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G R A P H I C A L  A B S T R A C T

H I G H L I G H T S

Fully AI-driven protocol to screen relevant materials for energy applications.
38,500 new candidate materials for thermoelectric, PV and batteries.
User friendly Web App ensures easy access to the novel materials.
Energy-GNoME database is refined iteratively through research community feedback.

A R T I C L E  I N F O

Dataset link: https://github.com/paolodeangeli
s/Energy-GNoME/, https://doi.org/10.5281/ze
nodo.14338533, https://paolodeangelis.github
.io/Energy-GNoME/
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 A B S T R A C T

Artificial Intelligence (AI) in materials science is driving significant advancements in the discovery of advanced 
materials for energy applications. The recent GNoME protocol identifies over 380,000 novel stable crystals. 
From this, we identify over 38,500 materials with potential as energy materials forming the core of the Energy-
GNoME database. Our unique combination of Machine Learning (ML) and Deep Learning (DL) tools mitigates 
cross-domain data bias using feature spaces, thus identifying potential candidates for thermoelectric materials, 
novel battery cathodes, and novel perovskites. First, classifiers with both structural and compositional features 
detect domains of applicability, where we expect enhanced reliability of regressors. Here, regressors are trained 
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to predict key materials properties, like thermoelectric figure of merit (𝑧𝑇 ), band gap (𝐸g), and cathode voltage 
(𝛥𝑉c). This method significantly narrows the pool of potential candidates, serving as an efficient guide for 
experimental and computational chemistry investigations and accelerating the discovery of materials suited 
for electricity generation, energy storage and conversion.
1. Introduction

The growing commitment to environmental sustainability and
preservation has catalyzed a shift towards a green economy, em-
phasizing usage of Renewable Energy Sources (RES), decarbonization 
strategies, and sustainable resource management to ensure long-term 
ecological balance and economic resilience [1]. In this context, energy-
related materials play a central role in driving the transition to a 
new, eco-friendly industrial paradigm. Materials for renewable energy 
conversion — such as perovskites for photovoltaic (PV) solar cells [2,3], 
materials for efficient energy usage — such as thermoelectric [4,5] 
materials, along with materials for energy storage devices — like 
cathode materials for batteries [6–8] — are the key to attenuate the 
intermittent nature of RES, unlocking the full potential of clean energy 
and achieving the overarching goal of minimizing our environmental 
footprint while shifting to a sustainable green economy [9–11].

Advancements in these fields are strictly correlated to the discovery 
of novel materials with enhanced properties. Most of these physical 
and chemical properties can be accurately determined by first prin-
ciples methods based on Density Functional Theory (DFT) [12,13]. 
However, an exhaustive screening of such innovative materials with 
traditional strategies is to date impractical due to the high-dimensional 
composition spaces and the often unaffordable computational cost of 
DFT simulations. Furthermore, efforts in investigating hypothetical 
materials typically rely heavily on the intuition of the researcher for 
identifying promising candidates, as well as on heuristics with limited 
extrapolation capacities on unseen samples [14–16].

Despite these difficulties, the efforts required to address the task of 
materials discovery have been greatly reduced over the last years by the 
development of high-throughput platforms and of data-driven Machine 
Learning (ML) techniques. Indeed, in recent years, ML techniques have 
greatly impacted the way research [17,18] and industry [19–21] ap-
proach to several applications, including those in the energy field [22–
24]. Coupled with the creation of extensive materials databases such as 
Materials Project (MP) [25], the Inorganic Crystal Structure Database 
(ICSD) [26], the Open Quantum Materials Database (OQMD) [27], 
NOMAD [28], and AFLOWLIB [29], these advanced tools have matured 
to unlock new potential in the materials discovery process [30,31].

The combination of high-throughput computational methods and 
ML approaches has been successfully applied in recent research to pre-
dict novel materials and determine key properties, driving innovation 
in energy storage, generation, and conversion. Fanourgakis et al. [32] 
applied ML methodologies to screen a wide virtual space of hypo-
thetical Metal-Organic Frameworks (MOFs), introducing a universal 
strategy employing the ‘‘atom types’’ as the only descriptors to pre-
dict the MOFs’ adsorption capacities. A similar work was carried out 
by Trezza et al. [33]: the authors exploited ML regressors trained 
to predict MOFs’ adsorption capacities to establish a minimal set of 
important crystallographic features, and investigated the role of such 
‘‘genetic code’’ when using Sequential Learning (SL) algorithms. Nandy 
et al. [14] exploited Natural Language Processing (NLP) procedures 
to leverage the available MOF literature, obtaining stability measures 
and thermal decomposition temperatures for structurally character-
ized MOFs. Furthermore, the authors trained Artificial Neural Network 
(ANN) models to predict solvent removal stability and thermal stability. 
Cerqueira et al. [34] created a computational dataset for conventional, 
i.e. Bardeen–Cooper–Schrieffer, superconductors containing ab initio
electron–phonon calculations, which was also used for training a ML 
2 
model to identify superconducting compounds with a critical temper-
ature 𝑇c greater than 5K, taking as input features the compositional, 
structural, and ground-state properties. Moses et al. [35] leveraged 
data retrieved from the MP database to train deep Neural Network 
(DNN) models able to predict the change in volume and the average 
voltage of battery electrode materials during the charging and discharg-
ing processes. The authors also investigated the screening capabilities 
outside of the training dataset. Rutt et al. [36] applied a computa-
tional screening approach to identify promising multivalent cathodes, 
demonstrating the importance of evaluating both relative stability and 
ion mobility in materials not initially containing the working ion of 
interest. Here a high-throughput material exploration strategy was 
applied, in which the MP crystal candidates were iteratively defined in 
4 steps, starting by screening the materials with relative stability above 
0.2 eV atom−1, and selecting the crystals showing reducible potential 
with respect to Mg ions. The authors then proceeded with insertion 
site identification, and finally measured the migration path using ap-
proximate Nudged Elastic Band (ApproxNEB) algorithms [37]. Wang 
et al. [38] developed a computational band gap database of single and 
double perovskites based on highly accurate DFT calculations, and used 
it to identify an accurate expression to predict the band gap. This model 
was then employed to screen Pb-free perovskites in the MP database, 
finding 14 unreported crystals potentially suitable for PV applications. 
Kim et al. [39] trained a Random Forest (RF) based ML model on 
the whole OQMD to identify novel quaternary Heusler compounds. 
The model was employed to screen 3.2 million possible structures, 
predicting their stability and identifying 303 promising compositions, 
of which 55 were confirmed to yield stable compounds through DFT 
calculations. Kang et al. [40] used ML to characterize the heat of 
explosion of potential candidates of energetic materials, based on the 
constituent elements-averaged cohesive energy and on the oxygen bal-
ance. The authors applied the model to perform a high-level screening 
of over 140 million molecules in the PubChem database [41], followed 
by a theoretical fine-level screening which eventually identified 262 
molecular candidates with the required properties. Rao et al. [42] 
investigated the compositional design of high-entropy alloys, proposing 
an active learning framework which combines a generative model, 
regression ensemble, physics-driven learning, and experiments. The 
authors demonstrated the framework’s capabilities in the design of 
high-entropy Invar alloys with low thermal expansion coefficient.

In addition to these previous screening material successes, the ap-
plication of ML in materials science has unlocked a vast and largely un-
tapped resource: the Graph Networks for Materials Exploration
(GNoME) database [43]. GNoME is an Artificial Intelligence (AI) driven 
platform designed to explore the vast chemical space through an 
iterative pipeline that combines active learning algorithms and Graph 
Neural Networks (GNNs). This process generates and filters numerous 
candidate solid state materials using a GNN trained and validated with 
DFT to predict formation energies. This active learning framework 
enables GNoME to continuously refine its predictions, culminating 
in the discovery of over 2.2 million stable materials. Remarkably, 
it has identified over 380,000 novel stable crystals, which reside on 
the updated convex hull of formation energies. To the best of our 
knowledge, this vast database of materials has not yet been screened 
to identify potential materials for disparate energy applications.

Therefore, in this study, we aim to perform a preliminary screening 
of the GNoME database to identify potential materials for further nu-
merical or experimental investigation within three relevant domains in 
the energy field: thermoelectric materials, perovskites, and batteries. As 
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detailed below, the adopted protocol is general and additional domains 
of application can be investigated in the near future.

Specifically, we adopt specialized datasets available in the literature 
for training, validating and testing proper ML regressors towards the 
prediction of relevant properties of interest across the above three do-
mains. A straightforward practice would consist in using those models 
to directly predict such properties of interest over the GNoME mate-
rials. However, the specialized datasets utilized for training represent 
only a localized subset of the entire materials space. As a consequence, 
the trained ML models — being not extrapolative [16] — are able 
to reliably forecast the corresponding property of interest only for 
those GNoME samples that fall within the same localized subset as the 
training materials. To take into account this biased nature of specialized 
datasets, we adopt the protocol recently proposed and validated by 
some of the authors of this work [44]. Specifically, it consists of a set of 
binary classifier-based filters, trained over samples from the specialized 
dataset (class 1) and random subsets from a less biased general-purpose 
database like MP (class 0). By applying these classifiers to the GNoME 
materials, we can effectively rule out samples for which the regression 
models are likely to provide unreliable predictions, thereby we expect 
an enhanced reliability and accuracy of our screening process.

The protocol identified 13,057 thermoelectric candidate materials, 
4259 perovskite candidates for PV applications, and 21,243 cathode 
material candidates for lithium and eight post-lithium kind batteries.

The primary objective of this work is to introduce and validate 
the proposed protocol. As such, the list of screened materials is also 
expected to be refined and updated in the future when further experi-
mental evidence and additional knowledge on the specialized database 
become available. While predictive performance varies across different 
cases, this study aims to demonstrate the methodology through practi-
cal examples and assess its potential for future discoveries. In this spirit, 
we refer to the Energy-GNoME as a living database.

This article is structured as follows: Section 2 includes a brief 
overview of the proposed protocol and workflow and presents the 
findings of our AI-driven screening process for various energy-related 
materials, including candidates for thermoelectric, perovskites, and 
cathodes applications. Section 3 discusses the significance and limita-
tions of these results, their potential applications in the energy sector, 
and the further development of these methods. Section 4 details the 
computational approaches, data handling, and ML protocols used to 
predict material properties and identify promising candidates within 
the GNoME database.

2. Results

The proposed method — introduced in the next Section 2.1 and 
detailed in Section 4 — requires three key components: a specialized 
energy materials database containing experimental measurements or 
numerical predictions of desired properties, a significantly less biased 
general-purpose materials database, and a set of unexplored materials. 
The selection of the last two components is straightforward. We utilize 
the Materials Project (MP) database, which, from its deployment in 
2018 to today, reached a cardinality of over 150,000 materials (of 
which approximately 34,000 stable and 23,000 experimentally ob-
served) characterized using DFT. For the unexplored materials set, we 
use the recent GNoME database, which includes materials that have yet 
to be experimentally synthesized or numerically simulated for specific 
energy applications of interest in this work. Thus, the primary challenge 
is to obtain reliable and comprehensive energy material data for various 
applications. In the following Subsections, we introduce the adopted 
protocol and present the results of the ML-based screening, along with 
the identified potential candidates, for three case-studies corresponding 
to three classes of materials with significant energy relevance: thermo-
electric materials, perovskites, and cathode materials. We also report 
the ML models predictions for the related properties: figure of merit 
for thermoelectric materials, band gap for perovskites, and reduction 
potential for cathode materials.
3 
2.1. Protocol overview

We propose that there exists a region 𝐸 within the high-dimensional 
feature space of all materials, containing all materials suited for a given 
energy application. The intersection between 𝐸 and a general-purpose 
database of known materials (e.g., MP) contains known materials for 
energy applications. This ‘‘energy-specific’’ subset 𝑀𝐸 = 𝑀 ∩ 𝐸 and 
its complement 𝑀 ⧵ 𝐸 are leveraged by the AI-experts to demarcate 
the boundary of 𝐸. This approach allows for the identification of the 
intersection between the dataset of unexplored materials 𝐺 (namely the 
GNoME database) and 𝐸, 𝐺𝐸 = 𝐺 ∩ 𝐸, i.e., the subset of crystals in 𝐺
that share properties with 𝑀 ∩𝐸. Here, regression yields more reliable 
results than when applied to the entire set 𝐺.

For a detailed explanation of the protocol and methods, please refer 
to Section 4. Additionally, Fig.  7 visually represents the relationships 
among these different sets within the high-dimensional material feature 
space aforementioned.

The discovery of energy materials within the GNoME database by 
identifying the 𝐺𝐸 subset is achieved through the designed protocol 
illustrated in Fig.  1. The process involves two distinct workflows: the 
training workflow and the prediction workflow, indicated in Fig.  1 with 
a gray dashed line and a black solid line, respectively.

The training workflow goes through all the steps to instruct all the 
ML models, starting from the specialized ‘‘energy’’ materials database 
𝑀𝐸 . The training set data is used to qualify the AI-expert algorithms 
to classify and, therefore, hypothetically identify the boundary, 𝜕𝐸, 
of the energy material region in the n-dimensional space and to train 
regression ML algorithms to predict the specific property of interest for 
each class of energy materials. In the proposed case study, we have 
chosen the figure of merit (𝑧𝑇 ) for thermoelectric materials, the band 
gap (𝐸𝑔) for perovskites, and the reduction potential (𝛥𝑉 ) for cathode 
materials. This workflow ends with assessing the performance of all 
the models. The available data for materials in energy applications do 
not always include structural information, such as crystallographic files 
(e.g., CIF or XYZ files) or unique string identifiers like the Interna-
tional Chemical Identifier (InChI). Consequently, for the regression, a 
conditional OR switch splits the workflow into two pipelines: one opti-
mized for materials with complete structural information, and another 
designed to handle cases with only compositional data. If structural 
data is available, the workflow follows the ‘‘structure pipeline’’ (top 
blue box in Fig.  1) that uses the graph representation of the material to 
train a committee of four E(3)NNs to predict the material property of 
interest. If only composition information is available, the data flow goes 
through the ‘‘composition pipeline’’ (center blue box in Fig.  1), which 
uses the descriptors array to train four Gradient Boosted Decision Trees 
(GBDT) models instead.  On the other hand, the AI-experts — imple-
mented as a committee of ten binary GBDT classifiers — are always 
trained on composition-based descriptors derived from the chemical 
formula; whenever a crystal structure is available, we enrich this input 
with additional structure-based features, enabling the models to handle
polymorphism and achieve higher predictive accuracy while exposing 
biases in the specialized energy-materials database (𝑀𝐸). 

Once all the models are trained and validated, the data flow transi-
tions to the prediction workflow, which begins from the GNoME database 
𝐺. All the data points 𝑦 ∈ 𝐺 are processed through the ‘‘screening 
pipeline’’ (bottom orange box in Fig.  1) where the AI-experts are 
consulted to compute the probability that the crystal shares the same 
biases as those in the specialized training set, i.e. 𝑃 (𝑦 ∈ 𝑀𝐸 ). According 
to our hypothesis, this probability also coincides with the likelihood of 
falling inside the energy material region 𝐸 (𝑃 (𝑦 ∈ 𝑀𝐸 ) = 𝑃 (𝑦 ∈ 𝐸)). All 
the crystals that have passed the screening process — i.e., those with an 
average probability from the AI-experts higher than 50% — continue to 
the ‘‘regressors pipeline’’. Here, depending on the specialized databases 
used for training, the materials are featurized either by converting them 
into graphs if a committee of E(3)NNs was trained or into descriptor 
arrays if a committee of GBDTs was used. The trained regressors then 
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Fig. 1. The schematic shows the protocol for creating the Energy-GNoME database, illustrating training (gray dashed line) and predictive (black solid line) phases. 
Training begins with the cyan database and ends with ML model evaluations (e.g., parity plots, ROC curves). Feature extraction depends on material storage 
in the ‘‘Energy’’ database 𝑀𝐸 and may use composition- or structure-based pipelines, as indicated by the OR switch symbol ⊕. The structure pipeline applies a 
graph representation, while the composition pipeline uses chemical descriptors, each feeding a committee of E(3)NN or GBDT. Concurrently, the screening pipeline
(orange box) trains GBDT classifiers — ‘‘AI-experts’’ — to identify 𝑀𝐸 -like materials. In prediction mode, screened GNoME materials (𝑦) with over 50% likelihood 
(𝑃 (𝑦 ∈ 𝑀) > 0.5) of matching 𝑀𝐸 materials’ (𝑥) biases enter the regressor pipeline to predict properties. These candidates, with predicted properties, are added 
to the Energy-GNoME database, initiating a continuous active learning cycle (see magenta arrow).  (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)
predict the property related to the specialized energy material under 
investigation only for the screened materials. In this way, we have the 
computational benefit of working with a significantly smaller dataset 
than the entire GNoME database, reducing computational costs and 
resources.

Finally, the candidates with the predicted properties are stored 
in the Energy-GNoME database. The resulting database can then be 
evaluated, refined, and validated by both the computational and exper-
imental community, expanding the initial specialized energy material 
database used to train the workflow. Consequently, the entire workflow 
can be rerun, thereby improving both the screening and prediction 
accuracy, initiating an iterative process that makes the Energy-GNoME 
a living database.

2.2. Protocol verification

Before applying the protocol to the GNoME database, we first verify 
its effectiveness by assessing its performance on completely unseen 
materials. Three databases are used: the Experimentally Synthesized 
Thermoelectric Materials (ESTM) database [45], 𝑀𝐸 ; an unspecialized 
database built by randomly sampling from the MP database and remov-
ing any overlaps with ESTM, 𝑀𝑃 ⧵𝑀𝐸 ; and the verification database, 
𝑌 , built from the other two by removing 34 materials from 𝑀𝐸 and 196 
from 𝑀𝑃 ⧵ 𝑀𝐸 . Including all their temperature-dependent variations, 
the 34 unique ESTM materials result in 196 entries, while the 196 
unique MP materials (each repeated at six different temperatures) result 
in a total of 1176 entries. Importantly, all these materials are entirely 
excluded from the datasets used to train, validate, and test the models, 
ensuring they are never exposed to the classifiers or regressors during 
any stage of model development.

The verification workflow is illustrated in Fig.  2a: after training, the 
AI-experts classify the materials in the 𝑌  database as thermoelectric 
candidates or not. Remarkably, all 196 entries from the ESTM are 
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correctly classified (Blind True Positive, BTP), with an average classifi-
cation probability 𝑃 > 0.95 across the 10 classifiers. For these materials, 
the screening is followed by the prediction of the thermoelectric fig-
ure of merit 𝑧𝑇 . As shown in Fig.  2b, the regressors achieve strong 
predictive accuracy (𝑅2 = 0.84).

Notably, 5 MP unique materials (namely Cu2GeHgS4, Bi3Pd8,
AsCu3S3, NbNiTe5, and NdNiSb3) escape the screening and are classified 
as thermoelectric candidates (Blind False Positive, BFP, 𝑃 > 0.5). 
However, due to the generic nature of MP, some of these may be 
thermoelectric materials that have not yet been experimentally investi-
gated. This result is further interpreted using the Euler–Venn diagram 
in Fig.  2c.

Here, the specialized dataset 𝑀𝐸 represents experimentally known 
thermoelectrics, while the unspecialized dataset 𝑀𝑃 ⧵ 𝑀𝐸 consists of 
crystals that are mostly non-thermoelectric although we cannot exclude
a priori that a few thermoelectric materials could also be present. The 
set 𝑇  represents the broader space of all thermoelectric materials, both 
known and unknown, such that 𝑀𝐸 ⊂ 𝑇 . The intersection of the 
validation database 𝑌  with 𝑇  identifies the screening outcomes: BTP, 
BFP, and BTN (Blind True Negative). Indeed, Cu2GeHgS4 (whose crystal 
structure is depicted in Fig.  2c) has already been recognized for its 
thermoelectric properties, as reported by Gorai et al. [46].

Interestingly, this suggests that the protocol is able to capture 
materials with latent thermoelectric potential that are not explicitly 
labeled in ESTM.

These results serve as a critical sanity check, confirming that the 
protocol effectively identifies thermoelectric materials it has never 
encountered before while maintaining a low false-positive rate. This 
reinforces the robustness of the screening process and its applicability 
to discovering new thermoelectric candidates.

2.3. Thermoelectrics (figure of merit 𝑧𝑇 )

When an electrical current is supplied, thermoelectric materials are 
able to generate a temperature gradient while also releasing Joule heat; 
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Fig. 2. The schematics in (a) illustrate the training (gray dashed line) and predictive (black solid line) phases during the verification of the hypothesis. Three 
databases were used: the ESTM database, 𝑀𝐸 (in cyan); an unspecialized database, 𝑀𝑃 ⧵ 𝑀𝐸 (in magenta); and the verification database, 𝑌 . The screening 
process successfully recognizes all the ESTM materials in 𝑌  (BTP), and the performance of the regressors (4 models + ensemble) on these 34 materials (196 
entries) is reported in the parity plot in (b), along with the absolute error 𝐴𝐸 distribution density in the top left inset. The Euler–Venn diagram in (c) illustrates 
classification outcomes explication. The specialized database 𝑀𝐸 and the unspecialized database 𝑀𝑃 ⧵𝑀𝐸 are shown alongside the set 𝑇  (orange) representing 
all thermoelectric materials. The small sets in 𝑀𝐸 and 𝑀𝑃 ⧵𝑀𝐸 correspond to the materials in the validation database 𝑌 , and their intersections with 𝑇  identify 
the screening outcomes BTP, BFP, and BTN. The crystal in (c), which belongs to the BFP set, is a thermoelectric according to Gorai et al. [46]. Atom colors follow 
the extended CPK [47] scheme by Jmol [48].  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this 
article.)
vice versa, a temperature gradient can generate an open-circuit voltage, 
allowing these materials to play the role of electric generators [49]. 
As a result, thermoelectric-based devices may utilize a range of heat 
sources, such as solar radiation and industrial waste heat, making them 
an interesting asset for the advancement of sustainable and energy-
efficient technologies. The effectiveness of a material in thermoelectric 
systems is determined by the dimensionless thermoelectric figure of 
merit 𝑧𝑇 = (𝑆2𝜎∕𝜅)𝑇 , with 𝑆 denoting the Seebeck coefficient, 𝜎 the 
electrical conductivity, 𝜅 the thermal conductivity, all varying with the 
temperature 𝑇 .

Here, we aim at finding new potential thermoelectric materials 
within the GNoME database following the same aforementioned pro-
tocol. As data source, we use the ESTM database [45], which contains 
experimental 𝑧𝑇  values of 869 unique materials measured at different 
temperatures 𝑇 . In this case only the composition is available and, as 
such, we extract a set of 145 composition-based features for those 869 
brute formulae by means of Matminer [50]. Specifically, as detailed 
by Ward et al. [51], these descriptors include stoichiometric features, 
statistics on elemental properties, characteristics related to electronic 
structure, and specific attributes for ionic compounds. Furthermore, 
since on average each material in ESTM comes with 6 distinct values 
of the temperature 𝑇  — in general different across the database — 
we make 𝑇  act as the 146th feature. However, to prevent potential 
unfairness that may arise from having the same material — only with 
a different 𝑇  — over various random splits across training/testing sets, 
we ensure that all instances of the same material (coming with various 
𝑇  values) are included in the same split. In order to take into account 
the 146th feature for materials not coming from ESTM (i.e., MP), for 
each of them we create 6 replicas, each with one of 6 evenly spaced 
temperatures 𝑇 , namely 300K, 430K, 560K, 690K, 820K, 950K.

To further assess the reliability of our workflow, 34 materials from 
ESTM are excluded from training and testing and instead reserved for 
an independent verification step of the entire protocol. As such, those 
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materials are not seen by the models at any stage before the final 
predictions, ensuring a rigorous evaluation of the protocol’s ability to 
generalize beyond its training data. On average, the 4 regression models 
show reasonably high performance in test (𝑅2 ≈ 0.80, see Table  1) 
and the 10 classifiers turn out to be highly skilled as well (AUC ≲ 1). 
The metrics of the individual regression and classification models are 
reported in Table S1 and Table S2 respectively. For further details about 
pre-processing and featurization, ML models training, and the whole 
protocol, refer to Section 4.

By incorporating 𝑇  as an additional feature, we predict the average 
classification probabilities and the average 𝑧𝑇  values for each of the 
energy material candidates within the GNoME database, across 6 repli-
cas at the same 6 evenly spaced temperatures mentioned above. As a 
result, we identify 13,069 unique GNoME compositions, corresponding 
to 50,779 𝑇 -based replica samples, showing an average probability 
𝑃 > 0.5 to fall within the materials space of the ESTM database. Among 
those, at 𝑇 = 950K, SrBi3Te10 is predicted to exhibit an average 𝑧𝑇 =
1.34 (over the 4 regressors) with an average classification probability 
(over the 10 classifiers) 𝑃 = 1.00; BaBi3Te10 is predicted to exhibit an 
average 𝑧𝑇 = 1.35 (over the 4 regressors) with an average classification 
probability (over the 10 classifiers) 𝑃 = 1.00; Ag8Se3S is predicted to 
exhibit an average 𝑧𝑇 = 1.37 (over the 4 regressors) with an average 
classification probability (over the 10 classifiers) 𝑃 = 0.99 (see Fig.  3).

2.4. Perovskites (band gap 𝐸𝑔)

Perovskite solar cells have gained extensive popularity due to their 
high absorption coefficient, high charge carrier mobility, controllable 
band gap, and ease and low cost of fabrication [52,53]. In fact, the 
suitability of a perovskite as photovoltaic material is most importantly 
determined by its band gap 𝐸g. It is worth noting that the possibility 
of engineering synthetic perovskites gives rise to a vast compositional 
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Fig. 3. Hexagonal plot of thermoelectric candidate materials in the Energy-
GNoME database. The hexagon colors represent material counts per region as 
indicated by the color bar. Density distributions, 𝜌, are shown on the plot’s top 
and right, calculated using Gaussian KDE for the average AI-expert probability, 
𝑃 , and predicted figure of merit, 𝑧𝑇 . The thermoelectric performance was 
assessed across six temperatures, with combined 𝑧𝑇  values displayed in a 
color-coded distribution on the right. The crystal structures above show three 
notable candidates among the top-ranked screened thermoelectric materials 
as determined by 𝑅𝑇 (𝑦) (see Section 4.6.1). Atom colors follow the extended 
CPK [47] scheme by Jmol [48].  (For interpretation of the references to color 
in this figure legend, the reader is referred to the web version of this article.)

Table 1
The table reports the total number of thermoelectrics (|

|

𝑀𝐸
|

|

, with | ⋅ | denoting 
the cardinality) and a summary of regressor models testing performance 
(coefficient of determination 𝑅2 and root mean square error RMSE) for the 
committee of 4 GBDT (ensemble). The models predict the thermoelectric figure 
of merit 𝑧𝑇 .
 |
|

𝑀𝐸
|

|

𝑅2 RMSE 
 (−) (−) (−)  
 835 (4865 replicas) 0.800 0.150 

materials space available for exploration, allowing researchers to fine-
tune their properties for specific applications [54]. Hence, a reliable 
and cheap methodology to determine potential interesting structures 
would be a strong tool to investigate such space.

In this case study, we apply our protocol to identify new potential 
perovskite materials suitable for PV applications within the GNoME 
database. As a primary data source, we leverage the Materials Project 
(MP) database [25], which provides the structure along with the com-
puted properties of more than 150,000 solid-state materials, of which 
∼23,000 where experimentally synthesized. From the MP database, we 
extract 641 unique perovskites with structures exhibiting a band gap 
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Table 2
The table reports the total number of specialized materials (|

|

𝑀𝐸
|

|

) and a sum-
mary of regressor models testing performance (coefficient of determination 𝑅2

and root mean square error RMSE) for the committee of 4 E(3)NNs (ensemble). 
The models predict one key perovskite property for PV applications, namely 
the band gap 𝐸g.
 |

|

𝑀𝐸
|

|

𝑅2 RMSE 
 (−) (−) (eV)  
 Pure 641 0.65 0.422 
 Mixed 81,895 0.90 0.496 
 Mixeda 81,895 0.78 0.312 
a For the mixed models, metrics are provided for the entire testing set as well as for 
the domain of interest (non-magnetic perovskites with 1 × 10−3 eV < 𝐸g ≤ 2.5 eV).

𝐸g within the range 1 × 10−3 eV < 𝐸g ≤ 2.5 eV and classified as non-
magnetic, making them promising candidates for PV applications [55–
57]. This choice is not intended to imply that materials with extremely 
narrow band gaps (e.g., < 0.5 eV) are optimal for photovoltaics, but 
rather to conservatively avoid the exclusion of potentially promising 
candidates due to possible DFT-related underestimations of band gaps 
in large databases such as the Materials Project. The lower bound of 
1×10−3 eV serves as a soft threshold to filter out metallic materials while 
retaining semiconductors that may be inaccurately characterized. Sub-
sequent regression and ranking steps in our protocol further prioritize 
candidates with more suitable band gap values (e.g., near the optimal 
photovoltaic range of 1.1−1.6 eV). Using this dataset, we train and test 
four regression models (hereafter referred to as the ‘‘pure models’’) to 
predict the band gap 𝐸g. Taking advantage of the MP database’s de-
tailed crystal structure information, we utilize an Euclidean Equivariant 
Neural Network (E(3)NN) architecture, following the structure-based 
prediction pipeline (Fig.  1) described in the Methods (see Section 4).

As the 𝐸g is a property shared by all materials, to improve gener-
alization, we expand the training dataset by incorporating the entire 
set of non-metallic materials from MP, without restricting band gap 
or magnetic properties. This broader dataset, which includes both 
perovskites and non-perovskites, is used to train an additional set of 
four E(3)NN regression models (hereafter referred to as the ‘‘mixed 
models’’), enabling the prediction of 𝐸g across a wider chemical and 
structural space. Additionally, we identify a subset of the 641 per-
ovskites containing 576 samples with unique chemical formula, and 
select 620 random non-perovskite materials, from which we extract a 
set of 694 composition-based and structure-based features by means of 
Matminer [50]. For further details, refer to Section 4.2. These features 
are used to train and test 10 classifiers (AI-experts) able to discriminate 
perovskites from other materials in the MP database.

On average, the pure and mixed regressors exhibit different levels 
of predictive performance in testing, with the pure models showing 
reasonable accuracy (coefficient of determination 𝑅2

pure ≈ 0.65 and the 
mixed models achieving strong predictive capability 𝑅2

mixed ≈ 0.78, see 
Table  2). This improvement comes at a substantial computational cost. 
Training the mixed models is considerably more resource-intensive, re-
quiring approximately 10 min per epoch, compared to just 5 s per epoch 
for the pure models. This trade-off highlights the balance between 
accuracy and efficiency when scaling the training dataset. The metrics 
of the individual pure and mixed regressors are reported in Table S3 
and Table S4, respectively. The AI-experts are highly skilled (AUC ≈
0.98). The metrics of the individual classification models are reported 
in Table S5. For further details about pre-processing and featurization, 
ML models training, and the whole protocol, refer to Section 4.

As a result, we identify 4259 GNoME materials showing an average 
probability 𝑃 > 0.5 to fall within the materials space of the perovskites 
included in the MP database. Fig.  4 shows the potential perovskite 
candidates in the Energy-GNoME database, along with the classifier 
committee’s average probability and the average predictions of the 
individual 𝐸g values, obtained through either the pure or the mixed 
regressor models.
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Fig. 4. Hexagonal plot of perovskite candidates materials in the Energy-GNoME database. The hexagon colors represent material counts per region on a logarithmic 
scale, as indicated by the color bar. Density distributions, 𝜌, are shown on the plot’s top and right, calculated using Gaussian KDE for the average AI-expert 
probability, 𝑃 , and the predicted band gap, 𝐸𝑔 . For 𝐸𝑔 , results are displayed from regressors trained on (a) perovskite data alone and (b) an augmented dataset. 
The crystal structures above show three notable candidates among the top-ranked perovskite materials, as determined by 𝑅𝑃 (𝑦) (see Section 4.6.2). Atom colors 
follow the extended CPK [47] scheme by Jmol [48].  (For interpretation of the references to color in this figure legend, the reader is referred to the web version 
of this article.)
Among the most promising candidates according to the ‘‘pure mod-
els’’ predictions and the ranking function Eq. (5) (described in Sec-
tion 4.6.2), interesting materials are Sr3CaBi2O9, Ba3CaNbSbO9, and 
Ba3CePb2O9. In particular, the regressor committee predicts Sr3CaBi2O9
to exhibit an average 𝐸g = 0.57 eV, Ba3CaNbSbO9 to exhibit an average 
𝐸g = 2.49 eV, and Ba3CePb2O9 to exhibit an average 𝐸g = 0.65 eV. All 
three materials have an average classification probability (over the 10 
AI-experts) 𝑃 = 1.00.

On the other hand, among the most promising candidates according 
to the ‘‘mixed models’’ predictions and the ranking function Eq. (5), 
interesting materials are Sr4Y(BiO4)3, Ba2ScBiO6, and Rb2AuIBr6. The 
regressor committee predicts Sr4Y(BiO4)3 to exhibit an average 𝐸g =
1.05 eV, Ba2ScBiO6 to exhibit an average 𝐸g = 1.35 eV, and Rb2AuIBr6
to exhibit an average 𝐸g = 0.75 eV. All three materials have an average 
classification probability (over the 10 AI-experts) 𝑃 = 1.00.

It is worth noticing that a proper value of the band gap only 
represents a necessary condition for a material to be a potential candi-
date in PV applications. Additional screening based on other relevant 
properties (e.g. optical absorption), aiming at further narrowing the set 
of potential new materials, is beyond the scope of this work and can be 
pursued in the near future.

2.5. Cathodes (average voltage 𝛥𝑉𝑐)

The search for new cathode materials is a critical focus in the elec-
trochemical community as the demand for next-generation batteries 
continues to rise. Indeed, the widespread use of batteries in electronic 
devices, electric vehicles, and for energy storage during RES’s surplus 
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production is driving the demand for new battery technologies that 
are safer, more reliable, cost-effective, and sustainable, even moving 
beyond the conventional Lithium-ion Battery (LIB) technology [58–60].

In this Subsection, we present the results of our ML-based screen-
ing protocol applied to the GNoME database using the ‘‘Battery Ex-
plore’’ specialized database from Materials Project [25]. This special-
ized database — at the time of this study — consisted of 3985 batteries, 
each comprising a pair of charge and discharge cathode materials 
and intermediate stable phases used to compute the average voltage 
potential. The database includes intercalation-type cathode materials 
designed for nine different monovalent and multivalent working ions: 
Li, Na, Mg, K, Ca, Cs, Al, Rb, and Y.

This case study aims to identify possible new cathode material 
candidates for lithium and post-lithium batteries within the GNoME 
database. Critical parameters present in the MP database for batteries 
include the average voltage (𝛥𝑉𝑐), maximum relative volume difference 
(max (𝛥Vol)), stability of the charged state (𝛥𝐸charge), and stability of 
the discharged state (𝛥𝐸discharge). Following the protocol we are pre-
senting, we trained four regressors. Similar to the perovskite case, we 
can also access the crystal structure of the materials by querying the MP 
database, therefore also here we use E(3)NN, following the structure-
based pipeline of the dataflow (Fig.  1). However, instead of focusing on 
a single property, we repeated the training for all four target cathode 
properties, resulting in a total of 16 models. Furthermore, we tailored 
these 16 E(3)NN models for each of the nine working ions under 
consideration, culminating in a total of 144 trained models. For the 
AI-experts, we trained 10 classifiers for each working ion (totaling 90 
classifiers). We used MP materials containing the working ion element, 
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Table 3
The table reports the total number of materials per working ion (|

|

𝑀𝐸
|

|

) and a summary of regressor models testing performance 
(coefficient of determination 𝑅2 and root mean square error RMSE) for the committee of 4 E(3)NNs (ensemble). The models 
predict four key cathode properties: average cathode potential (𝛥𝑉𝑐), maximum relative volume difference (max (𝛥Vol)), stability 
of the charged state (𝛥𝐸charge), and stability of the discharged state (𝛥𝐸discharge).
 |

|

𝑀𝐸
|

|

𝛥𝑉𝑐 max(𝛥Vol) 𝛥𝐸charge 𝛥𝐸discharge
 𝑅2 RMSE 𝑅2 RMSE 𝑅2 RMSE 𝑅2 RMSE  
 (−) (V) (−)

(

m3∕m3) (−) (eV∕atom) (−) (eV∕atom) 
 Li 2440 0.733 0.563 0.442 0.030 0.315 0.041 0.263 0.034  
 Na 309 0.606 0.744 0.205 0.055 0.432 0.049 −0.112 0.034  
 Mg 423 0.619 0.876 0.335 0.040 0.491 0.069 0.669 0.091  
 K 107 −0.173 1.023 0.440 0.109 0.545 0.028 −0.115 0.092  
 Ca 435 0.695 0.654 0.550 0.043 0.477 0.076 0.276 0.072  
 Cs 33 0.594 0.865 −0.246 0.094 0.082 0.017 −0.199 0.033  
 Al 95 0.783 0.571 −0.186 0.059 0.335 0.158 0.596 0.076  
 Rb 50 −0.944 2.196 0.040 0.192 −0.079 0.065 −0.335 0.102  
 Y 93 0.365 0.757 0.488 0.096 0.493 0.122 0.600 0.092  
Table 4
The table reports the total number of candidate cathodes identified by 
AI-experts within GNoME per working ion (|

|

𝐺𝐸
|

|

) and a summary of classi-
fication testing performance (AUC of Receiver Operating Characteristic (ROC) 
and Precision of the classifiers) for the committee of 10 GBDT AI-experts
(ensemble).
 AUC Precision |

|

𝐺𝐸
|

|

 
 (−) (−)  
 Li 0.897 0.764 413  
 Na 0.890 0.811 779  
 Mg 0.946 0.864 888  
 K 0.844 0.706 1327 
 Ca 0.917 0.791 1128 
 Cs 0.458 0.400 4634 
 Al 0.887 0.857 6280 
 Rb 0.886 0.857 3559 
 Y 0.833 0.733 2235 

but not overlapping with the training database, as a less biased dataset. 
The two datasets, representing the two classes for the classification are 
then translated into the materials space using descriptors made of 694 
composition-based and structure-based features by means of Matminer. 
A detailed explanation of pre-processing and featurization of all ML 
models, training and testing settings, and the whole protocol layout is 
provided in Section 4.

Table  3 reports the total amount of data available in MP for training 
and the relative ensemble of E(3)NNs models performance for each 
cathode class evaluated in the testing set (20% of the specialized 
database 𝑀𝐸). The results for each one of the 16 models are reported 
in the supplementary Tables S6-S9. The performance of each regressor 
varies across working ions due to differences in dataset size and years 
of investigation for each cathode type. Li cathodes are the most preva-
lent in the MP database, with 2,440 crystal materials. For these, the 
committee of models shows that the average voltage is the property 
best predicted by the E(3)NN model, with 𝑅2 = 0.733. In contrast, 
the stability energies 𝛥𝐸charge and 𝛥𝐸discharge show lower performance, 
with 𝑅2 = 0.315 and 𝑅2 = 0.263, respectively. These results highlight 
that, despite E(3)NN’s proven ability to predict energy, forces [61], 
and phonon density of states [62], a large energy material database is 
crucial. Therefore, the predictions presented here should be interpreted 
with caution, as further expansion of the cathode material database is 
necessary to enhance model performance. The worst cases, which seem 
extremely hard to interpolate, are K, Cs, Al, Rb, and Y cathodes due to 
their small training set sizes (<150).

On the other hand, despite the small sample size, the classifiers 
demonstrate a higher skill in identifying materials belonging to the 
energy materials space than the more general MP database. Table  4 
reports the AUC and precision metrics on the testing set for each 
working ion specialized AI-expert ensemble. Most AI-expert ensembles 
achieve an AUC > 0.85, a clear sign of their robust discriminative 
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capability. However, the cathodes for K, Cs, and Y ion batteries present 
the most challenging sets of materials for the AI-experts to classify. 
Detailed metric scores for all 90 classifiers on the test and training sets 
are reported in Table S10 in the supplementary information.

As a result of the screening process, we identify 21,243 GNoME 
materials with an average probability 𝑃 > 0.5 belonging to the cathode 
materials space. Table  4 shows the number of materials, |

|

𝐺𝐸
|

|

, for each 
specific monovalent and multivalent ion battery. An interesting result is 
the inverse proportionality between the number of screened materials 
and the training set size. This may indicate that when the protocol is 
applied to deeply investigate cathode materials, the AI-experts are more 
skilled in finding biases in the database, narrowing the boundaries of 
the cathode materials space. Consequently, the false positive rate when 
working with small training sets is likely higher compared to cathodes 
for Li, Na, and Mg ion batteries. Another possible interpretation is that, 
in relatively large datasets indicating deep historical investigation, the 
remaining unexplored materials are fewer than in the case of new post-
lithium cathodes, which explains the numerous candidates found for 
these classes.

Regarding the protocol’s performance for this case study, we must 
consider the empirical evidence showing that the accuracy of ML mod-
els increases with the size and variety of the training set, independent 
of the model architecture’s complexity [63]. Therefore, the materials 
science community can numerically or experimentally validate the 
possible candidates identified by the AI-experts and enrich the starting 
specialized materials database. As depicted in the protocol Fig.  1, these 
initial results represent just the starting point. The next round of ‘‘active 
learning’’ will likely enhance the accuracy and precision of both the 
regressor and classifier models.

In Fig.  5, we report all the new potential cathodes for the nine 
working ions. In addition to the four properties predicted by the E(3)NN 
committee, we compute additional properties for the pure cathode 
material that can aid in decision-making for further investigation. 
Namely, we compute the gravimetric and volumetric capacities and 
energies based on the E(3)NN predictions, the primitive unit cell, and 
the number of active elements within the cell. It is important to note 
that here, the terms gravimetric and volumetric capacities refer to 
the mass and volume of the cathode material alone, so as not to be 
confused with the volumetric and gravimetric properties of the entire 
battery system (which includes the cathode, anode, electrolyte, etc.). 
We compute the gravimetric capacity using the following equation: 

𝑞g =
𝐹
3.6

⋅

∑

𝑖=𝑋 𝑞𝑖
∑

𝑖 𝑚𝑖
, (1)

where 𝑞g is the gravimetric capacity in mAhg−1, 𝐹  is the Faraday 
constant in Cmol−1, 𝑚𝑖 is the molar mass of each atom inside the 
material unit cell in gmol−1, and 𝑞𝑖 is the charge carried by the working 
ion element inside the crystal unit, estimated using the most probable 
oxidation state of the atom using the bond valence sum method as 
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Fig. 5. Candidates for battery cathode materials with various charge carriers. Li (a), Na (b), Mg (c), K (d), Ca (e), Cs (f), Al (g), Rb (h), and Y (i). Each candidate 
is represented as a point in the scatter plot, showing theoretical gravimetric capacity (mAhg−1, logarithmic scale) versus predicted average voltage difference (V) 
relative to pure element oxidation potential (X∕Xn+ with X being the working ion). Gray dashed hyperbolas indicate the predicted gravimetric energy (Whkg−1), 
noted on the upper axis. Dot size represents predicted maximum volume expansion, and the dots are color-coded to represent the predicted volumetric energy 
(WhL−1). Due to dataset limitations, model performance varies (see Section 2.5). The top right corner legends indicate prediction reliability: a green checkmark 
( 3⃝) for models with 𝑅2 and AUC above 0.5, showing higher accuracy, and a yellow warning ( !⃝) for models below this threshold.  (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.)
detailed in Methods Section 4.6.3. The factor 3.6 in Eq. (1) serves as 
a unit conversion constant, transforming As g−1 to mAhg−1. Similarly, 
we compute the volumetric capacity as follows: 

𝑞v =
𝐹

3.6 × 10−3
⋅

∑

𝑖=𝑋 𝑞𝑖
|𝐚 ⋅ (𝐛 × 𝐜)|

, (2)

where 𝑞v is the volumetric capacity in mAhL−1, 𝐹  is the Faraday 
constant in Cmol−1, 𝐚, 𝐛, and 𝐜 are the crystallographic axis vectors 
with norms measured in m, and 𝑞𝑖 is the charge carried by the working 
ion element inside the crystal unit as in Eq. (1). The factor 3.6 × 10−3

in Eq. (2) serves as a unit conversion constant, converting As∕m3

to mAhL−1. The relative gravimetric and volumetric energy is then 
computed using the predicted average voltage 𝛥𝑉c: 

𝐸g = 𝛥𝑉c ⋅ 𝑞g, 𝐸v =
𝛥𝑉c ⋅ 𝑞v
1000

, (3)

where 𝐸g is the gravimetric energy in Whkg−1, 𝑞g is the gravimetric 
capacity computed as in Eq. (1), 𝐸v is the volumetric energy in WhL−1, 
and 𝑞  is the volumetric capacity computed as in Eq. (2). The division 
v
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𝐸v by 1000 converts the units from mWhL−1 to WhL−1 since the 
volumetric capacity 𝑞v is measured in mAhL−1.

Moving our analysis to Li and Na ion batteries, we report in Fig.  6 
the distribution of all the Li and Na potential cathodes with respect 
to the classifier committee’s average probability 𝑃  and the average 
predicted voltage 𝛥𝑉c. Among the candidates found using the rank-
ing function Eq. (6), we identify Li12ZnCoO8, LiFePO4 and Li5CoF8. 
Li12ZnCoO8 has a predicted voltage of 1.99V and shows an extremely 
high gravimetric capacity of 958mAh g−1, which exceeds the highest 
capacity commercially available cathode LiMnO2 (285mAh g−1) and is 
below the under-investigation Li2S cathode [38] with the theoretical 
gravimetric capacity of 1675mAh g−1. It shows a layered structure 
common to other cobalt oxide cathodes like LiCoO2. The model also 
identifies Li5CoF8 as a possible LIB cathode. According to the E(3)NN 
models, the average voltage is 4.89V, resulting in a theoretical specific 
energy extremely high at 2670Wh kg−1. However, from the crystal 
structure, the positions of the lithium ions do not show a fully layered 
structure, and the high voltage makes it impractical since it exceeds the 
electrochemical window of common electrolyte compositions (∼4.5V
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Fig. 6. Hexagonal plot of cathode candidate materials in the Energy-GNoME database for (a) Li-ion and (b) Na-ion batteries. The hexagon colors represent 
material counts per region, as indicated by the color bar. Density distributions, 𝜌, are shown on the plot’s top and right, calculated using Gaussian KDE for the 
average AI-expert probability, 𝑃 , and the average reduction potential, 𝛥𝑉 . Three high-ranking screened cathode materials are shown as primitive crystal units 
above, identified using 𝑅𝐵(𝑦) (see Section 4.6.3). Atom colors follow the extended CPK [47] scheme by Jmol [48].  (For interpretation of the references to color 
in this figure legend, the reader is referred to the web version of this article.)
upper limit for Fluoroethylene-carbonate (FEC) and LiPF6 electrolyte 
for high-voltage cathodes [64]). This incomplete compliance with the 
requirements for a good LIB cathode is also predicted by the AI-experts’ 
average probability 𝑃 = 0.75 (i.e., there is a 25% chance that this 
is not a suitable cathode). A peculiar result is the identification and 
presence of LiFePO4 in GNoME, which is already present in the MP 
database and has been experimentally investigated, explaining the high 
AI-experts’ average probability of 𝑃 = 0.96. Upon examining the data 
in the crystal files of GNoME and the MP database, the only difference 
between the two is a Euclidean rotation, which explains the good 
E(3)NN prediction of the expected voltage 3.52V (3.79V for the cathode 
in the MP database).

For the Na cathode candidates, using the same ranking function, we 
identify Na10MnFe3P4(CO7)4, Na3Cr(PO4)2, and Na3V(PO4)2. Na10MnFe3
P4(CO7)4 has a predicted voltage of 3.70V and shows good gravimetric 
capacity of 250mAh g−1 and energy density of 924Wh kg−1. It shows a 
typical olivine structure with Na aligned in channels. Many Na-ion bat-
tery cathode materials show similar transition metal and polyanionic 
frameworks, such as manganese and iron combined with phosphate, 
like the Na super ionic conductor (NASICON) type Na4Fe3(PO4)2(P2O7)
cathode [65]. This explains the high probability that the AI-experts 
associate with it (𝑃 = 0.97). However, the presence of the carbon-
oxygen groups CO7 is quite exotic, and to our knowledge, has never 
been observed in Na cathodes. The other two top-ranked materials, 
Na3V(PO4)2 and Na3Cr(PO4)2, are extremely similar, where the V in 
the first is substituted with Cr, which is next in the periodic table. In-
deed, they show very close gravimetric capacities of 259.5mAh g−1 and 
258.6mAh g−1, respectively. The E(3)NN committee predicted different 
average voltages: 2.96V for Na V(PO )  and 3.61V for Na Cr(PO ) . 
3 4 2 3 4 2
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The Na3V(PO4)2 is also similar to an already under-investigation cath-
ode, the NASICON-type polyanion sodium vanadium phosphate (NVP) 
Na3V2(PO4)3 [66], which explains the very high probability over the 10 
classifiers (𝑃 = 0.98).

3. Discussion

The AI protocol presented in this work demonstrates a computation-
ally highly efficient approach for screening vast unexplored material 
databases such as GNoME to identify promising candidates for energy 
applications.

As it has been recently demonstrated in Ref. [44], specialized 
datasets can be affected by detrimental biases due to human inves-
tigation history: here we apply this idea to known energy-related 
materials, such as thermoelectric materials, perovskites, and electro-
chemical battery cathodes. In fact, it is reasonable to assume that the 
materials published in the literature and later included in specialized 
databases were not randomly selected and tested (either numerically 
or experimentally) over time, but rather carefully chosen based on 
prior knowledge so as to increase the likelihood that such materials 
would exhibit high performance. As a consequence, this accurate selec-
tion of materials leads to an uneven and non-uniform representation 
of the materials space within a given database, ultimately resulting 
in an anthropogenic bias [67]. These biases are invisible in a low-
dimensional space like the measurable property space of materials, but 
we show that they can be identified and exploited by training skilled AI-
expert classifiers. Such classifiers operate in high-dimensional feature 
spaces for screening. Indeed, by leveraging complex feature interactions 
rather than simple acceptance criteria applied to individual features, 
our method provides a more comprehensive screening process. This is 
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particularly evident when compared to previous approaches, such as 
the one used by Cerqueira et al. [34] for superconductors.

In this work, we trained a committee of 10 classifiers, named AI-
experts, that learn the biases of the training set and replace human 
experience in selecting possible energy material candidates. Addition-
ally, we trained a committee of 4 decision trees or equivariant neural 
networks, depending on the database quality, to predict relevant prop-
erties for energy materials. These properties include figure of merit for 
thermoelectric materials, band gap for perovskites, and average voltage 
for cathode materials in batteries.

The first key advantage is that, given the poor extrapolation capabil-
ity of ML tools, the property predictions are expected to be more robust 
and reliable within the feature space shared with the training data.

Another important advantage of this method is its efficiency in 
narrowing down the candidate pool size. This targeted approach allows 
for a more efficient exploration of the energy materials space, which 
can potentially save a significant amount of time and resources during 
experimental and numerical validation.

However, a limitation remains in the inability to explicitly measure 
the false-positive rate for the identified materials, as no direct method 
for a priori quantification has been integrated into the current protocol. 
While this limitation does not diminish the overall effectiveness of the 
protocol, it highlights an area for potential improvement. For instance, 
one way to tackle this issue could be having an additional screen-
ing step with a specialized AI-expert (classifier) employed to screen 
over other essential properties of materials like ‘‘synthesizability’’ and 
‘‘(eco)toxicity’’ of novel materials. At present, these properties are only 
implicitly embedded in the AI-expert score rather than being explicitly 
quantified. 

We see this work as the first step of a continuous community 
effort. Further improvements and developments are expected in the 
future with the very likely discovery of new stable materials and 
knowledge advancement on the properties of known materials. Along 
this direction, a natural next step for improvement lies in expanding the 
training dataset. While in the current work the accuracy of each trained 
model is not the main focus, we do expect that, as more materials 
become experimentally validated and incorporated into the training 
set, the accuracy and precision of both the classifiers and regressors 
will improve. This planned refinement will enhance the feature space, 
leading to more accurate and narrowly focused predictions. Thus, this 
protocol calls for cooperative ‘‘active learning’’ by the community, 
which will accelerate the discovery of new and high-performing energy 
materials.

Finally, it is worth noting that — for the sake of simplicity and 
without a loss of generality of the described methods — in the current 
work we have predominantly focused on physical and chemical figures 
of merits. In future developments, we aim to expand the screening pro-
cess to incorporate additional factors, such as the expected (eco)toxicity 
and sustainability. The latter could potentially be achieved through an 
additional classification step leveraging existing databases [68].

4. Methods

This Section details our heuristics-driven protocol for evaluating 
potential new materials for energy applications.

Our approach is motivated by recent advancements in materials 
discovery research while addressing critical limitations in applying ML 
in property prediction for materials.

The first advancement is increasing reliance on ML techniques to 
accelerate materials discovery and optimization processes, which has 
led to the publication of several specialized databases for various 
classes of materials for energy applications [18,25–29,69–71], such as 
the three used in this study. The second advancement stems from the 
publication of an active learning method by Merchant et al. [43] that 
facilitated the discovery of over 380,000 new stable crystal structures, 
culminating in the GNoME database.
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Despite these advancements offering opportunities to identify new 
energy materials within the GNoME database, we face two significant 
challenges related to the limitations of current ML models in materials 
property prediction.

The first limitation involves the reliability of ML models when 
predicting properties in high-dimensional feature spaces. Many mod-
els encode the material’s properties in these high-dimensional spaces, 
relying on regressors with thousands or even millions of degrees of 
freedom. Consequently, these models often act as a ‘‘black box’’, creat-
ing interpretability challenges and significant uncertainty when applied 
beyond their training domains. This issue, where ML models struggle 
to extrapolate, has been documented by Shimakawa et al. [72]. They 
empirically showed that ML tools perform well when interpolating 
within the boundaries of the training set but perform poorly when 
extrapolating beyond them. The second limitation is the inherent bias 
present in these databases used for training [44]. The source of these bi-
ases may be internal due to the material classes’ nature or external due 
to human-driven selection processes. Indeed, most materials in these 
databases were discovered through selection processes guided by hu-
man knowledge and intuition, introducing biases into the datasets [44,
73]. To address and mitigate these issues, under our assumptions, we 
propose applying regressors only to subsets of data points that share 
similar biases with the training set so that the model works inside the 
interpolated region [44].

To illustrate this hypothesis, we present the conceptual frame-
work in Fig.  7, where we assume that the GNoME dataset (𝐺), the 
Materials Project database (𝑀), and a specific subset for energy ap-
plications (𝑀𝐸) are being used. Typically, these datasets differ by 
orders of magnitude in size, with GNoME containing approximately 
380,000 materials, MP containing around 34,000 stable materials, and 
energy-specific subsets usually comprising thousands of data points. 
The energy-specific subset 𝑀𝐸 = 𝑀 ∩ 𝐸 represents the intersec-
tion of known materials from the MP dataset and a hypothetical set 
of all possible materials suited for a given energy application, ex-
pressed as 𝐸. This hypothetical set 𝐸 is defined not only by the 
application-specific requirements but also by historical biases inherent 
in the materials discovery process, including factors such as synthesis 
feasibility, experimental limitations, and researchers’ prior knowledge.

Our primary hypothesis is that the energy-relevant region in the 
materials space overlaps with the GNoME dataset, indicated as 𝐺𝐸 =
𝐺∩𝐸. If we can accurately estimate the boundary of this subset (𝜕𝐸), we 
can effectively screen materials in GNoME that have high potential for 
use in energy applications. This boundary estimation is crucial because 
it will make the regressor predictions more reliable and allow us to 
focus our computational resources on the most promising candidates 
within the vast GNoME dataset. Here, to implement this approach, we 
propose training a committee of classifiers — ‘‘AI-experts’’ — assigned 
with the task of distinguishing materials in the energy-specific subset 
(𝑀𝐸) from the remaining part of the broader MP dataset (𝑀 ⧵𝐸 = 𝑀 ⧵
𝑀𝐸). These classifiers aim to simulate the decision-making processes 
of human experts in the field, incorporating the knowledge-derived 
biases we hypothesize exist in the energy-related subset. Crucially, the 
distinction between these three main sets (𝐺, 𝑀 , and 𝐸) is challeng-
ing in low-dimensional spaces that can only be represented by few 
theoretical or experimentally measured properties of the crystal, as 
illustrated in Fig.  7a. Our second hypothesis is that the separation 
between these sets becomes more evident in high-dimensional feature 
spaces, where materials are represented by a more comprehensive 
set of descriptors, as shown in the ideal case displayed in Fig.  7b. 
These higher-dimensional spaces are more suitable for ML tasks, as 
they can potentially reveal patterns and relationships not evident in 
lower-dimensional representations [51,74].

Building on the overview of the entire protocol provided in Sec-
tion 2.1, the following Sections will detail our methodology, including 
the technical explanation of the pre-processing and dataset featuriza-
tion steps, the screening process, and the architecture and training of 
the regressor.
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Fig. 7. Conceptual illustration of the method. In low-dimensional space (a), 
materials are plotted with experimental or chemical properties, creating scat-
tered, often unclassifiable points. Here, we illustrate the hypothetical case 
with data from the MP (red triangles), energy-related MP data for battery 
or perovskite studies (orange circles), and GNoME data (green squares). In 
high-dimensional feature space (b), generated from chemical and structural 
descriptors, distinct n-dimensional regions emerge for MP (𝑀) and GNoME (𝐺) 
data. We hypothesize the existence of an orange region 𝐸, where all energy-
related materials (e.g., cathodes, perovskites) reside. The AI-experts use the 
intersection 𝑀∩𝐸 and the remaining MP data, 𝑀⧵𝐸, to define the boundary of 
𝐸. This enables the identification of 𝐺∩𝐸, the crystals in GNoME with similar 
properties to 𝑀 ∩ 𝐸, where regression is more reliable than when applied to 
the whole 𝐺 set.

4.1. Data pre-processing

The data pre-processing employed in this work consists of building 
and cleaning the specialized energy material database.

Various sources were used for the three test cases: Materials Project 
and published literature databases, depending on the specific energy 
material class under investigation. All materials available in the MP 
database were fetched using its API (application programming inter-
face) [75] through the python library mp-api to efficiently retrieve 
relevant information. In other cases, we obtain the database from 
published literature additional material or associated repositories.

All the specialized ‘‘energy’’ material databases were then cleaned 
to enhance data quality. This process encompassed handling missing 
values, standardizing units, and unifying file formats. Due to the diverse 
nature of the training databases used in this study, data cleaning pro-
cedures were specifically tailored to each dataset. Detailed descriptions 
of these case-specific procedures can be found in Section 4.6.

4.2. Materials featurization

Depending on the model used for property prediction, we have two 
possible ways to translate materials into machine-readable data. When 
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the data flows through the structure pipeline, for regression tasks we per-
form a Structural Encoding (SE) process proposed by Chen et al. [62], 
which involves creating a periodic graph representation of the atomic 
structure of the crystal, with chemical information embedded in the 
graph using one-hot encoding. The graph representation consists of 𝑁𝑛
nodes 𝐴𝑖, each representing an atom in the crystal unit, and 𝑁𝑒 edges 𝑒𝑖𝑗
storing the interatomic distances 𝑟𝑖𝑗 between neighboring atoms within 
a cutoff radius 𝑟cut set to 5Å. Periodic Boundary Conditions (PBC) are 
applied to identify neighboring atoms, resulting in a periodic graph. 
Chemical information is then encoded at each node using one-hot repre-
sentation of the atomic element and mass. This results in a node feature 
vector 𝐱𝑖 =

{

𝑥𝑗
}

∈ R118, with the 𝑗th element defined as 𝑥𝑗 = 𝑚𝑖 ⋅𝛿𝑖𝑗=𝑍𝑖
, 

where 𝛿𝑖𝑗 is the Kronecker delta, 𝑚𝑖 is the atomic mass of atom 𝐴𝑖, and 
𝑍𝑖 is the atomic number of 𝐴𝑖. For example, if the node 𝐴𝑖 represents 
a Li atom, the corresponding vector would be 𝐱𝑖 = {0, 0, 6.94, 0,… , 0}⊤. 
For classification tasks, we featurize each material with a descriptor 
vector 𝐱𝑖 ∈ R694, encompassing both composition- and structure-based 
features. Such composition-based descriptors include stoichiometric 
distribution moments, fractional presence of each element within the 
compound, average number of electrons in each orbital, features related 
to possible oxidation states, and elemental properties obtained from the 
Materials-Agnostic Platform for Informatics and Exploration (Magpie) 
database [51]. Conversely, the structure-based ones come from the 
Jarvis-ML descriptors [76], considering cell and chemical composition.

The database fed to the composition pipeline is featurized based on 
the chemical composition of the materials using the matminer Python 
library [50]. In this case, we rely for both regression and classifica-
tion tasks only on 145 (146 considering the temperature) chemical 
composition-based features, including stoichiometric features, elemen-
tal property statistics, and electronic structure characteristics. Further 
details on both featurization processes can be found in Section 4.6.1

4.3. Regressors training

From the periodic graph representation of the crystal, we utilize 
a tailored version of the E(3)NN model originally proposed by Chen 
et al. [62] for predicting the phonon density of states (pDOS) across 
various crystal structures. This model initially applies a linear trans-
formation to reduce the 118 node features to 64 embedded chemical 
features. The data then passes through two layers of graph ‘‘convolu-
tions and gating’’ equivariant operations. The convolution kernel used 
is a product of learnable radial functions and spherical harmonics of 
the form:
𝐾 (𝑙)

𝑚 (𝐫𝑖𝑗 ) = 𝑅(𝑟𝑖𝑗 )𝑌 (𝑙)
𝑚 (𝐫̂𝑖𝑗 )

where 𝐫𝑖𝑗 is the distance vector between 𝑖th and 𝑗th atoms, 𝑟𝑖𝑗 and ̂𝐫𝑖𝑗 =
𝐫𝑖𝑗∕𝑟𝑖𝑗 its associated norm and direction vector. Therefore, a crucial 
set of hyperparameters includes the maximum order of the spherical 
harmonics, which was set to 𝑙max = 3, and the radial function defined 
as a fully connected neural network (FNN):

𝑅(𝑟𝑖𝑗 ) =
∑

ℎ
𝑊𝑘ℎ𝜎

(

∑

𝑞
𝑊ℎ𝑞𝐵𝑞

(

𝑟𝑖𝑗
)

)

,

where 𝑊  is the weight matrix of the input and hidden layer, 𝐵𝑞
are the radial basis functions, and 𝜎 is the activation function. We 
use 10 equally distanced (from 0Å to 𝑟cut = 5Å) Gaussian radial 
basis functions, 100 neurons for the hidden layer, and the Sigmoid 
Linear Unit (SiLU) as the activation function (𝜎(𝑥) = 𝑥 (1 + 𝑒−𝑥)−1). 
The data then passes through a final single graph convolution layer 
before summing all the resulting embedded features tensors from all 
atoms into a single one (sum-pooling). Then, the output passes through 
a Rectified Linear Unit (ReLU) activation layer, and the average of the 
ReLU outputs (mean-pooling) is the final scalar quantity. For additional 
details on the mathematics of the GNN, we invite the reader to refer to 
the original work by Chen et al. [62], the e3nn Python library articles 
and documentation [77,78], and related publications [61,79–81]. The 
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model is then trained using the AdamW optimizer [82], with an ex-
ponentially decaying learning rate and 𝐿1-norm (Mean Absolute Error 
(MAE)) as loss function. The training behavior primarily depends on the 
initial learning rate 𝜂0, the weight decay 𝜆 for the optimizer, and the 
exponential base of the learning rate decay 𝛽 (𝜂𝑖 = 𝜂0𝛽𝑖 for 𝑖th epoch). 
Specifically, for the cathode materials, we found optimal 𝜂0 = 1× 10−3, 
𝜆 = 0.1, and 𝛽 = 0.99; for the perovskites, we used instead 𝜂0 = 0.005, 
𝜆 = 0.05, and 𝛽 = 0.99. It has been observed that, during training, 
the number of epochs required to reach the minimum of the loss 
function varies depending on the material class. For cathode materials, 
100 epochs are sufficient for convergence. However, for both pure 
and mixed perovskite models, 500 epochs are necessary. This reflects 
the increased complexity of learning band gap predictions, whether 
specifically for perovskites or across a broader range of materials in 
the mixed models. We then select the model with the minimum loss on 
the test set.

For the composition-based regression models, we adopt the GBDT 
method [83]. Specifically, we set up a pipeline by means of the Gra-
dientBoostingRegressor object based on the python ML-library
scikit-learn [84]. In particular, before the actual training, we per-
form reduction of data dimensionality by adopting Recursive Feature 
Elimination (RFE) [85]. The key hyperparameters of the resulting ML 
models are the number of boosting stages to perform (𝑁b) and the 
number of selected features to use after the RFE step (𝑁f ). For each 
AI-expert training, we perform a k-fold (with 𝑘 = 4 number of split 
datasets) cross-validated grid search on the hyperparameter space:
(𝑁b, 𝑁f ) ∈ {50, 100, 250, 500}

×

{

|

|
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|

|
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}

.

Regardless of the material representation, we train a committee 
of 4 regressors. This approach provides robust predictions of various 
material properties and offers the additional benefit of measuring the 
average deviation among the 4 models’ predictions. This average devi-
ation is not a direct measure of the uncertainty: in the absence of other
a priori knowledge about the properties, it serves as an indicator of the 
reliability of the predictions.

4.4. AI-experts training

We hypothesize that the specialized ‘‘energy’’ material set 𝑀𝐸 is 
affected by biases due to the specific criteria used to select these ma-
terials, which in turn stem from the experts’ knowledge. By leveraging 
these biases, we can train ML classifiers — referred to as AI-experts 
— to operate in the high-dimensional space of composition-based de-
scriptors, effectively distinguishing materials belonging to 𝑀𝐸 from a 
randomly constructed set 𝑀𝑁𝐸 ⊂ 𝑀 ⧵𝑀𝐸 . To achieve this, we define 
two classes for our binary classification task:

• Class 1: Materials within the specialized set 𝑀𝐸 .
• Class 0: A randomly selected set of materials 𝑀𝑁𝐸 from the Mate-
rials Project database that do not overlap with 𝑀𝐸 (i.e., 𝑀𝑁𝐸 ⊂
𝑀 ⧵ 𝑀𝐸), removing possible polymorph crystals, and ensuring 
that the two classes have the same cardinality |

|

𝑀𝐸
|

|

= |

|

𝑀𝑁𝐸
|

|

to maintain balance between the classes.

Our AI-experts consist of a committee of 10 binary classifiers. For 
this work, we found GBDTs [83] efficient and sufficiently accurate. 
Using the python ML library scikit-learn [84] pipeline con-
struction, we pre-processed the data before feeding it to the GBDT
(GradientBoostingClassifier object in scikit-learn). In-
deed, before feeding the data into the GBDT classifiers, we standardized 
the input features to ensure zero average and unit variance for all 
features. Then, the data dimension is reduced by performing RFE [85], 
to constrain that the dimension of the composition-based descriptor is 
an order of magnitude lower than the cardinality of the specialized 
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material set 𝑀𝐸 . The key hyperparameters of the resulting ML models 
are the number of boosting stages to perform (𝑁b) and the number 
of selected features to use after the RFE step (𝑁f ). For each AI-expert 
training, we performed a k-fold (with 𝑘 = 4 number of split datasets) 
cross-validated grid search on the hyperparameter space:
(𝑁b, 𝑁f ) ∈ {50, 100, 250, 500}

×

{
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.

From the resulting skilled AI-experts, for each material we obtain 
a value between 0 and 1, which can be interpreted as a probability 
𝑃𝑖 that the input material 𝑥 falls inside the region of the investigated 
energy material set 𝑀𝐸 (class 1). Under our hypothesis, this also 
represents the probability of the input material 𝑥 being inside the 
energy material region 𝐸. This can also be interpreted as the AI-experts 
approximating the boundary 𝜕𝐸 with a smooth transition, represented 
by the classifier’s output.

4.5. Screening

The specialized AI-experts can then be used to screen the GNoME 
materials 𝑦 ∈ 𝐺. After the composition featurization described earlier 
and classification processing, we can impose the acceptance criteria:

𝑃 (𝑦 ∈ 𝑀𝐸 ) = 1
𝑁

𝑁
∑

𝑖=1
𝑃𝑖(𝑦 ∈ 𝑀𝐸 )

≈ 𝑃 (𝑦 ∈ 𝐸) > 0.5,

where 𝑁 = 10 is the number of AI-experts, and 𝑃𝑖 is the prediction 
of the single AI-expert interpreted as the probability of the GNoME 
material 𝑦 belonging to ‘‘class 1’’, which by construction is equivalent to 
the probability 𝑃𝑖(𝑦 ∈ 𝑀𝐸 ) ≈ 𝑃𝑖(𝑦 ∈ 𝐸). This ensemble approach allows 
us to effectively utilize the biases present in 𝑀𝐸 to identify potential 
candidate materials within 𝐺 that share similar characteristics, which 
should attenuate the extrapolation problem of the regression models 
and the benefits of reducing the pool size of materials to investigate as 
potential new materials.

4.6. Case-specific pre- and post-processing

4.6.1. Thermoelectric materials
For the thermoelectric materials investigation, within the ESTM 

database, after normalizing the stoichiometry of the formulae, some of 
the materials appeared multiple times with the same 𝑇  value, along 
with different measured 𝑧𝑇  values. In such cases we retained the 
average 𝑧𝑇  value only for those instances showing a RSD over such 
𝑧𝑇  values less than 20%. This brought the number of materials from 
the original 870 to 869 (Ag100Bi63Nb7Sb30Se200 is the only material 
reported with two highly different 𝑧𝑇  values for each of the tempera-
tures it is listed with, namely 323K, 423K, 523K, 623K, 723K, 823K), 
along with a reduction of the 𝑇 -based replicas from 5101 to 5061.

Also, the materials for ‘‘class 0’’ were randomly selected within 
MP, with the only constraint that these compositions were not already 
present in the ESTM database.

As already mentioned above, such compounds are featurized with 
145 composition-based features encompassing stoichiometric attributes 
(based on the ratios of elements), elemental property statistics (in-
cluding the mean, absolute deviation, minimum, and maximum of 22 
atomic properties such as atomic number and atomic radii), electronic 
structure attributes (which represent the average fraction of electrons 
in the 𝑠, 𝑝, 𝑑, and 𝑓 valence shells for all elements in the compound), 
and ionic compound attributes (indicating the possibility of forming 
an ionic compound, assuming all elements exist in a single oxidation 
state), adding the temperature 𝑇  which plays as the 146th feature.

After applying the AI-based expert screening and using the re-
gression models for predicting the figure of merit 𝑧𝑇 , we identified 
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a subset of materials (approximately 4.9% of the screened database) 
for which the regressor predicted negative 𝑧𝑇  values at lower tem-
peratures, which is unphysical. We therefore excluded these materials 
from further analysis. This behavior occurs because our training dataset 
contains measurements only at temperatures at which the ESTM mate-
rials exhibit thermoelectric properties, while explicitly excluding data 
points for the same materials at temperatures where 𝑧𝑇 = 0, i.e., when 
they lack thermoelectric properties. Consequently, the regressor models 
were never exposed to such scenarios during training, leading, in some 
cases, to purely extrapolative predictions and unphysical (negative) 𝑧𝑇
values.

For plotting and ranking, we used the following function: 
𝑅𝑇 (𝑥) = 𝑤1 ⋅ 𝑛 (𝑃 (𝑥))

+ 𝑤2 ⋅ 𝑛 (𝑧𝑇 (𝑥))

+ 𝑤3 ⋅ 𝑛 (𝜎 (𝑧𝑇 (𝑥)) ) ,

(4)

where:

𝑛(𝑥) is the min–max normalization function 𝑛(𝑥) = 𝑥−min(𝑥)
max(𝑥)−min(𝑥) ;

𝑃 (𝑥) is the average probability from the AI-experts;
𝑧𝑇 (𝑥) is the ‘‘figure of merit’’ predicted by the regressors;
𝜎 (𝑧𝑇 (𝑥)) is the standard deviation of the predicted ‘‘figure of merit’’;
[

𝑤1, 𝑤2, 𝑤3
] are arbitrarily chosen weights, respectively equal to [2, 3, 

−1].

Note that using negative weights, 𝑤𝑖, penalizes that specific candidate 
property — in this case study, the deviation of the regressor committee 
prediction, 𝜎 (𝑧𝑇 (𝑥)).

4.6.2. Perovskite
For the perovskite materials investigation, the specialized materials 

in MP were selected with the constraint of being suitable for PV 
applications. First, the material must not be a metal, as the valence 
and conduction bands must not overlap. Additionally, the material must 
not possess magnetic properties: these would enhance the probability 
of self-trapping of charge carriers, thus resulting in reduced carrier 
mobility and increased recombination rates [86,87]. Finally, the ma-
terial must display a band gap in the range 1 × 10−3 eV < 𝐸g ≤
2.5 eV [55–57]. For the mixed models in regression, the non-perovskite 
materials were selected without applying a constraint on the magnetic 
properties or on the band gap range, except for ensuring that they 
were non-metallic. For the training of the AI-experts, the materials for 
‘‘class 0’’ were randomly selected without any constraints. The adoption 
of the same constraints would have had a negative impact on the 
classification capabilities of the models, as having only non-metallic 
and non-magnetic materials would have resulted in a partial loss of 
the knowledge leveraged by the AI-experts. At the other end of the 
spectrum, including only metallic and magnetic materials in ‘‘class 0’’ 
would have introduced an undesired bias that materials not displaying 
these properties have higher probabilities of being considered possible 
candidates.

For plotting and ranking, we used the following function: 
𝑅𝑃 (𝑥) = 𝑤1 ⋅ 𝑛 (𝑃 (𝑥))

+ 𝑤2 ⋅ 𝑛 (𝜎 (𝑃 (𝑥)))

+ 𝑤3 ⋅ 𝑛
(

𝜎
(

𝐸g(𝑥)
) )

+ 𝑤4 ⋅ 𝑛
(

|

|

|

𝐸g(𝑥) − 1.34||
|

)

,

(5)

where:

𝑛(𝑥) is the min–max normalization function 𝑛(𝑥) = 𝑥−min(𝑥)
max(𝑥)−min(𝑥) ;

𝑃 (𝑥) is the average probability from the AI-experts;
𝜎 (𝑃 (𝑥)) is the standard deviation of the AI-experts prediction;
𝜎
(

𝐸 (𝑥)
) is the standard deviation of the predicted band gap;
g

14 
|

|

|

𝐸g(𝑥) − 1.34||
|

 is the distance of the predicted band gap from the ideal 
1.34 eV value [88,89];
[

𝑤1, 𝑤2, 𝑤3, 𝑤4
] are arbitrarily chosen weights, respectively equal to [4, 

−2, −2, −1].

Note that using negative weights, 𝑤𝑖, penalizes that specific candidate 
property — in this case study, the deviation of the regressor committee 
prediction, 𝜎 (𝑧𝑇 (𝑥)), and AI-experts 𝜎 (𝑃 (𝑥)) and the distance for ideal 
1.34 eV band gap.

4.6.3. Cathodes
For the cathode materials database, a crucial preprocessing step 

was outlier detection to eliminate possible data anomalies. Given the 
small training sets available for some working ions, noise produced by 
irregularities could strongly degrade ML model performance. We em-
ployed the Interquartile Range (IQR) method [90]. For each property of 
interest for our material class, we calculated the first quartile (𝑄1) and 
third quartile (𝑄3), and determined the IQR as IQR = 𝑄3−𝑄1. Thus the 
data points that fell outside the range [𝑄1 − 𝑘 ⋅ IQR, 𝑄3 + 𝑘 ⋅ IQR

] were 
removed since they were considered a possible outlier. The scale value 
𝑘 for the IQR is usually set at 1.5. Since an actual high-performance 
material can be mistaken as an outlier, we set 𝑘 conservatively to 3.0 
to retain a broader range of data.

For the cathode materials investigation, the materials for ‘‘class 0’’ 
were randomly selected with the constraint that the working-ion (Li, 
Na, Mg, K, Ca, Cs, Al, Rb, Y) is present in the composition. This con-
straint was implemented to prevent the classifier from developing a bias 
that materials containing the specific working-ion are automatically 
considered as possible candidates, which could potentially overestimate 
their number. This condition was also applied after the AI-experts’ 
classification process.

To determine the oxidation state for each working ion within the 
unit crystal cell of the candidate cathodes, we employ the Python 
library pymatgen [91], specifically its oxi_state_guesses func-
tion. The algorithm first computes the bond valence sum 𝑉𝑖 of all sym-
metrically distinct 𝑖th sites using the method and parameters defined 
by O’Keefe and Brese [92] with the formula:

𝑉𝑖 =
𝑗∈𝑁
∑

𝑗
𝑒

𝑅𝑖𝑗 − 𝑑𝑖𝑗
𝑏 ,

where 𝑏 is a ‘‘universal’’ constant equal to 0.37Å, 𝑑𝑖𝑗 is the bond length 
between the 𝑖th atom and the 𝑗th atom in the neighborhood set 𝑁 , and 
𝑅𝑖𝑗 is the bond valence parameter defined as:

𝑅𝑖𝑗 =

⎛

⎜

⎜

⎜

⎝

𝑟𝑖 + 𝑟𝑗 −
𝑟𝑖𝑟𝑗

(

√

𝑐𝑖 −
√

𝑐𝑗
)2

𝑐𝑖𝑟𝑖 + 𝑐𝑗𝑟𝑗

⎞

⎟

⎟

⎟

⎠

(

1 − 𝛿𝑖𝑗
)

.

Here, 𝛿𝑖𝑗 is the Kronecker delta, 𝑟𝑖 is the ‘‘size’’ parameter, and 𝑐𝑖 is a 
second parameter related to electronegativity, both tabulated for each 
element. The posterior probabilities of all oxidation states 𝑋𝑛+ of the 
atom element is computed using Bayesian inference:

𝑃
(

𝑋𝑛+
|𝑉𝑖

)

= 𝑃
(

𝑉𝑖|𝑋
𝑛+) ⋅ 𝑃

(

𝑋𝑛+) ,

where the likelihood probability 𝑃 (

𝑉𝑖|𝑋𝑛+) is modeled as a Gaus-
sian distribution with mean and standard deviation determined from 
an analysis of the Inorganic Crystal Structure Database (ICSD), and 
the prior probability 𝑃 (

𝑋𝑛+,
) is tabulated and derived from a fre-

quency analysis of the ICSD. Finally, the algorithm computes and 
selects the most probable oxidation state combination that results in 
a charge-neutral cell.
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For plotting and ranking, we used the following function: 
𝑅𝐵(𝑥) = 𝑤1 ⋅ 𝑛 (𝑃 (𝑥))

+ 𝑤2 ⋅ 𝑛 (𝜎 (𝑃 (𝑥)))

+ 𝑤3 ⋅ 𝑛
(

𝜎
(

𝛥𝑉c(𝑥)
) )

+ 𝑤4 ⋅ 𝑛 (𝑞(𝑥))

+ 𝑤5 ⋅ 𝑛 (𝑒(𝑥))

+ 𝑤6 ⋅ 𝑛 (max (𝛥Vol(𝑥)))

+ 𝑤7 ⋅ 𝑛
(

𝛥𝐸charge(𝑥)
)

+ 𝑤8 ⋅ 𝑛
(

𝛥𝐸discharge(𝑥)
)

.

(6)

where:

𝑛(𝑥) is the min–max normalization function 𝑛(𝑥) = 𝑥−min(𝑥)
max(𝑥)−min(𝑥) ;

𝑃 (𝑥) is the average probability from the AI-experts;
𝜎 (𝑃 (𝑥)) is the standard deviation of the AI-experts prediction;
𝜎
(

𝛥𝑉c(𝑥)
) is the standard deviation of the ‘‘average voltage’’ of the 

regressor prediction;
𝑞(𝑥) is the predicted ‘‘gravimetric capacity’’;
𝑒(𝑥) is the predicted ‘‘gravimetric energy’’;
max (𝛥Vol(𝑥)) is the predicted maximum voltage change during the 
phase transition;
𝛥𝐸charge(𝑥) is the predicted ‘‘energy above the hull’’ of the charged state 
(i.e. the stability of charge);
𝛥𝐸discharge(𝑥) is the predicted ‘‘energy above the hull’’ of the discharged 
state (i.e. the stability of discharge);
[

𝑤1,… , 𝑤8
] are arbitrarily chosen weights, respectively equal to [4, −2, 

−2, 2, 2, −0.5, −0.5, −0.5].

Note that using negative weights, 𝑤𝑖, penalizes that specific candidate 
property — in this case study, the deviation of the regressor committee 
prediction for the average voltage, 𝜎 (

𝑉c(𝑥)
)

, and AI-experts 𝜎 (𝑃 (𝑥)), 
the predicted expansion, max (𝛥Vol(𝑥)), and the instability in charged, 
𝛥𝐸charge(𝑥), and discharged states, 𝛥𝐸discharge(𝑥).
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