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Nonaqueous redox flow batteries (NARFBs) offer a promising solution for large-scale storage of renewable energy. However,
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crossover of redox active molecules between the two sides of the cell is a major factor limiting their development, as most

selective separators are designed for deployment in water, rather than organic solvents. This report describes a systematic

investigation of the crossover rates of redox active organic molecules through an anion exchange separator under RFB-

relevant non-aqueous conditions (in acetontrile/KPFg) using a combination of experimental and computational methods. A

structurally diverse set of neutral and cationic molecules was selected, and their rates of crossover were determined

experimentally with the organic solvent-compatible anion exchange separator Fumasep FAP-375-PP. The resulting data were

then fit to various descriptors of molecular size, charge, and hydrophobicity (overall charge, solution diffusion coefficient,

globularity, dynamic volume, dynamic surface area, clogP). This analysis resulted in multiple statistical models of crossover

rates for this separator. These models were then used to predict tether groups that dramatically slow the crossover of small

organic molecules in this system.

Introduction

Redox flow batteries (RFBs) are a promising energy storage
technology for integrating renewable energy sources into the
electrical grid.13> Most commercial RFBs use aqueous solutions
of transition metal salts as the energy storage materials.*®
However, recent efforts have focused on redox-active organic
molecules (ROMs) as cost effective, sustainable, and tunable
alternatives.®!3 In these systems, energy generated from
renewable sources is stored as chemical charge in a pair of
organic molecules—an anolyte (which is reduced during battery
charging) and catholyte (which is oxidized during battery
charging).>'4 ROMs are particularly well suited for applications
in non-aqueous solvents, whose wide potential windows enable
larger cell potentials than are commonly accessible in water.815
The optimal non-aqueous RFB has an asymmetric configuration,
with the catholyte isolated on one side of the electrochemical
cell and the anolyte on the other. These two half-cells are
connected by a separator, which must enable rapid diffusion of
charge-balancing supporting ions while impeding crossover of
the redox-active molecules.16-18

Over the past decade, there has been considerable progress
in the discovery of ROMs that possess the molecular properties
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required for non-aqueous RFBs, including high (catholyte) and
low (anolyte) redox potentials as well as high solubility and
stability to redox cycling.1®-23 However, crossover of the anolyte
and catholyte between the two battery half cells remains a
major challenge in non-agqueous media. Currently, the most
effective approach for separating organic anolytes and
catholytes in non-aqueous RFBs is based on size exclusion.2427
For instance, mesoporous separators such as Celgard or
Daramic have been combined with polymer-supported
ROMs.25:26.28 Here, the large size of the polymer slows diffusion
through the separator. In a related approach, microporous
separators have been combined with oligomeric ROMs.24:29:30
Again, separation is achieved through size exclusion based on
the relative size of the pores compared to that of the oligomers.
However, despite these successes, oligomeric/polymeric
systems can be limited by slow rates of diffusion, high
viscosities, and low current densities.24-30

More recently our groupsl’19.2231L32 gnd others33-3> have
begun to explore anion exchange membranes (AEMs) to
separate non-aqueous RFBs. However, this remains challenging
because most commercial AEMs are designed for applications
in water (e.g., desalination, bioreactors, fuel cells, aqueous
RFBs).363%9 As such, these materials are highly effective at
separating aqueous solutions of cations based on Coulombic
repulsion (with tri-cation > di-cation > mono-cation >>
neutral).*° In contrast, many AEMs are incompatible with non-
aqueous solvents, which lead to swelling and/or dissolution of
Additionally, the Coulombic repulsion
between a cationic solute and an AEM is dramatically impacted
by the different solvation of ions in organic media (which
typically involves much less solvent separation than in
water).154143 Qverall, despite interest in identifying AEMs that

the separator.3337
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effectively and predictably separate ROM solutions in non-
aqueous RFBs, existing studies remain largely empirical. This
gap motivates systematic modelling of how the molecular
properties of ROMs impact crossover in organic media.

In this study, we seek to disentangle the contributions of
ROM molecular structure to crossover rates in acetonitrile
(MeCN) with the commercial AEM Fumasep FAP-375-PP.#445
Experimental crossover rates for a training set of structurally
diverse ROMs are analyzed by multivariate linear regression
(MLR) with various chemical descriptors. Moderate correlation
is observed with the overall charge of the molecule, but there is
significant variation within a given charge state (0, +1, +2). To
effectively model and explain this variation, we develop several
statistical models that correlate crossover rate to computed
molecular properties, by incorporating descriptors such as
globularity, dynamic volume, dynamic surface area, and clogP.
Furthermore, we show that this approach effectively predicts
tether groups that can be appended to slow crossover of
monomeric ROMs by close to a factor of 50. We anticipate that
this approach will prove broadly useful for designing and
characterizing new separators, catholytes, and anolytes for
non-aqueous RFBs.

Dataset

Monocationic

Journal Name

From a set of 73, we selected 20 structurally and
electronically diverse redox active small molecules as a training
set for constructing statistical models (Figure 1A). These 20
compounds were selected by calculating low-level Mordred
descriptors of the available ROMs (ROM pool detailed in the Sl),
and then using K-means clustering and the elbow method to
determine the ideal number of representative clusters and to
identify their centroids.*6-*8 The AEM Fumasep FAP-375-PP was
selected as the separator based on its prior implementation in
nonaqueous RFBs with MeCN/KPFs as the supporting
electrolyte.1®20.2249 This is a rare example of a commercial AEM
that has been shown to be compatible with non-aqueous RFBs.

The rate of crossover was determined experimentally for
each ROM in a Fumasep FAP-375-PP-separated H-cell by loading
a 25 mM solution of ROM in MeCN/KPF¢ into the retentate side
of the cell and monitoring the permeate by cyclic voltammetry
as a function of time. The initial first order rate was then
measured from plots of concentration versus time over the first
10% of crossover (Figure 1B).>° As summarized in Figure 1C, the
initial rates varied over two orders of magnitude, from 2.95 to
0.03 mM/h.>! In general, the neutral ROMs (1-10) show
relatively fast initial rates of crossover that span from 0.55 (7)
to 2.95 (1) mM/h. The trication 20 exhibits the slowest rate of
crossover (0.03 mM/h).
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Figure 1. Diverse set of NARFB ROMs. A. Dataset used for model development. Anions omitted for simplicity (each charged compound is a PF6— salt. B. Representative cyclic
voltammograms (CVs, left) of retentate as a function of time and initial rates plot (right). C. Initial rates for ROMs in Fig. 1A, grouped by charge.
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Figure 2. A. Univariate correlation between charge (n) and the log of initial rate of crossover. B. Plot of initial rate versus diffusion coefficient, showing no univariate correlation. C.
Multivariate linear regression model containing charge (n) and diffusion coefficient (D) as descriptors.

We first examined the relationship between the crossover
rate and the overall charge of the molecule (n). As shown in
Figure 2A, a reasonable correlation is observed (R? = 0.84), as is
expected for an AEM. This shows the anticipated trend that
neutral ROMs cross over ~5-fold faster than monocations,
which cross over ~5-fold faster than dications. However, within
each integer charge state, there is significant variation (e.g., up
to a factor of ~5 within the neutral molecules) that is not
accounted for in this univariate correlation. This indicates that
charge alone is insufficient to predict ROM crossover in this
system. In an initial attempt to address this, we experimentally
determined solution diffusion coefficients (D, often considered
a proxy for the size of a molecule in solution)?45253 for 1-20
using cyclic voltammetry.>* Surprisingly, a plot of D versus
crossover rate (Figure 2B) shows no correlation (R? = 0.02),
indicating that this property has a minimal relationship with
crossover rates under these conditions. Finally, we conducted
linear regression of n and D with the crossover rates to assess
whether a combination of these two descriptors could
effectively model this system. As shown in Figure 2C, the model
does not correlate better than charge alone, and lacks the
granularity needed for accurate prediction of molecules within
charge classes. We can also confirm the reluctance of
incorporation of D in this model by the small coefficient

Model A
log(intial rate) = -0.24 + 0.11Globularity - 0 44Charge

Model B
log(intial rate) = -0.24 + 0.15cLogP - 0.44DV

associated with D (0.02 vs 0.51 for charge, n). Overall, these
initial results motivated further statistical modeling to identify
better descriptors for crossover in these systems.

Statistical Modeling

We pursued statistical modeling techniques, an approach
we have previously used to design NARFB anolytes and
catholytes.1®:234955 \We noted that the density functional theory
(DFT)-based profiling approach that we typically use for
quantitative analyses is not readily amenable to this diverse set
of structures, since they lack a common structural core.>®
Therefore, we turned to quantitative structure-property
relationship (QSPR)-type descriptors, which are better suited
for global description of structurally diverse ROMs. The QSPR
descriptors examined included charge, cLogP,°” clLogs,*®
number of H-bond donors/acceptors, polar surface area,
number of rotatable bonds, number of aromatic rings, number
of amines and oxygens, globularity, and the van der Waals
surface area and volume. We also reasoned that solution
conformation was likely to impact crossover, so three-
dimensional unrestrained conformational ensembles of each
molecule were collected to describe the dynamic shape of each
compound in solution. Quantitative descriptors describing
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log(intial rate) = -0.24 + 0.12cLogP - 0.46DSA
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Figure 3. A. Linear regression Model A indicates one term that relates to increased rate (globularity) and one term that relates to decreased rate (charge). B. Linear regression Model
B indicates one term that relates to increased rate (cLogP) and one term that relates to decreased rate (DV). C. Linear regression Model C indicates one term that relates to increased

rate (cLogP) and one term that relates to decreased rate (DSA).
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these ensembles, dynamic surface area (DSA) and dynamic
volume (DV), were then computed. A full list of descriptors
explored in this study can be found in the Supporting
Information. This wide range of descriptors provides a set of
parameters from which a forward-stepwise linear regression
algorithm could determine the best-fit descriptors. Regression
of this library of descriptors to the log of empirically determined
initial rates enabled the construction of statistical models,
which were evaluated by their statistical performance and
interpretability.>®

The best-fit models resulting from this process are shown in
Figure 3. Model A is composed of two terms: globularity and
charge. This model presents robust values for statistical
evaluation (where the training R? is high, and the test R? and
leave-one-out cross-validation Q? agree with both the training
and test R? values, Fig. 2). Globularity is a measure of how
spherical a molecule is (details for this calculation are included
in the Sl), and the positive coefficient indicates that more
spherical molecules crossover faster. We hypothesize that this
is because substrates that adopt a more spherical conformation
can better fit through the pores in this membrane. The negative
coefficient of charge indicates that as the formal positive charge
of the molecule increases, the rate of crossover decreases.
Therefore, cations permeate the membrane more slowly than
neutral molecules. It should also be noted that the coefficient
of charge is nearly four times as large as globularity, indicating
an increase in the charge value is about four times as influential
as the same (scaled) increase in globularity.

Though globularity and charge together accurately describe
the behavior of the training set, we wondered whether these
data could also be described by a continuous variable to provide
more detail within charge classes, and whether size of the
molecule had a direct influence on crossover rates. Two
additional well-performing models were found that address
these questions. Models B and C (Figure 3) contain a cLogP term
and DSA or DV term, respectively. These models also present
robust statistical metrics. In both cases, the training R? is high,
and the test R? and leave-one-out cross-validation Q2 agree with
both the training and test R? values. The positive coefficient of
the cLogP [calculated partition coefficient between n-octanol
and water (log(Coctanol/Cwater), @ Measure of lipophilicity)] term in
both models B and C indicates that ROMs that are more
hydrophilic (as indicated by a small cLogP value, which, in the
current series, tracks with molecules that have a larger overall
positive charge), crossover more slowly. Because clLogP is a
continuous variable, unlike charge, models B and C may be able
to differentiate between molecules with the same overall
charge. Model B also contains the DV term with a negative
coefficient. DV is the volume of the conformational ensemble of
a ROM (a readout of the effective size of a ROM in solution), and
the negative coefficient indicates that as the DV increases, the
rate of crossover decreases. Likewise, the negative coefficient
of the DSA term (the surface area of a ROM’s conformational
ensemble) in model C indicates that as the DSA increases, the
rate of crossover decreases.

Models A-C all effectively quantitatively describe the
observed initial rates for this set of ROMs using interpretable

4| J. Name., 2012, 00, 1-3

terms. We next aimed to use the interpretation of the
statistical models to design a moiety that could be tethered to
an existing ROM and decrease its rate of crossover.

Implementation

We designed and synthesized a small set of ROMs (21-26;
Table 1) based on the descriptors in models A-C. The goals of
these studies were (1) to test how well these three models
perform in predicting crossover for new molecules and (2) to
identify tether groups that most effectively impede the
crossover of neutral monomeric ROM cores. We selected
dialkoxytetrazine as the core for derivatization for two reasons.
First, the parent ROM, 10, undergoes fast crossover (2.65
mM/h), so tether groups were expected to have a significant
impact in this system. Second, these groups can be installed in
1-3 simple synthetic steps starting from commercial
dichlorotetrazine. In all cases, the tether groups contain cationic
tetraalkylammonium substituents, which are designed to
increase the overall charge and to decrease the cLogP of the
ROM. These were attached by linear alkyl chains of different
lengths to minimize the spherical nature (globularity) and
increase the effective size of the ROM (DSA, DV). Various
substituents (methyl, benzyl, substituted benzyl) were
incorporated on the ammonium nitrogen to assess the impact
of size, symmetry, and hydrophilicity on crossover. Initial rates
of crossover were determined for 21-26 using the same
procedure as above, and the data are shown in Table 1.

All of the cationic tether groups slowed crossover by factors
ranging from b5.4-fold to 43-fold compared to the first-
generation molecule 10. The incorporation of a single relatively

Table 1. Synthesis of Tethered ROMs to Decrease Rate of Crossover®

,N@
@ N7
N

_N__OM
N
DS S
MeO”™ N RO™ N
positive charge, hydrophobic R
(10) spherical, large DV (21-26)
fast cross-over slow cross-over
2.65 mM/h
| |
[CINTd [CINT-
NcN\rO\/\/N\ NaNYO\/\/N\
PN ® PNy
NS NS
MeO” "N’ SNTT0TNY
@1) ! (22)
0.49 mM/h 0.12 mM/h

5.4-fold decrease 22-fold decrease

N o ~ENC N 0\/\@’1‘/
AN o X
Me0” SNV SN 0N
(23) 24)
0.22 mMh 0.065 mM/h

12-fold decrease =~ OCF3 OCF, 41-fold decrease OCF3

_N O\/\®/ |
N~ N~ [CINT
e LT N O EN
o N @ PN
SN0 S
e
F3CO 26)
(25) 0.078 mM/h
OCF,4 0.062 mM/h 34-fold decrease

43-fold decrease

9Anions omitted for clarity. All compounds are PFg salts
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Figure 4. Predicted log(rate) of crossover versus actual log(rate) of crossover for tethered ROMs. Model A predicts 33% of data within 1MAE and 100% of data within 2MAE. Model
B predicts 33% of data within 1MAE and 50% of data within 2MAE. Model C predicts 33% of data within 1MAE and 33% of data within 2MAE.

small and spherical trimethylalkylammonium tether group (21)
resulted in a 5.4-fold decrease in the initial rate of crossover,
while introducing two of this group (22) led to a 22-fold
decrease. Increasing the size and decreasing the globularity of
the tether by replacing a methyl with a para-
trifluoromethyoxybenzyl led to larger 12- and 41-fold decreases
for the mono- (23) and bis- (24) tether compounds, respectively.
In contrast, minimal difference in crossover was observed upon
shortening the chain by one carbon (compare 24 to 25) or
removing the OCF3; group (compare 24 to 26). To quantitatively
assess models A-C, we compared the predicted crossover rate
by each of the three models to the experimental data for 21-26
(Figure 4). All three models capture the magnitude of rate
decrease in their predictions. Model A successfully predicts the
quantitative rate of crossover for 33% of the tether molecules
within 1 mean absolute error (MAE). Within 2 MAE, model A
predicts 100% of the quantitative rate data. Models B and C only
predicted 50% and 33% within 2 MAE, respectively. Overall,
model A is the most accurate at predicting the quantitative rate
of crossover for novel ROMs, however, models B and C still give
insight to how to interpret the relative rate of crossover
between compounds.

Conclusions

Overall, this study describes our development of several
models for the crossover of structurally diverse redox active
small molecules with the organic-solvent compatible AEM
Fumasep FAP-375-PP in MeCN/KPFs. As expected, the overall
charge of the molecule plays an important role in crossover,
with neutral > monocation > dication > trication. However, we
show that charge alone is insufficient to fully predict crossover
rates, as there is significant variation among ROMs with the
same overall charge. We used QSPR analyses to identify
globularity, dynamic volume, dynamic surface area, and clogP
as useful descriptors leading to three statistically significant
models for crossover. These models were then tested by
evaluating various cationic tether groups for impeding the
crossover of a dialkoxytetrazine-based ROM, resulting in
derivatives with nearly 50-fold slower crossover rates. Overall,
we anticipate that this approach will be more broadly applicable
for evaluating and comparing cation exchange membranes as
well as for identifying suitable ROMs for asymmetric non-

This journal is © The Royal Society of Chemistry 20xx

aqueous redox flow batteries. Additionally, the incorporation of
the tethers identified in Table 1 offers a synthetically
straightforward approach for effectively deploying redox active
small molecules in AEM-separated asymmetric flow batteries.
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