.932 0.020 0.923 0.022 

HSE06 0.711 0.042 0.922 0.022 0.925 0.022 

M08-HX 0.680 0.044 0.875 0.028 0.907 0.024 

(b) R2 and RMSE when using 𝐸°±²³ as the descriptor 
Scheme for OPT and SPE DFTg DFTs DFTaq 

DFT methods R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

LDA 0.958 0.016 0.973 0.013 0.971 0.013 

PBE 0.956 0.016 0.974 0.013 0.972 0.013 

PBE-D3 0.956 0.016 0.974 0.013 0.972 0.013 

BLYP 0.955 0.017 0.974 0.013 0.974 0.013 

BLYP-D3 0.955 0.017 0.976 0.012 0.974 0.013 

B3LYP 0.960 0.016 0.967 0.014 0.960 0.016 

B3LYP-D3 0.960 0.016 0.967 0.014 0.960 0.016 

PBE0 0.960 0.016 0.961 0.015 0.952 0.017 

PBE0-D3 0.960 0.016 0.961 0.016 0.952 0.017 

HSE06 0.961 0.015 0.966 0.015 0.958 0.016 

M08-HX 0.961 0.015 0.943 0.019 0.927 0.021 
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(c) R2 and RMSE when using 𝐸´³²³ as the descriptor 
Scheme for OPT and SPE DFTg DFTs DFTaq 

DFT methods R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

LDA 0.770 0.038 0.801 0.035 0.803 0.035 

PBE 0.743 0.040 0.700 0.043 0.731 0.041 

PBE-D3 0.741 0.040 0.687 0.044 0.715 0.042 

BLYP 0.732 0.041 0.678 0.045 0.684 0.044 

BLYP-D3 0.727 0.041 0.651 0.046 0.671 0.045 

B3LYP 0.706 0.043 0.595 0.050 0.594 0.050 

B3LYP-D3 0.700 0.043 0.481 0.057 0.578 0.051 

PBE0 0.711 0.042 0.592 0.050 0.568 0.052 

PBE0-D3 0.705 0.043 0.567 0.052 0.556 0.052 

HSE06 0.729 0.041 0.542 0.053 0.604 0.049 

M08-HX 0.615 0.049 0.325 0.064 0.363 0.063 

 

Another key aspect of comparisons is the computational scheme used for the calculations of the 

descriptors. For these comparisons, we ignore 𝐸´³²³ descriptor since it performs significantly worse than 

both 𝐸°±²³ and D𝐸uvw for all the quantum chemical methods (Figure 5.4 and Table 5.1). Three kinds of 

schemes for computing the descriptors have been devised using each of the 11 exchange-correlation 

functionals, as follows: (A) with gas-phase OPT and SPE calculation, (B) with OPT in the gas phase and 

the following SPE calculation in an implicit aqueous environment (SOL), and (C) with both the OPT and 

SPE in SOL. The performances of the various exchange-correlation functionals are compared using bar 

plots of RMSE and R2 values, as shown in Figure 5.4. In Figure 5.4, the subscript ‘g’ corresponds to 

scheme (A), ‘s’ corresponds to scheme (B), and ‘aq’ corresponds to scheme (C). When compared under 

the same set of approximations, it is observed that: 

I. When using D𝐸uvw in scheme (A), LDAg (R2 = 0.801, RMSE = 0.035 V) and followed closely by 

PBEg (R2 = 0.756, RMSE = 0.039 V) are the two best performing methods. Inclusion of higher 

order exchange effects and parametrizations, such as in HSE06 and M08-HX, are found to have 

no positive effect on the prediction accuracies, which is in clear contrast to the case of quinones 

that have been reported earlier.127 With D𝐸uvw in scheme (B) (i.e., a hybrid scheme), PBEs (R2 = 

0.959, RMSE = 0.016 V) emerges as the best performing method and shows a significant 
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improvement over the gas phase only scheme. A decrease in RMSE upon inclusion of SOL is 

observed across all the 11 functionals, but to varying degrees. Finally, when using D𝐸uvw in scheme 

(C), BLYP-D3aq (R2 = 0.937, RMSE = 0.020 V) is the best performing method that is followed 

very closely by BLYPaq (R2 = 0.935, RMSE = 0.020 V). Inclusion of SOL during OPT was found 

to worsen the prediction accuracies with respect to the hybrid scheme in all cases except for 

calculations employing B3LYP-D3 and M08-HX. Given the fact this scheme is also 

computationally more demanding, there is no advantage of using it any further. These findings are 

in accordance with those of the quinone molecules.127 An overall conclusion is that at the GGA-

DFT level (PBE, BLYP), it is possible to use D𝐸uvw as a descriptor to predict 𝐸�v��  for alloxazines 

within a range of common experimental errors (i.e. ~ 50 mV).  

II. When using 𝐸°±²³ in scheme (A), almost all methods show very similar performances. Inclusion 

of higher order exchange effects and parametrizations in the form of DFT functionals is found to 

have a small positive effect on the prediction accuracy. With 𝐸°±²³ in the hybrid scheme (B), 

most methods show similar and improved performance, with BLYP-D3s (R2 = 0.976, RMSE = 

0.012 V) emerging as the best performing method that is followed closely by PBEs (R2 = 0.974, 

RMSE = 0.013 V). A decrease in RMSE upon inclusion of SOL is observed across all DFT 

methods, except for M08-HX. Finally, when using 𝐸°±²³ in scheme (C), BLYP-D3aq (R2 = 0.974, 

RMSE = 0.013 V) is again the best performing method followed closely by PBEaq (R2 = 0.972, 

RMSE = 0.013 V). Inclusion of SOL during OPT was found to worsen the prediction accuracy 

with respect to the hybrid scheme for the hybrid functionals such as B3LYP, HSE06, and M08-

HX. Yet again, there is no advantage of using this scheme as it is computationally more demanding. 

An overall conclusion is that at the GGA-DFT level, it is possible to use 𝐸°±²³ as a descriptor to 

predict 𝐸�v��  for alloxazines within the range of common experimental errors.  

Discussion: Widely used GGA-level DFT methods are good enough for predicting the redox potentials 

of alloxazines within the range of common experimental errors, irrespective of whether D𝐸uvw or 𝐸°±²³ 

are chosen as the descriptors. Additionally, there is a positive effect on the prediction accuracy due to the 

inclusion of implicit solvation during the calculations of D𝐸uvw and 𝐸°±²³. The positive effect is also 

observed when using 𝐸°±²³ of the reactant as a descriptor, which indicates that the interactions of the 

reactant’s aromatic rings and H-bonds with the surrounding medium are quite influential, as was also 

observed in the case of quinone-based molecules.127 The relative performance of the two descriptors does 

not change when MAE is used as the metric, as can be seen at the end of Tables 5.7a and 5.7b. Upon 
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analysis of the prediction error for each molecule using the benchmark PBE functional, it is found that 

molecules with serial no: 15, 19, and 20, have considerably higher prediction errors than others for both 

descriptors. 

From a theoretical point of view, optimization of geometries and calculation of energies in a solvated 

environment should yield the best answer. However, it is observed that optimizing geometry using the 

PBF implicit solvation model worsens prediction accuracies, even if by a very small amount, across all 

the DFT flavors (LDA, GGA, hybrid, and meta-GGA). Without loss of generality, it can be argued that 

there can be two main sources of errors when using implicit solvation models, namely, erroneous geometry 

optimization and/or erroneous energy estimation. In order to determine possible sources of contributions 

to the overall error, we performed additional simulations in which the geometry was optimized with the 

PBF solvation model, however, the energy was then calculated in the gas phase. From a modelling 

perspective, these simulations do not correspond to a meaningful approximation of the “real” physics. 

However, it is very revealing to notice that the errors under these approximations are much worse (R2 = 

0.681, RMSE = 0.043 V) than the fully gas-phase treatment of the molecules (R2 = 0.756, RMSE = 0.039 

V) with D𝐸uvw  as the descriptor, as seen in Figure 5.5a. The same observation holds true when using 

𝐸°±²³ as the descriptor although the results are only slightly worse for the aforementioned scheme (R2 = 

0.953, RMSE = 0.017 V) with respect to the fully gas-phase treatment (R2 = 0.956, RMSE = 0.016 V), as 

seen in Figure 5.5b. As the energy is calculated in gas phase under both approximations, the error most 

likely originates in the geometry. Based on these observations, it can be argued that the PBF solvation 

model is not accurate enough to improve the gas-phase geometry, which is the likely source of error. It is 

also possible that the erroneous estimation of geometry is more prevalent for product molecules than the 

reactant molecules because the error change when using 𝐸°±²³ is not as significant as the case of D𝐸uvw. 
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Figure 5.5 OPT and SPE using two different implicit solvation methods, PBF and PCM (COSMO), respectively. 
Color orange represents OPT and SPE in gas phase; Color yellow represents OPT in gas phase and SPE in solution 
phase; Color green represents OPT and SPE in solution phase; Color pink represents OPT in solution phase and 
SPE in gas phase. 

 

To investigate the second aspect of the dependence of energy on the implicit solvation model itself, we 

first note that given the availability of several other solvation models in literature, it is possible that they 

will produce different results. As an example, in the work of Zimmerman et al., 96 it was shown that the 

prediction of reduction potentials of anthraquinones in aqueous solutions is prone to errors due to 

overestimation of the intramolecular H-bond interactions when using the polarizable continuum model 

(PCM (Bondi)) implicit solvation model. Further, they showed that quantum mechanics/molecular 

mechanics (QM/MM) calculations, with the TIP3P force field for explicit the water molecules, alleviate 

the overestimation and lead to a more balanced treatment of solute-solvent interactions. To the best of our 
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knowledge, there are no known studies in available literature that use high fidelity methods such as 

QM/MM for prediction of redox potentials of alloxazine molecules. Performing QM/MM simulations is 

not yet suitable from an HTVS perspective and out of the scope of this study. Therefore, it cannot be 

confirmed if intramolecular H-bond or other interactions also influence the accuracy of implicit solvation 

models for treatment of alloxazines. Nevertheless, we performed additional simulations on alloxazines 

with the PCM (COSMO) model, which is widely used for aqueous systems. As can be seen in the Figure 

5.5c and 5.5d, the overall conclusions remain the same and the performance of the PCM (COSMO) is 

strikingly similar to that of the PBF model used in this study, under every approximation and for both the 

descriptors. We believe that systematic improvements in characterization of solvation effect likely need 

to go beyond implicit models. Lastly, there might be a serendipitous cancellation of errors when using the 

gas-phase geometry that is affected by the changes in the geometry due to the implicit solvation model in 

use. However, this claim is not possible to verify given the small calibration set and scope of methods 

covered in this study.  

Nevertheless, these results are important from the standpoint of computational efficiency, because even 

when starting from a DFT computed gas-phase geometry, performing a geometry optimization with 

implicit solvation is computationally about twice more demanding than without it. For the study of 

alloxazine-based compounds, we propose a hybrid scheme of using gas-phase geometries and then 

performing DFT SPE calculations on them for high prediction accuracies. The various DFT functionals 

in this work were compared solely on the basis of their performance in predicting the measured potentials. 

Exchange-correlation functionals that contain high degrees of empiricism, such as M08-HX,113 are aimed 

at producing improved values for a chosen set of physically observable properties. However, such heavily 

parametrized functionals tend to produce less accurate electron densities than the ones with little to no 

empiricism in their designs, such as PBE functional.49 Accordingly, we chose PBE as the benchmark DFT 

functional among all the compared DFT functionals, as it offers the best compromise between the accuracy 

in results and the cost of calculations. Notably, the PBE functional was also found to show very good 

performance for quinone-based molecules in our recent work.127 Accordingly, for the prediction of redox 

potentials versus RHE at pH = 7, the equation employing the DFT(PBE) calculated 𝐸°±²³ of the reactant 

alloxazine compound is: 

 𝐸  = −0.376[𝐸°±²³] − 1.726	V (5.5) 
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Figure 5.6 Performance comparison of low-level methods (FF, SEQM, and DFTB) considered in the current work. (a) 

RMSEs and (c) R2 for the descriptors computed at the three low-level methods. (b) RMSEs and (d) R2 for the DFT (PBE) 

SPE calculations on the geometries obtained from the three low-level methods. In (a) and (c) the solid bars show RMSEs 

for the descriptor D𝐸uvw and the hashed bars show the RMSEs for the descriptor 𝐸°±²³. In (b) and (d) the solid bars show 

the SPE results without implicit solvation and the hashed bars show the results with it. The horizontal lines represent the 

benchmarks. 
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Table 5.2 Performance comparisons of nine different SEQM methods for the prediction of experimentally measured 
redox potentials. SEQMg represents OPT or SPE in gas phase. PBEg and B3LYPg represent SPE calculation in gas 
phase with the two respective functionals. PBEs and B3LYPs represent SPE calculation in SOL and with the two 
respective functionals. 
(a) R2 and RMSE when using D𝐸uvw as the descriptor 
Scheme for OPT 

and SPE 
OPT:SEQMg 
SPE:SEQMg 

OPT:SEQMg 
SPE:PBEg 

OPT:SEQMg 
SPE:PBEs 

OPT: SEQMg 
SPE: B3LYPg 

OPT: SEQMg 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE(V) 

AM1 0.288 0.066 0.763 0.038 0.932 0.020 0.707 0.043 0.933 0.020 

MNDO 0.100 0.074 0.630 0.048 0.823 0.033 0.576 0.051 0.818 0.034 

MNDOD 0.206 0.070 0.650 0.046 0.845 0.031 0.595 0.050 0.830 0.032 

PM3 0.502 0.055 0.737 0.040 0.946 0.018 0.683 0.044 0.919 0.022 

PM6 0.598 0.050 0.773 0.037 0.866 0.029 0.727 0.041 0.881 0.027 

PM6-D3 0.598 0.050 0.778 0.037 0.914 0.023 0.722 0.041 0.918 0.022 

PM6-D3H4X 0.591 0.050 0.753 0.039 0.821 0.033 0.710 0.042 0.842 0.031 

PM7 0.688 0.044 0.691 0.044 0.834 0.032 0.666 0.045 0.837 0.032 

RM1 0.523 0.054 0.816 0.034 0.954 0.017 0.816 0.034 0.976 0.012 

(b) R2 and RMSE when using 𝐸°±²³ as the descriptor 
Scheme for OPT 

and SPE 
OPT:SEQMg 
SPE:SEQMg 

OPT:SEQMg 
SPE:PBEg 

OPT:SEQMg 
SPE:PBEs 

OPT: SEQMg 
SPE: B3LYPg 

OPT: SEQMg 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE(V) 

AM1 0.923 0.022 0.938 0.020 0.965 0.015 0.947 0.018 0.963 0.015 

MNDO 0.874 0.028 0.936 0.020 0.962 0.015 0.947 0.018 0.961 0.016 

MNDOD 0.857 0.030 0.938 0.020 0.963 0.015 0.948 0.018 0.960 0.016 

PM3 0.875 0.028 0.918 0.023 0.945 0.018 0.926 0.021 0.936 0.020 

PM6 0.903 0.024 0.933 0.020 0.954 0.017 0.942 0.019 0.954 0.017 

PM6-D3 0.903 0.025 0.934 0.020 0.955 0.017 0.942 0.019 0.955 0.017 

PM6-D3H4X 0.907 0.024 0.934 0.020 0.953 0.017 0.945 0.018 0.960 0.016 

PM7 0.904 0.024 0.945 0.018 0.960 0.016 0.955 0.017 0.962 0.015 

RM1 0.919 0.022 0.940 0.019 0.962 0.015 0.940 0.019 0.966 0.014 
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Table 5.3 Performance comparisons of nine different SEQM methods for prediction of experimentally measured 
redox potentials. SEQMaq represents OPT or SPE in SOL. PBEg and B3LYPg represent SPE calculation in gas phase 
with the two respective functionals. PBEs and B3LYPs represent SPE calculation in SOL and with the two respective 
functionals. 
(a) R2 and RMSE when using D𝐸uvw as the descriptor 
Scheme for OPT 

and SPE 
OPT:SEQMaq 
SPE:SEQMaq 

OPT:SEQMaq 
SPE:PBEg 

OPT:SEQMaq 
SPE:PBEs 

OPT: SEQMaq 
SPE: B3LYPg 

OPT: SEQMaq 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

AM1 0.684 0.044 0.676 0.045 0.850 0.030 0.656 0.046 0.846 0.031 

MNDO 0.448 0.058 0.490 0.056 0.803 0.035 0.477 0.057 0.812 0.034 

MNDOD 0.424 0.060 0.489 0.056 0.817 0.034 0.470 0.057 0.819 0.033 

PM3 0.678 0.045 0.789 0.036 0.892 0.026 0.765 0.038 0.928 0.021 

PM6 0.820 0.033 0.712 0.042 0.928 0.021 0.673 0.045 0.927 0.021 

PM6-D3 0.817 0.034 0.699 0.043 0.914 0.023 0.660 0.046 0.911 0.023 

PM6-D3H4X 0.801 0.035 0.678 0.045 0.855 0.030 0.634 0.048 0.851 0.030 

PM7 0.877 0.028 0.678 0.045 0.917 0.023 0.632 0.048 0.895 0.025 

RM1 0.804 0.035 0.692 0.044 0.855 0.030 0.662 0.046 0.881 0.027 

(b) R2 and RMSE when using 𝐸°±²³ as the descriptor 
Scheme for OPT 

and SPE 
OPT:SEQMaq 
SPE:SEQMaq 

OPT:SEQMaq 
SPE:PBEg 

OPT:SEQMaq 
SPE:PBEs 

OPT: SEQMaq 
SPE: B3LYPg 

OPT: SEQMaq 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

AM1 0.785 0.036 0.949 0.018 0.973 0.013 0.957 0.016 0.967 0.014 

MNDO 0.660 0.046 0.966 0.014 0.976 0.012 0.958 0.016 0.942 0.019 

MNDOD 0.668 0.045 0.965 0.015 0.975 0.012 0.958 0.016 0.941 0.019 

PM3 0.700 0.043 0.936 0.020 0.951 0.017 0.938 0.020 0.928 0.021 

PM6 0.927 0.021 0.944 0.019 0.961 0.016 0.943 0.019 0.951 0.017 

PM6-D3 0.927 0.021 0.944 0.019 0.960 0.016 0.944 0.019 0.951 0.017 

PM6-D3H4X 0.929 0.021 0.943 0.019 0.959 0.016 0.942 0.019 0.951 0.017 

PM7 0.934 0.020 0.953 0.017 0.965 0.015 0.955 0.017 0.951 0.017 

RM1 0.839 0.031 0.955 0.017 0.967 0.014 0.961 0.016 0.963 0.015 
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Table 5.4 Performance comparisons of FF(OPLS3e) in combination with the different DFT methods for the 
prediction of experimentally measured redox potentials. FFg represents OPT or SPE in gas phase. FFaq represents 
OPT or SPE in SOL. PBEg and B3LYPg, represent SPE calculation in gas phase with the two respective functionals. 
PBEs and B3LYPs represent SPE calculation in SOL and with the two respective functionals. 
(a) R2 and RMSE when using D𝐸uvw as the descriptor 

Scheme for 
OPT and SPE 

OPT:FFg 
SPE:FFg 

OPT: FFg 
SPE: PBEg 

OPT: FFg 
SPE: PBEs 

OPT: FFg 
SPE: B3LYPg 

OPT: FFg 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE(V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

OPLS3e 0.494 0.056 0.612 0.049 0.798 0.035 0.647 0.047 0.767 0.038 

Scheme for 
OPT and SPE 

OPT:FFaq 
SPE:FFaq 

OPT: FFaq 
SPE: PBEg 

OPT: FFaq 
SPE: PBEs 

OPT: FFaq 
SPE: B3LYPg 

OPT: FFaq 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

OPLS3e 0.039 0.077 0.664 0.046 0.872 0.028 0.644 0.047 0.815 0.034 

(b) R2 and RMSE when using 𝐸°±²³ as the descriptor 
Scheme for 

OPT and SPE 
OPT: FFg 

SPE: PBEg 
OPT: FFg 
SPE: PBEs 

OPT: FFg 
SPE: B3LYPg 

OPT: FFg 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

OPLS3e 0.837 0.032 0.895 0.025 0.847 0.031 0.914 0.023 

Scheme for 
OPT and SPE 

OPT: FFaq 
SPE: PBEaq 

OPT: FFaq 
SPE: PBEs 

OPT: FFaq 
SPE: B3LYPg 

OPT: FFaq 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

OPLS3e 0.845 0.031 0.908 0.024 0.855 0.030 0.925 0.021 

 
Table 5.5 Performance comparisons of the two different DFTB methods for the prediction of experimentally 
measured redox potentials. DFTBg represents OPT or SPE in gas phase. PBEg and B3LYPg represent SPE 
calculation in gas phase with the two respective functionals. PBEs and B3LYPs represent SPE calculation in SOL 
and with the two respective functionals. 
(a) R2 and RMSE when using D𝐸uvw as the descriptor 

Scheme for 
OPT and SPE 

OPT:DFTBg 
SPE:DFTBg 

OPT: DFTBg 
SPE: PBEg 

OPT: DFTBg 
SPE: PBEs 

OPT: DFTBg 
SPE: B3LYPg 

OPT: DFTBg 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

DFTB-D3 0.448 0.058 0.746 0.040 0.946 0.018 0.715 0.042 0.925 0.021 

GFN1-xTB 0.672 0.045 0.744 0.040 0.863 0.029 0.704 0.043 0.854 0.030 

(b) R2 and RMSE when using 𝐸°±²³ as the descriptor 
Scheme for 

OPT and SPE 
OPT:DFTBg 
SPE:DFTBg 

OPT: DFTBg 
SPE: PBEg 

OPT: DFTBg 
SPE: PBEs 

OPT: DFTBg 
SPE: B3LYPg 

OPT: DFTBg 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

DFTB-D3 0.910 0.024 0.950 0.018 0.971 0.013 0.947 0.018 0.948 0.018 

GFN1-xTB 0.927 0.021 0.954 0.017 0.972 0.013 0.960 0.016 0.972 0.013 
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Table 5.6 Performance comparisons of two different DFTB methods for the prediction of experimentally measured 
redox potentials. DFTBaq represents OPT or SPE in SOL. PBEg and B3LYPg represent SPE calculation in gas phase 
with the two respective functionals. PBEs and B3LYPs represent SPE calculation in SOL and with the two respective 
functionals. 
(a) R2 and RMSE when using D𝐸uvw as the descriptor 
Scheme for OPT 

and SPE 
OPT:DFTBaq 
SPE:DFTBaq 

OPT: DFTBaq 
SPE: PBEg 

OPT: DFTBaq 
SPE: PBEs 

OPT: DFTBaq 
SPE: B3LYPg 

OPT: DFTBaq 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

DFTB-D3 0.647 0.047 0.735 0.040 0.881 0.027 0.703 0.043 0.885 0.027 

GFN1-xTB 0.854 0.030 0.685 0.044 0.801 0.035 0.642 0.047 0.811 0.034 

(b) R2 and RMSE when using 𝐸°±²³ as the descriptor 
Scheme for OPT 

and SPE 
OPT:DFTBaq 
SPE:DFTBaq 

OPT: DFTBaq 
SPE: PBEg 

OPT: DFTBaq 
SPE: PBEs 

OPT: DFTBaq 
SPE: B3LYPg 

OPT: DFTBaq 
SPE: B3LYPs 

Method R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) R2 RMSE (V) 

DFTB-D3 0.872 0.028 0.955 0.017 0.977 0.012 0.951 0.017 0.961 0.016 

GFN1-xTB 0.944 0.019 0.961 0.016 0.975 0.012 0.962 0.015 0.971 0.013 

 

5.4.2 Comparison of chemical descriptors from low-level 

methods: FF, SEQM, and DFTB 
After establishing the effectiveness of quantum chemical methods as a benchmark, we analyze the 

computationally less costly low-level methods for optimizing geometries and predicting the energies of 

molecules. As summarized in Figure 5.1, various low-level methods, including FF, SEQM, and DFTB, 

have been employed for calculations. Here again, 𝐸´³²³ is ignored as a descriptor because it performs 

worse than both D𝐸uvw and 𝐸°±²³ for all the low-level methods. The descriptors are calculated using the 

following three schemes: 

I. D𝐸uvw and 𝐸°±²³	are taken directly from the results of low-level method geometry optimizations 

either in gas or aqueous phases, with the exception of LUMO energies that are not available from 

FF calculations. 

II. D𝐸uvw  and 𝐸°±²³  values are taken from gas-phase DFT calculations employing the PBE 

functional on the molecular geometries obtained through scheme (I). Descriptor values in this 

scheme are henceforth abbreviated as DFT-SPEg. 
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III. D𝐸uvw  and 𝐸°±²³  values are taken from DFT calculations employing the PBE functional with 

implicit solvation on the molecular geometries obtained through scheme (I). Descriptor values in 

this scheme are henceforth abbreviated as DFT-SPEs. 

From Figure 5.6, several observations are made on comparing the RMSE and R2 data across the various 

method combinations when using either of D𝐸uvw  and 𝐸°±²³  as the descriptor. To simplify, we only 

discuss the best method from each low-level calculation category. The detailed performance metrics of all 

methods and their variations considered in the current work have been provided in Tables 5.2-5.6. 

 

Comparisons within scheme (I) using D𝑬𝐫𝐱𝐧: when comparing predictions using D𝐸uvw to PBE� (R2 

= 0.756, RMSE = 0.039 V) and to PBE�� (R2 = 0.910, RMSE = 0.024 V) benchmarks, it is observed in 

Figure 5.6a and 5.6c (solid green bar) that the best performing SEQM method PM7� shows significantly 

better performance compared to the FF method. Aqueous-phase geometry optimization with the COSMO 

solvation model leads to better prediction accuracy for PM7��, however, both the gas- and aqueous-phase 

performances are still below than their corresponding PBE benchmarks. The best performing DFTB 

method GFN1-xTBg shows a very similar performance to PM7� . The aqueous-phase geometry 

optimization with the COSMO solvation model leads to better prediction accuracy for GFN1-xTBaq.  

 

Comparisons within scheme (I) using 𝑬𝐋𝐔𝐌𝐎: when comparing predictions using reactant 𝐸°±²³ to 

PBE� (R2 = 0.956, RMSE = 0.016 V) and to PBE�� (R2 = 0.972, RMSE = 0.013 V) benchmarks, it is 

observed in Figure 5.6a and 5.6c (hashed green bar) that the gas-phase AM1� and PM7� methods show 

good prediction accuracies, but they are still much worse than the PBE�  benchmark. Aqueous-phase 

PM7�� geometry optimizations with the COSMO solvation model improves prediction accuracy. On the 

contrary, the aqueous-phase AM1�� optimization leads to a worse performance. The best performing gas-

phase DFTB method GFN1-xTBg shows similar results to AM1� . Aqueous-phase GFN1-xTBaq 

optimization shows a slightly improved performance. 

 

Comparisons within scheme (II) using D𝑬𝐫𝐱𝐧 : when comparing predictions using D𝐸uvw , it is 

observed in Figure 5.6b and 5.6d (solid black bars) that DFT-SPEg computations on the gas-phase SEQM 

geometries show improved prediction accuracies with respect to their counterparts from scheme (I). The 
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best performing method is AM1�, with its prediction accuracy being surprisingly better than the PBE� 

benchmark. DFT-SPEg calculations on AM1��  optimized geometries lead to worse predictions when 

compared to its counterpart from scheme (I). DFT-SPEg on DFTB-D3g optimized geometries reach a 

performance close to the PBE�  benchmark. DFT-SPEg calculations on aqueous-phase DFTB-D3aq 

geometries resulted in worse predictions, as was also observed for the SEQM methods. 

 

Comparisons within scheme (II) using 𝑬𝐋𝐔𝐌𝐎: when comparing predictions using reactant 𝐸°±²³, it 

is observed in Figure 5.6b and 5.6d (solid grey bars) that DFT-SPEg calculations on the best performing 

gas-phase PM7�  geometries show significantly improved prediction accuracy with respect to their 

counterparts from scheme (I), reaching close to the PBE� benchmark. DFT-SPEg calculations on aqueous-

phase PM7�� geometries also show better performance. DFT-SPEg computations on the best performing 

gas-phase GFN1-xTBg geometries show slightly improved prediction accuracy when compared to their 

counterparts from scheme (I), but still reaches close to the PBE� benchmark. DFT-SPEg computations on 

aqueous-phase GFN1-xTBaq geometries also result in better predictions. 

 

Comparisons within scheme (III) using D𝑬𝐫𝐱𝐧: when comparing predictions using D𝐸uvw to the PBE� 

(R2 = 0.959, RMSE = 0.016 V) benchmark, it is observed in Figure 5.6b and 5.6d (hashed black bars) that 

RMSEs are significantly lower by 0.014 V and 0.018 V for DFT-SPEs calculated on OPLS3e�  and 

OPLS3e�� geometries, respectively, in comparison to their gas-phase counterparts from scheme (II). The 

prediction accuracy for DFT-SPEs calculations on the best performing AM1� and AM1�� geometries is 

improved significantly when compared to its counterpart in scheme (II). Similar improvements are 

observed for DFT-SPEs calculations on the best performing DFTB-D3g and DFTB-D3aq geometries. 

 

Comparisons within scheme (III) using 𝑬𝐋𝐔𝐌𝐎: when comparing predictions using reactant 𝐸°±²³ 

to the PBE� (R2 = 0.974, RMSE = 0.013 V) benchmark, it is observed in Figure 5.6b and 5.6d (hashed 

grey bars) that the performance of DFT-SPEs calculations on geometries from all lower level methods 

show improvements than their counterparts from scheme (II), however, these improvements are not as 

pronounced as those for D𝐸uvw. 

 

Discussion: Several conclusions are derived after comparing the performance metrics of low-level 
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computational methods, including on the basis of DFT(PBE) calculation of SPE on the frozen coordinates, 

both with and without implicit solvation effects. First, similar to the case of DFT methods, the reactant’s 

𝐸°±²³ is a better descriptor than the D𝐸uvw of redox reaction for both the SEQM and DFTB methods. 

Secondly, gas-phase PBE calculations of SPE on the frozen coordinates show improved prediction 

accuracies for all the low-level methods. This observation implies that the computationally costly DFT 

geometry optimizations of the reactant molecules are hardly necessary, especially for a first-order 

screening of large numbers of candidate compounds. Thirdly, like the case of DFT methods, the 

computational effort can approximately be halved when the reactant 𝐸°±²³ is used for the prediction of 

potentials, particularly by using either of the SEQM (PM7, AM1) or DFTB (DFTB-D3, GFN1-xTB) 

methods. Lastly, irrespective of the chosen descriptor, for all low-level methods, the inclusion of implicit 

aqueous solvation during the DFT calculation of SPE on the gas-phase geometries leads to an improved 

prediction accuracy that reaches to within 20 meV of the DFT benchmark. From the findings made in this 

study, we recommend SEQM and DFTB as practical methods based on the tradeoffs between 

computational costs and prediction accuracies. Accordingly, the equation to predict redox potentials 

versus RHE at pH = 7, by employing the DFTB(GFN1-xTBaq) calculated 𝐸°±²³ of the reactant alloxazine 

compound is: 

 𝐸� = −0.373[𝐸°±²³] − 3.825	V  (5.6) 

 

5.4.3 Effects of implicit solvation on the prediction performance 
Figure 5.7 shows the decrease in error, Δ[RMSE], as a result of including implicit solvation during DFT 

calculation of SPE (Δs) for the representative methods from four different methodological levels 

considered in this work. As shown with solid black bars, when D𝐸uvw is used as the descriptor, Δs (in V) 

are 0.014 (OPLS3e), 0.012 (PM7), 0.011 (GFN1-xTB), and 0.023 (PBE). When 𝐸°±²³ is used as the 

descriptor, as shown with solid grey bars, Δs are 0.007 (OPLS3e), 0.002 (PM7), 0.004 (GFN1-xTB), and 

0.003 (PBE). Clearly for 𝐸°±²³, Δs is smaller at each level of theory when compared to the case of D𝐸uvw. 

We postulate that the reason for this difference is the presence of additional H-bonds in the products, due 

to which the solvation effects become more pronounced. These findings are also expected to be useful for 

improving the cheminformatics and advanced machine learning models that employ a descriptor-based 

approach to predict the solubility of compounds in water.93 
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Figure 5.7 Bar plot showing the decrease in RMSE due to the inclusion of implicit solvation, Δs. Consequently, a 
large Δs shows a large improvement in the accuracy of the predicted results. The black solid bars represent Δs (𝐸uvw), 
whereas the grey solid bars represent Δs (𝐸°±²³). 
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5.5 Conclusion 
In this manuscript, we evaluate various classical and quantum chemical computational methods, and their 

combinations, on the basis of their accuracy and efficiency in predicting the redox potentials of alloxazine-

based compounds. We compare the performance metrics of different energy-related descriptors, such as 

the redox reaction energies and the frontier orbital energies of the reactant and product molecules. We 

find that the lowest unoccupied molecular orbital energy of the reactant molecules is the best performing 

descriptor, which offers a very good prediction accuracy versus the measured data and at a small 

computational cost. This finding is in contrast to our earlier results on the quinone-based molecules and 

the other literature, in which the redox reaction energy has been used as the descriptor. In addition to 

offering tailor-made strategies for geometry optimizations and energy calculations corresponding to a 

desired level of prediction accuracy and time efficiency, our work also highlights the importance of 

performing meticulous and comprehensive exercises for other classes of organic molecules. 
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Chapter 6 RedDB, a computational database of 

electroactive molecules for aqueous redox flow 

batteries 

 

 
Abstract 
An increasing number of electroactive compounds have recently been explored for their use in high-

performance redox flow batteries for grid-scale energy storage. Given the vast and highly diverse chemical 

space of the candidate compounds, it is alluring to access their physicochemical properties in a speedy 

way. High-throughput virtual screening approaches, which use powerful combinatorial techniques for 

systematic enumerations of large virtual chemical libraries and respective property evaluations, are 

indispensable tools for an agile exploration of the designated chemical space. Herein, RedDB: a 

computational database that contains 31,677 molecules from two prominent classes of organic 

electroactive compounds, quinones and aza-aromatics, is presented. RedDB incorporates miscellaneous 

physicochemical property information of the compounds that can potentially be employed as battery 

performance descriptors. RedDB’s development steps, including: i) chemical library generation, ii) 

molecular property prediction based on quantum chemical calculations, iii) aqueous solubility prediction 

using machine learning, and iv) data processing and database creation, have been described. 
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6.1 Introduction 
The successful development of next-generation redox flow batteries with high cell voltage, energy density, 

and cycle life depends on the discovery of electroactive materials with optimum properties. Organic 

electroactive compounds have been attracting increasing attention due to their abundance, low cost, 

sustainable synthesis as well as recycling possibilities.159 Notably, the compositional variance and 

structural diversity of electroactive compounds create plentiful opportunities for tuning their essential 

battery-relevant properties and thereby for their potential use as active battery materials. Given the nearly 

intractable configurational space of organic compounds, high-throughput virtual screening (HTVS) 

provides an effective way through, the creation of virtual libraries of diverse candidate electroactive 

compounds, computing performance-related chemical descriptors, prediction of molecular properties, and 

subsequent identification of the most promising candidates for further study.152 The field of HTVS is 

burgeoning due to advances in automation of workflows and computing power, meanwhile the HTVS 

studies concerning the different classes of organic-based energy storage compounds are no 

exception.40,41,43 HTVS generated FAIR (findable, accessible, interoperable, and reusable) data,160 chiefly 

by employing accurate computational methods for the calculation of battery-relevant chemical descriptors, 

serves as a valuable reference for the advancement of aqueous redox flow battery (ARFB) technologies. 

Moreover, for an accelerated screening of the electroactive compound space for ARFBs, it is imperative 

to systematize the data in a way to make it accessible not only for humans and but also for machines.  

In this work, we present a computational database, RedDB, that has been populated on a focused 

chemical space of candidate electroactive compounds as based on the two promising classes of ARFB 

molecules, namely, quinones2 and aza-aromatics.23,24,149 RedDB is created by using the calculation data 

from physics-based simulation tools that employ molecular mechanics and quantum chemistry methods, 

in addition to the contemporary machine learning (ML) and cheminformatics generated data of the 

compounds. RedDB contains the predicted physicochemical properties of candidate molecules that are 

relevant to their function as electroactive components in ARFBs. Thus, it can be employed for material 

screening and/or empirical method development purposes.  
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Figure 6.1 The reversible two-electron two-proton redox reactions that are shown for the two representative 
molecules of (a) quinone and (b) aza-aromatic. On the molecules, the positions that are employed for the systematic 
chemical functionalization are shown with the R groups 
 

RedDB contains miscellaneous property data of the molecules, whilst the emphasis here is laid on the 

preeminent properties that relate to the redox potential. The thermodynamic basis to predict the redox 

potentials of electroactive compounds is the aqueous-phase redox reaction M + 2H+ + 2e− ⇆ MH2, in 

which M is the electroactive molecular species. Accordingly, for RedDB, M indicates either the quinone- 

or the aza-aromatic-derived reactant molecules, while MH2 indicates the corresponding hydrogenated 

product molecules that are generated through their respective chemical reactions shown in Figure 6.1. The 

reaction energy, ∆𝐸uvw, of redox couples has been calculated by using Equation (6.1), 

 ∆𝐸uvw = 𝐸(MH2) − [𝐸(M) + 𝐸(H2)] (6.1)  

where 𝐸(M), 𝐸(MH2), and 𝐸(H2) are the total energies of reactant and product molecules, and hydrogen 

molecules, respectively.  
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Figure 6.2 A schematic overview of the various tasks that have been undertaken for the development of RedDB. 
The three horizontal layers contain the main actions including, library generation (red shaded boxes), data 
generation, and database creation (yellow shaded boxes). The data generation includes both the electronic structure 
calculations (green shaded boxes) and the solubility predictions (blue shaded boxes). The boxes and arrows describe 
specific actions and flow of information, respectively. 
 

RedDB’s building steps are outlined in Figure 6.2. They include, virtual chemical library generation, 

physics-based calculations on molecules, ML predictions of solubility of compounds in water, and 

database creation. The systematic generation of the virtual library involves the creation of chemically 

functionalized derivatives of the reactant molecules and their redox reaction pair products. This step 

Ca
lc

ul
at

io
ns

Da
ta

ba
se

 C
re

at
io

n

Pr
ed

ic
tio

ns

Li
br

ar
y 

Ge
ne

ra
tio

n
Molecule

Design
Molecule 

Functionalization
Duplicate 

Elimination

Force field:
OPLS3e

OPT: 
PBE/LACVP**++

SPE:
PBE/LACVP**++/PBF

Machine 
Learning   

Reaction Based 
Enumeration

Data Extraction

Data 
Synchronization

Reaction Pair 
Matching

Database 
Generation

En
er

gy
 C

al
cu

la
tio

n
Da

ta
 P

ro
ce

ss
in

g

So
lu

bi
lit

y 
Pr

ed
ic

tio
n



Chapter 6 

 

117 

 

generates two-dimensional (2D) representations of all compounds in the virtual library, which are next 

used as inputs for both the first-principles calculations and the surrogate models. Accordingly, data 

generated from the two different types of methods is included in RedDB: (i) the electronic structure data 

that has been obtained from a sequence of classical and quantum chemical methods, and (ii) the aqueous 

solubility data that has been obtained by using a consensus ML model. In the last step of database 

development, the generated data is extracted, processed, and stored in a relational database by parsing the 

output files of the first-principles calculations and ML models. RedDB has been built with an emphasis 

on the key properties of molecules relevant to ARFBs. It is an exemplary resource on quinone and aza-

aromatic electroactive compounds as it contains several candidate molecules for batteries that are worthy 

of experimental investigation. The database contains comprehensive data that has been systematically 

collected by using the state-of-the-art computational procedures127,128 and data-driven methods.48 

Therefore, it is also useful for other applications beyond ARFBs for which the intriguing chemistry of 

these molecules matter. Additionally, due to the immense computing requirements of quantum chemical 

simulations, it is not straightforward to scale-up HTVS efforts by orders of magnitude, such as from 

thousands to millions of molecules. RedDB, owing to its size, diversity, and quality of data, serves as a 

good resource for the development of empirical ML models that can be used for rapid property predictions 

or, more ambitiously, for the de novo design of energy compounds with desired features. 
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Figure 6.3 2D representations of the 52 core molecules that have been used for the chemical library generation. 
The numbering of the core molecules is in accordance with the data package IDs found in RedDB. 
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6.2 Methods 
RedDB was built in three stages, and by applying various methods in each stage, as described in below. 

 

6.2.1 Molecule library generation  
The steps of the library enumeration process are shown in Figure 6.2. All molecules in the virtual library 

were originally derived from a group of 24 quinone and 28 aza-aromatic reactant core structures that are 

deemed to be promising ARFB compounds in acidic or alkaline solutions (Figure 6.3). The core molecule 

structures were designed manually by using the Maestro modeling interface of Schrödinger Materials 

Science Suite v2019-2 (SMSS).66 Next, the custom R-group enumeration tool of SMSS was employed to 

perform an exhaustive enumeration task in order to uncover all of the possible functionalized derivatives 

of the reactant core structures as well as their redox coupled product molecules. Five distinct R-groups 

(−SO3H, –COOH, –NH2, –OH, and –F) were used for the chemical functionalization of compounds. These 

R-groups were decided upon the available chemical knowledge regarding their ability to tune the redox 

potential and aqueous solubility of the compounds.40 In order to remove redundant entries of the generated 

molecules, the virtual library was screened by using the filter duplicates tool of SMSS. Also at this stage, 

the reactant-product molecule couples were paired by assuming a two-electron two-proton reaction 

mechanism34 shown in Figure 6.1. We used the reaction-based enumeration tool of SMSS in order to 

match each reactant molecule to its corresponding product molecule. This way the enumeration process 

has been completed. It must be noted that both of the enumeration tools that were used in the current work 

accept the simplified molecular-input line-entry system (SMILES)98 representations of molecules as their 

inputs. Therefore, they do not require explicit three-dimensional (3D) geometry information of the 

compounds. Similarly, the output format of these tools is also the SMILES representations. Therefore, 

when further evaluations on the molecules are aimed for, as the case of current study, they have to be 

translated to a 3D geometry data. 

 

6.2.2 Molecule property data generation  
6.2.2.1 Electronic structure calculations 
 First-principles electronic structure calculations yield essential information about the compounds that can 

directly be employed to estimate their macroscopic performance. Likewise, these calculations provide an 
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effective way for the modelling of redox-active compounds for ARFB applications.40,127,128 Figure 6.2 

shows a simplified workflow of the physics-based calculations that were applied in the current work. First, 

prior to quantum chemical calculations, the SMILES notations of all the candidate molecules found in the 

library were converted to 3D geometries. Next, their corresponding minimum energy 3D conformers were 

predicted by using the MacroModel program and OPLS3e99 force field (FF) as implemented in SMSS. 

Thus, only the lowest energy 3D conformers were employed as inputs for density functional theory (DFT) 

calculations that were used for the gas-phase optimization (OPT) of all molecules. Then, the DFT 

calculations were carried out using the Jaguar ab initio package82 as implemented in SMSS. All DFT 

calculations were performed using Perdew-Burke-Ernzerhof (PBE)60 exchange-correlation functional and 

LACVP∗∗++ basis set with polarization and diffuse functions.65 For DFT OPT calculations, medium grid 

densities have been used in Jaguar, and the energy and root mean square density matrix change 

convergence criteria were kept at their default values of 5.0 × 10−5 and 5.0 × 10−6 Hartree, respectively. 

As the convergence scheme, the default direct inversion in the iterative subspace was employed in 

combination with Jaguar’s mixed pseudospectral approximation at its default cutoffs. Lastly, the DFT 

optimized 3D geometries of the compounds were used as inputs for single point energy (SPE) calculations. 

For the SPE calculations, fine electronic grid densities, in combination with accurate self-consistent field 

cutoffs, were used. Additionally, the effects of aqueous medium were modelled by using the implicit 

Poisson-Boltzmann solvation model (PBF).100 

 

6.2.2.2 Solubility predictions 
The water solubility data of the compounds was built by using the aqueous solubility prediction model 

(AqSolPred v1.0). AqSolPred is a supervised and consensus ML model that was empowered by training 

on a large, curated, and reference aqueous solubility database, AqSolDB.93 The SMILES representations 

of the molecules were used as input for the AqSolPred and their ML-predicted solubility data has been 

incorporated to RedDB (Figure 6.2). 
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6.3 Database creation 
 Five different data sources were used as input for building the database: (1) Identifier files containing the 

SMILES representations of reactant and product molecules, (2) Table A6 in the appendix containing 

naming conventions for reactant molecules and SMILES notations of product molecules, (3) Output files 

as obtained from OPT calculations using the Jaguar package, (4) Output files as obtained from SPE 

calculations using the Jaguar package, and (5) Aqueous solubility data of compounds as obtained using 

the AqSolPred code. The database creation process consists of data processing and database generation 

steps (Figure 6.2). The former includes three steps, namely, data synchronization, data extraction, and 

chemical reaction pair matching. In the data synchronization step, the calculation output folder hierarchy 

and file naming conventions were created. By using them and the SMILES notations, the molecules from 

the virtual library were matched with the output files of the quantum chemical calculations. In the data 

extraction step, all output files were parsed by using an in-house developed code that employs regular 

expression sequences to extract relevant physicochemical data. In the chemical reaction pair matching 

step, the reactant molecules were matched with their respective products by using the Reaction-based 

Enumeration tool.66 In the database generation step, the database has been created on a MySQL server 

and implemented through a code first approach by using the Django object-relational mapper. Lastly, the 

parsed data, also including the ML-predicted solubility data of the compounds, has been added to RedDB. 
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Table 6.1 An overview of RedDB data tables. For each data table, the table name, a brief description of the contents, 
and the original data source from where the data has been extracted, are shown. 

Table Name Table Description Data Source 

atomicProperties 
Atomic properties from DFT SPE calculations (e.g. NMR 
shielding constants, Fukui indices for HOMO and LUMO, 
etc.) 

Jaguar DFT SPE 
output file 

chCalc 
Moments from quantum mechanical wavefunction, 
electrostatic potential charges, and Mulliken charges (gas and 
solution phase) 

Jaguar DFT SPE 
output file 

cpolarCalc Polarizability and hyperpolarizability results from coupled 
perturbed HF (cpolar) method 

Jaguar DFT SPE 
output file 

functionalGroup Stoichiometric information on chemical functional groups User-defined folder name 

job Meta-information of calculation outputs Jaguar DFT OPT 
and SPE output files 

jobSetting Information on software version and calculation settings and 
parameters 

Jaguar DFT OPT and 
SPE output files 

molecule Identifiers of molecules (SMILES and InChIKey) SMILES output file 

moleculeInfo Stoichiometric information of the molecules Jaguar DFT SPE 
output file 

optimizationGeometry Initial and final 3D geometries of molecules from DFT OPT Jaguar DFT OPT 
output file 

optimization Convergence level and results from DFT OPT calculations Jaguar DFT OPT 
output file 

otherInfo Additional information (e.g. nuclear repulsion energy, point 
group used for calculations, and molecular point group) 

Jaguar DFT SPE 
output file 

pbfCalc Results from DFT SPE calculations with the PBF solvation 
model included 

Jaguar DFT SPE 
output file 

reaction Redox reaction related information Reaction-based 
Enumeration tool output file 

solubility ML-predicted solubility data of compounds AqSolPred output file 

scfCalc Self-consistent field results from SPE calculations (gas and 
solution) 

Jaguar DFT SPE 
output file 
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Table 6. 2 RedDB’s most essential data tables. The names and brief descriptions of the data columns, which are 
specific to each data table, have been provided. In addition, for every data column, the applicable units for the 
stored data have been shown. 

Table Name Column Name Column Description Unit 

atomicproperties 

id Unique ID for atomicproperties table  
atom Chemical element symbol  

atomId The ID of atom in the job  
input_X Numerical coordinate of atom position with reference to X axis Å 
input_Y Numerical coordinate of atom position with reference to Y axis Å 
input_Z Numerical coordinate of atom position with reference to Z axis Å 

nmrIsotropicshielding Isotropic NMR chemical shielding of the atom ppm 
nmrAnisotropy Anisotropic NMR chemical shielding of the atom ppm 

homo_f_NN f-NN-HOMO Fukui index of the atom Hartree 
homo_f_NS f-NS-HOMO Fukui index of the atom Hartree 
homo_f_SN f-SN-HOMO Fukui index of the atom Hartree 
homo_f_SS f-SS-HOMO Fukui index of the atom Hartree 
lumo_f_NN f-NN-LUMO Fukui index of the atom Hartree 
lumo_f_NS f-NS-LUMO Fukui index of the atom Hartree 
lumo_f_SN f-SN-LUMO Fukui index of the atom Hartree 
lumo_f_SS f-SS-LUMO Fukui index of the atom Hartree 

job_id Job ID of the calculation that the data was taken from  

cpolarcalc 

id Unique ID for cpolarcalc table  
alpha Polarizability quantity of α from cpolar calculation au 

dalpha Polarizability quantity of ∆α from cpolar calculation au 
beta Average hyperpolarizability β from cpolar calculation au 

job_id Job ID of the calculation that the data was taken from  

functionalgroup id Unique ID for functionalgroup table  
stoichiometry Stoichiometry of functional groups  

job 

id Unique ID for job table  
jobType Type of calculation (SPE or OPT)  

calcNumber Calculation Number  
jobId Unique ID of the job as given by Jaguar  
name Name of the job file  
path Directory path of the job file  

reactionStep Reaction Step Number  
dataPackage_id ID of the data package with respective values shown in Fig.3  

functionalGroup_id Chemical functional group ID  
jobSetting_id Job settings ID  
molecule_id Molecule ID  

moleculeInfo_id Molecule info ID  
user_id User ID  

jobsetting 

id Unique ID for jobsetting table  
basisSet Basis set  

netMoleculerCharge Net molecular charge e 
multiplicity Multiplicity  

solvent Solvent information  
scfCalculation SCF calculation information  

dft DFT calculation information  
solvationEnergy Solvation method calculation information  

hyperPolEqu (Hyper) polarizabilities equation name  
maxScfIterations Maximum number of SCF iterations  
internalDielectric Internal dielectric constant  
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continuumDielectric Continuum dielectric constant  
solventProbe Solvent probe molecule radius Å2 

pbfVersion PBF model version information  

molecule 

id Unique ID for molecule table  
smiles SMILES representation of the molecule  

inchiKey InChIKey representation of the molecule  
parentMolecule_id Molecule ID of the parent (core) molecule  

moleculeinfo 

id Unique ID for moleculeinfo table  
moleculerWeight Total weight of the molecule amu 

stoichiometry Composition stoichiometry of the molecule  

optimization 

id Unique ID for reaction table  
convergence The quality of the converged structure (i.e. 0,1,2,3,4)  

optGasEnergy Total energy of the molecule in gas phase from OPT Hartree 
optGasHomo HOMO energy of the molecule in gas phase from OPT Hartree 
optGasLumo LUMO energy of the molecule in gas phase from OPT Hartree 

optGasIterationNumber Number of SCF iterations for gas-phase calculation from OPT  
job_id Job ID of the calculation that the data was taken from  

pbfcalc 

id Unique ID for pbfcalc table  
job_id Job ID of the calculation that the data was taken from  

cavityEnergy Cavity energy of the molecule kT 
molecularSurface Molecule surface area Å2 

reactionFieldEnergy Reaction field energy kT 
solventAccessSurface Solvent accessible surface Å2 

reaction 

id Unique ID for reaction table  
bondType Type of redox reaction  

pairPackage_id ID of the data package containing reaction information  
product_id Product molecule ID of the redox reaction  
reactant_id Reactant molecule ID of the redox reaction  

reactionEnergy Reaction energy of the redox reaction Hartree 
productEnergy Total energy of the product molecule Hartree 
reactantEnergy Total energy of the reactant molecule Hartree 

solubility 

id Unique ID for solubility table  
molecule_id Molecule ID  

solubilityAqSolPred Predicted solubility value logS 

scfcalc 

id Unique ID for scfcalc table  
gasEnergy Total energy of the molecule in gas phase from SPE Hartree 

gasIterationNumber Number of SCF iterations for gas-phase calculation from SPE  
gasHomo HOMO energy of the molecule in gas phase from SPE Hartree 
gasLumo LUMO energy of the molecule in gas phase from SPE Hartree 

solutionEnergy Total energy of the molecule in solution phase from SPE Hartree 
solutionIterationNumber Number of SCF iterations for solution phase calculation from SPE  

solutionHomo HOMO energy of the molecule in solution phase from SPE Hartree 
solutionLumo LUMO energy of the molecule in solution phase from SPE Hartree 

job_id Job ID of the calculation that the data was taken from  
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6.4 Data Records 

The generated full data is stored in a MySQL database, and its reduced forms in CSV and XLSX formats, 

all of which are downloadable from the Harvard Dataverse Repository.135 The data is stored in a relational 

database that consists of 15 data tables. These tables were created in accordance with the type of data they 

contain. Their names and brief descriptions as well as the original sources that have been used for their 

formulation are shown in Table 6.1. RedDB contains data on 31,677 unique molecules that have been 

derived through the structural functionalization of 52 different core molecules shown in Figure 6.3. For 

every compound, structural, thermodynamic, and electronic properties have been included. RedDB 

includes 23 atom-, 315 molecule-, four reaction-, and 19 simulation-related meta-information fields. Table 

6.2 shows RedDB’s most essential data tables that contain the most relevant information for application 

of molecules in ARFBs. For each data table shown in Table 6.2, in addition to the names of data columns, 

their brief descriptions and the corresponding units, whenever applicable, have been included. 

Additionally, in Figure 6.4, a simplified scheme of the database is shown that includes the most essential 

RedDB tables, their data fields and the interconnections. Finally, the contents of all the remaining RedDB 

data tables have been provided in Table A6 in the appendix. In RedDB, the total number of possible redox 

reactions, or similarly the reactant-product pairs, is 15,932. Among them are 3,526 quinone and 12,406 

aza-aromatic molecule reactions. A mismatch between the total number of molecules and the total number 

of redox reactions occurs due to the molecules that take part in multiple redox reactions or the dismissed 

molecules because of failed DFT calculations. Additionally, an interactive visualization of RedDB’s 

chemical data is reachable at https://www.amdlab.nl/reddb. 
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6.5 Technical validation 

The data in RedDB is generated from either first-principles or regression models, both of which are 

entirely parameterized. The data generated from such models is not stochastic and it is possible to 

reproduce it to numerical precision by using the parameters discussed above. In addition, reliability of the 

modelling data can also be interpreted in terms of its accuracy with respect to measurements from 

experiments. Thus, the sources of uncertainties are tied to the applied modelling parameters and the quality 

of underlying data. In the current work, to ensure the veracity of data that is included in RedDB, several 

measures have been taken into account during the library generation process, DFT calculations, ML 

predictions, and database creation. 

 

6.5.1 Validation of convergence in DFT calculations 
The molecule library generation included steps for filtering the duplicate molecules and removing the 

redundancies. To ensure that the molecular geometries employed for DFT OPT calculations are the lowest 

energy conformers, a sampling of the 3D conformational space of the molecules was performed. High 

accuracy for the two types of DFT calculations, OPT and SPE, was ensured by choosing tight convergence 

criteria for the various sub-routines in the Jaguar software package, as was described above. Further details 

on the systematic effect of these parameters can be found in the Jaguar documentation. Nevertheless, 

critical failures in convergence can result in spurious data that is unfit for further usage. To address this 

issue, Jaguar performs a simple analysis of the convergence during OPT, and yields a convenient verdict 

on the dynamics of the convergence process (i.e. whether the convergence was monotonic or erratic), and 

the quality of the converged structure (i.e. whether the final geometry corresponds to the lowest energy or 

not) on a scale of 0 to 4, where 0 denotes the best convergence. RedDB contains the convergence criteria 

for each molecule as obtained from OPT calculations employing the Jaguar package. This way, RedDB 

users are recommended to exercise caution when using data from molecules with convergence criteria 

value of 4, which simply indicates that the OPT resulted in a non-optimal structure of the molecule. In 

addition to this, DFT calculations on several molecules did not result in full convergence of the SCF 

routines, and thus, they did not produce any sensible results. Therefore, these molecules were also 

excluded from RedDB. 
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6.5.2 Validation of solubility predictions 
The AqSolPred model, which was used for solubility predictions in the current work, had previously been 

validated on a benchmark solubility dataset.47 The model has a Mean Absolute Error of 0.348 LogS, which 

is lower than the conventional cheminformatics and ML methods that are ordinarily used for the prediction 

of aqueous solubility of chemical species. 

 

6.5.3 Validation of data processing 
The consistency of the data included in RedDB was further validated by comparing the values from 

randomly selected calculation output files to the data found in RedDB. For each of the 52 core molecule-

derived groups of molecules, four randomly selected molecules’ DFT calculation output files have been 

used for comparisons. No consistency errors were detected on the cross-checked data. 
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6.6 Usage notes 
Table 6.1 shows the names, descriptions, and data sources for each of the database tables. Additionally, 

the content descriptions and units of RedDB fields that are relevant to ARFBs are shown in Table 6.2. The 

descriptions for the remaining tables are provided in Table A6 in the appendix. The ’job’ table contains 

the parsed meta data of DFT OPT and DFT SPE calculation outputs. Thus, the results from both the OPT 

and SPE calculations are reachable simply by using ’Optimization’ or ’SinglePoint’ tags in the ’jobType’ 

field in the ’job’ table. The ’job’ and ’functionalGroup’ tables are linked to each other with ’functional 

Group_id’. Each identifier in the ’functional Group_id’ field represents a chemical functional group from 

the ’functional Group’ table. A blank stoichiometry field in the ’functional Group’ table indicates that no 

chemical functional group has been incorporated to the molecule, in other words, the molecule is a core 

molecule. RedDB contains atomic, molecular, and reaction data of the candidate compounds for energy 

storage chiefly in ARFBs. To facilitate accessibility and reuse in future studies, RedDB has been exported 

to five different data formats that have been described in below. 
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Figure 6.4 A Crow’s foot representation of RedDB’s most essential database tables. 
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jobsetting

id int(11)

basisSet longtext

netMoleculerCharge int(11)

multiplicity int(11)

solvent longtext

scfCalculation longtext

dft longtext

solvationEnergy longtext

hyperPolEqu longtext

maxScfIterations smallint(5)

internalDielectric longtext

continuumDielectric longtext

solventProbe longtext

pbfVersion longtext

molecule

id int(11)

smiles longtext

inchiKey longtext

parentMolecule_id int(11)

moleculeinfo

id int(11)

moleculerWeight decimal(50,5)

stoichiometry longtext

solubility

id int(11)

solubilityAqSolPred decimal(50,5)

molecule_id int(11)

reaction

id int(11)

bondType longtext

pairPackage_id int(11)

product_id int(11)

reactant_id int(11)

reactionEnergy decimal(10,5)

productEnergy decimal(10,5)

reactantEnergy decimal(10,5)

job

id int(11)

jobType longtext

calcNumber smallint(5)

jobId longtext

name longtext

path longtext

reactionStep smallint(5)

dataPackage_id int(11)

functionalGroup_id int(11)

jobSetting_id int(11)

moleculeInfo_id int(11)

molecule_id int(11)

user_id int(11)

cpolarcalc

id int(11)

alpha decimal(10,5)

dalpha decimal(10,5)

beta longtext

job_id int(11)scfcalc

id int(11)

gasEnergy decimal(10,5)

gasIterationNumber smallint(5)

gasHomo decimal(10,5)

gasLumo decimal(10,5)

solutionEnergy decimal(10,5)

solutionIterationNumber smallint(5)

solutionHomo decimal(10,5)

solutionLumo decimal(10,5)

job_id int(11)

functionalgroup

id int(11)

stoichiometry longtext

pbfcalc

id int(11)

molecularSurface decimal(10,5)

reactionFieldEnergy decimal(10,5)

solventAccessSurface decimal(10,5)

cavityEnergy decimal(10,5)

job_id int(11)

optimization

id int(11)

convergence smallint(5)

optGasEnergy decimal(10,5)

optGasHomo decimal(10,5)

optGasLumo decimal(10,5)

optGasIterationNumber smallint(5)

job_id int(11)

atomicproperties

id int(11)

atom longtext

atomId smallint(5)

input_X decimal(30,15)

input_Y decimal(30,15)

input_Z decimal(30,15)

nmrIsotropicshielding decimal(10,5)

nmrAnisotropy decimal(10,5)

homo_f_NN decimal(10,5)

homo_f_NS decimal(10,5)

homo_f_SN decimal(10,5)

homo_f_SS decimal(10,5)

lumo_f_NN decimal(10,5)

lumo_f_NS decimal(10,5)

lumo_f_SN decimal(10,5)

lumo_f_SS decimal(10,5)

job_id int(11)
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6.7 File formats 
6.7.1 RedDB.sql 
The file format is SQL. The relationships of database tables are shown in Figure 6.4. The database tables 

are linked together by IDs. The content information of the tables has been provided in Table 6.2 and Table 

A6 in the appendix. 
 

6.7.2 RedDB_atomic.csv  
The file format is CSV. This file contains all important atom properties of the molecules. Each row 

contains information on the atoms of a molecule. Using this file, the user can access all atom-relevant 

properties of the individual molecules, for instance by grouping the data according to the broadly accepted 

molecule identifiers of SMILES or InChIKey. 

 

6.7.3 RedDB_molecule.csv  
The file format is CSV. This file contains all important molecule properties. Each row contains 

information on a single molecule. 

 

6.7.4 RedDB_reaction.csv  
The file format is CSV. This file contains tabulated information about the likely redox reactions. Each 

row contains the reaction information and the DFT calculated reaction energies. For the calculation of the 

reaction energies,127 the total energy of a H2 molecule was calculated by using the same methods that have 

been used for all other molecules. In addition to reaction energies, other chemical descriptors, such as the 

lowest unoccupied molecular orbital (LUMO) of reactant and the highest occupied molecular orbital 

(HOMO) of product molecules, can independently be used to predict the experimental redox potentials.128 

For that reason, the numerical data of different chemical descriptors as well as useful compound features 

have also been included in this file. 
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6.8 Code availability  
All classical and quantum chemical calculations have been performed by using the SMSS,66 which is a 

proprietary software package. The solubility predictions have been made by using the AqSolPred,48 which 

is a freely accessible tool. In addition, the in-house developed Python scripts that have been used to parse 

the calculation outputs and to convert them into relational database formats, are openly accessible at 

https://github.com/ergroup/RedDB. 
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6.9 Conclusion 
In this work, we show a computational database that contains 31,677 molecules from two prominent 

classes of organic electroactive compounds based on the two promising ARFB molecules, such as 

quinones and aza-aromatics. RedDB has been created by using the data from physics-based simulation 

and prediction tools that employ DFT methods and contemporary ML model. The database contains the 

key battery-relevant physicochemical properties of candidate molecules and also contains several 

candidate molecules for batteries that are worthy of experimental investigation.  
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Summary  
Renewable energy technologies, such as wind and solar, are increasingly being used for green electricity 

production. However, the inherent intermittency of renewable resources puts a serious strain on the electric 

grid, as the peak and bottom time periods of power generation can hardly be regulated. To smoothen out 

power fluctuations, innovative large-scale energy storage solutions have attracted recent interest. Aqueous 

redox flow batteries (ARFBs) that operate on abundant and tailor-made electroactive compounds are 

considered as a competitive technology for grid-scale energy storage. The ARFB design is advantageous 

as it allows for independent scaling of power and energy density. Conventional ARFBs, however, use 

metal-based electrolyte materials that face technical challenges of slow reaction kinetics and ion-crossover 

through the membranes. Additionally, the high-costs of active materials and risks associated with metal 

toxicity have hindered the widespread deployment of metal-based ARFB energy storage systems. ARFBs 

running on organic-based redox-active materials offer a prosperous alternative to metal-based electrolytes, 

since they can sustainably be sourced from earth-abundant elements and further be modified structurally 

to tune their key battery-relevant properties. The emerging classes of organic redox-active compounds, 

which have recently been utilized in an ARFB design, include but are not limited to, alloxazines, nitroxides, 

phenazines, quinones, and viologens. Inspired by the structure and physicochemical properties of indigo, 

we explore a new chemical space of a virtual library of small quinone-based molecules. Given the vast 

chemical space of organic electroactive compounds for exploration, the high-throughput virtual screening 

(HTVS) approach empowering DFT calculations, machine learning (ML) prediction, commercial search, 

and experimental testing, has been used to downselect the new candidate materials for ARFBs.  

 

In Chapter 3 of the thesis: we investigated the performance of various classical and quantum chemical 

methods, including force field (FF), semiempirical quantum mechanics (SEQM), density-functional based 

tight-binding (DFTB), and density functional theory (DFT), to predict the redox potential of quinone redox 

pairs, which is an important property that directly determines the cell voltage of RFBs. We performed a 

systematic theoretical study, developed a computational framework, and reported the accuracy of different 

computational methods and their combinations in predicting the experimentally measured redox potentials 

of a large number of quinone-based compounds. We found that low-level methods, such as DFTB, is ~103 

times faster than DFT and provide a similar level of accuracy as DFT. Our results are directly applicable 

in conventional computational chemistry and high-throughput screening efforts aimed at the discovery of 
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quinone-based electroactive molecules. We expect that our work will also be insightful for the organic-

molecule based battery community at large and will trigger interest in the modeling of other organic, and 

also possibly inorganic, electroactive species with relatively faster computational methods. Furthermore, 

the approach presented here will be useful for accelerating the creation of large amounts of accurate 

quantum chemical data on molecules, which can later be utilized by data-driven supervised machine 

learning models to expand the search space for candidate molecule explorations. 

 

In Chapter 4 of the thesis: the central challenge for developing all-organic redox flow batteries is the 

discovery of electroactive materials that satisfy multiple criteria of synthesizability, suitable redox 

potentials, rapid kinetics, solubility, stability, and safety. High-throughput virtual screening (HTVS) has 

been widely applied for the discovery of such electroactive materials, but primarily for derivatives of 6-

member ring quinones. Inspired by carbonyl groups occurring in food-coloring agents and dyes, we 

performed HTVS on a different class of small, 5-member ring molecules with exocyclic carbonyl pairs. 

Using a combination of physics-based computation, machine learning and automated vendor search on a 

systematically generated library of quinone-like molecules, we predicted their redox and solubility data, 

and acquired their purchase info records. Our work leaded to the discovery of hundreds of virtual 

candidates with improved redox potential and solubility when compared to existing small molecules used 

for energy storage. We performed full cell characterizations of purchasable safe compounds from our 

library and showed that an indigo-derivative molecule achieves high-performance with its superior 

aqueous solubility (3 M) and cell coulombic efficiency (> 94% after 49 cycles). This work is an exemplary 

application of HTVS-guided experiments on a focused chemical space. The developed materials data is 

an auxiliary resource for advancing energy materials design.  

 

In Chapter 5 of the thesis: we evaluate various classical and quantum chemical computational methods, 

and their combinations, including FF, SEQM, DFTB, and DFT on the basis of their accuracy and 

efficiency in predicting the redox potentials of alloxazine-based compounds. We compare the performance 

metrics of different energy-related descriptors, such as the redox reaction energies and the frontier orbital 

energies of the reactant and product molecules. We find that the lowest unoccupied molecular orbital 

(LUMO) energy of the reactant molecules is the best performing descriptor, which offers a very good 

prediction accuracy versus the measured data and at a small computational cost. The results of the current 

study are directly useful for identifying the promising alloxazine-derived compounds for ARFBs. The 
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findings are expected to be insightful for the organic-based battery materials community and also for a 

wider community involved with the computational discovery of molecules and materials beyond ARFBs. 

Last but not least, the proposed approach will be useful to generate large amounts of high-quality quantum 

chemical data, of which could be utilized in future machine learning studies to boost the further discovery 

of new chemical motifs for energy storage. 

 

In Chapter 6 of the thesis, we present a computational database, RedDB, which has been populated on 

a focused chemical space of a virtual library of 31,677 electroactive compounds based on the two 

promising classes of ARFB molecules, namely, quinones and aza-aromatics. RedDB is established by 

using the data from physics-based simulation and prediction tools that employ quantum chemistry 

methods, contemporary machine learning and cheminformatics. RedDB contains the predicted 

physicochemical properties of candidate molecules that are relevant to their function as electroactive 

materials in ARFBs, and thus can directly be employed for material screening and theoretical method 

development purposes.  

 

In summary, we developed flexible in silico approaches to accelerate both the singly and the HTVS studies 

aimed at compound discovery for energy storage in ARFBs. We applied the HTVS approach, which use 

powerful combinatorial techniques for systematic enumerations of large virtual chemical libraries and for 

respective property evaluations based on rapidly computable descriptors, for the discovery of new 

chemical motifs as ARFB active materials. The developed knowledge and calculation data will be 

insightful primarily for the organic-based battery materials research community and secondarily for a 

wider community involved with the computational discovery of molecules and materials for applications 

other than ARFBs. 
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Explanation of the abbreviations used in the thesis 

RFB: redox flow battery 

ARFB: aqueous redox flow battery 

HTVS: high-throughput virtual screening  

SMILES: simplified molecular-input line-entry system 

DFT: density functional theory  

LDA: local density approximation 

GGA: generalized gradient approximation  

SEQM: semiempirical quantum mechanics 

DFTB: density-functional based tight-binding 

FF: force field 

OPT: geometry optimization 

SPE: single-point energy 

SOL: implicit aqueous medium 

PBF: Poisson-Boltzmann solvation model 

R2: the coefficient of fit 

RMSE: the root mean squared error 

ML: machine learning 
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Appendix 
Table A1. A summary of 2D structures, SMILES representations, experimental and predicted redox potentials (V 
versus SHE) of the compounds. 

# Molecule Smiles 𝑬𝐞𝐱𝐩𝐨  𝑬𝐩𝐫𝐞𝐨 _g 𝑬𝐩𝐫𝐞𝐨 _s 𝑬𝐩𝐫𝐞𝐨 _aq Ref. 

1 
 

O=C1C(=O)C=CC=C1 0.831 0.768 0.764 0.765 [114] 

2 
 

O=C1C(=O)C=Cc(c12)
cccc2 0.547 0.574 0.535 0.531 [114] 

3 

 

O=C1C=CC(=O)C=C1 0.699 0.617 0.671 0.673 [114] 

4 

 

O=C1C=CC(=O)c(c12)
cccc2 0.470 0.436 0.462 0.460 [114] 

5 

 

c1cccc(c12)C(=O)c3c(
C2=O)cccc3 0.090 0.178 0.158 0.155 [114] 

6 
 

c1cccc(c12)c3c(C(=O)
C2=O)cccc3 0.442 0.477 0.420 0.418 [114] 

7 
 

O=S(=O)(O)c(c1O)ccc(
c12)C(=O)c3c(C2=O)c
cc(c3O)S(=O)(=O)O 

0.116 0.246 0.185 0.154 [43] 

8 
 

c1cc(S(=O)(=O)O)cc(c
12)C(=O)c3c(C2=O)cc

c(c3)S(=O)(=O)O 
0.21 0.280 0.294 0.253 [29] 

9 

 

c1cccc(C2=O)c1C(=O)
c(c23)cc(cc3)S(=O)(=O

)O 
0.187 0.227 0.234 0.211 [29] 

10 

 

c1cccc(C2=O)c1C(=O)
c(c23)cc(S(=O)(=O)O)c

(O)c3O 
0.082 0.070 0.076 0.091 [29] 

11 

 

c1cccc(C2=O)c1C(=O)
c(c23)c(O)c(CS(=O)(=
O)O)c(c3O)CS(=O)(=O

)O 

0.02 0.061 0.046 0.053 [29] 
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12 
 

c1cc(S(=O)(=O)O)c(O)
c(c12)C(=O)c3c(C2=O)
ccc(c3O)S(=O)(=O)O 

0.12 0.192 0.176 0.184 [29] 

13 

 

Oc1c(S(=O)(=O)O)cc(
O)c(c12)C(=O)c3c(C2=

O)cccc3 
0.09 0.076 0.074 0.055 [43] 

14 

 

c1cccc(c12)C(=O)C(=C
(C2=O)O)CC=C(C)C 0.333 0.297 0.291 0.306 [91] 

15 

 

c1cccc(c12)C(=O)C(O)
=CC2=O 0.308 0.274 0.333 0.332 [91] 

16 

 

c1c(O)ccc(c12)C(=O)c
3c(C2=O)ccc(c3)O 0.039 0.122 0.087 0.088 [91] 

17 

 

c1ccc(O)c(c12)C(=O)c
3c(C2=O)cccc3O -0.03 -0.016 -0.003 -0.004 [91] 

18 

 

Oc1cccc(c12)C(=O)c3c
(C2=O)cccc3O -0.017 -0.046 -0.010 -0.010 [91] 

19 

 

Oc1c(O)ccc(c12)C(=O)
c3c(C2=O)cccc3 0.005 0.015 0.020 0.017 [91] 

20 

 

Oc1ccc(O)c(c12)C(=O)
c3c(C2=O)cccc3 -0.001 -0.074 -0.049 -0.046 [91] 

21 

 

c1ccc(O)c(c12)C(=O)c
3c(C2=O)cc(C(=O)O)c

c3O 
0.041 0.011 0.055 0.059 [91] 

22 

 

c1ccc(O)c(c12)C(=O)c
3c(C2=O)cc(CO)cc3O -0.008 -0.025 -0.008 -0.039 [91] 

23 

 

c1c(C)cc(O)c(c12)C(=
O)c3c(C2=O)cc(O)cc3

O 
-0.040 -0.061 -0.047 -0.041 [91] 

24 

 

Oc1ccc(O)c(c12)C(=O)
c3c(C2=O)ccc(O)c3O -0.084 -0.197 -0.165 -0.165 [91] 
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25 

 

OC1=CC(=O)C(O)=CC
1=O 0.382 0.264 0.364 0.362 [91] 

26 

 

O=C1C(F)=C(F)C(=O)
C(F)=C1F 0.707 0.618 0.645 0.653 [91] 

27 

 

O=C1C(O)=C(Cl)C(=O
)C(=C1Cl)O 0.394 0.371 0.374 0.381 [91] 

28 

 

O=C1C(Cl)=C(Cl)C(=
O)C(Cl)=C1Cl 0.700 0.641 0.653 0.659 [91] 

29 

 

O=C1C(O)=C(O)C(=O)
C(O)=C1O 0.280 0.368 0.334 0.334 [91] 

30 
 

O=S(=O)(O)CCSc(c1O
)c(SCCS(=O)(=O)O)c(
O)c(c12)C(=O)c3c(C2=

O)cccc3 

0.113 0.185 0.085 0.102 [43] 

31 

 

c1ccc(S(=O)(=O)O)c(c
12)C(=O)c3c(C2=O)cc

cc3 
0.195 0.257 0.182 0.183 [43] 

32 

 

c1ccc(S(=O)(=O)O)c(c
12)C(=O)c3c(C2=O)cc

cc3S(=O)(=O)O 
0.206 0.288 0.183 0.196 [43] 

33 
 

O=S(=O)(O)c(cc1)cc(c
12)C(=O)c3c(C2=O)c(
O)c(O)c(c3)S(=O)(=O)

O 

0.133 0.125 0.138 0.130 [43] 

34 

 

c1ccc(S(=O)(=O)O)c(c
12)C(=O)c3c(C2=O)c(

S(=O)(=O)O)ccc3 
0.239 0.331 0.197 0.199 [43] 

35 
 

O=S(=O)(O)c(cc1)cc(c
12)C(=O)c3c(C2=O)cc(

S(=O)(=O)O)cc3 
0.228 0.275 0.300 0.360 [43] 

36 

 

c1ccc(S(=O)(=O)O)c(c
12)C(=O)C=CC2=O 0.532 0.509 0.478 0.504 [43] 

37 

 

O=S(=O)(O)c(cc1)cc(c
12)C(=O)C=CC2=O 0.534 0.498 0.549 0.550 [43] 
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38 

 

O=C1C=CC(=O)C(O)=
C1 0.594 0.487 0.559 0.560 [43] 

39 

 

CC1=CC(=O)C=CC1=
O 0.641 0.593 0.643 0.640 [43] 

40 

 

O=C1C=CC(=O)C(Cl)
=C1 0.71 0.654 0.678 0.679 [43] 

41 

 

O=c1c(=O)c(S(=O)(=O
)O)cc(c2=O)c1c(=O)c(c

23)cccc3 
1.21 1.098 1.119 1.072 [43] 

42 
 

c1cccc(c12)c(=O)c3c(c
2=O)c(=O)c(SCCS(=O)
(=O)O)c(c3=O)SCCS(=

O)(=O)O 

1.08 1.100 1.106 1.108 [43] 

43 

 

O=c1c(S(=O)(=O)O)cc(
=O)c(c2=O)c1c(=O)c(c

23)cccc3 
1.05 1.239 1.222 1.228 [43] 
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Table A2. The complete list of all commercially available molecules from the ZINC database. 
SMILES Vendor Count Vendor Page 
c1cc(F)cc(c12)C(=O)C(=O)N2 97 http://zinc.docking.org/substances/ZINC000001671161/catitems/sub

sets/for-sale/table.html 
c1c(N)ccc(c12)C(=O)NC2=O 93 http://zinc.docking.org/substances/ZINC000000052615/catitems/sub

sets/for-sale/table.html 
c1cccc(c12)C(=O)C(=O)N2 87 http://zinc.docking.org/substances/ZINC000002047514/catitems/sub

sets/for-sale/table.html 
c1cccc(c12)C(=O)NC2=O 76 http://zinc.docking.org/substances/ZINC000000157623/catitems/sub

sets/for-sale/table.html 
Fc1cccc(c12)C(=O)C(=O)N2 75 http://zinc.docking.org/substances/ZINC000002574884/catitems/sub

sets/for-sale/table.html 
O=C(O)c1cccc(c12)C(=O)C(=O)N2 72 http://zinc.docking.org/substances/ZINC000002496760/catitems/sub

sets/for-sale/table.html 
O=c1[nH][nH]c(=O)cc1 72 http://zinc.docking.org/substances/ZINC000018181713/catitems/sub

sets/for-sale/table.html 
Oc1cccc(c12)C(=O)OC2=O 70 http://zinc.docking.org/substances/ZINC000008100889/catitems/sub

sets/for-sale/table.html 
c1c(N)ccc(c12)C(=O)N(C2=O)C 69 http://zinc.docking.org/substances/ZINC000000135566/catitems/sub

sets/for-sale/table.html 
Nc1cccc(c12)C(=O)NC2=O 65 http://zinc.docking.org/substances/ZINC000000066148/catitems/sub

sets/for-sale/table.html 
O=C1NC(=O)C=C1 64 http://zinc.docking.org/substances/ZINC000005133132/catitems/sub

sets/for-sale/table.html 
Fc1cccc(c12)C(=O)OC2=O 64 http://zinc.docking.org/substances/ZINC000008100899/catitems/sub

sets/for-sale/table.html 
c1cccc(c12)C(=O)CC2=O 64 http://zinc.docking.org/substances/ZINC000100012329/catitems/sub

sets/for-sale/table.html 
O=C(O)c(c1)ccc(c12)C(=O)OC2=O 63 http://zinc.docking.org/substances/ZINC000022346496/catitems/sub

sets/for-sale/table.html 
c1c(F)ccc(c12)C(=O)OC2=O 62 http://zinc.docking.org/substances/ZINC000008100993/catitems/sub

sets/for-sale/table.html 
c1c(F)ccc(c12)C(=O)C(=O)N2 61 http://zinc.docking.org/substances/ZINC000001632357/catitems/sub

sets/for-sale/table.html 
O=C1C=CC(=O)C=C1 59 http://zinc.docking.org/substances/ZINC000000895247/catitems/sub

sets/for-sale/table.html 
O=C1C(O)=C(O)C(=O)C(O)=C1O 59 http://zinc.docking.org/substances/ZINC000001665742/catitems/sub

sets/for-sale/table.html 
O=C1C(O)=CC(=O)C(=C1)O 59 http://zinc.docking.org/substances/ZINC000001727813/catitems/sub

sets/for-sale/table.html 
Fc1ccc(F)c(c12)C(=O)OC2=O 59 http://zinc.docking.org/substances/ZINC000095713472/catitems/sub

sets/for-sale/table.html 
Fc1c(F)c(F)c(F)c(c12)C(=O)OC2=O 57 http://zinc.docking.org/substances/ZINC000095713481/catitems/sub

sets/for-sale/table.html 
c1c(F)c(F)cc(c12)C(=O)C(=O)N2 56 http://zinc.docking.org/substances/ZINC000002308583/catitems/sub

sets/for-sale/table.html 
c1cccc(c12)C(=O)OC2=O 55 http://zinc.docking.org/substances/ZINC000008100883/catitems/sub

sets/for-sale/table.html 
c1c(F)c(F)cc(c12)C(=O)OC2=O 55 http://zinc.docking.org/substances/ZINC000051951620/catitems/sub

sets/for-sale/table.html 
c1ccc(F)c(c12)C(=O)C(=O)N2 54 http://zinc.docking.org/substances/ZINC000015206715/catitems/sub

sets/for-sale/table.html 
c1c(F)cc(F)c(c12)C(=O)C(=O)N2 52 http://zinc.docking.org/substances/ZINC000022165929/catitems/sub

sets/for-sale/table.html 
c1cc(C(=O)O)cc(c12)C(=O)C(=O)N2 51 http://zinc.docking.org/substances/ZINC000006251626/catitems/sub

sets/for-sale/table.html 
O=C1C(F)=C(F)C(=O)C(F)=C1F 48 http://zinc.docking.org/substances/ZINC000001558819/catitems/sub

sets/for-sale/table.html 
c1cccc(c12)C(=O)N(C2=O)C 47 http://zinc.docking.org/substances/ZINC000000332671/catitems/sub

sets/for-sale/table.html 
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O=C1OC(=O)C=C1 47 http://zinc.docking.org/substances/ZINC000008100874/catitems/sub
sets/for-sale/table.html 

O=C(O)c(c1)ccc(c12)C(=O)NC2=O 45 http://zinc.docking.org/substances/ZINC000000190291/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Cc(c12)cccc2 42 http://zinc.docking.org/substances/ZINC000001691218/catitems/sub
sets/for-sale/table.html 

O=C(O)c(c1)ccc(c12)C(=O)N(C2=O)C 41 http://zinc.docking.org/substances/ZINC000000454871/catitems/sub
sets/for-sale/table.html 

OS(=O)(=O)c(c1)ccc(c12)N/C(C2=O)=C
(\C3=O)Nc(c34)ccc(c4)S(=O)(=O)O 

39 http://zinc.docking.org/substances/ZINC000100005073/catitems/sub
sets/for-sale/table.html 

c1c(O)ccc(c12)C(=O)OC2=O 35 http://zinc.docking.org/substances/ZINC000098046304/catitems/sub
sets/for-sale/table.html 

Fc1c(F)c(F)c(F)c(c12)C(=O)NC2=O 34 http://zinc.docking.org/substances/ZINC000000399758/catitems/sub
sets/for-sale/table.html 

Nc1cccc(c12)C(=O)N(C2=O)C 33 http://zinc.docking.org/substances/ZINC000000294973/catitems/sub
sets/for-sale/table.html 

c1cc(S(=O)(=O)O)cc(c12)C(=O)C(=O)N
2 

29 http://zinc.docking.org/substances/ZINC000001691616/catitems/sub
sets/for-sale/table.html 

Fc1ccc(F)c(c12)C(=O)C(=O)N2 29 http://zinc.docking.org/substances/ZINC000019261470/catitems/sub
sets/for-sale/table.html 

c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c3
4)cccc4 

29 http://zinc.docking.org/substances/ZINC000100014196/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Oc(c12)cccc2 24 http://zinc.docking.org/substances/ZINC000001712109/catitems/sub
sets/for-sale/table.html 

Fc1cc(F)cc(c12)C(=O)C(=O)N2 24 http://zinc.docking.org/substances/ZINC000019257975/catitems/sub
sets/for-sale/table.html 

c1c(F)c(F)cc(c12)C(=O)NC2=O 24 http://zinc.docking.org/substances/ZINC000034371310/catitems/sub
sets/for-sale/table.html 

c1c(O)ccc(c12)C(=O)NC2=O 24 http://zinc.docking.org/substances/ZINC000039017409/catitems/sub
sets/for-sale/table.html 

Fc1c(F)c(F)c(F)c(c12)C(=O)N(C2=O)C 23 http://zinc.docking.org/substances/ZINC000002382399/catitems/sub
sets/for-sale/table.html 

c1c(O)ccc(c12)C(=O)C(=O)N2 23 http://zinc.docking.org/substances/ZINC000014455608/catitems/sub
sets/for-sale/table.html 

Nc1cccc(c12)C(=O)OC2=O 23 http://zinc.docking.org/substances/ZINC000060223012/catitems/sub
sets/for-sale/table.html 

Fc1cccc(c12)C(=O)NC2=O 22 http://zinc.docking.org/substances/ZINC000049002076/catitems/sub
sets/for-sale/table.html 

c1c(F)c(F)c(F)c(c12)C(=O)C(=O)N2 21 http://zinc.docking.org/substances/ZINC000061117840/catitems/sub
sets/for-sale/table.html 

c1ccc(C(=O)O)c(c12)C(=O)C(=O)N2 21 http://zinc.docking.org/substances/ZINC000066338856/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Sc(c12)cccc2 20 http://zinc.docking.org/substances/ZINC000001704506/catitems/sub
sets/for-sale/table.html 

Fc1c(F)ccc(c12)C(=O)C(=O)N2 20 http://zinc.docking.org/substances/ZINC000040230449/catitems/sub
sets/for-sale/table.html 

O=C1CC(=O)C=C1 18 http://zinc.docking.org/substances/ZINC000004521345/catitems/sub
sets/for-sale/table.html 

Fc1c(F)c(F)cc(c12)C(=O)C(=O)N2 18 http://zinc.docking.org/substances/ZINC000022221960/catitems/sub
sets/for-sale/table.html 

c1cc(N)cc(c12)C(=O)C(=O)N2 17 http://zinc.docking.org/substances/ZINC000002575252/catitems/sub
sets/for-sale/table.html 

c1cc(O)cc(c12)C(=O)C(=O)N2 17 http://zinc.docking.org/substances/ZINC000038582837/catitems/sub
sets/for-sale/table.html 

c1cccc(c12)S/C(C2=O)=C(C3=O)/Sc(c34
)cccc4 

16 http://zinc.docking.org/substances/ZINC000004644735/catitems/sub
sets/for-sale/table.html 

c1c(F)ccc(c12)C(=O)NC2=O 16 http://zinc.docking.org/substances/ZINC000066339006/catitems/sub
sets/for-sale/table.html 

Oc1cccc(c12)C(=O)C(=O)N2 15 http://zinc.docking.org/substances/ZINC000039115800/catitems/sub
sets/for-sale/table.html 

Oc1cccc(c12)C(=O)NC2=O 13 http://zinc.docking.org/substances/ZINC000001596248/catitems/sub
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sets/for-sale/table.html 
Nc1cccc(c12)C(=O)C(=O)N2 13 http://zinc.docking.org/substances/ZINC000066338871/catitems/sub

sets/for-sale/table.html 
O=C(O)c1cccc(c12)C(=O)NC2=O 13 http://zinc.docking.org/substances/ZINC000095883911/catitems/sub

sets/for-sale/table.html 
O=C(O)c(c1)ccc(c12)C(=O)C(=O)N2 12 http://zinc.docking.org/substances/ZINC000013508079/catitems/sub

sets/for-sale/table.html 
Fc1c(F)ccc(c12)C(=O)OC2=O 12 http://zinc.docking.org/substances/ZINC000059028857/catitems/sub

sets/for-sale/table.html 
O=C(O)c1cccc(c12)C(=O)OC2=O 12 http://zinc.docking.org/substances/ZINC000100913338/catitems/sub

sets/for-sale/table.html 
Oc1c(O)ccc(c12)C(=O)NC2=O 12 http://zinc.docking.org/substances/ZINC000102996540/catitems/sub

sets/for-sale/table.html 
c1c(F)ccc(c12)C(=O)N(C2=O)C 11 http://zinc.docking.org/substances/ZINC000000290302/catitems/sub

sets/for-sale/table.html 
c1cccc(c12)C(=O)SC2=O 11 http://zinc.docking.org/substances/ZINC000002573140/catitems/sub

sets/for-sale/table.html 
Fc1cccc(c12)C(=O)N(C2=O)C 11 http://zinc.docking.org/substances/ZINC000039216160/catitems/sub

sets/for-sale/table.html 
O=C1C(F)=CC(=O)C=C1 11 http://zinc.docking.org/substances/ZINC000059696914/catitems/sub

sets/for-sale/table.html 
c1c(O)ccc(c12)C(=O)CC2=O 11 http://zinc.docking.org/substances/ZINC000147400404/catitems/sub

sets/for-sale/table.html 
O=S(=O)(O)c(c1)ccc(c12)C(=O)OC2=O 10 http://zinc.docking.org/substances/ZINC000100494421/catitems/sub

sets/for-sale/table.html 
O=C(O)c(c1)ccc(c12)C(=O)CC2=O 10 http://zinc.docking.org/substances/ZINC000100845052/catitems/sub

sets/for-sale/table.html 
O=C1OC(=O)C(F)=C1F 10 http://zinc.docking.org/substances/ZINC000100940650/catitems/sub

sets/for-sale/table.html 
Fc1c(F)cc(F)c(c12)C(=O)C(=O)N2 9 http://zinc.docking.org/substances/ZINC000061117838/catitems/sub

sets/for-sale/table.html 
OS(=O)(=O)c(c1)ccc(c12)N/C(C2=O)=C
(\C3=O)Nc(c34)c(S(=O)(=O)O)cc(c4)S(
=O)(=O)O 

9 http://zinc.docking.org/substances/ZINC000100078286/catitems/sub
sets/for-sale/table.html 

OS(=O)(=O)c(c1)cc(S(=O)(=O)O)c(c12)
N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)cc(c4)S(=O)(=O)O 

9 http://zinc.docking.org/substances/ZINC000100125943/catitems/sub
sets/for-sale/table.html 

O=C1C(O)=CC(=O)C=C1 8 http://zinc.docking.org/substances/ZINC000000896618/catitems/sub
sets/for-sale/table.html 

Oc1ccc(O)c(c12)C(=O)NC2=O 8 http://zinc.docking.org/substances/ZINC000001758060/catitems/sub
sets/for-sale/table.html 

Nc1ccc(N)c(c12)C(=O)N(C2=O)C 8 http://zinc.docking.org/substances/ZINC000097053856/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Cc(c12)cc(F)cc2 7 http://zinc.docking.org/substances/ZINC000034540233/catitems/sub
sets/for-sale/table.html 

O=C(O)c1cccc(c12)C(=O)N(C2=O)C 7 http://zinc.docking.org/substances/ZINC000096527868/catitems/sub
sets/for-sale/table.html 

Oc1c(O)cc(O)c(c12)C(=O)c3c(C2=O)cc(
O)c(c3C)C(=O)O 

6 http://zinc.docking.org/substances/ZINC000014760978/catitems/sub
sets/for-sale/table.html 

O=c1[nH][nH]c(=O)c(N)c1N 6 http://zinc.docking.org/substances/ZINC000026506586/catitems/sub
sets/for-sale/table.html 

c1c(O)c(O)cc(c12)C(=O)C(=O)N2 6 http://zinc.docking.org/substances/ZINC000032628169/catitems/sub
sets/for-sale/table.html 

c1cc(F)c(F)c(c12)C(=O)C(=O)N2 6 http://zinc.docking.org/substances/ZINC000095930665/catitems/sub
sets/for-sale/table.html 

O=C1C(N)=CC(=O)C(=C1)N 6 http://zinc.docking.org/substances/ZINC000100452001/catitems/sub
sets/for-sale/table.html 

NC1=CC(=O)C(N)=CC1=O 6 http://zinc.docking.org/substances/ZINC000100452001/catitems/sub
sets/for-sale/table.html 

c1c(O)c(O)cc(c12)C(=O)NC2=O 6 http://zinc.docking.org/substances/ZINC000113917686/catitems/sub
sets/for-sale/table.html 
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Oc1ccc(O)c(c12)C(=O)C(=O)N2 5 http://zinc.docking.org/substances/ZINC000039116487/catitems/sub
sets/for-sale/table.html 

c1ccc(N)c(c12)C(=O)C(=O)N2 5 http://zinc.docking.org/substances/ZINC000066338945/catitems/sub
sets/for-sale/table.html 

Oc1c(O)ccc(c12)C(=O)OC2=O 5 http://zinc.docking.org/substances/ZINC000085968731/catitems/sub
sets/for-sale/table.html 

Oc1cc(O)cc(c12)C(=O)C(=O)N2 5 http://zinc.docking.org/substances/ZINC000096032691/catitems/sub
sets/for-sale/table.html 

NC1=CC(=O)C=CC1=O 5 http://zinc.docking.org/substances/ZINC000104564275/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Cc(c12)c(F)ccc2 5 http://zinc.docking.org/substances/ZINC000215090177/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Sc(c12)ccc(F)c2 5 http://zinc.docking.org/substances/ZINC000230384565/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)CC=C1 4 http://zinc.docking.org/substances/ZINC000005133312/catitems/sub
sets/for-sale/table.html 

c1ccc(O)c(c12)C(=O)C(=O)N2 4 http://zinc.docking.org/substances/ZINC000014455606/catitems/sub
sets/for-sale/table.html 

Nc1cccc(c12)C(=O)CC2=O 4 http://zinc.docking.org/substances/ZINC000034188305/catitems/sub
sets/for-sale/table.html 

O=c1[nH][nH]c(=O)c(c1)N 4 http://zinc.docking.org/substances/ZINC000039095543/catitems/sub
sets/for-sale/table.html 

Fc1cc(F)c(F)c(c12)C(=O)C(=O)N2 4 http://zinc.docking.org/substances/ZINC000061093757/catitems/sub
sets/for-sale/table.html 

O=S(=O)(O)c1cccc(c12)C(=O)OC2=O 4 http://zinc.docking.org/substances/ZINC000100124427/catitems/sub
sets/for-sale/table.html 

FC1=C(F)C(=O)C=CC1=O 4 http://zinc.docking.org/substances/ZINC000104530747/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)NC=C1 4 http://zinc.docking.org/substances/ZINC000104606194/catitems/sub
sets/for-sale/table.html 

O=C1CC(=O)C=C1O 4 http://zinc.docking.org/substances/ZINC000108339842/catitems/sub
sets/for-sale/table.html 

c1c(N)c(N)cc(c12)C(=O)NC2=O 4 http://zinc.docking.org/substances/ZINC000113840100/catitems/sub
sets/for-sale/table.html 

O=C1C(N)=C(N)C(=O)C(N)=C1N 4 http://zinc.docking.org/substances/ZINC000115673885/catitems/sub
sets/for-sale/table.html 

O=C1C(F)=CC(=O)C=C1F 4 http://zinc.docking.org/substances/ZINC000139496787/catitems/sub
sets/for-sale/table.html 

O=C1C(F)=C(F)C(=O)C=C1F 4 http://zinc.docking.org/substances/ZINC000141202088/catitems/sub
sets/for-sale/table.html 

c1c(O)c(O)cc(c12)C(=O)OC2=O 4 http://zinc.docking.org/substances/ZINC000144114753/catitems/sub
sets/for-sale/table.html 

Fc1c(F)c(F)c(F)c(c12)C(=O)C(=O)N2 4 http://zinc.docking.org/substances/ZINC000146331325/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Sc(c12)c(F)ccc2 4 http://zinc.docking.org/substances/ZINC000230384568/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Sc(c12)cc(F)c(F)c2 4 http://zinc.docking.org/substances/ZINC000230384572/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Sc(c12)c(F)cc(F)c2 4 http://zinc.docking.org/substances/ZINC000230384576/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Sc(c12)c(F)ccc2F 4 http://zinc.docking.org/substances/ZINC000230384579/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Sc(c12)cc(F)cc2 4 http://zinc.docking.org/substances/ZINC000230385297/catitems/sub
sets/for-sale/table.html 

Oc1ccc(O)c(c12)C(=O)OC2=O 3 http://zinc.docking.org/substances/ZINC000008383129/catitems/sub
sets/for-sale/table.html 

O=C1SC(=O)C(F)=C1F 3 http://zinc.docking.org/substances/ZINC000034474765/catitems/sub
sets/for-sale/table.html 

c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c3
4)ccc(c4)S(=O)(=O)O 

3 http://zinc.docking.org/substances/ZINC000103862135/catitems/sub
sets/for-sale/table.html 

c1c(N)ccc(c12)C(=O)OC2=O 3 http://zinc.docking.org/substances/ZINC000104372478/catitems/sub
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sets/for-sale/table.html 
O=C1C(=O)Cc(c12)cc(O)cc2 3 http://zinc.docking.org/substances/ZINC000116403160/catitems/sub

sets/for-sale/table.html 
Oc1cccc(c12)C(=O)N(C2=O)C 3 http://zinc.docking.org/substances/ZINC000139641385/catitems/sub

sets/for-sale/table.html 
O=C1OC(=O)C(F)=C1 3 http://zinc.docking.org/substances/ZINC000140591673/catitems/sub

sets/for-sale/table.html 
Oc1ccc(O)c(c12)C(=O)N(C2=O)C 3 http://zinc.docking.org/substances/ZINC000219379643/catitems/sub

sets/for-sale/table.html 
c1c(F)c(F)cc(c12)C(=O)CC2=O 3 http://zinc.docking.org/substances/ZINC001772820668/catitems/sub

sets/for-sale/table.html 
Nc1ccc(N)c(c12)C(=O)NC2=O 2 http://zinc.docking.org/substances/ZINC000005117109/catitems/sub

sets/for-sale/table.html 
c1ccc(O)c(c12)C(=O)c3c(C2=O)cc(O)c(c
3C)C(=O)O 

2 http://zinc.docking.org/substances/ZINC000013334444/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)OC=C1 2 http://zinc.docking.org/substances/ZINC000034100022/catitems/sub
sets/for-sale/table.html 

Fc1c(F)cc(F)c(c12)C(=O)N(C2=O)C 2 http://zinc.docking.org/substances/ZINC000034339076/catitems/sub
sets/for-sale/table.html 

O=S(=O)(O)c(c1)ccc(c12)C(=O)NC2=O 2 http://zinc.docking.org/substances/ZINC000034601765/catitems/sub
sets/for-sale/table.html 

Nc1cc(N)cc(c12)C(=O)NC2=O 2 http://zinc.docking.org/substances/ZINC000038434148/catitems/sub
sets/for-sale/table.html 

O=C1CC(=O)C=C1N 2 http://zinc.docking.org/substances/ZINC000039118440/catitems/sub
sets/for-sale/table.html 

c1c(O)ccc(c12)C(=O)N(C2=O)C 2 http://zinc.docking.org/substances/ZINC000039185028/catitems/sub
sets/for-sale/table.html 

O=C1NC(=O)C(=C1)S(=O)(=O)O 2 http://zinc.docking.org/substances/ZINC000079427872/catitems/sub
sets/for-sale/table.html 

O=C1NC(=O)C(N)=C1N 2 http://zinc.docking.org/substances/ZINC000084236202/catitems/sub
sets/for-sale/table.html 

OC1=C(O)C(=O)C=CC1=O 2 http://zinc.docking.org/substances/ZINC000085969010/catitems/sub
sets/for-sale/table.html 

O=C1C(O)=C(O)C(=O)C=C1O 2 http://zinc.docking.org/substances/ZINC000086005483/catitems/sub
sets/for-sale/table.html 

O=C1NC(=O)C(=C1)N 2 http://zinc.docking.org/substances/ZINC000090647588/catitems/sub
sets/for-sale/table.html 

NC1=C(N)C(=O)C=CC1=O 2 http://zinc.docking.org/substances/ZINC000104590835/catitems/sub
sets/for-sale/table.html 

O=C1C(N)=CC(=O)C=C1N 2 http://zinc.docking.org/substances/ZINC000104644151/catitems/sub
sets/for-sale/table.html 

O=C1OC(=O)C(=C1)C(=O)O 2 http://zinc.docking.org/substances/ZINC000106167075/catitems/sub
sets/for-sale/table.html 

O=c1[nH][nH]c(=O)c(F)c1F 2 http://zinc.docking.org/substances/ZINC000107266726/catitems/sub
sets/for-sale/table.html 

O=c1[nH][nH]c(=O)c(F)c1 2 http://zinc.docking.org/substances/ZINC000107266735/catitems/sub
sets/for-sale/table.html 

c1c(N)c(N)cc(c12)C(=O)N(C2=O)C 2 http://zinc.docking.org/substances/ZINC000113840699/catitems/sub
sets/for-sale/table.html 

O=C1NC(=O)C(=C1)O 2 http://zinc.docking.org/substances/ZINC000115068494/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)NC(=C1)O 2 http://zinc.docking.org/substances/ZINC000115068494/catitems/sub
sets/for-sale/table.html 

Fc1ccc(F)c(c12)C(=O)NC2=O 2 http://zinc.docking.org/substances/ZINC000115186760/catitems/sub
sets/for-sale/table.html 

O=C1SC(=O)C=C1 2 http://zinc.docking.org/substances/ZINC000115277016/catitems/sub
sets/for-sale/table.html 

O=C1NC(=O)C(O)=C1O 2 http://zinc.docking.org/substances/ZINC000117800444/catitems/sub
sets/for-sale/table.html 

O=C1C(F)=CC(=O)C(F)=C1 2 http://zinc.docking.org/substances/ZINC000136064135/catitems/sub
sets/for-sale/table.html 
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Fc1cccc(c12)C(=O)CC2=O 2 http://zinc.docking.org/substances/ZINC000139869489/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)Oc(c12)cc(O)cc2 2 http://zinc.docking.org/substances/ZINC000142006413/catitems/sub
sets/for-sale/table.html 

Nc1c(N)c(N)cc(c12)C(=O)N(C2=O)C 2 http://zinc.docking.org/substances/ZINC000145556470/catitems/sub
sets/for-sale/table.html 

O=C1CC(=O)C(O)=C1O 2 http://zinc.docking.org/substances/ZINC000149599814/catitems/sub
sets/for-sale/table.html 

O=C1C(N)=C(O)C(=O)C(N)=C1O 2 http://zinc.docking.org/substances/ZINC000169455014/catitems/sub
sets/for-sale/table.html 

c1c(N)ccc(c12)C(=O)CC2=O 2 http://zinc.docking.org/substances/ZINC000201442922/catitems/sub
sets/for-sale/table.html 

c1c(F)ccc(c12)C(=O)CC2=O 2 http://zinc.docking.org/substances/ZINC000205104239/catitems/sub
sets/for-sale/table.html 

O=C1COC(=O)C(O)=C1O 2 http://zinc.docking.org/substances/ZINC000238640375/catitems/sub
sets/for-sale/table.html 

O=C(O)c1cccc(c12)C(=O)CC2=O 2 http://zinc.docking.org/substances/ZINC000238677598/catitems/sub
sets/for-sale/table.html 

Oc1c(O)c(O)cc(c12)C(=O)OC2=O 2 http://zinc.docking.org/substances/ZINC000238724125/catitems/sub
sets/for-sale/table.html 

Oc1c(O)ccc(c12)C(=O)CC2=O 2 http://zinc.docking.org/substances/ZINC000238730063/catitems/sub
sets/for-sale/table.html 

O=c1[nH][nH]c(=O)c(c1)C(=O)O 2 http://zinc.docking.org/substances/ZINC000259393443/catitems/sub
sets/for-sale/table.html 

O=C1C(=O)CC(=C1)O 2 http://zinc.docking.org/substances/ZINC000306282222/catitems/sub
sets/for-sale/table.html 

O=S(=O)(O)c(c1)ccc(c12)C(=O)C(=O)N
2 

2 http://zinc.docking.org/substances/ZINC000686086443/catitems/sub
sets/for-sale/table.html 

O=S(=O)(O)c1cccc(c12)C(=O)C(=O)N2 2 http://zinc.docking.org/substances/ZINC000686086662/catitems/sub
sets/for-sale/table.html 

O=c1[nH][nH]c(=O)c(c1)O 2 http://zinc.docking.org/substances/ZINC000701678085/catitems/sub
sets/for-sale/table.html 

c1c(N)c(N)cc(c12)C(=O)C(=O)N2 2 http://zinc.docking.org/substances/ZINC000708594587/catitems/sub
sets/for-sale/table.html 

c1cc(N)cc(c12)C(=O)/C(O2)=C(/C3=O)
Oc(c34)ccc(c4)N 

2 http://zinc.docking.org/substances/ZINC000725416330/catitems/sub
sets/for-sale/table.html 

O=C1C(O)=CC(=O)C=C1O 1 http://zinc.docking.org/substances/ZINC000085969032/catitems/sub
sets/for-sale/table.html 

O=C(O)c(c1)c(C(=O)O)cc(c12)C(=O)OC
2=O 

1 http://zinc.docking.org/substances/ZINC000100286938/catitems/sub
sets/for-sale/table.html 

c1ccc(F)c(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(F)ccc4 

1 http://zinc.docking.org/substances/ZINC000104252752/catitems/sub
sets/for-sale/table.html 

c1c(F)ccc(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)ccc(F)c4 

1 http://zinc.docking.org/substances/ZINC000104252805/catitems/sub
sets/for-sale/table.html 
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Table A3. The list of 205 quinone-like compounds as promising anolytes for ARFBs.  
Reactant SMILES Redox Potential (V vs SHE) Solubility (mol/L) 

O=C1CSC(=O)C=C1 0.032  0.147  

O=C1COC(=O)C=C1 -0.096  0.406  

O=C1CC(=O)C=C1 0.010  0.452  

O=C1SC(=O)C=C1 0.014  0.277  

O=C1C(=O)CC=C1 0.124  0.489  

O=C1C(=O)NC=C1 0.082  0.385  

O=C1C(=O)OC=C1 0.133  0.359  

O=C1C(=O)SC=C1 0.209  0.117  

O=C1CNC(=O)C=C1C(=O)O 0.035  0.082  

O=C1CNC(=O)C(=C1)C(=O)O 0.178  0.079  

O=C1CNC(=O)C=C1S(=O)(=O)O -0.058  0.097  

O=C1CNC(=O)C(=C1)S(=O)(=O)O 0.097  0.092  

O=C1CSC(=O)C=C1C(=O)O 0.218  0.088  

O=C1CSC(=O)C(=C1)C(=O)O 0.175  0.079  

O=C1CSC(=O)C=C1F 0.026  0.082  

O=C1CSC(=O)C(F)=C1 -0.001  0.078  

O=C1CSC(=O)C=C1S(=O)(=O)O 0.230  0.077  

O=C1CSC(=O)C(=C1)S(=O)(=O)O 0.176  0.076  

O=C1COC(=O)C(=C1)C(=O)O 0.104  0.178  

O=C1COC(=O)C=C1C(=O)O 0.014  0.159  

O=C1COC(=O)C=C1S(=O)(=O)O 0.161  0.110  

O=C1COC(=O)C(=C1)S(=O)(=O)O 0.124  0.109  

O=C1OC(=O)C(=C1)C(=O)O 0.075  0.152  

O=C1CC(=O)C=C1C(=O)O 0.263  0.118  

O=C1CC(=O)C=C1F -0.010  0.329  

O=C1CC(=O)C(=C1)S(=O)(=O)O 0.234  0.112  

O=C1NC(=O)C(=C1)C(=O)O 0.169  0.101  

O=C1NC(=O)C(=C1)S(=O)(=O)O 0.164  0.084  
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O=C1SC(=O)C(=C1)C(=O)O 0.177  0.107  

O=C1SC(=O)C(F)=C1 -0.008  0.128  

O=C1SC(=O)C(=C1)S(=O)(=O)O 0.240  0.066  

O=c1ooc(=O)c(c1)S(=O)(=O)O -0.021  0.154  

O=C(O)C1=CCC(=O)C1=O 0.221  0.088  

O=C1C(=O)CC=C1F 0.169  0.385  

O=C1C(=O)CC(F)=C1 0.027  0.333  

O=C1C(N)=CCC1=O 0.045  0.140  

O=C1C(=O)CC(=C1)O -0.099  0.490  

O=C1C(=O)CC=C1O 0.091  0.404  

O=C1C(=O)CC=C1S(=O)(=O)O 0.225  0.218  

O=C(O)C1=CNC(=O)C1=O 0.241  0.111  

O=C1C(=O)NC(F)=C1 -0.008  0.468  

O=C1C(=O)NC=C1F 0.134  0.384  

O=C1C(N)=CNC1=O 0.067  0.101  

O=C1C(=O)NC=C1O 0.109  0.316  

O=C1C(=O)NC=C1S(=O)(=O)O 0.238  0.090  

O=C(O)C1=COC(=O)C1=O 0.272  0.124  

O=C1C(F)=COC1=O 0.185  0.394  

O=C1C(=O)OC(F)=C1 0.037  0.393  

O=C1C(N)=COC1=O 0.116  0.234  

O=C1C(O)=COC1=O 0.119  0.524  

O=C1C(S(=O)(=O)O)=COC1=O 0.246  0.109  

O=C1C(F)=CSC1=O 0.286  0.114  

O=C1C(=O)SC(F)=C1 0.096  0.095  

O=C1C(=O)SC(=C1)O -0.029  0.373  

O=C1C(O)=CSC1=O 0.229  0.322  
c1cccc(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c3C
)C(=O)O 0.230  0.653  
c1ccc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)cc(c3C
)C(=O)O 0.150  0.428  
O=S(=O)(O)c1cccc(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)cc(c3C)
C(=O)O 0.157  0.354  
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c1ccc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)cc(S(=O)(=O)O)c(c3C
)C(=O)O 0.222  0.295  
O=S(=O)(O)c1cccc(c12)C(=O)c3c(C2=O)cc(S(=O)(=O)O)c(c3C)
C(=O)O 0.258  0.277  
O=S(=O)(O)c1ccc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)ccc(c3C)
C(=O)O 0.140  0.265  
c1cc(S(=O)(=O)O)cc(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)cc(c3C
)C(=O)O 0.252  0.233  
c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)ccc(c3C
)C(=O)O 0.198  0.210  
O=S(=O)(O)c(c1)ccc(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)cc(c3C
)C(=O)O 0.250  0.205  
O=S(=O)(O)c1cc(S(=O)(=O)O)cc(c12)C(=O)c3c(C2=O)ccc(c3C)
C(=O)O 0.246  0.200  
O=S(=O)(O)c(c1)ccc(c12)C(=O)c3c(C2=O)cc(S(=O)(=O)O)c(c3C
)C(=O)O 0.290  0.198  
O=S(=O)(O)c(c1)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)ccc(c3C
)C(=O)O 0.216  0.174  
O=S(=O)(O)c1c(S(=O)(=O)O)ccc(c12)C(=O)c3c(C2=O)ccc(c3C)
C(=O)O 0.263  0.173  

O=S(=O)(O)c(c1)c(S(=O)(=O)O)cc(c12)C(=O)SC2=O -0.039  0.366  

O=S(=O)(O)c1cc(S(=O)(=O)O)cc(c12)C(=O)SC2=O -0.083  0.304  

O=S(=O)(O)c1c(S(=O)(=O)O)ccc(c12)C(=O)SC2=O -0.089  0.300  

O=S(=O)(O)c(c1)c(S(=O)(=O)O)cc(c12)C(=O)CC2=O -0.059  0.621  

O=C1CNC(=O)C(C(=O)O)=C1C(=O)O 0.258  0.066  

O=C1CC(=O)C(F)=C1F -0.012  0.279  

O=C1SC(=O)C(F)=C1F -0.007  0.165  

O=c1[nH][nH]c(=O)c(S(=O)(=O)O)c1S(=O)(=O)O 0.101  0.214  

O=S(=O)(O)c(c1)c(S(=O)(=O)O)cc(c12)C(=O)C(=O)N2 0.209  0.408  

O=S(=O)(O)c(c1)cc(S(=O)(=O)O)c(c12)C(=O)C(=O)N2 0.254  0.360  

O=S(=O)(O)c1cc(S(=O)(=O)O)cc(c12)C(=O)C(=O)N2 0.174  0.340  

O=S(=O)(O)c1ccc(S(=O)(=O)O)c(c12)C(=O)C(=O)N2 0.193  0.292  

O=S(=O)(O)c1c(S(=O)(=O)O)ccc(c12)C(=O)C(=O)N2 0.204  0.291  

O=C1C(=O)Cc(c12)c(S(=O)(=O)O)cc(c2)S(=O)(=O)O 0.293  0.149  

O=C1C(=O)Oc(c12)c(S(=O)(=O)O)cc(c2)S(=O)(=O)O 0.235  0.187  

O=C1C(=O)Oc(c12)cc(S(=O)(=O)O)cc2S(=O)(=O)O 0.292  0.186  

O=C1C(=O)Oc(c12)cc(S(=O)(=O)O)c(c2)S(=O)(=O)O 0.283  0.175  

O=C1C(=O)Oc(c12)c(S(=O)(=O)O)c(cc2)S(=O)(=O)O 0.287  0.164  

O=C1C(=O)Oc(c12)c(S(=O)(=O)O)ccc2S(=O)(=O)O 0.259  0.147  

O=C1C(F)=C(F)CC1=O 0.085  0.179  
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O=C1C(F)=C(F)NC1=O 0.046  0.377  

O=C1C(F)=C(F)OC1=O 0.078  0.299  

O=C1C(F)=C(F)SC1=O 0.195  0.104  

O=C1C(O)=C(O)SC1=O -0.039  0.201  
Oc1c(O)c(S(=O)(=O)O)c(O)c(c12)C(=O)c3c(C2=O)c(S(=O)(=O)
O)c(O)c(c3C)C(=O)O 0.069  0.541  
O=S(=O)(O)c1cccc(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)c(S(=O)(
=O)O)c(c3C)C(=O)O 0.263  0.489  
c1ccc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)c(S(=O
)(=O)O)c(c3C)C(=O)O 0.208  0.429  
O=S(=O)(O)c1ccc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)(
=O)O)cc(c3C)C(=O)O 0.128  0.384  
O=S(=O)(O)c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)ccc(c3C)C(=O)O 0.161  0.300  
c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)
(=O)O)cc(c3C)C(=O)O 0.198  0.290  
O=S(=O)(O)c1cc(S(=O)(=O)O)cc(c12)C(=O)c3c(C2=O)c(S(=O)(
=O)O)cc(c3C)C(=O)O 0.220  0.255  
O=S(=O)(O)c(c1)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)
(=O)O)cc(c3C)C(=O)O 0.210  0.245  
O=S(=O)(O)c1ccc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)cc(S(=O)(
=O)O)c(c3C)C(=O)O 0.206  0.244  
O=S(=O)(O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)ccc(c3C)C(=O)O 0.169  0.240  
O=S(=O)(O)c1c(S(=O)(=O)O)ccc(c12)C(=O)c3c(C2=O)c(S(=O)(
=O)O)cc(c3C)C(=O)O 0.284  0.237  
O=S(=O)(O)c(c1)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(
C2=O)ccc(c3C)C(=O)O 0.250  0.236  
O=S(=O)(O)c(c1)ccc(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)c(S(=O
)(=O)O)c(c3C)C(=O)O 0.290  0.233  
c1cc(S(=O)(=O)O)cc(c12)C(=O)c3c(C2=O)c(S(=O)(=O)O)c(S(=O
)(=O)O)c(c3C)C(=O)O 0.269  0.222  
c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)cc(S(=O
)(=O)O)c(c3C)C(=O)O 0.249  0.213  
O=S(=O)(O)c(c1)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)cc(S(=O
)(=O)O)c(c3C)C(=O)O 0.280  0.179  
c1ccc(S(=O)(=O)O)c(c12)C(=O)/C(O2)=C(/C3=O)Oc(c34)cc(cc4)
S(=O)(=O)O 0.289  0.087  
c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=O)O)cc(S(=
O)(=O)O)c4S(=O)(=O)O 0.125  0.098  
c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=O)O)c(S(=O)
(=O)O)cc4S(=O)(=O)O 0.188  0.093  
c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)cc(S(=O)(=O)O)c(S(=
O)(=O)O)c4S(=O)(=O)O 0.269  0.090  
c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=O)O)c(S(=O)
(=O)O)c(c4)S(=O)(=O)O 0.233  0.089  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)ccc4S(=O)(=O)O 0.210  0.077  
c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)ccc4S(=O)(=O)O 0.173  0.076  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)ccc(S(=O)
(=O)O)c4S(=O)(=O)O 0.174  0.069  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)ccc4 0.191  0.069  
c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(cc4)S(=O)(=O)O 0.227  0.068  
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OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)c(cc4)S(=O)(=O)O 0.203  0.066  
c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)cc(c4)S(=O)(=O)O 0.203  0.065  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)cc(c4)S(=O)(=O)O 0.176  0.065  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)cc(S(=O)(
=O)O)cc4S(=O)(=O)O 0.221  0.065  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)ccc4 0.198  0.062  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)C(=O)N(C2=
O)C -0.064  0.724  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)C(=O)NC2=
O -0.031  0.427  
O=S(=O)(O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)C(=O)NC2=
O -0.083  0.425  
O=S(=O)(O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)C(=O)SC2=
O -0.045  0.342  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)C(=O)SC2=
O 0.037  0.321  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)C(=O)CC2=
O -0.001  0.532  
O=S(=O)(O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)C(=O)OC2=
O -0.044  0.406  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)C(=O)OC2=
O -0.046  0.310  
O=S(=O)(O)c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)c(S(=O)(=O)O)cc(c3C)C(=O)O 0.159  0.395  
O=S(=O)(O)c1ccc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(c3C)C(=O)O 0.290  0.387  
O=S(=O)(O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)c(S(=O)(=O)O)cc(c3C)C(=O)O 0.243  0.361  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c1
2)C(=O)c3c(C2=O)ccc(c3C)C(=O)O 0.205  0.329  
O=S(=O)(O)c1c(S(=O)(=O)O)ccc(c12)C(=O)c3c(C2=O)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(c3C)C(=O)O 0.287  0.317  
O=S(=O)(O)c(c1)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(
C2=O)c(S(=O)(=O)O)cc(c3C)C(=O)O 0.256  0.314  
O=S(=O)(O)c(c1)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)
(=O)O)c(S(=O)(=O)O)c(c3C)C(=O)O 0.275  0.313  
c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C2=O)c(S(=O)
(=O)O)c(S(=O)(=O)O)c(c3C)C(=O)O 0.243  0.301  
O=S(=O)(O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)cc(S(=O)(=O)O)c(c3C)C(=O)O 0.266  0.295  
O=S(=O)(O)c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)cc(S(=O)(=O)O)c(c3C)C(=O)O 0.236  0.295  
OS(=O)(=O)c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)ccc4S(=O)(=O)O 0.215  0.135  
c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=O)O)c(S(=O)
(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.182  0.122  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.199  0.102  
c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.214  0.102  
c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)cc4S(=O)(=O)O 0.251  0.100  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)cc(S(=O)(
=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.279  0.098  
OS(=O)(=O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=
C(\C3=O)Nc(c34)c(S(=O)(=O)O)ccc4 0.180  0.097  
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OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)c(S(=O)(=O)O)c(c4)S(=O)(=O)O 0.251  0.097  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)c(S(=O)(=O)O)cc4S(=O)(=O)O 0.269  0.095  
c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(c4)S(=O)(=O)O 0.290  0.094  
OS(=O)(=O)c(c1)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)cc(S(=O)(=O)O)c(c4)S(=O)(=O)O 0.287  0.094  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)ccc(S(=O)(=O)O)c4S(=O)(=O)O 0.267  0.090  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)cc(S(=O)(=O)O)c(c4)S(=O)(=O)O 0.268  0.088  
OS(=O)(=O)c(c1)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)cc(S(=O)
(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.292  0.087  
c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.234  0.087  
OS(=O)(=O)c(c1)cc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)cc(c4)S(=O)(=O)O 0.236  0.086  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)cc(S(=O)(=O)O)cc4S(=O)(=O)O 0.278  0.086  
OS(=O)(=O)c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)cc(c4)S(=O)(=O)O 0.238  0.084  
c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)cc(S(=O)
(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.192  0.082  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)cc(S(=O)(=O)O)c(c4)S(=O)(=O)O 0.263  0.081  
OS(=O)(=O)c(c1)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.293  0.079  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)ccc4S(=O)(=O)O 0.276  0.079  
OS(=O)(=O)c(c1)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(c4)S(=O)(=O)O 0.267  0.079  
OS(=O)(=O)c(c1)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)cc(c4)S(=O)(=O)O 0.275  0.078  
c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(c4)S(=O)(=O)O 0.217  0.078  
OS(=O)(=O)c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.246  0.078  
OS(=O)(=O)c(c1)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.218  0.077  
c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.200  0.076  
OS(=O)(=O)c(c1)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)ccc4S(=O)(=O)O 0.249  0.076  
OS(=O)(=O)c(c1)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)cc4S(=O)(=O)O 0.240  0.076  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)cc(c4)S(=O)(=O)O 0.251  0.075  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)cc(S(=O)(=O)O)cc4S(=O)(=O)O 0.262  0.074  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.263  0.074  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)cc(c4)S(=O)(=O)O 0.245  0.073  
c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)cc4S(=O)(=O)O 0.255  0.071  
OS(=O)(=O)c(c1)cc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.261  0.070  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.256  0.070  
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O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c1
2)C(=O)N(C2=O)C 0.009  0.944  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c1
2)C(=O)NC2=O 0.158  0.625  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c1
2)C(=O)SC2=O 0.144  0.574  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c1
2)C(=O)OC2=O 0.121  0.594  
O=S(=O)(O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c3C)C(=O)O 0.291  0.475  
O=S(=O)(O)c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(C
2=O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c3C)C(=O)O 0.202  0.458  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c1
2)C(=O)c3c(C2=O)cc(S(=O)(=O)O)c(c3C)C(=O)O 0.288  0.374  
O=S(=O)(O)c(c1)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)C(=O)c3c(
C2=O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c3C)C(=O)O 0.253  0.373  
O=S(=O)(O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c(c1
2)S/C(C2=O)=C(C3=O)/Sc(c34)cccc4S(=O)(=O)O 0.291  0.212  
OS(=O)(=O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=
C(\C3=O)Nc(c34)c(S(=O)(=O)O)ccc4S(=O)(=O)O 0.228  0.166  
OS(=O)(=O)c1c(S(=O)(=O)O)cc(S(=O)(=O)O)c(c12)N/C(C2=O)=
C(\C3=O)Nc(c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.283  0.165  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.277  0.164  
OS(=O)(=O)c(c1)cc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.276  0.162  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.285  0.162  
OS(=O)(=O)c1cccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(=
O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.225  0.162  
c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.265  0.161  
c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.256  0.158  
OS(=O)(=O)c(c1)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(c34)c(S(=O)(
=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.244  0.157  
OS(=O)(=O)c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)cc(S(=O)(=O)O)c4S(=O)(=O)O 0.269  0.152  
OS(=O)(=O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=
C(\C3=O)Nc(c34)c(S(=O)(=O)O)c(cc4)S(=O)(=O)O 0.262  0.151  
OS(=O)(=O)c1c(S(=O)(=O)O)ccc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)cc(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.281  0.151  
OS(=O)(=O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=
C(\C3=O)Nc(c34)c(S(=O)(=O)O)cc(c4)S(=O)(=O)O 0.245  0.147  
OS(=O)(=O)c1ccc(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.258  0.154  
c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)N/C(C2=O)=C(\C3=O)Nc
(c34)c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.286  0.149  
OS(=O)(=O)c1cc(S(=O)(=O)O)cc(c12)N/C(C2=O)=C(\C3=O)Nc(
c34)c(S(=O)(=O)O)c(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.265  0.149  
OS(=O)(=O)c1cc(S(=O)(=O)O)c(S(=O)(=O)O)c(c12)N/C(C2=O)=
C(\C3=O)Nc(c34)c(S(=O)(=O)O)c(S(=O)(=O)O)cc4S(=O)(=O)O 0.277  0.141  
OS(=O)(=O)c1c(S(=O)(=O)O)c(S(=O)(=O)O)cc(c12)N/C(C2=O)=
C(\C3=O)Nc(c34)cc(S(=O)(=O)O)c(S(=O)(=O)O)c4S(=O)(=O)O 0.277  0.141  
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Table A4. The detail on solubility and water instability for the full list of molecules A-O. 
Molecule 2D structure Stability Shelf Experiment 

solubility 
(mol L−1) 

Predicted 
Solubility 
(mol L−1) 

A 

 poor stability and 
discoloration after 4 days 

 

< 5.83 E-5 in DI 0.452 

B 

 solution of 0.05 M 
remained transparent 

even after weeks, picture 
on right after 4 days 

 

0.05 ~ 0.06 in DI 0.087 

C 

 after 4 days, solution 
color and undissolved 

particles remain 
unchanged. It remained 

stable after weeks 

 

0.03 in DI 0.012 

D 

 after 2 days, the 
undissolved particles 

disappeared, this 
chemical might undergo 
hydrolysis in DI water. 

After 1 week the particles 
in the 0,1M solution 
disappeared and the 

solution color became 
gray 

 

< 5.57 E-5 in DI 0.017 

E 

 after 3 days, the 
undissolved particles 

disappeared, this 
chemical might undergo 
hydrolysis in DI water. 

Hydrolysis product 
remained stable after 

weeks. 

 

6.26 E-5 in DI 0.012 
NH

O

OF

O

O

OOH

O

O

O

O

O

NH

NH

O

O
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F 

 after 4 days, the 
undissolved particles 
disappeared, thus the 

chemical might undergo 
hydrolysis in DI water. 

Hydrolysis product 
remained stable after 

weeks 

 

< 5.70 E-5 in DI 0.019 

G 

 no discoloration after 6 
days 

 

< 4.97 E-5 in DI 0.007 

H 

 after 4 days, the 
undissolved particles in 

0.001M solution 
disappeared, this 

chemical might undergo 
hydrolysis in DI water. It 

remained stable after 
weeks 

 

1.31 E-4 in DI 0.013 

I 

 after 4 days, solution 
color and undissolved 

particles remain 
unchanged. It remained 
insoluble after weeks 

 

< 6.12 E-5 in DI 0.012 

J 

 after 1 day, the molecule 
showed severe 

hydrolysis, gel-like 
deposits were observed in 

DI water. The gel-like 
deposits in acidic and 

alkaline solutions were 
observed after 3 days, but 
with less amount than in 

DI water. Hydrolysis 
product remained stable 

after weeks 
 

1.8 in DI 0.685 

K 

 after 4 days, the color 
changes slightly 

indicating possibly a 
slow reaction 

 

< 5.09 E-5 in DI 0.008 N
H

O

O

F

NH

O

O

N

O

O

CH3
HOOC

O

O

O

HOOC

N
H

O

O

COOH

N

O

O

CH3
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L 

 It remained stable after 
weeks, with no changes 

observed (still some 
particles not dissolved at 

the bottom). 

 

< 3.7E-6 in DI 0.00002 

M_1 

 no sediments formed 
even after days 

 

0.5-0.6 in DI 0.00537 

M_2 

 no sediments formed 
even after days 

 

0.021 in DI 0.00035 

N 

 Stable in dark and dry 
environment. The 
chemical quickly 

absorbed water in the air. 

 

2 in DI 0.03 

O 

 Stable in dark and dry 
environment. The 
chemical quickly 

absorbed water in the air. 

 

3 in DI 0.086 
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DFT: B3LYP-D3

DFT: B3LYP
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R2=0.974

-0.38

-0.31

-0.24

-0.17

-0.10

-0.03

R2=0.741
R2=0.958
R2=0.935

DFT: PBE-D3 DFT: PBE-D3 DFT: PBE-D3

DFT: BLYP DFT: BLYP DFT: BLYP

-0.38

-0.31

-0.24

-0.17

-0.10

-0.03

R2=0.729
R2=0.939
R2=0.937

R2=0.955
R2=0.976
R2=0.974

R2=0.727
R2=0.651
R2=0.671

DFT: BLYP-D3 DFT: BLYP-D3 DFT: BLYP-D3

-0.38

-0.31

-0.24

-0.17

-0.10

-0.03
DFT: B3LYP

R2=0.719
R2=0.934
R2=0.934

R2=0.960
R2=0.967
R2=0.960

DFT: B3LYP

R2=0.706
R2=0.595
R2=0.594

-0.38

-0.31

-0.24

-0.17

-0.10

-0.03
DFT: B3LYP-D3

R2=0.660
R2=0.834
R2=0.934

R2=0.700
R2=0.481
R2=0.578

DFT: B3LYP-D3

-1.6      -1.2     -0.8       -0.4        0.0 -4.7  -4.5     -4.3   -4.1     -3.9  -3.7 

-1.4     -1.0      -0.6      -0.2      0.2

-5.4   -5.2     -5.0    -4.8   -4.6  -4.4

-1.6      -1.2     -0.8       0.4        0.0

-1.6     -1.2       -0.8        -0.4         0.0

-1.4     -1.0      -0.6     -0.2        0.2

-4.1    -3.8    -3.5     -3.2    -2.9   -2.6 

-4.6   -4.4    -4.2    -4.0     -3.8    -3.6 

-4.6   -4.4   -4.2  -4.0     -3.8    -3.6 

-5.4  -5.2     -5.0      -4.8  -4.6    -4.4
ΔErxn (eV) ELUMO (reactant, eV) EHOMO (product, eV)

R2=0.960
R2=0.967
R2=0.960

-4.6    -4.2       -3.8        -3.4      -3.0

-4.6     -4.2       -3.8        -3.4      -3.0

-4.6     -4.2       -3.8        -3.4     -3.0

-4.1    -3.8     -3.5   -3.2   -2.9   -2.6 

E
ex

p
o

(V
)

E
ex

p
o

(V
)

E
ex

p
o

(V
)

E
ex

p
o

(V
)

E
ex

p
o

(V
)



Appendix 

 

158 

 

 
-0.38

-0.31

-0.24

-0.17

-0.10

-0.03

-0.38

-0.31

-0.24

-0.17

-0.10

-0.03
DFT: HSE06
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R2=0.927

-0.38

-0.31

-0.24

-0.17

-0.10

-0.03

R2=0.705
R2=0.567
R2=0.556

R2=0.960
R2=0.961
R2=0.952

R2=0.720
R2=0.932
R2=0.923

DFT: PBE0 DFT: PBE0 DFT: PBE0

DFT: PBE0-D3 DFT: PBE0-D3 DFT: PBE0-D3

-1.8       -1.4        -1.0          -0.6       -0.2 -5.5   -5.3      -5.1      -4.9    -4.7     -4.5

-5.5   -5.3      -5.1      -4.9      -4.7    -4.5-1.8      -1.4         -1.0         -0.6       -0.2

-0.38

-0.31

-0.24

-0.17

-0.10

-0.03
DFT: LDA

R2=0.958
R2=0.973
R2=0.971

R2=0.801
R2=0.944
R2=0.880

DFT: LDA DFT: LDA

R2=0.770
R2=0.801
R2=0.803

-2.2    -1.9     -1.6       -1.3      -1.0    -0.7 -4.8     -4.6     -4.4      -4.2      -4.0    -3.8

R2=0.729
R2=0.542
R2=0.604

R2=0.961
R2=0.966
R2=0.958

R2=0.711
R2=0.922
R2=0.925

DFT: HSE06 DFT: HSE06

-1.8       -1.4        -1.0          -0.6       -0.2 -5.2   -5.0      -4.8      -4.6     -4.4    -4.2

R2=0.680
R2=0.875
R2=0.907

R2=0.961
R2=0.943
R2=0.927

R2=0.615
R2=0.325
R2=0.363

DFT: M08-HX DFT: M08-HX DFT: M08-HX

-6.8       -6.5         -6.2        -5.9        -5.6-1.8      -1.4         -1.0         -0.6        -0.2
ΔErxn (eV) ELUMO (reactant, eV) EHOMO (product, eV)

-4.0    -3.7      -3.4      -3.1      -2.8   -2.5   

-4.0    -3.7     -3.4      -3.1      -2.8     -2.5   

-4.9    -4.6      -4.3      -4.0     -3.7   -3.4   

-4.3     -4.0     -3.7      -3.4     -3.1     -2.8   

-3.3    -3.0     -2.7      -2.4      -2.1    -1.8   

E
ex

p
o

(V
)

E
ex

p
o

(V
)

E
ex

p
o

(V
)

E
ex

p
o

(V
)

E
ex

p
o

(V
)



Appendix 

 

159 

 

Figure A1. Performance comparisons of exchange-correlation functionals for the prediction of experimentally 
measured redox potentials, 𝐸�v�� . The scatter plots in columns from left to right show linear correlations (versus 
𝐸�v�� ) of the DFT calculated energy difference between the reactant and product compounds (D𝐸uvw), the LUMO 
energy (𝐸°±²³) of the reactant molecules and the HOMO energy (𝐸´³²³) of the product molecules. The color 
orange represents both OPT and SPE in gas phase, the color yellow represents OPT in gas phase followed by SPE 
with SOL (including implicit aqueous solvation), and the color green represents both OPT and SPE with SOL. 
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Table A5. A summary of 2D structures, SMILES representations, experimentally measured redox potentials and 
the predicted redox potentials for 21 alloxazine-based molecules considered in this work. The measured redox 
potential values have been corrected versus RHE at pH = 7. When analyzing the performance of each descriptor, 
we divided the set of errors of the 21 molecule into three groups of seven molecules each. The seven molecules 
with the lowest errors under each approximation are colored yellow, the seven molecules with the highest errors are 
colored red and the seven in the middle are colored orange.  
(a) The predicted redox potentials when using D𝐸uvw as the descriptor calculated with PBE. 

# Molecule 𝑬𝐞𝐱𝐩𝐨  
(V) 

𝑬𝐠𝐨 
(V) 

𝑬𝐬𝐨 
(V) 

𝑬𝐚𝐪𝐨  
(V) 

dE=𝑬𝐠𝐨-𝑬𝐞𝐱𝐩𝐨  dE=𝑬𝐬𝐨-𝑬𝐞𝐱𝐩𝐨  dE=𝑬𝐚𝐪𝐨 -𝑬𝐞𝐱𝐩𝐨  Ref 

1  
c1cccc(c12)nc3c(n2C)n

c(=O)[nH]c3=O 

-0.186 -0.200 -0.185 -0.204 -0.014 0.001 -0.018 [158] 

2  
c1cc(C)cc(c12)nc3c(n2

C)nc(=O)[nH]c3=O 

-0.198 -0.167 -0.202 -0.164 0.031 -0.004 0.034 [158] 

3  
c1c(C)ccc(c12)nc3c(n2

C)nc(=O)[nH]c3=O 

-0.218 -0.176 -0.217 -0.223 0.042 0.001 -0.005 [158] 

4  
c1c(C)c(C)cc(c12)nc3c(
n2C)nc(=O)[nH]c3=O 

-0.235 -0.191 -0.225 -0.241 0.044 0.01 -0.006 [158] 

5  
c1cc(Cl)cc(c12)nc3c(n2

C)nc(=O)[nH]c3=O 

-0.150 -0.147 -0.137 -0.144 0.003 0.013 0.006 [158] 

6  
c1c(Cl)ccc(c12)nc3c(n2

C)nc(=O)[nH]c3=O 

-0.164 -0.163 -0.174 -0.153 0.001 -0.01 0.011 [158] 

7  
c1c(Cl)c(Cl)cc(c12)nc3
c(n2C)nc(=O)[nH]c3=O 

-0.117 -0.163 -0.127 -0.150 -0.046 -0.01 -0.033 [158] 
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8  
c1c(Cl)c(C)cc(c12)nc3c
(n2C)nc(=O)[nH]c3=O 

-0.169 -0.172 -0.178 -0.185 -0.003 -0.009 -0.016 [158] 

9  
c1c(C)c(Cl)cc(c12)nc3c
(n2C)nc(=O)[nH]c3=O 

-0.181 -0.173 -0.174 -0.189 0.008 0.007 -0.008 [158] 

10  
c1cc(F)cc(c12)nc3c(n2

C)nc(=O)[nH]c3=O 

-0.145 -0.143 -0.145 -0.147 0.002 0 -0.002 [158] 

11  
c1c(F)ccc(c12)nc3c(n2

C)nc(=O)[nH]c3=O 

-0.178 -0.177 -0.202 -0.185 0.001 -0.024 -0.007 [158] 

12  
c1c(C)c(F)cc(c12)nc3c(
n2C)nc(=O)[nH]c3=O 

-0.177 -0.171 -0.182 -0.214 0.006 -0.005 -0.037 [158] 

13  
c1c(Cl)c(F)cc(c12)nc3c
(n2C)nc(=O)[nH]c3=O 

-0.123 -0.137 -0.132 -0.128 -0.014 -0.009 -0.005 [158] 

14  
COc(c1)ccc(c12)n(C)c3
c(n2)c(=O)[nH]c(n3)=O 

-0.175 -0.169 -0.163 -0.187 0.006 0.012 -0.012 [158] 

15  
c1cc(N(C)C)cc(c12)n(C
)c3c(n2)c(=O)[nH]c(n3)

=O 

-0.359 -0.246 -0.328 -0.355 0.113 0.031 0.004 [158] 

16  
c1cc(C#N)cc(c12)n(C)c
3c(n2)c(=O)[nH]c(n3)=

O 

-0.062 -0.115 -0.075 -0.068 -0.053 -0.013 -0.006 [158] 
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17  
N#Cc(c1)ccc(c12)n(C)c
3c(n2)c(=O)[nH]c(n3)=

O 

-0.100 -0.135 -0.100 -0.108 -0.035 0 -0.008 [158] 

18  
c1c(C)c(C)cc(c12)nc3c(
n2)c(=O)[nH]c(=O)[nH

]3 

-0.286 -0.283 -0.270 -0.243 0.003 0.016 0.043 [23] 

19  
O=C(O)c(c1)ccc(c12)nc
3c(n2)c(=O)[nH]c(=O)[

nH]3 

-0.206 -0.257 -0.180 -0.152 -0.051 0.026 0.054 [23] 

20  
COc(c1)c(OC)cc(c12)n
c3c(n2)c(=O)[nH]c(=O)

[nH]3 

-0.336 -0.378 -0.373 -0.358 -0.042 -0.037 -0.022 [23] 

21  
c1cc(O)cc(c12)nc3c(n2)
c(=O)[nH]c(=O)[nH]3 

-0.316 -0.323 -0.319 -0.289 -0.007 -0.003 0.027 [23] 

MAE 0.025 0.011 0.017  

Maximum signed error [Molecule #] 0.113 [15] -0.037 [20] 0.54 9]  
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(b) The predicted redox potentials when using 𝐸°±²³ as the descriptor calculated with PBE 

# Molecule 𝑬𝐞𝐱𝐩𝐨  
(V) 

𝑬𝐠𝐨 
(V) 

𝑬𝐬𝐨 
(V) 

𝑬𝐚𝐪𝐨  
(V) 

dE=𝑬𝐠𝐨-𝑬𝐞𝐱𝐩𝐨  dE=𝑬𝐬𝐨-𝑬𝐞𝐱𝐩𝐨  dE=𝑬𝐚𝐪𝐨 -𝑬𝐞𝐱𝐩𝐨  Ref 

1  
c1cccc(c12)nc3c(n2C

)nc(=O)[nH]c3=O 

-0.186 -0.192 -0.185 -0.182 -0.006 0.001 0.004 [158] 

2  
c1cc(C)cc(c12)nc3c(n
2C)nc(=O)[nH]c3=O 

-0.198 -0.209 -0.197 -0.193 -0.011 0.001 0.005 [158] 

3  
c1c(C)ccc(c12)nc3c(n
2C)nc(=O)[nH]c3=O 

-0.218 -0.217 -0.208 -0.205 0.001 0.01 0.013 [158] 

4  
c1c(C)c(C)cc(c12)nc3
c(n2C)nc(=O)[nH]c3

=O 

-0.235 -0.234 -0.220 -0.218 0.001 0.015 0.017 [158] 

5  
c1cc(Cl)cc(c12)nc3c(
n2C)nc(=O)[nH]c3=O 

-0.150 -0.147 -0.146 -0.146 0.003 0.004 0.004 [158] 

6  
c1c(Cl)ccc(c12)nc3c(
n2C)nc(=O)[nH]c3=O 

-0.164 -0.160 -0.158 -0.158 0.004 0.006 0.006 [158] 

7  
c1c(Cl)c(Cl)cc(c12)nc
3c(n2C)nc(=O)[nH]c3

=O 

-0.117 -0.127 -0.125 -0.128 -0.01 -0.008 -0.011 [158] 

8  
c1c(Cl)c(C)cc(c12)nc
3c(n2C)nc(=O)[nH]c3
=O 

-0.169 -0.179 -0.170 -0.171 -0.01 -0.001 -0.002 [158] 
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9  
c1c(C)c(Cl)cc(c12)nc
3c(n2C)nc(=O)[nH]c3

=O 

-0.181 -0.174 -0.170 -0.170 0.007 0.011 0.011 [158] 

10  
c1cc(F)cc(c12)nc3c(n
2C)nc(=O)[nH]c3=O 

-0.145 -0.149 -0.154 -0.152 -0.004 -0.009 -0.007 [158] 

11  
c1c(F)ccc(c12)nc3c(n
2C)nc(=O)[nH]c3=O 

-0.178 -0.174 -0.179 -0.176 0.004 -0.001 0.002 [158] 

12  
c1c(C)c(F)cc(c12)nc3
c(n2C)nc(=O)[nH]c3

=O 

-0.177 -0.180 -0.181 -0.178 -0.003 -0.004 -0.001 [158] 

13  
c1c(Cl)c(F)cc(c12)nc
3c(n2C)nc(=O)[nH]c3

=O 

-0.123 -0.126 -0.131 -0.131 -0.003 -0.008 -0.008 [158] 

14  
COc(c1)ccc(c12)n(C)
c3c(n2)c(=O)[nH]c(n

3)=O 

-0.175 -0.218 -0.204 -0.199 -0.043 -0.029 -0.024 [158] 

15  
c1cc(N(C)C)cc(c12)n
(C)c3c(n2)c(=O)[nH]

c(n3)=O 

-0.359 -0.331 -0.341 -0.339 0.028 0.018 0.02 [158] 

16  
c1cc(C#N)cc(c12)n(C
)c3c(n2)c(=O)[nH]c(n

3)=O 

-0.062 -0.064 -0.066 -0.071 -0.002 -0.004 -0.009 [158] 

17  
N#Cc(c1)ccc(c12)n(C
)c3c(n2)c(=O)[nH]c(n

3)=O 

-0.100 -0.085 -0.102 -0.105 0.015 -0.002 -0.005 [158] 
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18  
c1c(C)c(C)cc(c12)nc3
c(n2)c(=O)[nH]c(=O)

[nH]3 

-0.286 -0.290 -0.292 -0.296 -0.004 -0.006 -0.01 [23] 

19  
O=C(O)c(c1)ccc(c12)
nc3c(n2)c(=O)[nH]c(

=O)[nH]3 

-0.206 -0.183 -0.187 -0.195 0.023 0.019 0.011 [23] 

20  
COc(c1)c(OC)cc(c12)
nc3c(n2)c(=O)[nH]c(

=O)[nH]3 

-0.336 -0.360 -0.362 -0.367 -0.024 -0.026 -0.031 [23] 

21  
c1cc(O)cc(c12)nc3c(n
2)c(=O)[nH]c(=O)[n

H]3 

-0.316 -0.289 -0.307 -0.309 0.027 0.009 0.007 [23] 

MAE 0.011 0.009 0.010  

Maximum signed error [Molecule #] -0.043 [14] -0.029 [14] -0.031 [20]  
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Table A6. Explanation of the data columns that are present in RedDB’s additional data tables. Descriptions of 
data columns have been provided alongside the units, whenever applicable, for the different data types. 

Table Name Column Name Column Description Unit 

otherinfo 

id Unique ID for otherinfo table  

jobId id Job ID of the calculation that the data was 
taken from  

molecularPointGroup Molecular Point Group  
nuclearRepulsionEnergy Nuclear Repulsion Energy Hartree 

pointGroupUsed Point Group Used  

optimizationgeometry 

id Unique ID for optimizationgeometry table  

jobId id Job ID of the calculation that the data was 
taken from  

atom Chemical element symbol  
atomId The ID of the atom in the job  

input X Numerical coordinate of atom position with 
reference to X axis Å 

input Y Numerical coordinate of atom position with 
reference to Y axis 

Å 

input Z Numerical coordinate of atom position with 
reference to Z axis 

Å 

final X Optimized numerical coordinate of atom 
position with reference to X axis 

Å 

final Y Optimized numerical coordinate of atom 
position with reference to Y axis 

Å 

final Z Optimized numerical coordinate of atom po- 
sition with reference to Z axis 

Å 

chcalc 

id Unique ID for chcalc table  

jobId id Job ID of the calculation that the data was 
taken from  

mqmwGasPossibleMaximum Gridpoints possible maximum in gas phase  
mqmwGasGridpointsChargeFit Gridpoints used for charge fit in gas phase  

mqmwPossibleMaximum Gridpoints possible maximum in solution 
phase  

mqmwGridpointsChargeFit Gridpoints used for charge fit in solution 
phase  

mqmwGasDipoleMomentsTot Total dipole moments from quantum 
mechanical wavefunction in gas phase Debye 

mqmwGasDipoleMomentsX X dipole moments from quantum mechanical 
wavefunction in gas phase Debye 

mqmwGasDipoleMomentsY Y dipole moments from quantum mechanical 
wavefunction in gas phase Debye 

mqmwGasDipoleMomentsZ Z dipole moments from quantum mechanical 
wavefunction in gas phase Debye 

mqmwGasQuadrupoleMomentsXX XX quadrupole moments from quantum 
mechanical wavefunction in gas phase Debye-Å 

mqmwGasQuadrupoleMomentsXY XY quadrupole moments from quantum 
mechanical wavefunction in gas phase Debye-Å 

mqmwGasQuadrupoleMomentsXZ XZ quadrupole moments from quantum 
mechanical wavefunction in gas phase Debye-Å 

mqmwGasQuadrupoleMomentsYY YY quadrupole moments from quantum 
mechanical wavefunction in gas phase Debye-Å 

mqmwGasQuadrupoleMomentsYZ YZ quadrupole moments from quantum 
mechanical wavefunction in gas phase Debye-Å 
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mqmwGasQuadrupoleMomentsZZ ZZ quadrupole moments from quantum 
mechanical wavefunction in gas phase Debye-Å 

 
 

mqmwGasTracelessQuadrupoleXY 
XY traceless quadrupole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å 

mqmwGasTracelessQuadrupoleXZ 
XZ traceless quadrupole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å 

mqmwGasTracelessQuadrupoleYZ 
YZ traceless quadrupole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å 

mqmwGasTracelessQuadrupoleXXYY 
XX-YY traceless quadrupole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å 

mqmwGasTracelessQuadrupol2ZZXXYY 
2ZZ-XX-YY traceless quadrupole moments 

from quantum mechanical wavefunction in gas 
phase 

Debye-Å 

mqmwGasOctapoleMomentsXXX XXX octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsXXY XXY octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsXXZ XXZ octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsXYY XYY octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsXYZ XYZ octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsXZZ XZZ octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsYYY YYY octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsYYZ YYZ octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsYZZ YZZ octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasOctapoleMomentsZZZ ZZZ octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasTracelessOctapoleXXX 
XXX traceless octapole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å2 

mqmwGasTracelessOctapoleXYZ 
XYZ traceless octapole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å2 

mqmwGasTracelessOctapoleYYY 
YYY traceless octapole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å2 

mqmwGasTracelessOctapoleZZZ ZZZ traceless octapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å2 

mqmwGasTracelessOctapoleXXYYZZ 
XXY-YZZ traceless octapole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å2 

mqmwGasTracelessOctapoleXXZYYZ 
XXZ-YYZ traceless octapole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å2 

mqmwGasTracelessOctapoleXYYXZZ 
XYY-XZZ traceless octapole moments from 

quantum mechanical wavefunction in gas 
phase 

Debye-Å2 
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mqmwGasHexadecapoleMomentsXXXX XXXX hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsXXXY XXXY hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsXXXZ XXXZ hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsXXYY XXYY hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsXXYZ XXYZ hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsXXZZ XXZZ hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsYYXZ YYXZ hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsYYYX YYYX hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsYYYY YYY hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsYYYZ YYYZ hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsYYZZ YYZZ hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsZZXY ZZXY hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsZZZX ZZZX hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsZZZY ZZZY hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwGasHexadecapoleMomentsZZZZ ZZZZ hexadecapole moments from quantum 
mechanical wavefunction in gas phase Debye-Å3 

mqmwDipoleMomentsTot Total dipole moments from quantum 
mechanical wavefunction in solution phase Debye 

mqmwDipoleMomentsX X dipole moments from quantum mechanical 
wavefunction in solution phase Debye 

mqmwDipoleMomentsY Y dipole moments from quantum mechanical 
wavefunction in solution phase Debye 

mqmwDipoleMomentsZ Z dipole moments from quantum mechanical 
wavefunction in solution phase Debye 

mqmwQuadrupoleMomentsXX XX quadrupole moments from quantum 
mechanical wavefunction in solution phase Debye-Å 

mqmwQuadrupoleMomentsXY XY quadrupole moments from quantum 
mechanical wavefunction in solution phase Debye-Å 

mqmwQuadrupoleMomentsXZ XZ quadrupole moments from quantum 
mechanical wavefunction in solution phase Debye-Å 

mqmwQuadrupoleMomentsYY YY quadrupole moments from quantum 
mechanical wavefunction in solution phase Debye-Å 

mqmwQuadrupoleMomentsYZ YZ quadrupole moments from quantum 
mechanical wavefunction in solution phase Debye-Å 

mqmwQuadrupoleMomentsZZ ZZ quadrupole moments from quantum 
mechanical wavefunction in solution phase Debye-Å 

mqmwTracelessQuadrupoleXY XY traceless quadrupole moments from 
quantum mechanical wavefunction for solution Debye-Å 

mqmwTracelessQuadrupoleXZ XZ traceless quadrupole moments from 
quantum mechanical wavefunction for solution Debye-Å 
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mqmwTracelessQuadrupoleYZ YZ traceless quadrupole moments from 
quantum mechanical wavefunction for solution Debye-Å 

mqmwTracelessQuadrupoleXXYY XX-YY traceless quadrupole moments from 
quantum mechanical wavefunction for solution Debye-Å 

mqmwTracelessQuadrupol2ZZXXYY 
2ZZ-XX-YY traceless quadrupole moments 
from quantum mechanical wavefunction for 

solution 
Debye-Å 

mqmwOctapoleMomentsXXX XXX octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsXXY XXY octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsXXZ XXZ octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsXYY XYY octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsXYZ XYZ octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsXZZ XZZ octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsYYY YYY octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsYYZ YYZ octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsYZZ YZZ octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwOctapoleMomentsZZZ ZZZ octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwTracelessOctapoleXXX 
XXX traceless octapole moments from 

quantum mechanical wavefunction in solution 
phase 

Debye-Å2 

mqmwTracelessOctapoleYYY 
YYY traceless octapole moments from 

quantum mechanical wavefunction in solution 
phase 

Debye-Å2 

mqmwTracelessOctapoleZZZ ZZZ traceless octapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å2 

mqmwTracelessOctapoleXYZ 
XYZ traceless octapole moments from 

quantum mechanical wavefunction in solution 
phase 

Debye-Å2 

mqmwTracelessOctapoleXXYYZZ 
XXY-YZZ traceless octapole moments from 

quantum mechanical wavefunction in solution 
phase 

Debye-Å2 

mqmwTracelessOctapoleXXZYYZ 
XXZ-YYZ traceless octapole moments from 

quantum mechanical wavefunction in solution 
phase 

Debye-Å2 

mqmwTracelessOctapoleXYYXZZ 
XYY-XZZ traceless octapole moments from 

quantum mechanical wavefunction in solution 
phase 

Debye-Å2 

mqmwHexadecapoleMomentsXXXX XXXX hexadecapole moments from quan- 
tum mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsXXXY XXXY hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsXXXZ XXXZ hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsXXYY XXYY hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsXXYZ XXYZ hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 
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mqmwHexadecapoleMomentsXXZZ XXZZ hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsYYXZ YYXZ hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsYYYX YYYX hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsYYYY YYYY hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsYYYZ YYYZ hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsYYZZ YYZZ hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsZZXY ZZXY hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsZZZX ZZZX hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsZZZY ZZZY hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mqmwHexadecapoleMomentsZZZZ ZZZZ hexadecapole moments from quantum 
mechanical wavefunction in solution phase Debye-Å3 

mepcGasDipoleMomentsTot Total dipole moment from electrostatic 
potential charges in gas phase Debye 

mepcGasDipoleMomentsX X dipole moment from electrostatic potential 
charges in gas phase Debye 

mepcGasDipoleMomentsY Y dipole moment from electrostatic potential 
charges in gas phase Debye 

mepcGasDipoleMomentsZ Z dipole moment from electrostatic potential 
charges in gas phase Debye 

mepcGasQuadrupoleMomentsXX XX quadrupole moment from electrostatic 
potential charges in gas phase Debye-Å 

mepcGasQuadrupoleMomentsXY XY quadrupole moment from electrostatic 
potential charges in gas phase Debye-Å 

mepcGasQuadrupoleMomentsXZ XZ quadrupole moment from electrostatic 
potential charges in gas phase Debye-Å 

mepcGasQuadrupoleMomentsYY YY quadrupole moment from electrostatic 
potential charges in gas phase Debye-Å 

mepcGasQuadrupoleMomentsYZ YZ quadrupole moment from electrostatic 
potential charges in gas phase Debye-Å 

mepcGasQuadrupoleMomentsZZ ZZ quadrupole moment from electrostatic 
potential charges in gas phase Debye-Å 

mepcGasTracelessQuadrupoleXY XY traceless quadrupole moment from 
electrostatic potential charges in gas phase Debye-Å 

mepcGasTracelessQuadrupoleXZ XZ traceless quadrupole moment from 
electrostatic potential charges in gas phase Debye-Å 

mepcGasTracelessQuadrupoleYZ YZ traceless quadrupole moment from 
electrostatic potential charges in gas phase Debye-Å 

mepcGasTracelessQuadrupoleXXYY XX-YY traceless quadrupole moment from 
electrostatic potential charges in gas phase Debye-Å 

mepcGasTracelessQuadrupol2ZZXXYY 
2ZZ-XX-YY traceless quadrupole moment 
from electrostatic potential charges in gas 

phase 
Debye-Å 

mepcGasOctapoleMomentsXXX XXX octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsXXY XXY octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 
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mepcGasOctapoleMomentsXXZ XXZ octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsXYY XYY octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsXYZ XYZ octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsXZZ XZZ octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsYYY YYY octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsYYZ YYZ octapole moment from electrostatic po- 
tential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsYZZ YZZ octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasOctapoleMomentsZZZ ZZZ octapole moment from electrostatic 
potential charges in gas phase Debye-Å2 

mepcGasTracelessOctapoleXXX XXX traceless octapole moment from 
electrostatic potential charges in gas phase Debye-Å2 

mepcGasTracelessOctapoleYYY YYY traceless octapole moment from 
electrostatic potential charges in gas phase Debye-Å2 

mepcGasTracelessOctapoleZZZ ZZZ traceless octapole moment from 
electrostatic potential charges in gas phase Debye-Å2 

mepcGasTracelessOctapoleXYZ XYZ traceless octapole moment from 
electrostatic potential charges in gas phase Debye-Å2 

mepcGasTracelessOctapoleXXYYZZ XXY-YZZ traceless octapole moment from 
electrostatic potential charges in gas phase Debye-Å2 

mepcGasTracelessOctapoleXXZYYZ XXZ-YYZ traceless octapole moment from 
electrostatic potential charges in gas phase Debye-Å2 

mepcGasTracelessOctapoleXYYXZZ XYY-XZZ traceless octapole moment from 
electrostatic potential charges in gas phase Debye-Å2 

mepcGasHexadecapoleMomentsXXXX XXXX hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsXXXY XXXY hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsXXXZ XXXZ hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsXXYY XXYY hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsXXYZ XXYZ hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsXXZZ XXZZ hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsYYXZ YYXZ hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsYYYX YYYX hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsYYYY YYYY hexadecapole moment from electro- 
static potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsYYYZ YYYZ hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsYYZZ YYZZ hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsZZXY ZZXY hexadecapole moment from 
electrostatic potential charges in gas phase Debye-Å3 
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mepcGasHexadecapoleMomentsZZZX ZZZX hexadecapole moment from electrostatic 
potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsZZZY ZZZY hexadecapole moment from electrostatic 
potential charges in gas phase Debye-Å3 

mepcGasHexadecapoleMomentsZZZZ ZZZZ hexadecapole moment from electrostatic 
potential charges in gas phase Debye-Å3 

mepcDipoleMomentsTot Total dipole moment from electrostatic 
potential charges in solution phase Debye 

mepcDipoleMomentsX X dipole moment from electrostatic potential 
charges in solution phase Debye 

mepcDipoleMomentsY Y dipole moment from electrostatic potential 
charges in solution phase Debye 

mepcDipoleMomentsZ Z dipole moment from electrostatic potential 
charges in solution phase Debye 

mepcQuadrupoleMomentsXX XX quadrupole moment from electrostatic 
potential charges in solution phase Debye-Å 

mepcQuadrupoleMomentsXY XY quadrupole moment from electrostatic 
potential charges in solution phase Debye-Å 

mepcQuadrupoleMomentsXZ XZ quadrupole moment from electrostatic 
potential charges in solution phase Debye-Å 

mepcQuadrupoleMomentsYY YY quadrupole moment from electrostatic 
potential charges in solution phase Debye-Å 

mepcQuadrupoleMomentsYZ YZ quadrupole moment from electrostatic 
potential charges in solution phase Debye-Å 

mepcQuadrupoleMomentsZZ ZZ quadrupole moment from electrostatic 
potential charges in solution phase Debye-Å 

mepcTracelessQuadrupoleXY XY traceless quadrupole moment from 
electrostatic potential charges in solution phase Debye-Å 

mepcTracelessQuadrupoleXZ XZ traceless quadrupole moment from 
electrostatic potential charges in solution phase Debye-Å 

mepcTracelessQuadrupoleYZ YZ traceless quadrupole moment from 
electrostatic potential charges in solution phase Debye-Å 

mepcTracelessQuadrupoleXXYY XX-YY traceless quadrupole moment from 
electrostatic potential charges in solution phase Debye-Å 

mepcTracelessQuadrupol2ZZXXYY 
2ZZ-XX-YY traceless quadrupole moment 

from electrostatic potential charges in solution 
phase 

Debye-Å 

mepcOctapoleMomentsXXX XXX octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsXXY XXY octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsXXZ XXZ octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsXYY XYY octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsXYZ XYZ octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsXZZ XZZ octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsYYY YYY octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsYYZ YYZ octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcOctapoleMomentsYZZ YZZ octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 
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mepcOctapoleMomentsZZZ ZZZ octapole moment from electrostatic 
potential charges in solution phase Debye-Å2 

mepcTracelessOctapoleXXX XXX traceless octapole moment from 
electrostatic potential charges in solution phase Debye-Å2 

mepcTracelessOctapoleXYZ XYZ traceless octapole moment from 
electrostatic potential charges in solution phase Debye-Å2 

mepcTracelessOctapoleYYY YYY traceless octapole moment from 
electrostatic potential charges in solution phase Debye-Å2 

mepcTracelessOctapoleZZZ ZZZ traceless octapole moment from 
electrostatic potential charges in solution phase Debye-Å2 

mepcTracelessOctapoleXXYYZZ XXY-YZZ traceless octapole moment from 
electrostatic potential charges in solution phase Debye-Å2 

mepcTracelessOctapoleXXZYYZ XXZ-YYZ traceless octapole moment from 
electrostatic potential charges in solution phase Debye-Å2 

mepcTracelessOctapoleXYYXZZ XYY-XZZ traceless octapole moment from 
electrostatic potential charges in solution phase Debye-Å2 

mepcHexadecapoleMomentsXXXX XXXX hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsXXXY XXXY hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsXXXZ XXXZ hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsXXYY XXYY hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsXXYZ XXYZ hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsXXZZ XXZZ hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsYYXZ YYXZ hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsYYYX YYYX hexadecapole moment from electro- 
static potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsYYYY YYYY hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsYYYZ YYYZ hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsYYZZ YYZZ hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsZZXY ZZXY hexadecapole moment from 
electrostatic potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsZZZX ZZZX hexadecapole moment from electro- 
static potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsZZZY ZZZY hexadecapole moment from electrostatic 
potential charges in solution phase Debye-Å3 

mepcHexadecapoleMomentsZZZZ ZZZZ hexadecapole moment from electrostatic 
potential charges in solution phase Debye-Å3 

mmcGasDipoleMomentsTot Total dipole moments from Mulliken charges 
in gas phase Debye 

mmcGasDipoleMomentsX X dipole moments from Mulliken charges in 
gas phase Debye 

mmcGasDipoleMomentsY Y dipole moments from Mulliken charges in 
gas phase Debye 

mmcGasDipoleMomentsZ Z dipole moments from Mulliken charges in 
gas phase Debye 
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mmcGasQuadrupoleMomentsXX XX quadrupole moments from Mulliken 
charges in gas phase Debye-Å 

mmcGasQuadrupoleMomentsXY XY quadrupole moments from Mulliken 
charges in gas phase Debye-Å 

mmcGasQuadrupoleMomentsXZ XZ quadrupole moments from Mulliken 
charges in gas phase Debye-Å 

mmcGasQuadrupoleMomentsYY YY quadrupole moments from Mulliken 
charges in gas phase Debye-Å 

mmcGasQuadrupoleMomentsYZ YZ quadrupole moments from Mulliken 
charges in gas phase Debye-Å 

mmcGasQuadrupoleMomentsZZ ZZ quadrupole moments from Mulliken 
charges in gas phase Debye-Å 

mmcGasTracelessQuadrupoleXY XY traceless quadrupole moments from 
Muliken charges in gas phase Debye-Å 

mmcGasTracelessQuadrupoleXZ XZ traceless quadrupole moments from 
Mulliken charges in gas phase Debye-Å 

mmcGasTracelessQuadrupoleYZ YZ traceless quadrupole moments from 
Mulliken charges in gas phase Debye-Å 

mmcGasTracelessQuadrupoleXXYY XX-YY traceless quadrupole moments from 
Mulliken charges in gas phase Debye-Å 

mmcGasTracelessQuadrupol2ZZXXYY 2ZZ-XX-YY traceless quadrupole moments 
from Mulliken charges in gas phase Debye-Å 

mmcGasOctapoleMomentsXXX XXX octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsXXY XXY octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsXXZ XXZ octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsXYY XYY octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsXYZ XYZ octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsXZZ XZZ octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsYYY YYY octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsYYZ YYZ octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsYZZ YZZ octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasOctapoleMomentsZZZ ZZZ octapole moments from Mulliken 
charges in gas phase Debye-Å2 

mmcGasTracelessOctapoleXXX XXX traceless octapole moments from 
Muliken charges in gas phase Debye-Å2 

mmcGasTracelessOctapoleXYZ XYZ traceless octapole moments from 
Mulliken charges in gas phase Debye-Å2 

mmcGasTracelessOctapoleYYY YYY traceless octapole moments from 
Mulliken charges in gas phase Debye-Å2 

mmcGasTracelessOctapoleZZZ ZZZ traceless octapole moments from 
Mulliken charges in gas phase Debye-Å2 

mmcGasTracelessOctapoleXXYYZZ XXY-YZZ traceless octapole moments from 
Mulliken charges in gas phase Debye-Å2 

mmcGasTracelessOctapoleXXZYYZ XXZ-YYZ traceless octapole moments from 
Mulliken charges in gas phase Debye-Å2 
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mmcGasTracelessOctapoleXYYXZZ XYY-XZZ traceless octapole moments from 
Mulliken charges in gas phase Debye-Å2 

mmcGasHexadecapoleMomentsXXXX XXXX hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsXXXY XXXY hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsXXXZ XXXZ hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsXXYY XXYY hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsXXYZ XXYZ hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsXXZZ XXZZ hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsYYXZ YYXZ hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsYYYX YYYX hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsYYYY YYYY hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsYYYZ YYYZ hexadecapole moments from Muliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsYYZZ YYZZ hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsZZXY ZZXY hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsZZZX ZZZX hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsZZZY ZZZY hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcGasHexadecapoleMomentsZZZZ ZZZZ hexadecapole moments from Mulliken 
charges in gas phase Debye-Å3 

mmcDipoleMomentsTot Total dipole moments from Mulliken charges 
in solution phase Debye 

mmcDipoleMomentsX X dipole moments from Mulliken charges in 
solution phase Debye 

mmcDipoleMomentsY Y dipole moments from Mulliken charges in 
solution phase Debye 

mmcDipoleMomentsZ Z dipole moments from Mulliken charges in 
solution phase Debye 

mmcQuadrupoleMomentsXX XX quadrupole moments from Mulliken 
charges in solution phase Debye-Å 

mmcQuadrupoleMomentsXY XY quadrupole moments from Mulliken 
charges in solution phase Debye-Å 

mmcQuadrupoleMomentsXZ XZ quadrupole moments from Mulliken 
charges in solution phase Debye-Å 

mmcQuadrupoleMomentsYY YY quadrupole moments from Mulliken 
charges in solution phase Debye-Å 

mmcQuadrupoleMomentsYZ YZ quadrupole moments from Mulliken 
charges in solution phase Debye-Å 

mmcQuadrupoleMomentsZZ ZZ quadrupole moments from Mulliken 
charges in solution phase Debye-Å 

mmcTracelessQuadrupoleXY XY traceless quadrupole moments from 
Mulliken charges in solution phase Debye-Å 
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mmcTracelessQuadrupoleXZ XZ traceless quadrupole moments from 
Mulliken charges in solution phase Debye-Å 

mmcTracelessQuadrupoleYZ YZ traceless quadrupole moments from 
Mulliken charges in solution phase Debye-Å 

mmcTracelessQuadrupoleXXYY XX-YY traceless quadrupole moments from 
Mulliken charges in solution phase Debye-Å 

mmcTracelessQuadrupol2ZZXXYY 2ZZ-XX-YY traceless quadrupole moments 
from Mulliken charges in solution phase Debye-Å 

mmcOctapoleMomentsXXX XXX octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsXXY XXY octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsXXZ XXZ octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsXYY XYY octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsXYZ XYZ octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsXZZ XZZ octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsYYY YYY octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsYYZ YYZ octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsYZZ YZZ octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcOctapoleMomentsZZZ ZZZ octapole moments from Mulliken 
charges in solution phase Debye-Å2 

mmcTracelessOctapoleXXX XXX traceless octapole moments from 
Mulliken charges in solution phase Debye-Å2 

mmcTracelessOctapoleXYZ XYZ traceless octapole moments from 
Mulliken charges in solution phase Debye-Å2 

mmcTracelessOctapoleYYY YYY traceless octapole moments from 
Mulliken charges in solution phase Debye-Å2 

mmcTracelessOctapoleZZZ ZZZ traceless octapole moments from 
Mulliken charges in solution phase Debye-Å2 

mmcTracelessOctapoleXXYYZZ XXY-YZZ traceless octapole moments from 
Mulliken charges in solution phase Debye-Å2 

mmcTracelessOctapoleXXZYYZ XXZ-YYZ traceless octapole moments from 
Mulliken charges in solution phase Debye-Å2 

mmcTracelessOctapoleXYYXZZ XYY-XZZ traceless octapole moments from 
Mulliken charges in solution phase Debye-Å2 

mmcHexadecapoleMomentsXXXX XXXX hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsXXXY XXXY hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsXXXZ XXXZ hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsXXYY XXYY hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsXXYZ XXYZ hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsXXZZ XXZZ hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 
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mmcHexadecapoleMomentsYYXZ YYXZ hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsYYYX YYYX hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsYYYY YYYY hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsYYYZ YYYZ hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsYYZZ YYZZ hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsZZXY ZZXY hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsZZZX ZZZX hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsZZZY ZZZY hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 

mmcHexadecapoleMomentsZZZZ ZZZZ hexadecapole moments from Mulliken 
charges in solution phase Debye-Å3 
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