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ABSTRACT: Organic radical batteries (ORBs) based on the
TEMPO (2,2,6,6-tetramethylpiperidin-1-yl oxyl) radical have (P

drawn significant attention, owing to their unique redox properties. K ;;‘ { & SHAP Festurs mportance
A key factor influencing ORB’s redox properties, i.e., the kinetics of | * .« ¥ "3 p & -

the electron transfer between the TEMPO—TEMPO" pairs, is the - « ]
communication between the underlying redox-active states as given |  #, &k

by the electronic coupling. However, due to the complex structure, | ﬁ"%“:

predicting accurate electronic couplings for these pairs is
computationally expensive and challenging. In this study, we [ reuue

introduce a machine learning (ML) workflow to predict the f\(‘;ﬁ:\‘, 2
electronic coupling for TEMPO—TEMPO" pairs simply by their *\QL A
specific geometric orientations. For the ML models, a data set was
generated through time-dependent density functional theory
calculations coupled with the Generalized Mulliken Hush method to assess energies, (transition-)dipole moment, and couplings
for specific TEMPO—TEMPO" configurations obtained from classical molecular dynamics simulations that mimic a realistic
electrolyte environment. Our results demonstrate that, among the three ML models—linear regression, kernel ridge regression
(KRR), and random forest—the KRR model, with its kernel-based approach, most effectively handles the correlated orientation-
based descriptors. Moreover, our SHapley Additive exPlanations (SHAP)-based feature importance analysis indicates that multiple
orientation factors jointly influence electronic coupling, rather than any single distance or angle dominating, with each parameter’s
impact strongly contingent on the values of the others which is in agreement with previous studies computational by the consortium.

Bl INTRODUCTION H,| « 1/2 (2 + AG®)

Organic radical batteries (ORBs) are a promising new hop = h @ X _W (1)
generation of energy storage devices due to their unique

electrochemical properties as well as environmental friend- Here, 71 is the reduced Planck constant, kg is the Boltzmann
liness. Among the myriad of active materials being explored, constant, T is temperature, 1 is the reorganization energy, and
TEMPO, or (2,2,6,6-tetramethylpiperidin-1-yl)oxyl-based pol- AG® is the free energy change. Finally, electronic coupling

describes the interaction between the two diabatic (electronic)

states. In energy-releasing reactions (exergonic reactions), a

stron%)electronic coupling leads to increased electron transfer

. 1—4 rates.

storage efficiency. ) ) In our recent study,'’ we examined the TEMPO/TEMPO*
One of the factors influencing the overall ORB performance redox couple as a case example and rationalized the suitability

of several computational methods to allow an accurate and

ymers, has been one of the most studied. The radical stability
of TEMPO and its reversible redox behavior make it a top-
class candidate for ORBs with high energy conversion and

in these redox systems is the complexity of the electron transfer

reactions. These electron transfer reactions are governed by the cost-efficient evaluation of the electronic coupling. We
electronic coupling between the donor and acceptor states, demonstrated that an appropriate range-separated hybrid
implying that an in-depth understanding of the electronic functional and basis set, when applied in time-dependent
communication between the respective redox-active states is
required to adequately analyze these reactions. Received: March 28, 2025

Thereby, the electronic coupling plays a crucial role in the Revised:  July 29, 2025
kinetics of electron transfer processes, which can be Accepted: July 30, 2025
quantitatively rationalized, e.g, by means of semiclassical Published: August 6, 2025

Marcus theory.”~” Within the Marcus—Hush approach,®” the
electron transfer rate depends on electronic coupling (Hy,) as
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Figure 1. (a) MD snapshot, where TEMPO radicals and TEMPO cations are depicted in thick blue and thick red lines, respectively. The solvents
EC and EMC, along with Li* and PF,~ ions, are shown by using thin lines in red, yellow, green, and cyan, respectively. (b) Schematic
representation of the donor molecule, TEMPO radical (“d”) and acceptor molecule, TEMPO cation (“a”).

density functional theory (TDDFT) alongside the Generalized
Mulliken Hush (GMH) method,"* provides such a fast and
reliable approach. Here, the GMH method characterizes the
electronic coupling as follows:

HGMH _ |/’712|(‘/2 - ‘/1)
da T = ~\2 ~ 2
\/(/’tz - /’tl) + 4(:“12) (2)

with fi;, representing the adiabatic transition dipole
transition moment, while i, and ji, denote the permanent
dipoles of the respective adiabatic states. The term (V, — V;)
corresponds to the vertical excitation energy. This study also
highlighted the fact that the electronic coupling in the
TEMPO—-TEMPO" system is highly orientation-sensitive,
and thus, the electronic coupling between them is challenging
to predict with the help of simple statistical models.

In this context, machine learning (ML) offers a feasible
solution to this problem. In the past, for simpler ethylene-type
molecules, ML models demonstrated high accuracy to predict
electronic couplings when trained on extensive data sets."
While computationally inexpensive density functional theory
(DFT)-based Frontier molecular orbital (FMO) methods' "
were sufficient for the electronic coupling calculations for such
system, our earlier research'' indicates that these inexpensive
methods are inadequate for the TEMPO—-TEMPO" system,
which limits the capability of obtaining comparably large
training data sets.

In our current study, we focus on the prediction of
electronic couplings for the TEMPO—-TEMPO" system by
incorporating certain orientations as descriptors within a
moderately sized training data set. To construct a reliable data
set, we employed classical molecular dynamics (MD)
simulations and combined them with TDDFT/GMH-based
electronic coupling calculations. This approach aims to address
the challenges posed by the large degrees of freedom in the
TEMPO—-TEMPO" system for predicting electronic coupling
and to establish an efficient descriptor selection approach for
moderate data size.

B COMPUTATIONAL METHODS

Molecular Dynamics. In this study, classical MD
simulations'®™'® were performed to mimic the complex
environment of TEMPO-based ORBs. The simulation setup
contained 100 TEMPO radicals and 100 TEMPO cations to
replicate a positively charged electrode. A mixture of 1000
ethylene carbonate (EC) molecules, 2000 ethyl methyl
carbonate (EMC) molecules, and 70 lithium hexafluorophos-
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phate (LiPF;) molecules made up the electrolyte environment.
This composition was enclosed within a periodic cubic box of
10 X 10 X 10 nm’ ensuring the continuity of interactions
across boundaries. By making three of the six monomers on
each polymer chain cationic and neutralizing each of the
charged monomers with an additional PFg anion, overall
charge neutrality was accomplished. In order to avoid
unphysically large repulsive interactions, PACKMOL'’ was
used to construct the initial configurations for the simulation.

The GROMACS 2019 package was used to run the
simulations.”” At a time step of 0.5 fs, initial relaxation was
performed for 2 ns. The reference temperature and pressure
were maintained at 298.15 K and 100 bar, respectively, during
this phase using the Berendsen thermostat and barostat,”’ with
relaxation time constants of 1.0 ps. The aim of this step was to
eliminate high-energy configurations from initialization and
obtain a stable starting point for subsequent simulations. A
particle-mesh Ewald (PME) method was used to tackle the
long-range Coulomb interaction efficiently with a cutoff
distance of 1.2 nm.

A 50 ns equilibration run was performed with a time step of
2 fs after relaxation. During equilibration, the system’s pressure
and temperature were regulated using the Parrinello—Rahman
barostat and the Nosé—Hoover thermostat, respectively. Using
the same time constants as in the relaxation run, the
temperature and pressure were maintained at 298.15 K and
1 bar, respectively. This step allowed the system to achieve a
thermodynamically stable state suitable for subsequent
production runs.

Under the same conditions as those during the equilibration
phase, the production run was performed for 100 ns. The
simulation trajectories obtained from this phase were used to
extract structures necessary for the electronic coupling
calculations.

The OPLS all-atom force field”* was used in all simulations.
For the calculation of partial charges of each atom on the
TEMPO radical and TEMPO" cation, electrostatic potential
(ESP) fits (Figure S1) were used at the MP2 level of theory
with the pVDZ basis set™® as implemented in Gaussian16.>*

Finally, around 1300 TEMPO/TEMPO" redox pairs were
selected from 300 time frames extracted from the production
trajectories, with the N*—N* distance ranging from 4.0 to 4.5
A. The intervals for the time frame selections were chosen to
be 250 ps, which is significantly higher than any correlation
time scale for the TEMPO molecule (e.g., the vertical energy
correlation time was found to be 4—5 ps for both TEMPO
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Figure 2. Data screening criteria: (a) If, in a TEMPO/TEMPO" pair, delocalization did not occur in the SOMO and LUMO, the pair was
accepted. (b) Pairs with high delocalization were eliminated from the data set.

radical and TEMPO" cation'®). These pairs were used for the
calculation of the electronic couplings (Figure 1b).

(TD)DFT-GMH Setup. To calculate the electronic
coupling in the TEMPO/TEMPO" redox pair, the GMH
approach was employed in conjunction with (TD)DFT. The
GMH approach evaluates electronic coupling based on ground
and excited-state properties, such as ground-state energies,
permanent dipole moments, excited-state energies, and
transition dipole moments (see eq 2). These parameters
were obtained through a combination of DFT and TDDFT
calculations.

The ground-state electronic energy and ground-state
permanent dipole moments were computed using DFT.
However, the excited-state electronic energy, permanent dipole
moment of the respective excited state, and transition dipole
moment were obtained by using TDDFT.

As our recent work'' suggests that the ®B97XD3 func-
tional,”> a range-separated hybrid functional incorporating
empirical dispersion corrections, effectively describes long-
range electronic interactions and accurately captures electron
transfer excitations, we utilized this functional for our
(TD)DFT calculations. For the basis set, ma-def2-TZVP,*® a
Karlsruhe-type basis set’” was used. This basis set offers a
balance between computational efficiency and accuracy.''
These DFT/TDDEFT calculations were performed using the
ORCA v. 5.0.3 program package.”**’

Data Curation. Our recent work'' suggests that several
orientational factors have a significant impact on the electronic
coupling for short N*~N* distances. This study also revealed
that delocalization effects in (TD)DFT calculations may result
in an overestimation of electronic coupling values in certain
instances. The errors are especially large when the singly
occupied molecular orbital (SOMO) and the lowest-
unoccupied molecular orbital (LUMO) exhibit delocalization
across the two TEMPO molecules (see Figure 2).

Taking motivation from this study, in our current work, we
focused on analyzing the orientational dependence within the
TEMPO/TEMPO" system, specifically considering short
intermolecular NY—N? distances ranging from 4.0 to 4.5 A,
which yield around 1300 data points. To assess the
delocalization effects across the two TEMPO molecules in
our data set, a thorough visualization of the molecular orbitals
using the Multiwfn package®® was performed. This revealed
that for TEMPO/TEMPO" pairs in this NY—N* distance
range, any electronic coupling above 0.14 eV corresponds to
delocalized molecular orbitals. To maintain the accuracy of the
training data for our machine learning models, these
configurations were removed from the final data set.

Additionally, analyzing the partial charges generated in the
output from these electronic calculations also showed that in
28 TEMPO/TEMPO" configurations, donor—acceptor
charges were swapped during TDDFT calculations as
compared to the charges from the force field utilized to
generate the structures. These configurations were removed
from the data set as well in order to maintain consistency.

Feature Engineering. Specific geometric orientations
between the two NOCC segments of TEMPO—-TEMPO*
pairs (Figure 1b) are critical to define their electronic coupling,
especially for short NY—N* distances, as we found in our
previous study.'' For our current work, we chose a more
geometry-specific method to feature selection rather than
depending on a generic descriptors like smooth-overlap-of-
atomic-positions (SOAP)*" or Coulomb matrices (CM)."***
These widely used descriptors frequently generate a large
feature space in order to capture every potential orientation,
particularly in complex systems such as TEMPO—-TEMPO"
pairs. This can be problematic because it creates the risk of
overfitting for moderate data sets and makes it difficult to
identify the orientations that influence electronic coupling. To
solve this, we crafted our descriptor set to directly capture any
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(a)

(b)

(d)

Figure 3. Geometric descriptors used in this study: (a) General representation of the two planes spanned by the respective nitrogen atom and the
two adjacent carbon atoms (same atom labels as in Figure 1b), (b) angles 01, 62, and y, describing the relative orientation of the NO—NO bond in
the TEMPO/TEMPO" system; (c) angle 1, representing the relative orientation between the normal vectors of the two NCC planes; and (d)

angle ¢2, describing the relative orientation between the two C—C bonds.

(a)

Histogram of g

Histogram of 61

(c)

Histogram of 62

200
175
EISO §125
o125 [
§-100 %
£ 75 &
50
25

076 25 50 75 100125150175
Y (degrees)

Figure 4. Histograms of angles y, 61, and 62.
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orientation that could exist between the NOCC segments,
influencing the electronic coupling values.

In particular, the relative orientations of the two NOCC
segments are characterized by treating them as rigid bodies
with one distance and five angular parameters. Our descriptor
set includes angles 01, 62, and y (Figure 3b) to describe the
orientation of the NO—NO bond in the TEMPO/TEMPO*
system; angle 1 (Figure 3c) for the relative orientation
between the normal vectors of the two NCC planes; angle ¢2
(Figure 3d) for the relative orientation of the two C—C bonds;
and the intermolecular NY—N* distance to measure the
separation between the donor and acceptor nitrogen atoms.

To maintain uniformity, carbon atoms on the donor and
acceptor NOCC segments were labeled such that ci—cs
always represents the shortest distance. Considering the
symmetry between the two NOCC fragments, we can define
such a structure that either ¢p1 or ¢2 always lies in the first
quadrant. Hence, we defined our angles 01, 82, y, and ¢1,

constrained in the range 0—180°, while ¢2 is defined over 0 to
90°.

It is worth noting that similar geometry-based descriptors
have been employed in similar studies. Bag et al.*’ used
distance-based descriptors capturing the relative orientation of
Guanine bases. Miller et al.** considered a descriptor with nine
specific features that include distances, angles, as well as one
energy difference term to characterize P3HT dimer config-
urations. Lederer et al.>* also used geometric features (six
specific angles and distances) as descriptors to predict the
electronic coupling between pentacene molecules.

Histograms of these angles (Figures 4 and S2) showcase the
variability and range of intermolecular orientations sampled
from equilibrated MD trajectories for NY—N* distances
between 4.0 and 4.5 A. For 61, the distribution shows a
strong preference for values between 120 and 180°, while 62
predominantly lies between 60 and 120°. The angle y broadly
favors values in the 100 to 175° range. Together, these trends

https://doi.org/10.1021/acs.jpcc.5c02094
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suggest that these angular orientations of the NO—NO bond
minimize steric hindrance and Coulombic repulsion to stabilize
TEMPO—TEMPO" pairs in this short N°—N* distance range.
For the similar reason, angles )1 and ¢2 (see Figure S2) also
show some preference (60 to 120° range for ¢1 and S0 to 90°
range for ¢92) to stabilize the steric hindrance most likely to
arise due to the methyl groups attached with the C atoms in
each of the NOCC segments.

The wide range of orientation angles in Figures 4 and S2
gives rise to a large variation of the transition dipole moment
and, consequently, the electronic coupling over several orders
of magnitude (Figure S3), in line with our previous work."'

To address the periodicity of angular variables, our final
descriptor set includes both sine and cosine functions of all five
angles to ensure that the model can learn continuous relations
between angular orientations and electronic coupling without
discontinuities at the boundaries of the angular domain.

Machine Learning Model. In this study, we utilized three
different ML regression models: Linear Regression (LR),
Kernel Ridge Regression (KRR), and Random Forest (RF), for
a performance comparison with respect to our geometry-based
feature space.

The LR model implemented in this work is L> Ridge
Regression.’® This assumes a linear relationship between the
target variable and the input features, while incorporating
regularization to prevent overfitting. Here, the target variable y
is predicted with a weighted sum of the input features, x, along
with a bias term b, as

y = wix + b
w and b are obtained by minimizing a regularized cost function
N 2
! T 5 A
mln—Z();—wxi—b)+Ew

wb 2 i=1

2

with 4 as the regularization parameter controlling the penalty
applied to the L* norm of the weights. Solving this
optimization problem for the matrix of input features, X, and
target vector, y, gives

w= (XX + i) 'X'y

This solution stabilizes the model by avoiding overfitting and
ensuring numerical stability through regularization.

The optimum ridge parameter was A = 10.0 after
standardization (see below). With a total of 11 input features,
the LR (Ridge) model contains 12 trainable coefficients (11
weights plus one bias). Because we restrict ourselves to linear
terms in the regression, it cannot capture nonlinearity.

The KRR model’” extends this L* Ridge Regression by
introducing the concept of kernel matrix. Unlike the LR
approach, instead of modeling the relationship between input
features and target values directly, KRR maps input data x into
a higher-dimensional feature space via a mapping function,
D (x).

In this feature space, the weighted sum, w, becomes

n
w= Z a®(x,), a = (K + )y
i=1
Here, the kernel matrix, K, enters inside the coefficient matrix,
a, with entries K(x; x;) = ®(x,)"®(x;), and 1 as before, is the
regularization parameter. This kernel trick ensures that w

depends only on the training data, even if the dimensionality of
the feature space exceeds the number of data points.

In reality, since the model operates directly on kernel matrix
K, explicit computation of ®(x) is avoided. This gives the
prediction for a new data point x as

F) = w'dkx) = ) ak(x x) = kx)' (K + A1)y

i=1

where k(x) is a vector with ith component K(x, x;). Now, if
one chooses a Gaussian kernel

| =l
K(x;, x;) = exp -

the model effectively handles high-dimensional feature spaces.
Here, o is the Gaussian kernel width.

The optimum hyperparameters were 4 = 0.1, ¢ = 0.1. In
KRR, the coefficient a; has one entry per training sample, so
the model stores the same number of effective parameters as
the total number of training data (on the order of 1000).

The RF model,®® an ensemble-based technique, constructs
multiple decision trees during training. For an input x, each
tree, T,,(x), is grown from a random bootstrap sample of the
data and uses a randomly selected subset of features at each
split, as

T,(x) = f(xl©,)

where f(-) is the tree-based decision function, and ©,, captures
the random decisions made while building the mth tree. Then,
the overall prediction for x is obtained by averaging the outputs
of all trees

1
= — E I (x
y Mm=1 m()

with M as the total number of trees.

Being a tree-based approach, RF estimates how much each
feature influences the overall model performance. In RF, this
feature importance evaluation is done either by aggregating
contributions to impurity reduction or by using permutation-
based methods.”® However, it is important here to note that
interpreting feature importance when dealing with correlated
features requires caution to avoid misleading conclusions.*

In our current work, all the ML calculations were performed
using scikit-learn,"” a Python-based package. For each of these
three models, to optimize model performance, hyperpara-
meters were tuned by using grid-based cross-validation. For the
LR model, the Ridge regularization parameter A was tested
over values {0.1, 0.5, 1.0, 10.0}. For KRR, both A and the
Gaussian kernel width ¢ were varied across {0.1, 0.5, 1.0, and
10.0}. In the case of RF, the maximum tree depth was varied
across ({2, 4, 8}) and the number of trees was varied across
({10, 20, 50, 80, 100}).

The optimum parameters were 80 trees and a maximum tree
depth of eight. With these settings, each tree can hold up to 2*
— 1 =255 decision nodes, yielding at most 80 X 255 = 2.0 X
10* split parameters. This large number of parameters gives the
model flexibility but can also pose a risk of overfitting,
Additionally, when working with correlated features, RF can be
biased toward particular features, affecting its performance.*”

To ensure stable convergence, feature standardization*' was
implemented for all ML models, imposing that each feature
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Figure 5. (a) MAE and (b) R? values for the three ML models evaluated on the test set. Maximum absolute errors for LR, KRR, and RF are 0.1, 0.1,

and 0.08 eV, respectively (see full distributions in Figure SS).
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had zero mean and unit variance. For the purpose of splitting
the overall data into training and test sets, the data set was
divided in a 4:1 ratio, and a 10-fold cross-validation was
performed on the training set, while the testing set was
reserved for final evaluation.

Finally, the performance of all models was assessed based on
mean absolute error (MAE) and the coefficient of determi-
nation (R?)

1 N
MAE = — ly — 3l
N A
_ 21‘:1(%_%)2
N —
21:10’,-_)’)2

where N is the total number of samples, y; are true values, y; are
predicted values, and y is the mean of the true values.

RZ

In addition, the maximum absolute error has been
calculated.

B RESULTS AND DISCUSSION

Performance Comparison of ML Models. To evaluate
the performance of the three ML models (LR, KRR, and RF),
MAE and R? scores on the same test set (Figure S) were
compared. Each data point with an error bar represents the
mean and standard deviation from 10-fold cross-validation.

KRR achieved the best performance among these three
models, with an MAE of approximately 10 meV (as a
comparison, it is worth mentioning here that the mean
electronic coupling value of our data set is 36 meV) and an R?
score of around 0.73 on the test set. On the training set (Figure
S4), KRR exhibited an MAE of about 7 meV and an R* around
0.9. The difference in these metrics between the training and
test sets is relatively modest, suggesting that overfitting is not
severe for KRR. Despite its strong performance, further
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improvement may be limited by some additional complexity of
the system (e.g., internal degrees of freedom of the molecules)
and inherent uncertainties in the data imposed by our
electronic coupling scheme. This is also reflected by the
comparatively large maximum absolute error of 0.1 eV,
suggesting that for some configurations substantial outliers
are present. In this context, however, one has to keep in mind
that also range of potential coupling values varies over several
orders of magnitude.

The RF model performs worse than the KRR on the test set,
with an MAE of approximately 13 meV and an R* of around
0.6 (shown as red bars in Figure S). For the training set
(Figure S4), RF achieved an MAE of about 8 meV and an R*
around 0.9, indicating that the RF model partially overfits. The
weaker performance of RF on the test set can be attributed to
its sensitivity to correlated features.”” Highly correlated
features (as shown in the correlation matrix in Figure S9)
can cause RF to overemphasize or underemphasize certain
features, reducing its predictive accuracy. In contrast, the KRR
model, through a kernel mapping into a high-dimensional
feature space, is better able to accommodate such correlations
by distributing the weight more evenly across correlated
features.

The LR model showed the poorest performance among the
three, with the largest MAE (around 16 meV) and the lowest
R* (around 0.4) on both training and test sets. Since LR
showed significantly poorer performance compared to KRR,
this clearly implies the importance of capturing nonlinear
dependencies in the ML models.

To assess how the accuracy of models is affected by
increasing the training data volume, we subsampled the data
set at 30, 50, and 70% of its total size, in addition to using the
full data set (100%). For each case, the data were split into
training and test sets in a 4:1 ratio, and 10-fold cross-validation
was applied to the training set. To ensure variability along the
data set, each time, the subsampling process was repeated 10
times with different random selections of data, and the average
performance was computed.

As shown in Figure 6, the test-set MAE of the KRR model
steadily improved from about 12 meV (for 30% data) to 10
meV (for 100% data), and the R? score increased from below
0.6 to approximately 0.73. Furthermore, the linear fit of the
plot of inverse of R? versus the inverse of the data size used
(see Figure S8a) reveals that as the training data set size tends
to infinity, the R* score converges to 0.82 (see the SI for
details). This implies that the KRR model cannot achieve
perfect predictions (R* — 1). This limitation is likely due to
three factors: First, although KRR performs best among the
three models, it may still be insufficient to capture situations
such as abrupt changes in the electronic coupling values that
occur with only slight variations in a feature value. Second, the
feature space may still be incomplete. Under our rigid-body
assumption, the selected features are all intermolecular. To
verify whether intramolecular orientations are also important, a
set of intramolecular distances (e.g., Ni@ — ol cd@ _
Cd@, etc.) and intramolecular angles (e.g, 0% — N4@ —
i@ i@ _ N4 — i@ i@ _ NI@ — Cd@) etc.) were
thoroughly examined, but no significant improvement in ML
performance was observed. Nonetheless, due to the large
degrees of freedom present in our TEMPO—-TEMPO" system,
some important orientations may still be missing. Third, the
error may also arise directly from the inherent noise in our

TDDFT/GMH coupling data set, even though the final data
set was obtained via multiple screening steps.

Figure S6 demonstrates less pronounced but still noticeable
improvements for RF if more data is added. Figure S8b shows
that as the data set size tends to infinity, the R* score converges
to 0.69. As discussed before, in this correlated feature space,
RF cannot achieve performance as good as KRR. Figures S7
and S8c show that unlike KRR or RF, LR exhibits minimal
performance improvement with an increased training data set
(R:(LR) = 0.46). This difference with KRR (R%(KRR) =
0.82), again highlights the importance of incorporating
nonlinearities in the ML models.

In a subsequent section, we employ the KRR model to
explore the molecular orientations that most significantly
influence electronic coupling.

Feature Importance. Since the KRR model demonstrated
the best performance among all three models, it was used to
identify which molecular orientations most strongly influence
electronic coupling. An initial global assessment of feature
importance was conducted by systematically removing
individual features—as well as sine and cosine pairs of the
same angles, from the feature space and then evaluating the
resulting MAE of the model (see Figure S10). If the MAE
increases upon removal of a certain feature (or feature pair), it
shows that the feature has a strong “global” impact on the
model’s performance.

Figure S10 shows that the feature pair associated with 62 is
the most influential, as its removal causes the highest increase
in the MAE (around 15 meV). The next most impactful pairs
are related to y and 01, whose removal results in MAE values
around 13 meV. Interestingly, even removing the single feature
NY—N* increases the MAE to nearly 12 meV. This highlights
that even in this short NY—N® range (4—4.5 A), electronic
coupling is heavily distance-dependent. Among all these
features, the sine-cosine pairs of 1 and ¢2 have the least
impact on the overall performance.

However, it should be noted that this feature importance
approach can become biased in the presence of correlated
features, similar to the permutation-based feature importance
methods used in Random Forest models.”” In fact, the
correlation matrix (Figure S9) in our feature space shows
correlations not only between sine and cosine functions of the
same angle (e.g, sin(fA1) and cos(61)) but also between
different angles (e.g,, sin(61) and sin(¢1)). This also implies
that removing one feature (e.g, sin(f1)) or a pair (e.g,
sin(¢1) and cos(¢)1)) may not significantly degrade the
model’s performance because the model can rely on their
correlated counterparts.

Given these correlations in our feature space, a more robust
technique is needed to quantify each feature’s contribution in
the presence of other correlated features. This situation is very
similar to the Game Theory problem, where the contribution
of one player is dependent on how other players are active. In
Game theory, SHapley Additive exPlanations (SHAP)**~**
provides an interesting framework to attribute contribution
from each player. So, in our study, to assess feature importance
efficiently for this correlated feature space, the SHAP approach
is utilized.

This approach starts with the concept of a baseline
prediction, E[ffuu(x)] , representing the average model output
over the entire data set x = {x, x,, -, X,,}
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Elfyy (0] = % foull (x;)
k=1

where f;;(x,) denotes the model’s prediction for data point x;
using all the features in the feature space. Then, fgy(x;)
decomposes into

o () = Elf, (01 + Z C

Here, the SHAP value of the ith feature, C, is introduced,
which can intuitively be thought of as the influence of feature i
on the data point, x;, to decide how much the model’s
prediction will be changed compared to the average model
output over the entire data set.

To compute C, the set of all feature indices, N, is divided
into subsets S C N \ {i}, as

Cc = Z ISIT(INI &ll!Sl - 1)![fsU{i}(Xk) "y (x)]

SCN\{i}

Here, fg(x;) denotes the model’s prediction using only the
features in subset, S, and [fg,3(x) — fs(x,)] measures the
marginal change of feature i when added to S. So, computing
the SHAP value for a specific feature requires examining this
marginal change over all possible subsets that exclude this
specific feature. Although this approach can be computation-
ally expensive for large feature sets, it remains feasible for our
study due to the small number of features.

Intuitively, one can imagine a vertical reference line at mean,
E[fwn(x)], which represents the SHAP value zero (baseline).
For each data point, positive SHAP value for each feature
pushes the prediction to the right (above the mean), whereas
negative SHAP value pushes it to the left (below the mean) of
the vertical reference. In this way, it can be visualized how each
feature influences each data point “locally”.

For this analysis, a python-based SHAP package®® was used.
With this visualization approach, using the KRR model, SHAP
values for all features in our data set, for each data point, are
plotted in Figure 7. In this plot, each row corresponds to a
feature and the dots represent SHAP values for individual data
points. In a feature row, the dot colors represent how large or
small this particular feature is on a relative scale for each data
point (blue refers to low feature values, and red refers to high
feature values). Globally, the features are ranked by their mean
absolute SHAP value (shown in green next to each feature
name). Notably, sin(62), sin(y), and N*—N? all show similar
mean absolute SHAP values (~0.0056—0.006), suggesting
they dominate the model’s performance at a global level.

In particular, NY—N? shows a behavior that aligns well with
physical intuition: longer distances (red dots) are associated
with negative SHAP values, reducing the predicted electronic
coupling below the average, while shorter distances (blue dots)
yield positive SHAP values, enhancing the electronic coupling
predictions above the average model performance. This is
consistent with the idea that larger separations diminish
electronic coupling, whereas shorter distances enhance it.

SHAP plot also highlights the locally extreme cases (which
might be outliers), either far to the right or to the left of the
baseline. Table 1 highlights three such instances along with all
of the orientation parameters related to the respective data
points. In the first case, sin(01) has a highly negative SHAP
value, implying that this feature lowers the prediction for the

High
sin(62)(0.0060)
sin(y)(0.0058)
N¢ - N2(0.0056)
cos(y)(0.0044)
cos(081)(0.0040)

sin(01)(0.0037)e o

]
.
. '
]
Feature value

sin(¢@1)(0.0031)
cos(62)(0.0031)
cos(¢1)(0.0029)
cos(@2)(0.0022)

sin(¢2)(0.0022)

T T T T T T T Low
-0.02 -0.01 0.00 0.01 0.02 0.03 0.04

SHAP value (impact on model output)

Figure 7. SHAP summary plot showing the contribution of individual
features to the model predictions. Each row corresponds to a specific
feature, and each dotted line represents the SHAP value of that
feature for a single data point. The vertical line, corresponding to the
average of the model prediction over all of the data points, is set at
zero (baseline). The SHAP value indicates the feature’s impact on the
model output, with positive values pushing predictions to the right
and negative values pushing them to the left of the baseline. The
features are ranked in descending order based on their mean absolute
SHAP value, shown in green next to each feature name.

respective data point compared to the average model
prediction (baseline). Angular values for this data point show
that 61 ~ 180°. Histogram of the angle, 01 (see Figure 4b),
suggests that in our data set, there are few data points
corresponding to this value. Also, with 61 ~ 180° one can
imagine a certain NO—NO orientation, which makes the
orbital overlap very low. So, this can imply that this orientation
largely lowers the prediction compared to the average value
over all the data points present in our data set. This can be
further verified with the electronic coupling vs 81 plot in
Figure S11b, where both the running average and linear fit
imply a trend of minimum electronic coupling at this 61 value.
Hence, there is a large negative SHAP contribution. A detailed
list of data points corresponding to the maximum and
minimum SHAP values for each feature is included in Table
S2.

By contrast, two data points with especially high positive
SHAP values occur for cos(62) and cos(y). The data point
with the highest SHAP value for the cos(62) feature
corresponds to a @2 value of approximately 106°, while the
data point with the highest SHAP value for the cos(y) feature
corresponds to a y value of approximately 80°, both of which
are less frequent in our data set (see Figure S2c,a, respectively).
For these two data points, positive SHAP values can be
attributed to the electronic coupling vs 62 (Figure S11c) and
electronic coupling vs y trends (Figure S11a), where in both
cases, the running average suggests a trend of increasing
electronic coupling at these 82 and y values, respectively. Even
though the linear fit, particularly for the electronic coupling vs
62 plot, shows a slightly decreasing trend at ~ 106°, this may
be a result of the very low linearity (R* & 0.01) as well as the
limited availability of data points in this region.

As the SHAP analysis indicates, 82 is one of the crucial
factors in determining the electronic coupling, in both a global
and local sense. To further examine its role, we explored how
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Table 1. Local SHAP Value Analysis for Selected Features
feature SHAP value coupling (meV) 01 () W ¢l @2 N%N“ (A)
sin(61) min: —0.0263 3.5 178.15 72.10 75.08 86.94 82.08 4.1956
cos(62) max: 0.0411 119.7 158.28 106.28 143.27 76.49 54.94 4.3557
cos() max: 0.0264 82.1 167.78 69.87 79.61 94.63 33.05 4.3408
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Figure 8. Dependency of the electronic coupling on 62, for four different sets of 61, and .

the electronic coupling changes as a function of 62, while
keeping other angles within a range of § + 10° around specific
reference values (Figure 8). These plots confirm that 62 can
strongly influence electronic coupling, although the extent of
this dependence varies heavily depending on the other angles,
especially the angle of y.

For instance, in Figure 8a,8b, linear fits show negative slopes,
implying that smaller 62 values promote higher electronic
coupling. In Figure 8a, where 1 = 140°, y = 150°, and ¢1 =
@2 = 80°, the correlation is stronger (R* = 0.665), whereas in
Figure 8b (01 = 160°, y = 120°), the slope is still negative but
the correlation is weaker (R* = 0.323).

By contrast, certain orientations can show no noticeable
dependence on 62, suggesting a negligible impact from 62
(Figure 8c,d).

For example, in Figure 8¢, y = 90°, which implies that this
perpendicular NO—NO orientation diminishes the relevance

of 02. Similarly, in Figure 8d, y = 180°, which implies that an
antiparallel NO—NO orientation also suppresses any clear 62
trend.

Opverall, these findings reinforce the SHAP-based observa-
tion that in the short NY—N? data range, no single orientation
alone can govern the electronic coupling between TEMPO—
TEMPO™ pairs. Rather, a combinatory effect, especially arising
from the NO—NO orientations (angles: 61, 62, y; distance:
N?—N?), plays a pivotal role in determining the electronic
coupling. The influence of one parameter on the electronic
coupling is heavily dependent on the range in which the other
parameters lie. For example, in some geometries, small changes
in 02 can increase orbital overlap, amplifying the electronic
coupling, while in other alignments, 82 has far less effect. Thus,
understanding the orientation dependence of electronic
coupling is crucial for designing and tuning electron transfer
reactions in TEMPO-based ORBs.
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B CONCLUSIONS

In this ML-based study, we present a predictive workflow for
the electronic coupling between TEMPO and TEMPO" pairs
in TEMPO-based ORBs. For the sample structure generation,
we opt for classical MD simulation by replicating a similar
electrolyte environment around TEMPO-based electrode. For
accurate electronic coupling calculations, we have chosen
(TD)DFT/GMH-based calculations using the wB97XD3
functional and ma-def2-TZVP basis set, as motivated from
our previous work.'' These computationally expensive
calculations limited us to having a moderate data set (around
1300 data points) for our ML models. To get a reliable and
consistent data set, a proper screening was performed that
eliminated any pairs for which TDDFT calculations impose
delocalization errors. For the feature engineering, we focused
on specific geometric orientation-based descriptors for two
reasons: first, to understand how exactly specific orientation
influences the electronic coupling, and second, because this
handpicked feature space would be much smaller compared to
the generic features like SOAP or CM, which, due to their
larger feature space, have a high risk of overfitting when dealing
with moderate—sized data sets.

For the ML models, a comparison between LR, KRR, and
RF was performed. Our results show that KRR, due to its
kernel-based approach, works best in our correlated feature
space, whereas both RF and LR are unable to efficiently deal
with such features. A slight data set-size dependence for our
KRR model suggests that increasing the data size can improve
the model’s performance by increasing data points in the less
frequent region of our data set, which represents less stable
configurations. A similar dependence on data size was also
observed in the work of Wang et al. in their ML study on
predicting the electronic coupling of ethylene molecules."

Finally, to understand how important each orientation in
this correlated feature space is in determining the electronic
coupling, we used the SHAP analysis technique from game
theory, which not only provides the feature importance
“globally” but also “locally” for each data point. SHAP analysis
showed that there is no single orientation alone that influences
the electronic coupling; rather, a combinatory effect, especially
arising from angles and distance related to the NO—NO
orientations (angles: 01, 62, y; distance: N*~N*) is important
to decide the model’s prediction. One particular angle’s (or
distance’s) influence on the electronic coupling can be varied
heavily based on the values of other orientational factors. For
example, when the dihedral angle between NO and NO is
either 90° (perpendicular) or 180° (antiparallel), the angle 62
(which represents the tilt of the donor N on the acceptor NO)
has no significant effect on electronic coupling, whereas in
most other NO—NO alignments, an increase in 62 leads to a
decrease in electronic coupling.

This approach can be easily adapted to similar systems in
which the frontier orbitals are rather localized. Of course, for
delocalized orbitals in, for example, pi-stacked monomers, the
features might be extended or modified. As a general
orientation description, one could use the principal compo-
nents of the gyration tensor.

We believe that our current work highlights an efficient
framework for predicting electronic coupling between
TEMPO—-TEMPO" pairs based on specific geometric
orientations.

For example, in a reactive MD approach, in which classical
MD simulations are augmented by physics-derived reaction
rates to model chemical reactivity,”*™* our scheme could be
utilized for a computationally efficient on-the-fly estimation of
the electronic coupling when modeling electron transfer in
polymer materials.

In reality, the actual ORB cathodes, being multicomponent
systems, the typical orientations can depend on the solvent
composition employed as well as salt concentration.'® Hence,
tuning these factors will definitely impact electron transfer
reactions in TEMPO-based ORBs by favoring certain geo-
metric orientations.
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