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ABSTRACT

The use of transition group metals in electric batteries requires extensive usage of critical elements like lithium, cobalt, and

nickel, which pose significant environmental challenges. Replacing these metals with redox-active organic materials offers a

promising alternative, thereby reducing the carbon footprint of batteries by one order of magnitude. However, this approach faces

critical obstacles, including the limited availability of suitable redox-active organic materials and issues such as lower electronic

conductivity, voltage, specific capacity, and long-term stability. To overcome the limitations for lower voltage and specific capac-
ity, a machine learning (ML) driven battery informatics framework is developed and implemented. This framework utilizes an
extensive battery dataset and advanced ML techniques to accelerate and enhance the identification, optimization, and design
of redox-active organic materials. In this contribution, a data-fusion ML coupled meta learning model capable of predicting the

battery properties, voltage, and specific capacity for various organic negative electrodes and charge carriers (positive electrode

materials) combinations is presented. The ML models accelerate experimentation, facilitate the inverse design of battery materi-

als, and identify suitable candidates from three extensive material libraries to advance sustainable energy-storage technologies.

1 | Introduction

To reduce dependency on fossil fuels, electric batteries have be-
come a prominent theme in modern scientific research [1, 2].
However, several studies assert that the demand for electric ve-
hicles (EV) soars multifold, which is difficult to meet by tran-
sition metals only owing to the need for intensive mining and
depleting resource [3, 4]. Currently, redox-active organic materi-
als play an instrumental role in addressing the challenges posed
by heavy reliance on fossil fuels and the skyrocketing demand
for transition-metal elements like Li, Co, and Ni in conventional
batteries [5-8]. Redox-active organic materials exhibit diverse
chemistries, structures, and applications for energy storage and
mobility [5]. They offer a wide range of characteristics like versa-
tility, high-rate performance, and high theoretical capacity [9].

About 200 redox-active organics are currently being used as
electrodes in batteries [10-16]. However, they are bound by
limitations such as dissolution in the electrolyte, poor electri-
cal conductivity, or low volumetric density [17-20]. To address
these issues, we require novel organic materials with improved
electrochemical performance [19, 21]. But the large chemical
space of redox-active organic materials [22, 23] makes it very
time consuming and expensive [22, 24] for conventional ap-
proaches such as high throughput experimentation or com-
binatorial chemistry to identify possible candidates. ML
methods provide a platform to navigate vast chemical spaces
for designing materials with suitable properties [25-29]. They
are proven to be successful for material space explorations
in the inorganic material space in the field of energy-storage
applications (mainly batteries and super-capacitors) [30-33].
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In these ML models, compositional, elemental, and structural
parameters are taken as ML inputs, while, for example, the
discharge capacity is predicted [30, 34].

For the unique and machine-readable representation of the
chemical structures, Simplified Molecular Input Line Entry
System (SMILES) strings are often used for encoding chem-
istries such as side chains, branches, rings, or chemical bonds
[35]. Tools like polyBERT and Morgan fingerprints convert
SMILES strings to vectors that serve as the numerical in-
puts to the ML models [36-38]. Several previous investiga-
tions have utilized these fingerprinting approaches for the
prediction of diverse properties such as the HOMO-LUMO
gap, atomization energy, redox potential, and so on [39-46].
Only limited research has focused on the prediction of exper-
imental properties such as voltage for organic batteries [47].
Moreover, while data scarcity entails a significant limitation
for training ML models on experimental properties [48, 49],
advanced learning approaches like multitask, multifidelity,
and transfer learning are contemporary solutions to address
these challenges [50, 51].

In this contribution, we employ a ML approach as illustrated in
Figure 1 to screen and identify high-voltage and high-specific
capacity redox-active polymers for electrochemical applica-
tions. We utilize SMILES strings based notation to represent
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structures of organic materials (molecules and polymers) in
our dataset. An important component of the workflow is the
implementation of polyBERT as a fingerprinting tool, which
transforms the SMILES strings into numerical representations
suitable for ML model [36]. We develop a data-fusion MT-ML
model followed by a meta learner to learn voltage and specific
capacity for varying charge carriers (positive electrode mate-
rials). This multistep data-fusion methodology demonstrates
improved generalizability and superior performance metrics,
including better coefficient of determination (R?) values and
reduced RMSE (Root Mean-Square Error). Finally, we employ
an inverse design methodology by creating three large libraries
of polymeric materials. We propose new redox-active polymer
candidates with maximum energy density, facilitating the effi-
cient discovery and development of novel materials for battery
applications.

2 | Results and Discussion
2.1 | Dataset

We utilize a dataset of a total of 771 data points for training
our multi step data-fusion ML models as listed in Table 1. Our
dataset contains both redox-active and non-redox active organic
materials as negative electrodes with their electrochemical
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FIGURE 1 | Our battery-informatics workflow. (a) Data collection pipeline: We collect SMILES (Simplified molecular input line entry system)

strings of organic negative electrodes with respect to different charge carriers (positive electrode materials) [35]. This is followed by conversion of
SMILES strings to numerical format. (b) Architecture of our multitask machine learning (MT-ML) predictors. MT-ML models are trained to predict
multiple properties with respect to varying different battery components. Variation of charge carriers (positive electrode materials), property and or-
ganic material classes (polymers/molecules) is represented using selector-vector. The fingerprints are concatenated with selector vector and are used
as inputs to MT-ML model. Lighter version of gray represents inputs of the model and darker version represents output. (c) Meta learners trained on
holdout dataset by taking outputs of multiple MT-ML models as the inputs. The outputs of meta-learner models is the property value (voltage and spe-
cific capacity). (d) Finally, the inverse design approach is employed. We take some reference organic materials that exhibit either higher performance
for batteries or higher stability or biodegradability. We iteratively add redox-active moieties or replace elements and bonds at different positions of
the organic materials to create a library of millions of organic materials. We screen for potential candidates with higher voltage and specific capacity
by using the proposed meta-learner model.
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TABLE1 | Synopsis of the dataset for the battery property prediction
models. The table shows the number of data points for different charge
carriers (positive electrode materials) and polymer or molecule negative
electrodes for voltage (V) and specific capacity (Sc).

Charge - Nonr.edox

carrier Redox active active

(+ve) A" Sc A" Sc Total

Polymer
Al 2 4 0 0 6
K 1 1 0 0 2
Li 73 119 35 29 256
Mg 5 5 0 0 10
Na 10 7 29 35 81
Zn 2 3 0 0 5

Molecule
Al 1 0 0 0 1
K 2 3 0 0 5
Li 60 165 35 29 289
Mg 1 2 0 0 3
Na 19 27 29 35 110
Zn 3 0 0 0 3
Total 179 336 128 128 771

properties voltage in volts and specific capacity in mAhg™. For
non-redox active materials, the dataset comprises of 128 data
points for both properties, for a total of 256 data points. These
data points are equally divided for both properties for lithium
and sodium charge carriers (positive electrode materials) (85
points for each property and positive electrode) for molecules
and polymers respectively. To ensure our models accurately
reflect chemical reality, we include non-redox active materials
in the training dataset. This teaches the models to differentiate
between materials that can and cannot undergo redox reactions.
On the other hand, our redox-active materials dataset is more
extensive, containing 336 data points for specific capacity and
179 data points for voltage measurements, totaling 515 data
points. It is worth noting that, 66% of data points (338 our of
506) in specific capacity are theoretically calculated. By incorpo-
rating these values, the ML models learn inherent correlations
between theoretical and measured discharge capacity. In this
process, the theoretical capacity is encoded using the selector
vector (see Method section), allowing the model to effectively
integrate and interpret the relationship between theoretical pre-
dictions and experimental measurements. This allows for the
prediction of the costly and labor-intensive measured values di-
rectly from theoretical data, significantly enhancing the model's
overall performance. The discharge specific capacity data points
are collected with respect to varying C-rates and active material
content for the first cycle. The distribution of both the properties
for redox-active negative electrodes are shown in the Figure 2.

2.2 | Model Performance

Utilizing our comprehensive dataset comprising of 771 data
points, we train multitask and meta-learning models of the
prediction of voltage and specific capacity. Figure 3 illustrates
the comparative performance analysis of these models. The
parity plots for MT-ML models, derived from the averaged re-
sults across all five-fold testing sets are shown in Figure 3a,c.
The error bars indicate variance (20) of the predictions across
the five-folds. MT-ML models demonstrate their efficiency in
accurately predicting multiple electrochemical properties. A
single MT-ML model is trained on multiple properties simulta-
neously, enhancing the predictive efficiency, addressing data
scarcity and eliminating the necessity of training individual
model for each property, as shown in Reference [50]. The MT-
ML models achieves RMSE values of 0.43V and 70.9mAhg!
for voltage and specific capacity respectively. The voltage
predictions of lithium charge carrier and polymeric negative
electrodes are closer to the parity line in Figure 3a when com-
pared to their molecular counterparts. On the other hand,
prediction of specific capacity perform better for molecular
negative electrodes and lithium charge carrier in Figure 3c.
For charge carriers containing lesser data-points, the pre-
dictions are spread on the both sides of the parity line. Our
multitask models exhibit robust performance across diverse
electrode materials, successfully predicting properties for var-
ious charge carriers (positive electrode materials) and organic
material classes (OMC).

Subsequently, we implement and train meta-learning tech-
niques to enhance and bundle the predictive capabilities of our
MT-ML framework for the deployment of our ML models. The
resulting parity plots in Figure 3 demonstrate the exceptional
generalization capacity of our meta-learner models, achiev-
ing remarkably high R? values of 0.99 and 0.95 for voltage
and specific capacity, respectively. Our meta-learner model
trains on the holdout dataset (20%) predictions (i.e., voltage
and specific capacity) of MT-ML models and validates on the
training dataset (80%). Our meta-learner models are similar
to the Mixture-of-Experts (MoE) ML architecture, which dy-
namically assigns input-dependent weights to ML models and
predict targeted output variables [52]. To mitigate overfitting
risks, we implement dropout layers in both MT-ML and meta-
learner models and run full hyperparameter optimization
studies [53]. A comparative analysis between multitask (panel
a and c¢) and meta-learner (panel b and d) in Figure 3 results
reveals two significant improvements: (i) enhanced alignment
of predictions with the parity line and (ii) substantial improve-
ment of predictions for charge carriers (positive electrode ma-
terials) with less data-points. Notably, our models has these
exceptional performance metrics irrespective of the inherent
challenges of working with a relatively small dataset and mul-
tiple fidelity levels (incorporating both theoretical and experi-
mentally measured capacity values across varying C-rates and
active material loadings as encoded in the fingerprints). The
strong improvement in predictive accuracy from multitask to
meta-learner models showcases the efficiency of our multistep
data-fusion approach in addressing the complexities in elec-
trochemical property predictions.
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FIGURE2 | Stacked histogram plots for redox active molecules (panel a and b) and polymers (panel ¢ and d) for specific capacity and voltage when
used as negative electrodes with respect to different charge carriers (positive electrode materials) in batteries as indicated in the legend.

2.3 | Inverse Design

In our inverse design methodology, we establish a search space
from 12 selected reference organic polymers as shown in the
Figure S2. Among those 12, two polymers are chosen for their
high voltage, six for their structural stability and the remaining
four based on their biodegradability. As illustrated in Figure 4,
the polymer candidates are categorized into three distinct li-
braries based on their reference: high-voltage polymeric neg-
ative electrodes (Figure 4a), stable plastics (Figure 4b), and
biodegradable polymers (Figure 4c). These candidate libraries
serve as search space for potential replacements to existing or-
ganic electrodes that exhibit high voltage, specific capacity, or
energy density. Through systematic structural modifications
like strategic addition and substitution of redox-active moieties
(see Figure S3) at both main-chain and side-chain positions,
the 12 reference polymers are expanded into an extensive li-
brary of approximately 1.8 million candidates. Because the
search space of 1.8 million candidates is derived from the initial
candidate population of 12 polymers, the core structural motifs
of the 12 initial candidates are retained. Using a different set
of initial candidates would create an entirely different search
space. The electrochemical properties of these candidates were
predicted using our two-step data-fusion models, with the
resulting property distributions as depicted in Figure 4. The
observed property distributions exhibit systematic correla-
tions that reflect fundamental chemical principles through the
direct modification of molecular electronic structure, which

occurs via incorporation of electron-withdrawing or electron-
donating redox-active groups in organic materials [54]. Our
screening process identifies several promising candidates with
operating voltages between 4.1 and 4.5V (see Figure S5), ex-
ceeding the maximum voltage of 4.07V present in our training
dataset. Analysis of the distribution patterns reveals varying
characteristics of the three libraries. The high-voltage organic
negative electrode library (Figure 4a) shows a notable concen-
tration of candidates in the high-voltage regime with moder-
ate specific capacity. Conversely, the biodegradable polymer
library (Figure 4c) exhibits an opposite trend (see Figure S6).
All-organic batteries manufactured from biodegradable redox-
active polymers present a viable solution for disposable elec-
tronic devices, offering enhanced safety in post-usage disposal
[55]. The stable plastics library (Figure 4b) achieves the high-
est energy density (see Figure S4), approaching 1600 Whkg™,
indicating that the incorporation of redox-active moieties into
stable organic backbones improves multiple battery proper-
ties [15]. On the other hand, our model also identifies materials
with insulating properties, characterized by near-zero values
across both properties, highlighting its unbiased prediction ca-
pabilities. This comprehensive performance spectrum, ranging
from high-performing candidates to insulators, demonstrates
the model's robust predictive capacity across the different
classes of materials. Each of the three libraries—stable plas-
tics, biodegradable materials, and high-performing polymers
were screened for suitable candidates in an average of 1.5min
(90s) per library.
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used for training our property predictor models.

The physiochemical analysis of top-performing polymer candi-
dates showcases a trend in their molecular design; the strategic
incorporation of sulfur and nitrogen hetero-atoms into either
conjugated frameworks or fused ring systems influences the

electronic structure and hence voltage. Superior specific capac-
ity values are observed in materials with substantial presence of
sulfur-based moieties, such as thiol and di-sulfide groups, owing
to their participation in multielectron transfer reactions. Finally,
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a combination of moieties containing multiple hetero-atoms,
such as thiol groups, disulfide linkages, ester groups, carbonyls,
and other groups within conjugated polymer-backbone assists in
optimizing both voltage and specific capacity.

3 | Conclusion

Our investigation demonstrates the effectiveness of our data fu-
sion ML model for predicting electrochemical properties across
multiple domains and fidelity levels (active material loading),
C-rate, property (voltage or specific capacity), organic material
classification (molecule or polymer), and the charge carrier
in positive electrode (Li, Na, K, Zn, Mg, and Al). The MT-ML
framework is instrumental in addressing the critical challenge
of data scarcity while enhancing the prediction accuracy simul-
taneously. Building upon this foundation, our meta-learning
approach significantly improves model performance and gen-
eralization capabilities across various property domains and
material classifications. Our framework shows significant
computational efficiency, enabling ultra-fast prediction of
electrochemical properties for large-scale material screening.
This capability proves instrumental in the discovery of next-
generation battery materials. By leveraging an inverse-design
approach, our framework enables the rapid generation of candi-
date material libraries. Furthermore, it suggests both promising
novel candidates and effective replacements for existing materi-
als, significantly accelerating the screening process and reduc-
ing the time and resources required for experimental validation.

Our virtual library based inverse design approach involves
structural modification of a defined set of initial candidate
population. This enables a computationally efficient screen-
ing of new candidates, but confines the chemical space to the
initial candidate population. In comparison, generative design
strategies, such as Variational Auto-Encoders (VAE) [56, 57],
General Adversarial Networks (GAN) [56, 57], and other de-
novo methods possess capabilities to design novel molecular
structures in an entirely unexplored chemical space without
the requirement of an initial candidate population. However,
these methods usually require large datasets and computation-
ally expensive implementations [58]. While our ML models
demonstrate exceptional property prediction performance, its
reliance on 2.5D chemical structure fingerprints (derived from
PSMILES strings) omits long distance structural information
[59]. Consequently, our ML models do not account for redox-
potential fluctuations arising from varying degrees of disorder,
like crystallinity [60, 61].

Our research aims to enhance the accuracy and efficiency of the
organic-battery informatics approach by integrating the influ-
ence of electrolytes and separators. Additionally, we are devel-
oping a novel fingerprinting approach for inorganic materials
in batteries, which has the potential to significantly increase the
number of available data points, leveraging the extensive data-
bases available for batteries in the inorganic space. Our research
has broader implications beyond theoretical advancement,
facilitating the development of cost-effective and environmen-
tally sustainable energy storage solutions. By paving the way
for the discovery of high-performing organic battery materials,
this work represents a significant step toward our goal of the

identification of all-organic batteries using AI. These advance-
ments could lead to batteries with improved capacity, longer
lifespans, and reduced environmental impact, addressing crit-
ical challenges in the field of energy storage.

4 | Methods
4.1 | Data Preparation

Our dataset comprises 771 data points curated from peer-
reviewed research publications, prominently focusing on review
articles [5, 15, 62, 63]. We collected and curated the data from
the review articles for different negative and charge carriers
(positive electrode materials), voltages, and specific capacities.
The UMAP (Uniform Manifold Approximation and Projection)
plot of our dataset visualizing the distribution of different OMC
(polymers and molecules) in a two-dimensional embedding
space is shown in Figure S1 [64]. Prior to partitioning the dataset
into training and testing subsets, we applied min-max scaling
to normalize each target property (voltage and specific capac-
ity) independently, linearly transforming the output values to a
range based on their respective minimum and maximum values
within the dataset.

4.2 | Fingerprinting

Fingerprinting involves conversion of chemical information
represented by SMILES to machine-readable numerical format
in form of vectors. For fingerprinting, we utilize the tool poly-
BERT [36], resulting in 600-dimensional vectors. Conversion to
fingerprinting is followed by concatenation with selector vec-
tors. Selector vector is an indicator of distinct domains in the
data. They are five distinct numerical values, which encode key
experimental and material parameters: active material con-
tent, C-rate, property type, OMC (molecule, polymer, or ladder
polymer), and the charge carrier (e.g., Li, Na, K). An example
of a selector vector used in the model is [0.5,1,1,1,1] indicat-
ing that the organic material is a polymer with 50% active ma-
terial content, operating at 1C. Additionally, the property being
predicted is voltage with respect to a sodium-positive electrode.
Since, while calculating theoretical capacity, C-rate cannot be
mentioned, we represented it using the number —1. When fin-
gerprints are concatenated with the selector vectors, the input
to our ML models yields a 605-dimensional numerical repre-
sentations. This approach enables the representation of multiple
fidelity levels within a single computational framework, thereby
reducing generalization error [50].

4.3 | Model Architecture and Training

Our two-step data-fusion ML approach encompasses both MT-
ML and meta-learning components. The dataset was randomly
split, allocating 80% for MT-ML model development and reserv-
ing 20% for meta-learner training. The MT-ML training dataset
is subdivided into 5 folds for cross validation, and five indepen-
dent models are trained for each fold. The neural network-based
MT-ML optimization is performed using the TensorFlow frame-
work, supported by Optuna [65, 66], enabling systematic and
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full hyper-parameter tuning across neural network architecture
parameters (i.e., neuron count, number of layers, activation
function, and dropout rate) and training parameters (i.e., initial
learning rate and early stopping criteria). The hyper-parameter
optimization for each fold is performed independently. The
meta-learning step consists of a deployment-ready ensemble
framework integrating insights deduced from all cross-validated
models. The meta learning follows a two-step methodology: ini-
tially, predictions are generated for the held-out 20% dataset
using the 5-fold cross-validated models, followed by the training
of a neural network that uses these predictions as inputs to learn
final property values. The model's generalization capability is
tested against the original 80% training dataset. Comparison of
cross-validated and meta learner models is shown in Tables S1
and S2. Uncertainty quantification is implemented for both
multitask and meta-learning predictions using Monte Carlo
dropout methodology, providing confidence intervals at the 95%
level [67]. This meta-learning approach ensures comprehensive
model generalization across the entire dataset while maintain-
ing prediction reliability.

4.4 | Virtual Polymer Libraries

Our inverse design approach is based on the screening of three
large virtual libraries of candidates, namely high-voltage, bio-
degradable, and stable plastic organic materials. The libraries
are created through specific guidelines: We start with 12 syn-
thesizable and highly researched candidates from the scientific
literature (see Figure S2). Out of the 12 candidates, two poly-
mers exhibit high voltage, six demonstrate high structural sta-
bility, and the remaining four are biodegradable, as indicated
in Figure S2. Second, we iteratively replaced single atoms and
chemical moieties with predefined chemical fragments (see
Figure S3) at all individual positions, repeated this process it-
eratively to explore all permutations of chemical fragments at
all the positions to create three vast candidate libraries total-
ing 1.8 million distinct PSMILES strings. Third, these distinct
PSMILES strings are chemically evaluated using the cheminfor-
matics tools, RDKit and PSMILES [36, 68]. The Python program-
ming code for creating the 1.8 million candidates is found in our
github repository https://github.com/kuennethgroup/organic_
battery_predictor/blob/main/inverse_design.ipynb. Finally,
the chemically valid PSMILES strings are fingerprinted using
polyBERT, followed by property predictions using our trained
meta-learner ML model. The candidates that exhibit the highest
voltage, specific capacity, and energy density are displayed in
Figures S4-S6. It is important to note that the synthesizability
of the new candidates has not been evaluated.

5 | CO, Emission and Timing

Experiments are conducted using a computing cluster at
the University of Bayreuth, with the carbon efficiency of
0.344kg CO,eqkWh'™. A total of 10h of computations were car-
ried out on four A-100-40GB GPU's with a Thermal Design
Power (TDP) of 250 W. The training of MT-ML and meta learner
models producing emissions around 1.4kgCO,eq. In the infer-
ence mode, the computation per polymer is around 2s com-
bining fingerprinting, concatenation of selector vector and

prediction from the trained model in total on one GPU, emitting
around 57gCO,eq.
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