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low-potential radical candidates
for organic radical polymer batteries with machine-
learning-assisted virtual screening†

Cheng-Han Li and Daniel P. Tabor *

The discovery and development of new low reduction potential molecules that also have fast charge transfer

kinetics is necessary for the further development of organic redox-active polymers in practical battery

applications. Theoretical methods can aid in finding the lead radical candidates in large initial screening

spaces, but low-cost (yet accurate) methods are needed to predict the functional properties of the materials.

In this paper, we conduct a two-objective (potential and dimer electronic coupling) virtual screening

campaign to identify lead low potential candidate molecules in an initial space of 660 candidate molecules.

The screening is accelerated by employing a trained Gaussian Process regression model for the voltage

screening task. The model takes a combination of core-group chemical fingerprints and low-cost semi-

empirical quantum chemistry calculations as the features for the model. The top-10%-predicted lowest

reduction potential molecules of the initial space are then screened further to identify the candidates with

the highest predicted electronic coupling. From the screening campaign, a set of promising redox-active

molecules and two Pareto-optimal molecules (both N-methylphthalimides) are identified.
1 Introduction

Nonconjugated redox-active polymers are promising alternatives
to metal-based materials, particularly with their potential advan-
tages as safe and environmentally-friendly alternatives to current
metal-based batteries.1–6 In principle, these materials can be
designed in a highly modular way, with potential several chemical
modules, such as the side chain linker length, the chemistry of
the polymer backbone, the topology of the polymer, the degree of
polymerization, and the molecular identity of the functional
redox-active group each serving asmodules for targetedmolecular
engineering.7–10 This modularity has been specically exploited
for battery applications where critical properties including
voltage, stability, and conductivity have been improved through
targeted molecular engineering and synthesis.5–8,11–13 Indeed,
these polymers are particularly appealing due to their relatively
high synthetic accessibility.14 At the simplest level, one can think
of the structural and overall dynamics of the polymers as being
mostly tied to the chemistry and structure of the polymer and the
versity, College Station, TX 77842, USA.
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electronic properties of the polymers as closely tied with the
choice of the redox-active group, which is directly involved in the
electron transfer reactions.8,14

Several recent modeling efforts have focused on obtaining
rst-principles and physically intuitive models for predicting
the conductivity of these materials.10,12,15 Sato et al. developed
a diffusion-cooperative model for describing the electron
kinetics in non-conjugated redox-active polymers.12 In parallel,
Bello and Sing have developed models that leverage a coarse-
grained framework for simulating the polymer dynamics.15

This access to longer timescales and length scales enabled the
identication of different regimes of dominant charge transport
mechanisms (e.g., intrachain vs. interchain hopping). In both
models, the kinetics of individual electron hopping events is
determined (or would be) by the molecular level details of the
redox-active unit. Thus, obtaining a quantitative description
that differentiates the performance of different proposed poly-
mers from rst principles requires that details about the
molecular-level electron kinetics to be understood and accu-
rately predicted.

Given the costs associated with simulating polymeric mate-
rials (with either atomistic molecular dynamics or coarse-
grained simulations), one approach to computationally design
new organic radical polymers is to focus on a “bottom-up”
design, where a set of promising redox-active radical groups are
rst identied. From here, potential polymer backbones,
structures, topologies, and electrolytes can be computationally
(or experimentally) tested with the relatively small set of lead
candidate radicals as part of the polymer repeat unit. Parallel
J. Mater. Chem. A, 2022, 10, 8273–8282 | 8273
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studies of more generalized systems can help inform target
properties (e.g. electronic couplings, reorganization energies,
etc.) that would push the material performance to new limits.
Thus, the focus of this article is on the discovery and molecular
design of promising redox-active groups, specically the low-
potential (or anolyte) material. Though a large number of low
potential molecular radicals have been employed as molecules
or dissolved oligomers in organic redox ow batteries, the
diversity of low potential molecules employed in polymer
batteries is more limited (to mostly viologen species).16,17

Here, we conduct a two-objective, machine-learning-assisted
virtual screening through a modularly-dened chemical space
of anolyte candidates, seeking molecular redox-active groups
estimated to have both low voltage and fast electron-transfer
kinetics.4–6 Virtual screening workows have been successfully
employed for a number of molecular design problems,
including organic functional materials18–21 and metal–organic
complexes.22–24 For organic energy storage materials (primarily
for use in ow batteries), the property objectives of previous
screening campaigns have focused on nding molecules with
optimal half cell potential, solubility, and (low) thermodynamic
susceptibility to enumerated chemical decomposition reac-
tions.25–29 In this paper, we simultaneously focus on the reduc-
tion potential and the molecular level property most likely to
affect the conductivity – the electronic coupling. This property
receives less attention in the ow battery literature due to the
molecules being individually dissolved in solvent (electron
transfer occurs at electrodes).30 However, there is substantial
evidence that evaluating the electronic coupling can provide an
“up or down” vote to the suitability of a radical core in polymeric
batteries. Recently, Tan et al. conducted a comprehensive survey
of the distribution of electronic coupling between radicals for
four molecules, and found that the identity of the molecular
core can substantially affect the localization of the radical and
thus the effective electronic coupling between radical sites in
the material.8 By screening for this property on a diverse set of
molecular cores, we can determine the extent that these prop-
erties hold for other low potential cores.

Our work utilizes recent advances from the quantum
chemistry community for calculating the electronic coupling
between organic molecules. Until recently, electronic couplings
between organic molecules have been oen calculated with
relatively low levels of electronic structure theory (e.g. HF/6-
31G).12 Recently, Mao et al. developed the ALMO(MSDFT) family
of methods for calculating electronic coupling (and hole
coupling) between two molecules at a cost comparable to
density functional theory (DFT).31 This method, which was
benchmarked against EOM-CCSD methods, has also been
shown to be relatively insensitive to the choice of the underlying
density functional, making it a useful new tool for use in virtual
screening protocols.

2 Computational methods

Our two-stage virtual screening workow is shown in Fig. 1. As
the electronic coupling evaluation requires more computational
effort, due to the task requiring DFT calculations at numerous
8274 | J. Mater. Chem. A, 2022, 10, 8273–8282
dimer geometries, the reduction potential screening is
completed rst to identify initial leads. We rst generate
a library of 660 candidates, then estimate their reduction
potential. Lead candidates from this stage are then promoted to
the more computationally intensive protocols that estimate
their electronic coupling for the nal stage of the screen.
2.1 Candidate library construction

Molecular cores for the redox-active molecules in the library
were chosen based on recent results in the literature that re-
ported the synthesis or performance of low reduction potential
molecules in a variety of battery applications (primarily organic
redox ow batteries). We selected eight molecular cores from
these reports (Fig. 2).32–39 In addition, 1,10-dimethyl-[3,30-bipyr-
idine]-1,10-diium (bipyridinium) and 1,10-dimethyl-1,10-
phenanthroline-1,10-diium were included due to their simi-
larity with methyl viologen, a commonly employed radical in
both ow batteries and radical polymer batteries to date.7,19,40–42

Electron-donating groups were introduced as substitution
groups to build a library that should be rich in molecules with
lower reduction potentials than the parent cores.16,17 Alkoxy and
quaternary ammonium groups were included as they have
strong precedent in the ow battery literature to increase the
solubility and stability, in addition to the reduction potential
effects.25,41,43 We systematically enumerated all the mono-
substituted templates and selected some di-substituted
species with priority on higher symmetry, which leads to
a total of 660 candidates of low reduction potential molecules. A
full list of the library is provided in the ESI† and Github
repository. This library is small compared to the thousands (or
millions) of molecules sometimes seen in virtual screening
campaigns, but it is a targeted library that attempts to maximize
synthetic accessibility of potential candidates. This library is
also built to demonstrate the utility of workows that focus on
the transfer and adaptation of recent ndings in one regime of
organic materials design (ow batteries) to an area with some
similar and some different demands (organic radical polymer
batteries).
2.2 Gaussian-process estimation of reduction potentials

The following protocol was implemented to obtain estimates of
the reduction potentials at a low computational cost. Molecular
geometries for each molecule were initially generated from
SMILES strings with Open Babel 3.1.1.44 The resulting struc-
tures were passed into the iMTD-GC45 workow implemented in
the CREST46 program to search for conformational minima.
These conformers were further optimized at the GFN2-xTB47

level of theory in their “neutral” and reduced states with the
implicit analytical linearized Poisson–Boltzmann48 (ALPB)
acetonitrile model, using xtb 6.4.0.49 The electron affinity was
obtained by subtracting the lowest energy of the reduced state
from the lowest energy of the “neutral” state. An empirical EA
energy shi, which was evaluated during the development of
the GFN2-xTB method, was applied to correct the self-
interaction error.50
This journal is © The Royal Society of Chemistry 2022
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Fig. 2 Molecule templates selected from the literature as the prom-
ising low reduction potential molecules. In the library, these cores are
functionalized at the sites indicated with red circles with electron-
donating groups introduced to help lower the reduction potential. The
electron-donating groups are given in text at the bottom.

Fig. 1 Workflow for screening of low reduction potential and high electronic coupling molecule targets, with the color of the box indicating the
relative computational expense of each task. (A) The initial molecule library is generated by introducing electron-donating groups to the core of
promising redox-active molecules. The lowest potential molecules (top 10%), as predicted by the GPmodel, are selected for the second stage of
the screening. (B) In part two of the workflow, more computationally expensive electronic coupling calculations are conducted for randomly
generated dimers of the top reduction potential candidates.
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To accurately predict the reduction potential of redox-active
molecules, several effects need to be taken into account. The
energy of both the oxidized and reduced forms of the molecule
can be inuenced by the local solvation environment (solvation
free energies), thermal corrections, and ion-pairing effect.
Accounting for each of these effects, especially the solvation
effects that may not closely cancel on each side of the reduction
reaction, remains challenging to do in a low-cost computational
manner.50–54 For the redox-active molecules in our library, we
are interested in the redox pairs that differ by one charge at their
cores. Considering the ion-pairing effect, the binding of the
electrolyte cations toward the redox-active anions impedes the
removal of the electron from the redox-active anions by the
stabilizing electrostatic interactions. Different concentrations
of electrolyte cations at equilibrium states will also shi the
redox potential due to different ratios of the ion-paired and the
free redox-active molecule populations.54 The focus of this
paper is on optimization of the molecular component with
other factors held xed, but further considerations (including
electrolytes and counter-ions) would need to be taken into
consideration in the design of the nal material. Recent inves-
tigations have tackled these problems with DFT,25,52–54 and
machine learning models that predict the DFT redox poten-
tials.55 Here, we leverage the capability of Gaussian Process (GP)
regression models56,57 to calibrate electron affinity against
experimental data of reduction potentials.
This journal is © The Royal Society of Chemistry 2022 J. Mater. Chem. A, 2022, 10, 8273–8282 | 8275
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The GP regression model is a supervised machine learning
model that is probabilistic in nature and importantly gives
uncertainty measures of its predictions.58 GP models are regu-
larly used in both computational material science and chem-
istry research.59 GP regression models can not only provide
singular property predictions (such as in this work) with small
training set sizes but also be scaled up using sparse GP
regression models for generating potentials or forces that are
useful for molecular dynamics simulations.60–62 The GP regres-
sion model treats each point for both training and prediction as
a random variable and assumes these points followmultivariate
Gaussian distribution. GP regression model incorporates the
kernel as the prior to constrain the distribution. In property
prediction models, prior work56,57 has demonstrated the supe-
rior performance of the GP regression model over a set of other
ML models in molecular property prediction tasks by using the
sum of squared exponential kernels along with a noise kernel:

K
�
x; x

0
�
¼

X
i˛features

si
2 exp

 
�
��xi � x

0
i

��2
2li

2

!
þ snoise

2I

where K is the kernel function, xi and x
0
i are the feature vectors of

the i-th type of the selected features of data points x and x0, si
2 is

the variance of the i-th feature kernel, li is the length scale of i-th
feature kernel, and snoise

2 is the variance of the noise kernel.
Our reduction potential prediction model combines semi-

empirical quantum chemistry and low-data machine learning
methods. For this task, a GP regressionmodel was trained using
the tools included in GPMol.57 The training set for the model is
a set of experimental reduction potentials measured in aceto-
nitrile selected from OROP set63 (a full list of molecules is
included in the ESI†). Molecules in this set that have different
counter-ions were not considered to avoid ion-pairing effects,
though this could be considered in future design tasks.53,54 In
addition, eight molecules that have experimental reduction
potentials (Fig. 2) were added into the training set. It is neces-
sary to add these data into our training set since the experi-
mental conditions would affect the measured reduction
potential. This is especially evident for quinoxaline, where
a range of 1.35 V in reduction potential in different experi-
mental conditions has been found.53 For these eight additional
molecules, we found experimental literature values that were
measured at similar experimental conditions, particularly with
the same salt cation (Li in our case). This similarity would bear
a resemblance to ion-pairing on the charged anions of the
reduced redox-active molecules.54 All target values in the cali-
bration set are adjusted to be their “absolute” reduction
potential (by shiing values based on the reference electrode
employed in the experiment):

Ered ¼ �DG

nF
� Eref

where Ered is the reduction potential, DG is the free energy of the
reaction of the reduction process, n is the number of the elec-
trons transferred in the reduction process (n ¼ 1 in our case), F
is the Faraday constant, and Eref is the absolute potential of the
reference electrode. Here, we used Li/Li+ as our reference
8276 | J. Mater. Chem. A, 2022, 10, 8273–8282
electrode, and a shi of 1.40 V was used as the difference
between the absolute potential of the standard hydrogen elec-
trode (4.44 V) and the redox potential of the Li/Li+ reference
electrode (3.04 V).55 With the GP regression model, the electron
affinity of redox-active molecules informed with molecular
ngerprints64 and 3D descriptors65 can be calibrated as the
experimental reduction potential (see Section S2 and Fig. S2–
S4† for details).

Previous applications of GP models to regression tasks have
used the full molecular ngerprints as features in the model.
However, here we do not use the entire molecular ngerprint.
Instead, we only pass the ngerprint and descriptor associated
with the “core” group to the model (along with the electronic
structure calculation of the estimated electron affinity).
Building the model in this way has both chemical and mathe-
matical advantages. The GP model incorporates the chemically-
intuitive concept that reduction potentials of redox-active
molecules with the same backbone generally remain in the
same vicinity. The added functional groups are not treated on
“equal footing” with the molecular cores, instead the quantum
chemistry calculations are incorporated as the primary means
to differentiate similar molecular cores that have different
functionalizations. Using this prediction framework is further
supported by the stratied nature of the plot of the GP-predicted
potentials (when only the core is used) vs. the electronic affin-
ities calculated by quantum chemistry (Fig. S2†) for a given core
group. Prior library screens of reduction potentials have found
that for a given core group, quantum chemistry (either DFT or
semi-empirical methods) generally is able to capture a linear
relationship.26–28 Mathematically, this simplication of the
input features to the model reduces the variance of the model to
avoid overtting due to an over-reliance on a select number
functional group results. Aer GP calibration, we then selected
the top 10% of the lowest-electron affinity molecules and
further evaluated their electronic coupling.
2.3 Electronic coupling calculations

As stated above, the fundamental electron transfer rate constant,
which can be quantitatively described by Marcus–Hush
theory,66–68 is a crucial factor that directly determines the upper
bound of the kinetics of electron transfer between redox-active
groups on the polymers.12 By accelerating the electron transfer
kinetics between redox-active groups, it is possible to achieve
a higher current density.12,15 In the nonadiabatic limit, it is
desirable to increase the electronic coupling as this results in
a higher probability of crossover of initial and nal electron
transfer states.8 One other important factor that affects the elec-
tron transfer rate constant is the reorganization energy. However,
in these polymeric systems, the reorganization energy is depen-
dent on the chemical environment, and the polymer structure,
solvent, and morphology need to be accounted for to obtain
reliable estimates of this value. Thus, this parameter would be
more easily estimated further down in the molecular design
process, where explicit polymer simulations are employed.

To estimate the electronic coupling for the down-selected
molecules, 100 dimer structures from optimized geometries
This journal is © The Royal Society of Chemistry 2022
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for each molecule were generated (see Section S4† for details).
Then, each dimer was further optimized using GFN2-xTB with
the implicit ALPB acetonitrile model. Without the implicit
solvent, charged species will oen repel each other. The elec-
tronic coupling was calculated on these optimized dimer
structures using the ALMO(MSDFT) method31 implemented in
Q-Chem 5.3 (ref. 69) at the uB97X-D/def2-SVPD level of theory.
Since our molecular design objective is for non-conjugated
radical polymer batteries, the maximum electronic coupling is
not used. Instead, the Boltzmann-averaged electronic coupling
was found:

hHabi ¼ 1

Q

Xn
i¼1

Hab exp

��Ei

kBT

�

where Ei is the total energy of each dimer, kB is the Boltzmann

constant, T ¼ 298 K, and Q ¼Pn
i¼1

expð�Ei=kBTÞ. The energies of

each dimer were evaluated using the ALMO-EDA method70 with
the IEF-PCM71,72 acetonitrile implicit solvent model.

With further molecular engineering, it may be possible to
engineer polymers that promote specic radical–radical orien-
tations that maximize the electronic coupling. However, for
near-term design tasks, the Boltzmann-averaged electronic
coupling is a more realistic metric of the expected electronic
couplings that the radical would experience.
3 Results and discussion
3.1 Performance of the Gaussian-process calibration
reduction

The performance of the GP model is evaluated in terms of
absolute performance and by comparing to a linear model.
Linear calibration models have generally been useful in esti-
mating reduction potentials that involve simultaneous proton
and electron transfer,26–28 but such calibration methods do not
work as well for just electron transfer. The linear model is tted
by all the nding the best t estimate of the experimental
reduction potentials from the GFN2-xTB electron affinities. This
model is directly compared with the leave-one-out cross-
validation results of the GP model (implementation described
above). The GP model performs better than the linear model on
all of the statistics (Fig. 3).

In the linear model, there is a single outlier with an experi-
mental reduction potential near 3 V, quinoxaline. This outlier is
due to the ion-pairing effect as mentioned above. Ideally, the GP
model would learn this relationship without suffering from
overtting to the training set. Thus, using the same molecular
descriptors for the substituted derivatives as their molecule
templates can prevent the GP model from extrapolating on the
unseen regime and let the GP model make the prediction based
on the learned relationship with the GFN2-xTB electron affinity.
By visualizing the bonds and atoms in a molecule that generate
the bits with top importance in Fig. S4,†we can further interpret
that the GP model is looking for the distinct functional groups
andmolecular environments that affect the reduction potential.
This can be further supported by the fact that the average
This journal is © The Royal Society of Chemistry 2022
uncertainty is only about 0.024 V for the top-10% candidates,
which shows the trained GP model is condent for its predic-
tions. The candidates with higher uncertainty are all bipyridium
and phenanthroline derivatives whose core molecular nger-
print is not included in the training data. The full list of cali-
brated reduction potentials with the uncertainty is included in
the ESI.† The GP model also shows a higher certainty and
converges at the lower reduction potential region, which helps
predict the lowest reduction potential molecules from our
candidates. Thus, the region of highest certainty directly
matches the region of most interest for this work.

By combining estimates of the GFN2-xTB semi-empirical
method and the GP model, we can achieve the prediction of
experimental reduction potentials at a lower computational cost
without conducting electronic structure calculations at a higher
level of theory, such as DFT, which is oen needed in organic
materials screening. The strength of the GP model lies in the
fact that aer training the model with semi-empirical electron
affinity and molecular ngerprints and descriptors, the GP
model can calibrate the semi-empirical electron affinity with the
functional group and structure of the molecule based on
previous observations on the training data. The chemically
intuitively strategy outlined above holds for this set of
molecules.
3.2 Structure–property relationships and design rules for
low reduction potential molecules

Fig. S1† shows the top 66 molecules with their GP-calibrated
reduction potentials. Derivatives of N-methylphthalimide(ph-
thalimide), 2,1,3-benzothiadiazole (benzothiadiazole), 9-uo-
renone (uorenone), and bipyridinium were found as the top
candidates. Their molecule templates (unfunctionalized cores)
were previously the lowest reduction potential compared to the
other cores (except for the bipyridinium). For the same set of
functional groups, the reduction potential of phthalimide
derivatives is more strongly affected (in both directions) than
the other derivatives, indicating that this core may warrant
further functionalization investigations with other groups to
push the potential even lower. Three derivatives of bipyridinium
are also included in this top-10% set. The origin of their pre-
dicted low potential comes from the electronic structure
calculations. The GFN2-xTB-predicted electron affinities of
these molecules are about 1.65 eV lower than methyl viologen
on average, which leads to the GP model predicting lower
reduction potentials for each of them. Experimental results that
explicitly contain these cores could be included in future
training sets and would improve the regression model.

Introducing the amino group as the substituent group
provides the best effect in terms of lowering the reduction
potential. The derivatives with the lowest reduction potential
for four types of derivatives are all substituted with the amino
group. To design a nonconjugated redox-active polymer, we also
need to consider the side chain that links the redox-active group
to the polymer backbone. The choice of the side chain can not
only affect the structure of the entire polymer but also its
character as a thin lm electrode such as the degrees of the
J. Mater. Chem. A, 2022, 10, 8273–8282 | 8277
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Fig. 3 Performance of the GPmodel compared to the linear model, where the x values are the experimental reduction potential and the y values
are (a) EA calibrated by the linear model fitted on all the training data, and (b) leave-one-out cross validation results of the GP-calibrated EA.
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expulsion and uptake of counter-ions accompanied with solvent
molecules, which will further modify the charge transport
process of the redox-active group.11 Our results indicate that
these functionalizations allow the molecule to maintain a low
reduction potential while connecting redox-active groups with
different side chains, consistent with chemical intuition. For
example, as shown in Fig. S1,† introducing two –CH2 groups
between each of the methoxy groups and the core of molecule
14, which leads to molecule 13, only slightly affects the reduc-
tion potential by 0.01 V.

3.3 Distribution of electronic coupling for the top-10%
lowest reduction potential molecules

The charge transport process of the redox-active groups
attached to the polymer backbones is oen well-approximated
by treating the problem as a series of electronic hopping
events between the redox groups because of the localized nature
of electrons on their redox centers.8,12,15 This picture may not
completely hold when the mechanical effects brought by the
structure of the polymer are taken into account. These
mechanical effects have been important for TEMPO groups,
where charge transfer is potentially inhibited due to the steric
protection of its radical center.8 Thus, instead of nding the
maximum possible electronic coupling that a pair of molecules
can have together, we averaged over random dimer structures
optimized in implicit acetonitrile. Note that even with the
robustness of the ALMO(MSDFT) method, when applied at this
higher-throughput (�6600 calculations) scale, there are still
some dimers conformations that have anomalously high esti-
mated values of estimated electronic coupling (up to 6.8 eV).
However, even if such high electronic coupling values were
achievable at specic geometries, this is unlikely to be able to be
engineered in a real material in the near term. Instead, it is
8278 | J. Mater. Chem. A, 2022, 10, 8273–8282
most meaningful to examine the ensemble-averaged electronic
coupling values. These are more likely to reect the ability of
these molecules to operate as the electroactive components of
real batteries that can be currently synthesized. Therefore,
outliers that fall outside of three standard deviations away from
the mean of the sampling distribution were removed before
Boltzmann-weighting calculations (see the discussion in
Section S4†).

By examining the distribution of electronic couplings (Fig. 4)
among the lowest potential candidates, we can see that for the
phthalimide cores, a wide range of calculated averaged elec-
tronic couplings are observed. In general, the highest average
electronic couplings for molecules in this class (which is the
largest class) are for molecules with relatively small functional
groups attached. These ndings may introduce additional
design considerations for molecular radicals, as locality of the
unfunctionalized radical core may provide an initial hint for the
electronic coupling, but this must be conrmed by sampling
the actual congurations that the molecules assume relative to
each other.

3.4 Lead candidates and the two-objective Pareto-optimal
front

The GP-calibrated reduction potentials and the Boltzmann-
averaged electronic coupling are jointly plotted in Fig. 4 for
the top-10% potential set. Also shown are the calculated elec-
tronic coupling values (using the same property prediction
procedure) for molecule templates that were used to construct
the library with their experimental reduction potentials. In
general, our results shown that it is possible to obtain lower
reduction potential from the derivatives of their molecule
templates, but only a limited number derivatives of phthalimide
and benzothiadiazole give higher expected electronic coupling.
This journal is © The Royal Society of Chemistry 2022
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Fig. 4 GP-calibrated reduction potential versus the expected electronic coupling for the top-10% lowest reduction potential molecules. Three
molecule templates are also indicated in the figure with their experimental reduction potential and average electronic using the star sign. Red-
dotted line represents the Pareto front defined by two Pareto-optimal points along with their structures. The error bars shown in the figure
indicate the width of a single standard deviation of the Boltzmann-averaged electronic coupling.
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These trade-offs can be rationalized from steric arguments. The
original molecular templates that lack substitution groups have
more symmetrical and planar geometries. These geometries
allow for closer packing when generating the random dimer
structure and the electronic coupling is generally higher at
closer approach. Three example cases of low-energy dimer
congurations are provided in Fig. S5.† This picture is consis-
tent with the view that larger degrees of monomer molecular
orbitals overlap results in higher electronic coupling. This
approach distance is closer than for the parent template
molecules. We also note that for some of the –OH functional-
ized molecules, their lowest energy dimer congurations have
a hydrogen-bonding, and these geometrical congurations lead
to very little molecular orbital overlap and electronic coupling.

Despite the general trade off between reduction potential
and electronic coupling, two Pareto-optimal molecules22 were
identied in Fig. 4, and both of them have phthalimide as their
cores. Both Pareto-optimal molecules are substituted with
amino groups and exhibit lower reduction potential. One of the
Pareto-optimal molecules substituted with –N(CH2)2 results in
the lowest reduction potential, while the other is substituted
with –NH2 results in the highest expected electronic coupling
due to less steric hindrance. The higher ends of the error bars
on the Fig. 4 can also be thought of as targets that could be
achieved in well engineered radical polymer, where higher
This journal is © The Royal Society of Chemistry 2022
electronic coupling is achievable through the resulting geome-
tries dictated by the polymer structure.
4 Conclusions

With this work, we have identied lead candidates for the low
potential components of organic radical polymer batteries that
are predicted (at the molecular level) to have properties
conducive to high electron conductivity. The workow was
enabled by leveraging a GP model that only required minimal
training data to provide quantitative predictions of the experi-
mental reduction potential. By selecting chemically-motivated
features (the molecular core group ngerprint), we were able
to reduce the risks of model over tting while still providing
quantitative predictions of the reduction potential, especially in
the lowest potential regions, which were of the highest impor-
tance. The model also enabled the examination of much larger
library (for a given timeframe), as the semi-empirical electronic
structure calculations are much lower in cost than DFT calcu-
lations. This work demonstrates a potential strategy for rapidly
identifying potential molecular modications that would
enable the translation of functional molecules from one eld
(molecular redox ow batteries) to a eld with some common
(and some new) property requirements.

The phthalimide core had the highest number of low
potential molecules in the library. This result is partially due to
J. Mater. Chem. A, 2022, 10, 8273–8282 | 8279

https://doi.org/10.1039/d2ta00743f


Journal of Materials Chemistry A Paper

Pu
bl

is
he

d 
on

 1
4 

M
ar

ch
 2

02
2.

 D
ow

nl
oa

de
d 

on
 3

1/
08

/2
02

4 
5:

25
:0

9 
PM

. 
View Article Online
the parent molecule having the lowest reduction potential, but
is also due to functionalization of phthalimide having the
strongest effect on the reduction potential. The screening
results predict that a small, but substantial number of mole-
cules have both higher electronic coupling and lower reduction
than the unfunctionalized parent molecules, suggesting that
radical polymer batteries design requires further molecular
engineering in all parts of the polymer. The set of lead radicals
can be subjected to further tests, such as screens for stability
against potential chemical reactions, and simulations of the
structure and dynamics of radicals that contain these lead
candidates as the radical component.
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K. Wolkersdörfer, B. Häupler, M. D. Hager and
U. S. Schubert, Polym. Chem., 2015, 6, 7801–7811.

41 E. S. Beh, D. De Porcellinis, R. L. Gracia, K. T. Xia, R. G. Gordon
and M. J. Aziz, ACS Energy Lett., 2017, 2, 639–644.

42 B. Hu, C. DeBruler, Z. Rhodes and T. L. Liu, J. Am. Chem. Soc.,
2017, 139, 1207–1214.

43 T. Hagemann, J. Winsberg, B. Häupler, T. Janoschka,
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