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A B S T R A C T   

Investigating the role of electrodes’ physiochemical properties on their output voltage can be beneficial in 
developing high-performance batteries. To this end, this study uses a two-step machine learning (ML) approach 
to predict new electrodes and analyze the effects of their physiochemical properties on the voltage. The first step 
utilizes an ML model to curate an informative feature space that elucidates the relationship between physi
ochemical properties and voltage output. The second step trains an active learning model on the informative 
feature space using Bayesian optimization to screen potential battery electrodes from a dataset of 3656 materials. 
This strategy successfully identified 41 electrode materials that exhibit good electronic conductivity and host 
highly electronegative anions. This work provides an efficient strategy to discover novel electrode materials 
while integrating domain knowledge of chemistry and material science with ML in materials research.   

1. Introduction 

The quest for clean energy, coupled with the increasing usage of 
portable devices and electric vehicles, has stimulated a high demand for 
energy storage. Electrochemical energy storage devices such as batteries 
and supercapacitors store electricity through an electrochemical pro
cess.[1] Battery has three essential components: electrode (cath
ode/anode), electrolyte, and separator.[1,2] The energy storage 
performance of a battery largely depends on the electrodes, which 
dictate the battery’s high energy density, overall capacity, and average 
voltage.[1] 

Lithium-ion batteries (LIB) have revolutionized and enabled trans
formative advances in energy storage.[3,4] They are currently the most 
reliable energy storage systems due to their high energy density, 
excellent cycling stability, high working voltage, and relatively good 
rate capability.[5–7] However, despite the demonstrated technological 
prowess of LIB in energy storage. They currently face challenges ranging 

from production cost to safety issues, coupled with limited global 
Lithium reserves, a complex distribution network, and high demand that 
makes producing the electrode for LIBs expensive.[8–13] Moreover, 
LIBs are known to have poor low-temperature performance,[14] issues 
with dendrite growth,[15] high tendencies to be damaged under high 
working voltage, and overheating under extreme temperatures,[16] 
which might lead to thermal runaway and consequent explosion.[17,18] 
Therefore, searching for the next-generation post-LIB will go a long way 
in providing a substantive alternative. 

Recently, post-lithium metal-ion batteries based on monovalent ions 
have been proposed as promising alternatives to LIB.[19–29] The 
monovalent metal ions (Na+ and K+) possess similar electrochemical 
working principles to LIB, utilizing similar electrolytes and 
manufacturing technology.[21] Monovalent metal ions batteries do not 
need scarce and expensive transition metals to enhance their energy 
density as opposed to the LIB.[30] 

However, monovalent metal battery electrodes still face the 
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challenges of finding suitable negative electrodes and considerable 
volume changes during charging and discharging.[31] Interestingly, 
several different multivalent metal ions (Ca2+, Zn2+, Mg2+, and Al3+) 
have also been suggested as alternatives to the LIB.[30–38] Early 
research has indicated that most of these metals do not suffer from 
dendrite formation in the electrolytes compared to the LIB.[39] Their 
lower reactivity (than alkali) also makes their pure metal state suitable 
to be utilized as an anode.[40] They are known to achieve greater 
theoretical energy densities than the monovalent metal ions and use 
much safer electrolytes than the LIBs.[15] Due to their multivalent 
chemistry, these elements tend to have an edge in volumetric energy 
density.[30] Multivalent ions host multiple charges, providing higher 
capacity than when a similar number of ions of a monovalent element 
are stored in a given electrode volume,[35] providing an edge over the 
monovalent metal-ion batteries in terms of better potential volumetric 
and specific capacity.[15,28] Noteworthy, multivalent ion batteries 
suffers slow ion conduction through the electrolyte occurs due to elec
trostatic trapping, worsened by higher cation charges.[41] Although 
multivalent ion batteries have not yet been poised to overtake LIBs. 
However, understanding the role of electrodes’ physiochemical prop
erties on their voltage can be vital to sustaining the pace in the devel
opment of next-generation commercially viable battery systems. 

The Edisonian approach has been the traditional way for the search/ 
discovery of new electrode materials.[42,43] Discovery through this 
path is routinely guided by studying materials having similar composi
tional and structural motifs to known electrodes. However, given this 
route’s time-, resource-consuming, and serendipitous nature, there ari
ses a need for an alternative paradigm that can give an intuitive picture 
of how physiochemical properties influence the voltage and identify 
promising candidate materials more efficiently. However, from an 
electrochemical perspective, general theories based on materials’ 
atomistic properties exist, but their quantitative and predictive influence 
on voltage performance is lacking.[44–47] Identifying these salient 
features (from the vast materials physiochemical space) and their 
quantitative influence on the voltage is essential to accelerate the pace of 
electrode design and discovery. 

Recently, the development of high-performance computational 
platforms, high-throughput density functional theory calculations, and 
their utilization in materials science have helped create scores of ma
terials repositories.[48–54] Several groups have demonstrated the po
tential of ML in predicting novel organic electrodes and understanding 
battery electrolytes.[55–58] Therefore, identifying and discovering new 
electrodes can be accelerated by employing data-driven approaches 
such as interpretable machine learning (ML) and active learning on 
these repositories. Interpretable ML [59–64] has the potential to go 
beyond the conventional ML approaches that merely provide voltage 
predictions [65–68] in a black-box fashion. The interpretable ML can 
also elucidate the quantitative influence/importance of the input fea
tures in a model and reveal scientific insights. Furthermore, identifying 
important atomistic features from the interpretable ML can curate an 
informative feature space that can be exploited by Bayesian optimiza
tion to discover new electrodes. 

Herein, we aim to use ML to predict new electrode materials and 
unravel the influence of electrodes’ physiochemical properties on their 
voltage. Hence, a two-step approach was implemented. At the first stage, 
an interpretable ML was employed to study the physiochemical feature 
space of 2986 electrode compounds with their DFT-calculated voltage 
curated from the Materials Project database. The electrodes’ voltage was 
significantly influenced by their electronegativity, polarizability, 
average atomic radius, average quantum number, atomic density, the 
heat of atomization, the material’s melting point, and the average 
number of valence electrons. Secondly, riding on the as-acquired 
knowledge (from the interpretable ML model), a reduced 10-dimen
sional informative feature space is formed to be utilized by Bayesian 
optimization (BO) in an active learning (AL) module. A reduced infor
mative of less than twenty feature spaces is essential for attaining an 

optimal performance by a BO method.[69–71] The AL module is 
employed to query a dataset of 3656 stable compounds for potential 
electrode materials and DFT calculations to verify their voltages. 

Going through this two-step screening pipeline, 41 potential elec
trode materials, mostly ternary metal fluorides and oxide compounds, 
were predicted. On analyzing their physiochemical properties, the pre
dicted materials host atoms with relatively low atomic radius, polariz
ability, and highly electronegative atoms (the fluorides and oxides). As 
attributed by the interpretable ML, these features contribute the most to 
the voltage. Employing chemical intuition to explain the observations 
from the AL predictions and the interpretable ML model corroborates 
with the inductive effect theory in which electrode redox couples are 
stabilized. Also, the voltage is enhanced due to charge transfer from the 
anions. The theory explains that high electronegative anions in elec
trodes can enhance the voltage. 

Notwithstanding, the presence of highly electronegative elements in 
materials can result in a wide band gap, which is considered counter- 
productive to electron flow in electrodes. Hence, we calculated the 
predicted electrode materials’ band gap and electronic conductivities. 
The materials were found to have sizeable bandgaps and good electronic 
conductivity. Through our in-silico pipeline, we integrated domain 
knowledge in chemistry and material science and corroborated vital 
physiochemical traits (highly electronegativity anions, narrow bandgap) 
to predict 41 new potential electrode materials that can identify potent 
electrodes from a pool of materials. 

2. Results and discussion 

2.1. Design strategy 

Fig. 1 summarizes the schematics of our overall workflow. In the first 
step, we train a classical ML model that predicts the electrode voltage 
(Fig. 1B) based on a dataset of 2986 electrode materials curated from the 
Materials Projects battery electrodes database (Fig. 1A). The features 
used in the model generation are based on the material’s structural and 
physiochemical properties, which are non-DFT features. The classical 
ML model (Fig. 1B) is then used to construct an interpretable ML model 
using the Tree SHAP to understand the roles of individual physi
ochemical features in voltage predictions and extract the most infor
mative features. To provide us with information to form an informative 
feature space that will optimize the performance of the BO algorithm in 
the AL module (Fig. 1D). The AL module starts with the BO algorithm 
(Fig. 1D) querying the exploration database of 3656 materials (Fig. 1F) 
for potential electrode materials with the best voltage (the query criteria 
set to 6 V). The queried best material from Fig. 1F by the BO in Fig. 1D is 
then passed for DFT calculations to verify the voltage. The predicted 
material is labeled and deposited into the dataset (Fig. 1F). The AL loop 
continues until the voltage of the selected materials falls significantly 
below the selection criteria (Fig. 1C). 

2.2. Dataset construction 

The electrodes in the initial dataset (4351 entries) containing DFT- 
calculated voltages, capacity, and discharge formula of the electrodes 
based on various metal ions (Li, Na, K, Rb, Zn, Al, K, Rb, Y, and Cs) 
batteries, were curated from the battery explorer of the Materials Project 
(MP) database.[48] On inspection of duplicate entries based on the 
discharge formula, 1365 duplicate entries were removed, leaving a final 
dataset of 2986 electrode materials. Fig. 2A shows the distribution of the 
elements in the dataset, where Mg and Na predominantly follow Li metal 
ion-containing materials, Ca, K, Zn, Rb, and Cs. From the scatter plot of 
the data set in Fig. 2B, the maximum electrode average voltage in the 
dataset ranges around 7.5 V, and the maximum electrode capacity is 
around 740 mAh/g. Furthermore, the histogram of the average voltage 
with the frequency plotted in Fig. 2C shows a normal distribution of the 
average voltages in the data set. 
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2.3. Feature engineering and machine learning 

Physiochemical features based on electrode composition and struc
ture were generated using the Oliynyk featurization.[72] A total of 324 
features were extracted for each potential electrode material in the 
dataset. Some extra features, such as the crystal density, packing frac
tions, and volume per atom of the electrodes, were included to capture 
the structural information of the crystals adequately. The final selected 
optimal features with their Pearson correlation are shown in Fig. 3A (See 
Table S1 for the meaning of each symbol). 

Furthermore, utilizing the PyCaret package, 8 ML algorithms: Light 
Gradient Boost Machine (LGBM), Extreme Gradient boosting (XGB), 
Gradient boosting regressor (GBR), CatBoost regressor (Cat), Random 
Forest regressor (RFR), Extra trees regressors (ETR), Kernel ridge 
(Ridge), and Support vector regressor (SVR) were tested on our dataset 
to find the most suitable algorithm. The performance indices of the ML 
algorithms, as shown in Fig. 3B, indicate that the LGBM performs the 

best on our dataset. 
Additionally, each of the 24 optimal feature importance scores is 

calculated, and then the mean is taken, as shown in Fig. 3C. All 24 
features influence the models - signaling a successful feature engineer
ing. The range of polarizability, the average deviation of the atomic 
radius, the average deviation of the angular quantum number, deviation 
families, the average deviation of the Pauling electronegativity, and the 
standard deviation of the heat of atomization are the features with the 
highest mean scores. 

Further on, to generate an optimal ML model, we carried out a 
hyperparameter tuning using Optuna (Figure S1) of the best-performing 
ML algorithm (the LGBM) on the 24 feature sets in predicting the 
voltage. The performance of the final LGBM model is shown in Fig. 3D. 

2.4. Interpretable machine learning 

Here, we utilized the model-agnostic approach to create an 

Fig. 1. Workflow and Schematics for the High-throughput Screening and Prediction of Promising Electrode Materials from a Material Database (A) A 
curated database of electrode materials with their DFT-calculated voltages from the battery explorer of the Materials Project. (B) Physiochemical features engi
neering, generation of an interpretable ML model for the prediction of electrode voltage, and selection of informative features space for use in the AL module. (C) The 
AL loop utilizes Gaussian process regression as a surrogate to explore and exploit the chemical space of materials to select the best possible material, and we utilize 
DFT for further verification. (D) The Gaussian process regression model to query the new database. (E) The Materials Project database was curated to include 102,819 
materials, of which 3656 were identified as potential electrode materials. (F) The active learner will query the exploration database for potent electrode materials. 
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interpretable ML model to describe the physicochemical features’ in
fluence on electrode voltage.[64] This approach, in principle, uses a 
surrogate algorithm (i.e., Tree SHAP or Lime) as the front end to learn 
and extract the global and local interpretability of the features influ
enced by an already-trained black-box ML model. Hence, utilizing the 
final LGBM model, we can use Tree Shapley tools to make our black-box 
LGBM model interpretable.[73] These will provide insights into the 
contribution of the material’s physiochemical features to the resultant 
electrode voltage and thus might even lead to the formulation of theories 
that can guide electrode discovery. With the Tree SHAP, global and local 
interpretability of physiochemical features contribution is simulated. 
From the Tree SHAP feature importance plot (Fig. 4A), the material’s 
polarizability (Pol.range) and average atomic radius (AR) are found to be 
the most contributing features. From the results in Fig. 4B, average 
values (~20) of the Pol.range positively impact the resultant voltage and 
negatively impact the voltage with lower values (<20). This trend 
generally indicates that for materials having an overall combination of 
lower/higher (AR) and higher/lower (Pol.range) values, a higher/lower 
voltage is to be expected. Similar to the trend that can be corroborated in 
the CaCoPO3 and Al(CoS2)2 materials (Figs. 4C and 4D). 

Further on, we plot the Tree SHAP Pol.range and AR dependency plots 
to observe if there is possible intractability between them. According to 
Fig. 5A, the Pol.range and AR exhibit a complex interdependency, which 
can be attributed to the inherent relationship between atomic radius and 
polarizability. From a classical mechanics viewpoint, the dependency 

can be described using the equation:[74] 

r =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

α (I − A)
2

√

(1)  

where r is the atomic radius, α is the polarizability, I is the ionization 
potential, and A is the electron affinity. In the periodic table, a consistent 
trend exists in the elements’ polarizability, electronegativity, atomic 
radius, and electron affinity. As atoms’ atomic radius and polarizability 
decrease, their electronegativity and ionization energy increase. 
Therefore, elements’ atomic radius and polarizability tend to have an 
inverse relationship with their electronegativity and electron affinity. 
These physiochemical features dictate the nature of bonding and, thus, 
materials’ overall electronic properties, as described by the Slater rules 
and Phillips ionicity theory.[75–78] 

The output voltage of an electrode is intricately linked to its atomic 
constituents, which influences the underlying chemical mechanisms, 
such as polarizability and atomic radius, as seen in Eq. (1). Polariz
ability, a measure of electron cloud distortion in response to external 
electric fields, facilitates charge transfer between electrode and elec
trolyte.[79] This is a fundamental aspect of battery operation, when ions 
migrate during discharge and charge cycles, leading to charge imbal
ances within the material and the creation of an electric field. The de
gree of polarization is determined by factors like ionic conductivity and 
resistance, which are influenced by intrinsic material properties and the 

Fig. 2. Statistical Analysis of the Materials Project (Initial) Electrodes Database (A) Distribution and count of the elemental constituents in the Materials Project 
electrode data set. (B) Scatter plot of the electrodes’ average voltage, capacity, and formation energies. (C) Histogram of the average voltage. 
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electrode-electrolyte interface. Materials with higher polarizability 
exhibit enhanced stability in maintaining charge distributions during 
the charge/discharge processes, which can ultimately lead to a more 
consistent output voltage.[80,81] From Figs. 4C and 4D, a trend in 
which materials with high polarizability can host enhanced voltages. 
Additionally, atomic radius plays a crucial role in the output voltage, 
especially in intercalation-type batteries such as lithium-ion batteries. 
The atomic size of the host material directly impacts its ability to 
accommodate ions to enable them to store more charge, thereby yielding 
a higher output voltage. Thus, optimizing electrode materials involves a 
delicate balance between factors like atomic radius and stability, which 
can be deduced from the values of SHAP results (Figs. 4C and 4D). These 
chemical properties are central to rational design and performance 
optimization of electrode materials. 

Consequently, we reaffirm this observation using the uniform 
manifold approximation and projection (UMAP), an unsupervised 
clustering model. UMAP helps to identify the local trend in a physi
ochemical space of material. The physiochemical feature spaces were 

reduced to 2-dimensional input space for the UMAP algorithm. The re
sults from the UMAP clustering model are in Fig. 5B, with the voltage of 
the electrodes projected. In comparison, we also project the electrode’s 
average atomic radius and range polarizability (Figs. 5C and 5D). A 
trend can be observed in which materials with average voltage from 2 to 
6.5 V have an average atomic radius of ≤1 Å and range polarizability of 
≤30. This trend corroborates that of the Tree SHAP interpretability 
results. 

2.5. Exploration dataset of potential electrode materials 

At first, we curated a new dataset of 102,816 materials from the 
materials project database (Fig. 1E). We screened and selected materials 
hosting the active metals (Li, Na, Mg, Al, Ca, Zn, and K) to curate po
tential electrode materials not containing radioactive elements. Also, 
considering the role of thermodynamic stability in electrodes, only 
materials with the formation energy and energy above the hull of ≤0 are 
considered, and a total of 3656 potential electrode materials were finally 

Fig. 3. ML Modeling of the Initial MP Electrode Database (A) Pearson correlation between the best-selected features, after dropping features with low mutual 
information (MI) scores, and those that are highly correlated (r > 0.95). (B) Comparison of various classical ML algorithms’ performance on the dataset. (C) The 
contribution score of the physiochemical features ranked by taking the mean feature importance score from the Light Gradient Boosting Machine (LGBM), Extreme 
Gradient Boosting Machine (XGB), Gradient Boosting Regressor (GBR), CatBoost regressor (CAT), Random Forest regressor (RFR), Extra Trees regressors (ETR), 
Kernel Ridge (Ridge), and Support vector regressor (SVR). (D) The parity plot of the MP-DFT-calculated voltage and the LGBM model predicted the voltage after 
optimizing the model parameters using Optuna. 
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obtained (Fig. 1F). 

2.6. Active learning workflow 

Based on the previously acquired knowledge of how electrode 
physiochemical features influence voltage from our interpretable ML 
model, we then curate an informative feature space to be explored by BO 
in the active learning (AL) module to efficiently suggest potent electrode 
materials from the exploration database while minimizing DFT 
computational costs. 

Fig. 6A shows the performance of various functions in optimizing 
and suggesting the most potent physiochemical features point with a 
target voltage of 7.5 V. It can be noted that the mixed acquisition 
function, which uses the maximum uncertainty (MU) acquisition func
tion to reduce the overall uncertainty of the model and the maximum 
expected improvement (MEI) acquisition function to optimize the 
voltage prediction, is the only function to identify the material with the 
target voltage in fewer steps compared to other functions. 

As described elsewhere,[69–71] Gaussian process regression (GPR) 
models’ predictive performance and accuracy depend on the feature 

space size. We used the feature importance ranking from the interpret
able ML model to test the GPR performance on the top 20, 15, and 10 
feature spaces (Figure S2). The 10-dimensional feature space is more 
accurate (Fig. 6B). Therefore, we adopted an informative 10-dimen
sional physiochemical feature space in the AL module. 

Further on, based on the above, we adopt and build an AL module 
using the mixed acquisition function in the BO and an informative 10- 
dimensional physiochemical feature space in the exploration dataset. 
Based on this module, we queried the new exploration dataset of 3656 
materials for potent electrode materials (Fig. 1E). Ab initio-before the 
BO process, we randomly selected five materials in the dataset and 
labeled their corresponding voltages (obtained through DFT calcula
tions) to be used in training the surrogate model. Then, based on the 
predicted mean and uncertainties, the as-chosen mixed acquisition 
function optimizes the objective function to suggest the most potent 
material for evaluation. The suggested point is then evaluated using DFT 
calculations, and then the materials labeled (the voltage) back into the 
exploration dataset to improve the model for the next BO iteration. 

Fig. 4. Interpretability of the ML Model (A) Tree SHAP global interpretability of feature’s importance, ranking them among the most significant. (B) The model’s 
output impacts the Tree SHAP global interpretability of the material’s elemental/structural features. Tree SHAP local interpretability of the feature’s performance on 
voltage prediction of (C) CaCoPO3 and (D) Al(CoS2)2. 
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2.7. The active learning module results 

To evaluate the reliability of our machine learning model’s pre
dictions and DFT computed voltages, we conducted a comparative 
analysis between the computed voltages of the machine learning pre
dicted materials and the corresponding experimental results from liter
ature for some of the predicted electrode materials, including 
NaCuSO4F, CaFeO3, KCoPO4, Na3Fe(SO4)3, and Li2Mn3CoO8. The com
parison revealed varying degrees of agreement between the predicted 
and experimental voltages for these materials. Specifically, for NaCu
SO4F (an experimental voltage of 2–5 V and 0–3 V as a cathode and 
anode, respectively), and CaFeO3 (4.07 V), KCoPO4 (4.02 V), Na3Fe 
(SO4)3 (4.70 V), and Li2Mn3CoO8 (4.18 V) [82–86]. All the calculated 
voltages closely matched the experimental values, demonstrating a solid 
alignment. In contrast, KCoPO4 showed a noticeable discrepancy be
tween the predicted, computed, and experimental voltages. However, 
the computed (3 V) values are within the merging errors of the experi
mental values, indicating that the model may benefit from further 
refinement for this material. 

Further on, to understand the underlying mechanism of the mate
rial’s voltage, we plot the observed materials with their corresponding 
average atomic radius and range polarizability (Fig. 6C). Most materials 
with voltage >4.5 V host a combination of atoms with mostly low ionic 

radius and high electronegativity. Notably, this can be attributed to the 
materials’ highly electronegative atoms. A mechanism described by 
Brent et al.[87] and Goodenough et al.[88,89] shows that electronega
tivity is a vital factor in the voltage of electrodes. This mechanism in
volves the ionic-covalent bond dynamics driven by an inductive effect 
during the active-metal ion intercalation, in which the anions (or pol
yanions) transfer charges to the transition metal. The transferred 
charges reduce the covalency between the transition metal and other 
atoms. Therefore, it enhances the stability and energy level of the 
transition-metal redox couple and, in essence, increases the electrodes’ 
potential.[90,91] Hence, having/introducing a high electronegativity 
anion in an electrode material can substantially enhance the voltage of 
an electrode material. 

Notably, compounds with highly electronegative atoms (like F and 
O) tend to suffer from low electronic conductivity due to their wide band 
gap caused by the highly ionic bond formation with other metals. On the 
other hand, the ionic nature tends to make the materials good ionic 
conductors. A balance of the ionic and electronic conductivity in elec
trodes is needed to allow the diffusion of the active-metal ion while 
aiding electron motion.[92] Hence, we calculated the materials’ band 
gap and electronic conductivity. As shown in Fig. 6D, most materials 
host a sizeable bandgap and an averagely good electronic conductivity 
comparable to some electrodes.[93] 

Fig. 5. SHAP Interpretability and Unsupervised ML Clustering Results of the MP Database (A) SHAP dependence plot of Pol.range and AR, showing the 
interaction in-between. Unsupervised ML clustering of the initial MP database using UMAP (B) with projected voltages. (C) with the average atomic radius. (D) with 
the projected range polarizability. 
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3. Conclusion 

The accuracy of AL in the explorations of a new database to predict 
new materials generally depends on the initial labeled space’s quality, 
dimensionality, and how informative the exploration features space is to 
the target property. Through an interpretable machine learning model, 
we could narrow down to 24 out of the 324 electrode materials’ phys
iochemical features significantly influencing the voltage. Further, we 
adopted a 10-dimensional informative physiochemical feature space to 
explore a new dataset of materials, using an AL protocol to query the 
best potent material for electrode applications. The final predicted 
potent electrode material’s physiochemical properties were analyzed 
using ML, chemistry, and materials science knowledge. From the anal
ysis, we could deduce and observe some physiochemical traits that most 
of our predicted potent electrode materials manifest. (a) The presence of 
highly electronegative anions in the materials. That can be associated 
with enhancing the voltages of electrodes through inductive charge 
transfer. (b) The materials are narrow bandgap semiconductors with 
sizable bandgaps and relatively good electronic conductivity. In this 
work, we leverage and integrate machine learning approaches with 
domain knowledge of chemistry and material sciences to discover new 
potent electrode materials and understand the influence of their physi
ochemical properties on voltage. 

4. Experimental procedures 

4.1. Machine learning 

The ML model was created to predict electrode voltage using the 
materials project battery electrodes dataset based on features created 
using Oliynyk featurization.[72] All the ML models were based on 

algorithms implemented in Scikit-learn;[94], the PyCaret package was 
to rank various ML algorithms’ performance. The hyperparameter 
optimization of the Light gradient boost ML algorithm was carried out 
using the Optuna package. The classical ML model was interpreted using 
the SHAP package. 

To generate an optimal ML model, a multi-step approach is carried 
out from feature engineering (Fig. 3A and 3C), suitable ML algorithms 
selection (Fig. 3B) to hyperparameters tuning (Figure S1) of the selected 
ML algorithm for model generation (Fig. 3D). Features engineering is 
carried out to determine optimal features, dropping the redundant and 
highly correlated features. These can effectively improve the model 
performance and prevent overfitting. The individual feature’s mutual 
information scores (MI) contribution to the voltage was calculated 
(Figure S3). Uninformative with deficient MI scores were eliminated, 
indicating a weak contribution of information to the target. Further
more, using Pearson’s correlation coefficient (r) as a criterion, if two 
features have a high correlation (i.e., |r| >0.95 in this study), one of the 
features is discarded. The final selected optimal features with their 
Pearson correlation are shown in Fig. 3A and listed in Table S1. 

The Pearson correlation coefficient is defined as 

r =
cov

(
xi, xj

)

σxi σxj

(2)  

where cov(xi, xj) and σxi/j are the covariance of features xi and xj and 
standard deviation of the feature xi/j, respectively. 

Furthermore, utilizing the PyCaret package, 8 ML algorithms: Light 
Gradient Boost Machine (LGBM), Extreme Gradient boosting (XGB), 
Gradient boosting regressor (GBR), CatBoost regressor (Cat), Random 
Forest regressor (RFR), Extra trees regressors (ETR), Kernel ridge 
(Ridge), and Support vector regressor (SVR) were tested on our datasets 

Fig. 6. Performance of the AL Model on the New Database and the Properties of the Predicted Best Electrode Materials (A) Performance of the acquisition 
functions: Maximum uncertainty (MU), maximum expected improvement (MEI), maximum likelihood improvement (MLI), upper confidence bound (UCB), and 
mixed (MU and MEI) in the MP dataset. (B) Gaussian progress regression performance on the materials project dataset, with a 10-dimensional feature space. (C) The 
average atomic radius and range polarizability for electrode materials were predicted through the AL loop. (D) The calculated electronic conductivity and band gap 
of the predicted electrode materials. 
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to find the most suitable algorithm. 
Consequently, after selecting a suitable ML algorithm - the LGBM, its 

optimal hyperparameters should be generated for a reliable ML model. 
Therefore, we carried out a Bayesian hyperparameter optimization of 
the LGBM model based on the Optuna optimization framework. 
Hyperparameter optimization was conducted in >100 random trials 
using the RMSE test as the objective function. The hyperparameter 
optimization contour plot, as shown in Figure S1, indicates that the 
maximum number of trials yielding the lowest RMSE has a learning rate 
of around 0.1 for several leaves between 20-to-40, feature fraction (0.4 
to 1) and a bagging fraction (0.4 to 1). Furthermore, the optimized 
hyperparameters were used to create the best ML model with the lowest 
possible RMSE and the highest R2 described elsewhere.[95,96] An ac
curate LGBM regressor model capable of predicting the voltages of 
materials (using our feature set) is obtained with an MAE of 0.2850 V 
(Fig. 3D). A split ratio of 80/20 was used throughout the study, where 
random 80 % of the data was allocated to the training set and 20 % to the 
training set. 

4.2. Active learning 

Bayesian Optimization (BO), a quintessential classical active AL 
module, has accelerated the discovery of materials of interest from large 
databases.[97–100] This scheme minimizes the number of experiments 
or high-throughput DFT calculations required to identify the most 
potent candidate from a stream of materials. In BO, the choice of 
acquisition functions determines the minimal number of experiments 
needed to find an optimal material. At the same time, BO utilizes the 
Gaussian process regression (GPR) as a surrogate to predict values and 
uncertainties while exploring the physiochemical feature space of ma
terials. For the uncertainty quantification, the following acquisition 
functions: the maximum uncertainty (MU), maximum expected 
improvement (MEI), maximum likelihood improvement (MLI), upper 
confidence bound (UCB), and mixed (MU and MEI) were tested on the 
materials project battery electrode datasets. 

The AL model is created based on BO using Gaussian process 
regression in the algorithm to estimate the uncertainty and functional 
relationship between the material features and voltage.[94] The 
following acquisition function: maximum uncertainty (MU), maximum 
expected improvement (MEI), maximum likelihood improvement (MLI), 
and upper confidence boundary (UCB) were tested. A mixed acquisition 
method of MU and MIE was utilized in this work. In the mixed acqui
sition method, MU is utilized to reduce the uncertainty of the model, 
while the MEI is used to optimize the voltage of the material. The 
functions are defined as follows; 

MU, x∗ = σ[f (xi)] (3)  

MEI, x∗ = E[f (xi)] (4)  

MLI, x∗ =
E[f (xi)] − E[f (xb)]

σ[f (xi)]
(5)  

UCB, x∗ = [E[f (xi)] + σ[f (xi)]] (6)  

where x* is the new sample obtained by the acquisition function, σ is the 
standard deviation, f(xi) is the model, xi is the material’s feature vector, 
and E is the expected value. 

A total of 5 BO iterations were performed and stopped when mate
rials satisfying the selection criterion could not be identified in the 
exploration dataset. Forty-one materials were extracted with voltages ∈
[3.5 V, 5.5 V]. The materials found after the final round of the selection 
are RbAlCuF6, NaMoF6, Li(NiO2)2, NaMg2(SO4)3, NaCuSO4F, Na2NbF6, 
Na2CuF4, Na2Cu(NO3)4, LiRhF6, LiMnF6, LiCaNiF6, Li2RuF6, KCo(PO3)3, 
NaMoF6, LiAgF6, CaRuO3, CaFeO3, K2NaCuF6, CaP2PdO7, LiCuF4, 
KCoPO4, KHfPdF7, Na3Fe(SO4)3, Ca(AgO2)2, KCuF3, Na(NiO2)2, 
Na3TiF6, NaMn2P2O9, LiO8, KF3, LiIrF6, CaCrP2O7, KMnPCO7, K2LiCuF6, 

Na3TiF8, Ca2Co3O8, Li2Mn3CoO8, NaZr2PdF11, K3Cu(NO3)5, and LiMn 
(CO3)2. Interestingly, it is noteworthy that some of these materials, e.g., 
NaCuSO4F,[86,101] CaFeO3,[85] KCoPO4,[84] Na3Fe(SO4)3,[83] and 
Li2Mn3CoO8

83, were reported in experimental works as suitable insertion 
electrodes for battery applications, in good agreement with the pre
dictions of this work. 

4.3. Density functional theory calculations 

All the DFT calculations are performed using the Vienna ab initio 
simulation package (VASP). The generalized gradient approximation 
(GGA) in the form of Pardew-Burke-Ernzerhof (PBE) functional, hybrid 
functional calculation using the HSE06 functional, and the projected 
augmented wave (PAW) were employed. All calculations converged 
with the residual forces less than 0.001 eV/Å, and the convergence 
threshold of the total energy was set to 10− 6 eV. The voltage (V) of the 
material is calculated from the total energy under different active metal- 
ion (Li, Na, Mg, Al, Ca, Zn, and K) concentrations, and MX is the 
material: 

V =
EAy1MX − EAy2MX + (y2 − y1)EA

(y2 − y1)
(7) 

The dependency between the material band gap and its conductivity 
From Eq. (8), calculating the material’s band gap can also be used to 

derive their electronic conductivity (σe). 

σe =
A

T3/2eEg/2KT (8)  

where A is the constant, T is the temperature, Eg is the band gap, and K is 
the Boltzmann constant. 

The diffusivity Di is a critical parameter that characterizes the 
mobility of charge carriers, including electrons, holes, or ions, within 
materials. A vital determinant of electrical conductivity, with higher 
values indicating better conductivity, is temperature-dependent due to 
the influence of thermal motion. Hence making it an essential factor in 
understanding the electrochemical properties of materials. Moreso, it 
provides insights into how charge carriers spread out within a material 
due to random scattering, complementing the concept of carrier drift 
under electric fields. [102,103] Also, as described by the Nernst-Einstein 
equation,[104] the ionic conductivity by the active metal ion is given by: 

σi = nie2Di
/

kbT (9) 

Here, ni is the concentration of the active metal ion, e is the 
elementary charge, kb is the Boltzmann constant, T is the absolute 
temperature, and Di is the diffusivity of the ion in the comparing results 
of the active learning predictions. From a semi-quantitative relationship, 
[105] atoms’ polarizability and electronegative nature can be deter
mined using Eq. (10). 

χ = 1.66(n/α)1/3
+ 0.37 (10)  

where χ is the electronegativity and α is the polarizability. 
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