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H I G H L I G H T S

• A comprehensive experimental redox potential database with pH value for ORFB.
• Lightweight Graphics machine learning models with GPU acceleration for ORFB.
• Accurate prediction on both experimental and computational data of ORFB.

A B S T R A C T

Organic redox flow batteries (ORFB) are recognized as an innovative technology for the large-scale storage of renewable energy. The redox potential of organic
redox-active molecules plays a vital role in their performance. Advanced screening techniques like high-throughput experiment and machine learning (ML) have
significantly enhanced organic material performance and transformed the field of ORFB. However, the scarcity of experimental data poses a considerable challenge
for ML model development in this domain. In our study, we developed lightweight graph-based Gaussian process regression (GPR) models with GPU-accelerated
marginalized graph kernel and hybrid kernel to predict the redox potentials of organic redox-active molecules for ORFBs, specifically focusing on small datasets.
To evaluate model accuracy, we created a new experimental database of organic redox-active molecules by the data from hundreds of published papers and
assembled previous computational datasets. We also considered some key parameters, such as pH conditions and solvent type, to assess their impact on redox
potential prediction. Our GPR model predicted redox potentials with high accuracy across all datasets using minimal training data. The study provides powerful tools
for molecule screening and design and delivers valuable guidance on designing training datasets for costly experiments.

1. Introduction

Redox flow battery (RFB) is a type of rechargeable battery where
energy is stored in liquid electrolytes containing electroactive species.
These electrolytes are stored in external tanks and circulated through an
electrochemical cell stack during charge and discharge cycles. Redox
flow batteries are particularly suitable for large-scale energy storage
applications due to their scalability, flexibility, and long cycle life. There
are various RFB technologies including vanadium redox flow battery
(VRFB), zinc-bromine flow battery, organic redox flow battery (ORFB)
and iron-chromium flow battery [1–3]. Among these redox flow batte-
ries, ORFBs, including both aqueous and nonaqueous ORFB, are a type

of redox flow battery that uses organic molecules dissolved in water or
organic solvent as the electroactive species [4–6]. This battery tech-
nology is being developed to provide a more sustainable, cost-effective,
and environmentally friendly option for large-scale energy storage
compared to traditional batteries like lithium-ion batteries. Instead of
using metal-based ions (like in vanadium redox flow batteries), ORFBs
use organic molecules. Organic materials can be cheaper and more
abundant than the metals used in other flow batteries [6,7]. Organic
materials can be sourced from renewable resources, making the tech-
nology more environmentally friendly. Also, these organic materials can
be designed and synthesized to have desirable electrochemical proper-
ties, such as higher solubility and cell voltage, and stable redox states
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[8]. ORFBs generally have lower energy densities compared to some
other battery technologies. To enhance the energy density of ORFBs, the
key challenge is to identify organic molecules with appropriate redox
potential values. Whether in theoretical or practical flow battery sys-
tems, a higher redox potential for the catholyte and a lower redox po-
tential for the anolyte are always desired [9–11]. Predicting the redox
potentials of molecules is also essential in other fields such as electro-
catalysis, medical chemistry and environmental science [12–14]. For
these relevant applications, choosing the best candidates from an
essentially infinite chemical space for experimental testing of the redox
potential property requires efficient screening approaches. Many
organic compounds such as quinones, viologens, flavins, thiazines, im-
ides, and their derivatives have been investigated for redox-active spe-
cies in both aqueous and non-aqueous RFBs. Among them, quinone and
phenazine which are structural analogues to anthraquinones, their
reduction mechanism depends on the media, occurring either via a
2-electron reduction (ET) in two steps in aprotic solvents, or via a
2e− /2H+ proton-coupled electron transfer (PCET) mechanism in a single
step in protic media. These chemical reactions will lead to different
outcomes in redox potential. Additionally, their redox potentials
strongly depend on the nature of functional groups in the molecular
structure [15,16].

With the development of computational power, quantum chemistry
calculations are crucial in material science because they offer a funda-
mental understanding of the electronic structure and properties of ma-
terials at the atomic and molecular levels [17]. Methods such as Density
Functional Theory (DFT) have been widely used to characterize the
electronic and structural parameters of various compounds in RFB. By
predicting the behavior of these materials, quantum chemistry calcula-
tion enables researchers to design and optimize new materials with
desired properties. This predictive capability is essential for developing
advanced materials for applications ranging from sustainable energy
solutions and catalysis to electronic devices and nanotechnology.
Moreover, the use of quantum chemistry calculations can significantly
reduce the need for time-consuming and costly experimental proced-
ures, thereby accelerating the pace of innovation and discovery in ma-
terial science. For example, Asenjo-Pascual et al. performed Natural
Bond Orbitals (NBO) and Atom Dipole Correction Hirshfeld (ADCH)
charge distribution analyses in DFT calculations to evaluate stability of
the compounds in ORFB [18]. Achazi et al. designed a multi-step pro-
cedure with DFT calculations for molecules screening in organic radical
polymer anodes [19]. The redox potential property of a molecule,
including the oxidation and reduction potentials, can also be determined
through DFT calculation. The oxidation/reduction potential of molecule
in solution is a sum of adiabatic ionization energy/adiabatic electron
affinity and the corresponding solvation free energy. In calculation,
redox potentials can be estimated either directly using continuum sol-
vent models or via Born–Haber thermodynamic cycles of either a half- or
full reaction. Accurate reproduction of experimental redox potentials is
therefore a benchmark test for the methods of computational chemistry.
Also, some DFT calculation datasets have been built [20], such as the
ROP313 [21], RedDB [22], OREDOX159 [23] and CompBatPET dataset
[24]. However, due to the high computational cost of high accuracy
quantum chemistry calculation, most calculations have been performed
using approximated methods, such as continuum solvation models.
Unfortunately, to date, accurate predictions of this crucial property
based on first principles calculation remain challenging, with typical
prediction errors around 0.5 V. This is because for common functionals
in DFT, the average free energy difference in gas phase calculation could
be 1–10 kcal/mol, and the error of free energy calculations in solvent
might be even larger [25,26]. Based on the thermodynamic cycle and
the Nernst equation, the error of redox potential would be 0.04 V if the
free energy calculation deviation is 1 kcal/mol. To reduce the error, it
will require expensive quantum chemistry composite methods like G4
[27]. The accurate calculation of solvation free energy is another
problem. To be useful for applications, for example, in catalysis, errors

should not exceed 0.2 V (3 pK units at ambient temperature) [28].
Although a few machine learning (ML) models have been developed to
correct the error on the free energy, the error is still large, and the
models that provide correction need additional training for a new
dataset [29–31]. Therefore, ML models utilizing experimental data
would be more directly applicable in both lab and industrial contexts.

The group contribution method has been one of the most widely used
approaches to estimate standard Gibbs energies and redox potentials
when there is no experiment data, especially in biochemical process
[32]. Advanced mathematical methods, such as multiple linear regres-
sion analysis based on chemistry descriptor, have gradually entered this
field [33]. Since then, numerous structural and energetic descriptors
have been developed for predicting redox potentials [34,35], while the
focus has shifted from biologically active to industrially relevant com-
pounds. Recently, ML methods, including traditional and novel ML and
deep learning (DL) techniques such as deep neural networks and graph
neural networks have also been used in redox potential prediction
[36–41]. Despite many advanced approaches that have been developed
for redox potential prediction, one key obstacle in developing valuable
models is the insufficient amount of high-quality experimental data. As
the redox potential depends on many factors like pH value and solvent
type, the parameter space of the data is very large, and the data
collection would be expensive even with high through-put electro-
chemical characterization [42–44].

Gaussian process model is a type of lightweight ML model for
training data. In this work, we developed molecular graph based
Gaussian process regression (GPR) model with graphics processing unit
(GPU) acceleration for redox potential prediction of molecules, targeting
the organic redox-active species in ORFB. To address the issue of data
lack, we built a new comprehensive experimental redox potential
database by compiling data from hundreds of ORFB published papers.
The database includes more than 500 redox potential measurements of
organic redox-active molecules in water and/or organic solvents. To the
best of our knowledge, this is currently the largest experimental redox
potential database for ORFBs. The experiment parameters of pH value
(for aqueous ORFB), type of solvent, chemical identifiers and corre-
sponding reference are contained as well. We perform tests on the
subsets including the redox-active molecules that involve one-electron
or two-electron transfer mechanism in water and organic solvent and
obtain good results. Additionally, we tested our model on a couple of
published DFT calculation datasets of typical organic redox-active
molecules as quinone and phenazine derivatives. The performance of
the trained model is excellent on the computational redox potential
datasets. Based on the results, we discuss the efficient training dataset
construction and molecule design for the development of high-
performance organic material in ORFB.

2. Results and discussion

2.1. Data curation and machine learning model development

In this work, we build a comprehensive database of experimental
redox potential data from hundreds of published papers and performML
model training and test with these data. All the redox potential values
were converted with Standard Hydrogen Electrode (SHE) as a reference.
For each entry, the pH value in experiment was also included (for
aqueous ORFBs) since the redox potential of organic redox-active mol-
ecules is dependent on the pH value. The chemical identifiers of these
molecules like Simplified Molecular Input Line Entry System (SMILES)
string and International Chemical Identifier Key (InChiKey) and refer-
ence are provided. Using SMILES string, many other molecular de-
scriptors can be calculated with cheminformatics package as RDkit. For
some molecules, multiple different redox potentials values were found.
We selected the most reliable one for the user’s benefit. Additionally,
two computational datasets are included in our tests. The datasets de-
tails are listed in Table 1. Dataset 1 is a curated experimental dataset
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from hundreds of organic redox flow batteries papers. To conduct a
systematic investigation, the experiment database is split into three
subsets. Dataset 1-1 contains molecules in acidic solution for aqueous
ORFB. While Dataset 1-2 contains molecules in alkaline solution for
aqueous ORFB. And the dataset 1-3 contains data for nonaqueous ORFB.
Molecules in neutral solutions of ORFBs are not included in the current
database due to insufficient data. Datasets 2 and 3 are computational
datasets by DFT calculations from other people’s work. Dataset 2 in-
cludes phenazine derivatives and dataset 3 consists of quinone de-
rivatives, which are both typical redox-active molecules in ORFBs.
Detailed discussions of each system will follow in the subsequent
sections.

These datasets are used to train and test ML model. As the fidelity of
DFT calculation data is different from experiment data, we train the ML
models separately for each datasets following the workflow shown in
Fig. 1. After the data curation, the process starts with converting the
SMILES string of molecules in the dataset into graphs. In this setting,
atoms serve as nodes and bonds serve as edges. Then, we apply graph
kernel to determine the average similarity by performing simultaneous
random walks on pairs of graphs and generating paths. The details of the
graph kernel construction are listed in Section 4.1. To validate the model
and optimize the hyperparameters in the model, we apply 5 -fold cross-
validation. The details are shown in Sections 4.2 and 4.3.

We calculated the mean absolute error (MAE) and root mean square
error (RMSE) values to evaluate the performance of the predictions. The
MAE and RMSE are defined as

MAE=
1
n
∑n

i=1
|yi − ŷi| (1)

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)2

√

(2)

where n is the number of molecules, yi is the ground truth for the redox
potential of the molecule, and ŷi is the prediction of redox potential
obtained by the ML model.

Finally, predictive models are built using graph-based GPR by uti-
lizing both the pairwise similarity matrix among the training molecules
and the cross-similarity matrix between the new molecule and the
training molecules.

2.2. Experimental data test

To evaluate the performance of our model for experimental data, we
built a database with ~500 data points of organic redox-active mole-
cules including quinone, phenazine and many other organic redox-
active species derivatives in water or organic solvent. The datasets are
included in the supplementary data. To conduct systematic tests, the
data were split into three subsets according to the type of solvent and pH
value in the solution. Using a data separation strategy tailored to the
specific applications of redox-active molecules in different ORFBs allows
us to exclude the effect of pH value and decrease the dimensionality of
input parameters in the GPR model.

2.2.1. Organic redox-active molecules in aqueous ORFB by GPR model with
graph kernel

Estimating redox potentials with chemical accuracy, often required
to select the best candidate molecule, is a nontrivial task. The redox
potential of the species is significantly influenced by the substituents on
the core structure. Therefore, the redox potential can be manipulated
using proper substitution. We evaluate the performance of the GPR
models in acidic and alkaline ORFBs separately. Using our experimental
data sets, we identified 99 redox potential data points of organic redox-
active species in acidic ORFB from the literature. Most of them are ob-
tained at around pH = 0. According to the Pourbaix diagram of organic
redox-active molecules in acidic ORFB, the redox potential value is not
sensitive with small change of pH value in this small region around pH
= 0. Therefore, the pH value is not used as an input parameter in the ML
model training and test process. From the 99 data points gathered, 80

Table 1
Summary of the datasets in this work.

Index Dataset type Number of
data points

Number of
core
structures

Solvent
type

pH

1–1 Experimental
data

99 12 Water <7

1–2 Experimental
data

96 9 Water >7

1–3 Experimental
data

336 19 Organic
solvent

None

2 Computational
data

178 1 Organic
solvent

None

3 Computational
data

408 17 No solvent None

Fig. 1. Representation of the multistep ML workflow for redox potential prediction of organic redox-active molecules in ORFB.
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were designated for the training set and 19 for the test set. Fig. 2a and b
illustrates the model’s exceptional performance on this small dataset of
acidic ORFB. The MAE of the training set and test set are 0.038 V and
0.053 V, respectively. The RMSE of the training and the set are 0.063 V
and 0.071 V. Additionally, the correlation efficient R2 are 0.957 and
0.953, indicating a good correlation between the ground truth and
prediction. Note that the experimental data is more complex than
computational data, as it involves multiple core structures, and a single
core structure may encompass various types of functional groups. The
measurement noise in experimental data is also significantly greater
than that in computational data. Our model is still able to achieve
excellent performance despite having such a limited amount of data.

For most of the data obtained from alkaline solution, i.e., pH> 7, the
range of pH value is 12–14. Like the above dataset, in this range, the
redox potential value is almost independent with the pH value. There-
fore, we did not include pH value in our model input. Out of the 96 data
points, 80 were allocated to the training set and 16 to the test set. As the
dataset includes various core structures, the complexity of this dataset is
obviously higher than the computational dataset by DFT calculation.
Fig. 2c and d displayed the prediction results. The MAE values for the
training and test sets are 0.024 V and 0.085 V, respectively, with cor-
responding RMSE values of 0.041 V and 0.098 V. This confirms the
outstanding performance of our model on a realistic dataset. The R2 =
0.961 and 0.897 for the training and test data set, respectively. The MAE
and RMSE are a bit higher than that of acidic ORFB. To further improve
it, we tried another method, which is discussed in the next section.

2.2.2. Organic redox-active molecules dataset in alkaline ORFB by GPR
model with hybrid kernel

To further improve the prediction of the GPR model in alkaline
ORFB, we try a hybrid kernel to introduce additional information of
physicochemical property. The graph kernel only includes structural
information of the molecule. While the redox potential is a type of
physicochemical property. Previous papers showed that some quantum
chemistry descriptors, such as the frontier molecular orbital energies,

electron affinities and ionization energies have strong correlation with
redox potential [45–48]. In theory, according to Koopman’s theorem,
the oxidation/reduction potential is proportional to the highest occu-
pied molecular orbital (HOMO)/lowest unoccupied molecular orbital
(LUMO) energy if the solvation free energy and thermodynamic
correction of free energy are ignored, and the vertical process approxi-
mation is applied. These are simple descriptors that can be obtained
from DFT calculation as they only require computing the frontier orbital
energies in the neutral compounds in either the gas phase or in solution.
We try integrating the molecular orbital energy into the training data
with the hybrid kernel including the graph kernel and the radial basis
function (RBF) kernel. While more sophisticated kernels could be
explored, here we just start with a basic one to determine whether the
additional information can improve the model performance. The LUMO
energies descriptor is calculated by DFT and semiempirical methods. We
try the semiempirical method because previous paper reported that a
good correlation has been found between computed frontier molecular
orbital energies and electron affinities or ionization energies [20].
Fig. 3a presents the relationship between the DFT/xTB LUMO energy
calculation data and experimental redox potential data. Generally, the
LUMO energy data exhibit some correlation with the redox potential
data, but some data points exhibit large fluctuations. Although the ab-
solute LUMO energy values are different with the two functionals
ωB97X-D3 and B3LYP-D3, the R2 values are very close (0.404 vs 0.442).
That indicates is the correlation is not sensitive to the selection of the
functional in DFT calculation. The R2 between xTB calculation and
experimental data is 0.419. Additionally, the xTB calculation results
show greater fluctuations. In the following machine learning model
training, we only used the B3LYP-D3 calculation result.

As shown in Fig. 3b and c, we found that incorporating LUMO energy
through another kernel has almost no effect on the MAE values (0.085 V
and 0.086 V), while it improves the RMSE slightly. The RMSE value
decreases by 0.01 V with the RBF kernel and LUMO energy descriptor
calculated by DFT. Additionally, we found that the prediction result is a
bit sensitive to the data quality with the RBF kernel. The MAE with the

Fig. 2. (a) Parity plots of training data and test data and (b) MAE and RMSE of training set and test set in the experimental dataset of organic redox-active molecules
in acidic ORFB. (c) Parity plots of training data and test data and (d) MAE and RMSE of training data and test data in alkaline ORFB by GPR model with graph kernel.
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LUMO energy calculated by DFT approach is 0.086 V. While the MAE
with the LUMO energy calculated by xTB is a bit larger, i.e., 0.092 V.
Also, the RMSE values increases by 0.023 V. This is consistent with the
data quality of the LUMO energies. Although the xTB calculation is
much faster than the DFT calculation, the low-quality data does not
work well in the hybrid kernel. On the other hand, the high-quality data
with higher correlation of the target property might further improve the
prediction. By incorporating additional corrections such as renormali-
zation energy and solvation effects, the descriptor’s accuracy could be
enhanced [49] and the correlation may be stronger. That will be
explored in our future work.

2.2.3. Organic redox-active molecules dataset with one-electron transfer in
organic solvent by GPR model with graph kernel

In this section, we test our model on organic redox-active molecule in
nonaqueous ORFB. Prince et al. reported the redox potential of the two
half quinone derivative couples, Q/Q.- and Q.− /Q= , of 11 parent qui-
nones and 118 substituted 1,4-benzoquinones, 91 1,4-naphthoquinones,
and 107 9,10-anthraquinones in dimethylformamide (DMF) solvent
[50]. Quinones participate in two-electron, two-proton reactions in

ORFB, but the proton transfer and electron transfer may be not syn-
chronized. Proton transfer often lags behind the electron transfers. The
reaction mechanism is very complicated. Understanding the redox po-
tential change for various quinones in one-electron reaction is beneficial
for experimentalists seeking to comprehend the reaction mechanisms of
various quinones, which is crucial for optimizing reaction conditions
and guiding molecular design. As the number of Q.− /Q= data is limited,
we only test our model on the redox potential of quinones with Q/Q.-

one-electron transfer. Some molecules with large functional groups such
as decyl group were not included in the dataset because the graph
generation of these molecules is slow. Finally, we selected 336 data
points. These data were divided into a training set of 300 samples and a
test set of 36 samples. Fig. 4 shows the prediction results. This dataset
includes a greater variety of core structures and functional group types,
and the number of molecules containing multiple functional groups is
noticeably higher than the other datasets. Despite these challenges, the
prediction of the GPR model still achieves good performance. The MAE
for the training set and test set are 0.073 V and 0.118 V, respectively,
which are both less than 0.2 V. The RMSE for the training set is 0.111 V
and for test set is 0.189 V. The R2 values for the training and test datasets

Fig. 3. (a) The correlation between experimental redox potential and LUMO energy in calculations of the organic redox-active molecules. (b) Parity plots of the test
data and (c) MAE and RMSE of the test data in the dataset of organic redox-active molecules in water (alkaline solution) by GPR model with hybrid kernel.

Fig. 4. (a) Parity plots of training data and test data and (b) MAE and RMSE of training data and test data in the dataset of quinones with one-electron transfer in
DMF solvent by GPR model with graph kernel.
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are 0.886 and 0.683, respectively. It is also observed that a few points
had significant deviations, indicating that more data are necessary for
the high diversity dataset.

2.3. Computational dataset test

2.3.1. Phenazine derivatives
We also evaluate our GPR approach on two computational datasets.

The first is the redox potential data of phenazine derivatives in aprotic
solvent (Dataset 2). It has been verified that a phenazine-based organic
redox-active material compound showed an exceptionally high revers-
ible capacity that exceeds 90 % of its theoretical value in ORFB [51].
Phenazines comprise a large group of redox-active nitrogen-containing
heterocyclic anthracene skeletons, sharing similar chemical, electro-
chemical and physical properties to those of the quinone family, as
shown in Fig. 5a. de la Cruz et al. investigated the redox potentials of
~200 phenazine derivatives in dimethoxyethane (DME) solvent with
DFT calculation [52]. There are 20 types of electron-donating or
-withdrawing groups at different positions. Note that most of the mol-
ecules in this dataset are with one substituent. Only a minor fraction of
the molecules has all hydrogens replaced. They identified promising
candidates for both the negative and positive sides of organic-based flow
batteries. By adding an appropriate number of functional groups at the
specific targeted positions, the redox potentials can be modified up to
− 0.65 V (for the electron-donating amino groups) and to +2.25 V (for
the electron-withdrawing cyano groups) compared to the parent phen-
azine. Also, introducing electron-donating groups at appropriate posi-
tions through partial functionalization can lead to a redox potential as
negative as or more negative than that achieved with full functionali-
zation. Totally, 189 DFT calculation data were generated in their work.
In this work, we retained 178 data after removing duplicate and the
molecules with the functional group that only appear once. The whole
data set was shuffled and split randomly into a training-set and test-set
in an 8:2 ratio (150 samples in the training set and 28 samples in the test
set).

Fig. 5c and d shows the result of the ML model. The R2 between the
ground truth and the prediction for the training set is 0.997. The R2 of

the test set is 0.989. Despite the small dataset, the prediction result is
excellent. As presented in Fig. 5c and d, the MAE for the training data set
and test dataset are 0.025 V and 0.047 V, respectively. The RMSE for the
training data set and test dataset are 0.033 V and 0.073 V. This implies
that for DFT calculation data, the task of predicting redox potential for
the same core structure with one substituted functional group is not
difficult for our GPR model. On the other hand, the potential energy
surface in the parameter space by DFT calculation might be smoother
than experiment. This is similar to other DFT datasets of electrolyte
additives in previous work on Li ion batteries [53,54]. Ghule et al. also
showed that the performance of several MLmodels trained on phenazine
derivatives with a single type of functional groups is very good at pre-
dictions on the training set (R2 ≥ 0.98). However, the model’s accuracy
in predicting the redox potentials of derivatives containing multiple and
varied functional groups is lower (R2 = 0.74–0.89) [55]. Our model has
shown a high degree of accuracy in predicting data derived from DFT
calculations. By comparing the original dataset with Ghule’s new
dataset, it is found that somemolecules with new functional groups were
added into the test set in Ghule’s work. That would be one of the reasons
that affect the prediction of their models. Given that the diversity of
functional groups is much greater than that of the core structure, we
recommend including a few samples with the same functional groups
when building the training dataset to enhance the prediction accuracy of
a new test set. This may significantly improve the results. We also
generated two-dimensional embeddings with Uniform Manifold
Approximation and Projection package (UMAP) [56]using the distance
in the graph kernel feature space is used as input. As shown in Fig. 5b,
there are some clusters. It is reasonable because all the molecules feature
an identical core structure, and the functional groups can be catego-
rized. It also indicates that the distances between some molecules are
very close. Therefore, we can expect good prediction with a small
dataset.

2.3.2. Quinone derivatives
We additionally tested another DFT calculation dataset of quinones

derivatives with a constrained range of target property, referred to as
dataset 3. As shown in Fig. 6, this dataset includes 17 quinone core

Fig. 5. (a) Chemical structures of phenazine core structure with functional groups in DFT dataset (b) UMAP projection of the 181 data in the DFT calculation dataset.
(c) Parity plots of training data and test data and (d) MAE and RMSE of training data and test data in the dataset of phenazine derivatives in DME solvent.
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structures with 18 functional groups [57]. This dataset only included the
molecules where one substituent or all hydrogens are replaced. Note
that the authors claimed that totally 1710 molecules were calculated,
but only the molecules with redox potential range <0.2 V or >0.9 V in
the DFT calculation data were listed in the paper resulting in 409 data
points. In Fig. 6c, we can see that the MAE of the training set and test set
are 0.069 V and 0.118 V, respectively. The RMSEs are 0.126 V and
0.158 V, respectively. The R2 values are 0.940 for training set and 0.892
for test set. Even with some limitations in the dataset, the performance
of our model remains strong. These results demonstrate that the pre-
diction is still accurate, though not as accurate as the phenazine de-
rivatives case. One reason is due to having multiple core structures in
this dataset. Although the amount of data is greater than the previous
dataset, there are 17 core structures in this dataset and only one core
structure in previous dataset, which increases the complexity of the
prediction task. Another reason could be the absence of samples in the
chemical parameter space, resulting from the constraints imposed by the
target property range. As a filter was applied to the range of the target
property in the original work, it greatly decreases the overall number of
samples (1710–409). On the other hand, the result also indicates that
reducing the range of the target property on a small dataset does not
contribute to better model prediction. Ghule et al. mentioned when the
phenazine derivatives contain more than one functional group that
differ in their type, the redox potential shift is determined by the group
showing the highest absolute shift in the corresponding single functional
group derivative [55]. The ML results suggest that additional training

data might be necessary for the ML model to handle chemicals with two
or more functional groups.

3. Conclusion

Incorporating computational strategies into flow battery research
represents a significant step forward in commercializing large-scale
energy storage technologies. The computational strategies, including
high-throughput screening and ML, has dramatically improved material
performance and revolutionized the field of ORFBs. The shortage of
experimental data is a significant challenge for ML model development
in this field. In this work, we develop graph-based GPRmodels with GPU
acceleration to predict redox potentials of organic redox-active mole-
cules for ORFB, which targets the ability to predict using small datasets
for training. Also, we built a comprehensive experimental redox po-
tential database with more than 500 data points from published organic
redox flow batteries papers. It consists of multiple typical core structures
and their derivatives such as quinones and phenazines. Some key
experimental parameters such as the pH condition and the type of sol-
vent are also included. To the best of our knowledge, this is currently the
largest experimental redox potential database for ORFBs. Also, a couple
of computational datasets for typical organic redox-active molecules in
ORFB were tested by our model.

We found that our GPR model with the marginalized graph kernel
can predict redox potential at high accuracy (MAE 0.03–0.09 V) for
experimental aqueous ORFB data. By employing a data separation
strategy based on the intended use of redox-active molecules in various
ORFBs, the dimensionality of input parameters can be reduced for the
GPR model. The GPR model with hybrid kernel, i.e., chemical structure
information + physical properties, has the potential further improve the
redox potential prediction. Further investigation is still needed into the
type of physical descriptor and the form of kernel function. For a more
complicated dataset of the quinones in organic solvent with one-electron
transfer case, the MAE is 0.07–0.12 V. This indicates that our GPRmodel
can handle the uncertainty that was generated by solvent and/or
conformation change. The performance of our GPRmodel is excellent on
DFT calculations datasets with single phenazine core structure (MAE
0.02–0.04 V). It is also effective on a DFT calculation dataset for qui-
nones (MAE 0.06–0.12V), even when the input data is not continuous in
the parameter space. These results demonstrate the current models
perform well for some core structures and can be extended to new core
structure with a small amount of data. The GPR models are simple and
fast to be deployed and produce predictions with low errors. Therefore,
these models can be considered as efficient alternatives to experiment
for fast screening and inverse design of organic material in ORFB. They
can also be applied to a wide variety of molecules that can be easily
described with structural features. This study provides useful tools for
molecule screening and design in ORFB and some insights on designing
training datasets from costly experiments.

4. Method

4.1. GPR method with graph kernel and hybrid kernel

A GPR model is a nonparametric Bayesian approach utilized for
regression tasks. This model provides a robust framework for deter-
mining the probability distribution of parameters over an extensive
range of functions that accurately fit the observed data. Within a GPR
model, the prior is defined directly on the function space, representing
the relationship between input and output variables. The Gaussian
process prior itself is a multivariate normal distribution, where the mean
function is derived from the data, and the covariance structure is
dictated by a specified kernel function. This kernel function encodes
assumptions about the function’s smoothness and other properties,
enabling the GPR model to capture complex patterns and deliver prob-
abilistic predictions with associated uncertainty. In this study, we

Fig. 6. (a) Chemical structures of quinone core structures with functional
groups in dataset 3. (b) Parity plots of training data and test data and (c) MAE
and RMSE of training data and test data in the dataset of quinone and quinone
derivatives in dataset 3.
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employ a graph representation for each molecule in the dataset and
construct a GPR model using pairwise similarity matrix between the
molecules to match for the corresponding target values. The graph
kernel is the same as we used in our previous work [58]. In order to
evaluate the similarity, we convert the molecules into graphs in which
atoms are assigned to the nodes and atomic distances are represented by
edges. After that, we apply the marginalized graph kernel to compute
the average similarity across all paths generated by random walks on
every pair of graphs. In this context, we represent a molecule of n atoms
as an undirected and unweighted graph G =

{
V = {vi},E =

{
eij
}
,i,j∈ {1,

2,⋯,n}
}
. Each atom i is denoted by a node vi, characterized by a feature

vector ϕ(vi) that contains information about chemical elements, such as
charge, aromaticity, and hydrogen count. The marginalized graph
kernel K(G,Gʹ) which quantifies the expectation of path similarity in the
simultaneous random walk can be formulated as

K(G,Gʹ)=
∑∞

l=1

∑

h

∑

h

(

ps(h1)
∏l

i=2
pt(h1|hi− 1)pq(hl)

)

×

(

pʹ
s
(
hʹ
1
)∏l

j=2
pʹ
t

(
hʹ
j

⃒
⃒
⃒hʹ

j− 1

)
pʹ
q
(
hʹ
l
)
)

×Kv

(
vh1v

ʹ
hʹ1

)∏l

k=2

Kv

(
vh1v

ʹ
hʹ1

)
Ke

(
ehk− 1hk , e

ʹ
hʹk− 1h

ʹ
k

)

(3)

In this equation, l denotes the length of the path, h and hʹ are paths on the
graphs represented by length-l vectors of node labels, ps is the starting
probability of the random walk on each node, pq is the stopping prob-
ability of the random walk on each node at any given step, pt is the
transition probability between a pair of nodes, Kv is an elementary
kernel that calculates the similarity between two nodes, while Ke is
another elementary kernel that calculates the similarity between a pair
of edges, i.e., bonds. Leveraging the dynamic programming, Equation
(3) can be reformulated as a linear system.

K(G,G’) =
∑

h1∈V,h’
1∈V

’

ps(h1)p’
s
(
h’
1
)
Kv
(
h1, h’

1
)
R∞
(
h1, h’

1
)
, (4)

where R∞ is the solution of a linear system with a Kronecker product
structure, which is

r∞ = q⨂q’ +
[
(P⨂P’) ⊙

(
E⨂KeE’) ] • diag

(
v⨂Kvv’) • r∞. (5)

The notation is as follows:
v: node label vector of G with vi = vi,
p: the starting probability vector of G with pi = ps(vi),
q: the stopping probability vector of G with qi = pq(vi),
P: the transition probability matrix of G,
E: the edge label matrix of G with Eij = eij,
⨂Kv : kernelized Kronecker product between v and v′with respect to

Kv,
⨂Ke : kernelized Kronecker product between E and E′with respect to

Kv, and
v′, p′, q′ and E′: the vectors and matrices that correspond to G′.
Now, we can adapt this formulation in our model to perform the GPR

prediction. Given a training set D containing mmolecules, i.e., m graphs
{(G1,G2,⋯,Gm)}, a quantity of interest {(E1,E2,⋯, Em)} and a margin-
alized graph kernel, the GPR prediction for a test set containing n mol-
ecules can be formulated as

E*∶ =
[
E*1,E

*
2,⋯, E*n

]T
= KTD*K

− 1
DDyD, (6)

where yD = (E1,E2,⋯, Em) stands for the column vector containing the
property of each molecule in the training set. Here, the predictive un-
certainty of GPR can be represented by the posterior matrix.

Σ*∶ = K**− KTD*K
− 1
DDKD*, (7)

where KDD is anm×m covariance matrix of the training set, K** is an n×
n covariance matrix of the test set, and KD is m× n training-test cross
covariance matrix. The graph kernel was implemented by the graph dot
package [59,60].

To construct the hybrid kernel, we multiplied the graph kernel with
the radial basis function (RBF) kernel. The RBF kernel is defined as

K(x, xʹ)= exp
(

−
‖x − xʹ‖2

2σ2

)

(8)

And it was implemented by scikit-learn package.

4.2. Hyperparameter optimization and cross-validation

For the GPR model with graph kernel, we employ a standard cross-
validation approach to identify the hyperparameters in the ML model,
ensuring consistent model selection. This approach is applied uniformly
across all our data sets for GPR model with single kernel. Specifically,
each data set is split into training-validation and testing parts as
described in the following section. To provide a reliable representation
of the test data given the limited number of measurements, we use 5-fold
cross-validation (CV). The molecules in the training-validation set of
each data set are divided into five subsets based on the sequence of their
International Chemical Identifier Key (InChIKey). Each subset is itera-
tively used as a validation set, while the training set consists of the
remaining four subsets. Consequently, a 5-fold CV task involves five
independent training and validation runs, where the training and vali-
dation sets have relative sizes of 80 % and 20%, respectively. We use the
Scikit-Learn library to implement the CV task and conduct an extensive
grid search for hyperparameter tuning. The optimal hyperparameter set
is determined by the configuration that results in the minimum averaged
MAE across the 5-fold CV. There are seven hyperparameters in the graph
kernel, which are listed in Table 2. In the grid search, five values (0.1,
0.3, 0.5, 0.7, 0.9) were selected for the hyperparameters aromatic,
charge, element, hcount, and edge order. If a particular optimized value
is 0.1 or 0.9, the ranges (0, 0.1) or (0.9, 1) will be further explored with a
step size of 0.01. The learning rates were set to 0.01, 0.1 and 0.5 and
lmin = 0 or 1. For more information about the meaning of the hyper-
parameters, we recommend reviewing the manual of graphdot on
GitHub (https://github.com/yhtang/GraphDot). After determining the
best hyperparameters, the models are refitted using the full training
dataset and then used to calculate the performance on the test set. The
optimized hyperparameter sets for each dataset are provided in Table 3.
We can see that the hyperparameters vary across different datasets.

For the GPR model with hybrid kernel, we used Genetic Algorithms
(GA) to search the best hyperparameter set. The initial range of hyper-
parameters in the graph kernel was set to ±0.2, which are based the
optimized results by the single kernel GPRmodel. The range of the other
two parameters in the RBF kernel were set to 0.001 to 10. The GA
function was implemented by scikit-opt package.

4.3. Descriptor calculation by DFT and semiempirical methods

The LUMO energy descriptor was obtained by DFT and semi-
empirical calculations. DFT calculations were performed using the

Table 2
Hyperparameters in graph kernel.

Name Range

aromatic 0–1
charge 0–1
element 0–1
hcount 0–1
edge order 0–1
learning rate 0.01–0.5
lmin 0 or 1
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B3LYP(-D3) and ωB97X-D3 functionals with ORCA package [61,62].
The geometries of the molecules were optimized with def2-SVP basis set
(ma-def2-SVP for anion). Vibrational frequencies were calculated for
validation of stable configuration. An effect of implicit solvent model
with water was included via Conductor-like Polarizable Continuum
Model (CPCM) model [63]. Semiempirical calculations were perform
with xTB with GFN2 method [64]. Vibrational frequencies were also
computed to ensure the stable configuration. An analytical linearized
Poisson–Boltzmann (ALPB) implicit solvation model was used to mimic
the solvation of water [65].
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