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a b s t r a c t 

Organic electrode materials (OEMs) combine key sustainability and versatility properties with the potential to 

enable the realisation of the next generation of truly green battery technologies. However, for OEMs to become 

a competitive alternative, challenging issues related to energy density, rate capability and cycling stability need 

to be overcome. In this work, we have developed and applied an alternative yet systematic methodology to 

accelerate the discovery of suitable cathode-active OEMs by interplaying artificial intelligence (AI) and quantum 

mechanics. This AI-kernel has allowed a high-throughput screening of a huge library of organic molecules, leading 

to the discovery of 459 novel promising OEMs with candidates offering the potential to achieve theoretical 

energy densities superior to 1000 W h kg − 1 . Moreover, the machinery accurately identified common molecular 

functionalities that lead to such higher-voltage electrodes and pointed out an interesting donor-accepter-like 

effect that may drive the future design of cathode-active OEMs. 
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. Introduction 

It is an indisputable truth that the design of energy-efficient and en-

ironmentally friendly technology is one of the most challenging sci-

ntific topics of our century. On top of that, energy consumption on

ur planet is expected to face a drastic increase in the coming years,

mposing a strong demand for novel energy supplies that need to be se-

ure, clean and sustainable [1] . Moving toward more environmentally

riendly options, organic materials are emerging as a promising alter-

ative for the next generation of energy-related technologies. Ranging

rom energy harvesting [2] to electrical energy storage [3] (EES), organ-

cs present a combination of attractive features [4] like low cost, versa-

ile synthesis routes, lightweight, tailorable properties and production

rom renewable sources [ 5 , 6 ]. Therefore, the proper design of novel or-

anic materials with enhanced properties is of utmost importance for a

ustainable development. Specially connected to recent debates on grid

oad-levelling and the revolution in portable devices, several organic

lectrode materials (OEMs) have been proposed as potential electrodes

n Li-ion and Na-ion batteries with competitive performances [7–12] .

lthough these materials still do not meet all requirements on either

volumetric) energy density, lifetime, rate capability and cycling stabil-

ty, they are indeed attracting attention as an alternative to the inorganic

ounterparts in conventional batteries, with the aim of dramatically re-

ucing related environmental impacts. 
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The performance of the organic materials depends heavily on the

ype of electrochemical reactions at work during the battery cycling.

hese materials can, generally, be grouped as n- , p- or bipolar-type

epending on their charge states in the redox reactions [13] . For in-

tance, n-type redox units will change reversibly between the negatively

harged and neutral states while the p-type compounds change between

eutral and positively charged states. The latter are commonly applied

s battery cathodes due to their higher redox potentials in the range

.0–4.0 V vs. Li/Li + . This class of materials is mainly dominated by

olymeric compounds [ 7 , 14-16 ], which display suitable combinations

f energy density and stability. However, p-type materials require the

esign of dual-ion batteries, and thereby going well beyond the current

echnologies. On the other hand, n-type materials are better compatible

ith the standard Li-ion battery architectures and display a wider range

f redox potentials that can be applied as both anodes and cathodes. The

ain hurdle here, however, lies on the fact that out of almost two hun-

red known organic materials employed as electrodes [17–23] , includ-

ng polymers, macromolecular assemblies and organic crystals compris-

ng low-M w 

molecular salts, just a few examples may serve as cathode-

ctive materials. Instead, potential anode materials dominate. The exist-

ng cathode materials are dominated by quinone based chemistries with

edox potentials in the range of 2.5–3.5 vs. Li/Li + [ 19 , 24-26 ]. Recently

his chemical space has been expanded by including a new class of con-
ber 2021 
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Fig. 1. Flowchart illustrating the whole workflow of the developed framework 

and how the AI-kernel enables a fast access to the world of organic materials 

after the learning step. OMEAD stands for “Organic Materials for Energy Appli- 

cations Database ”. 
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ugated sulfonamides, which has shown to display superior air-stability

nd redox potentials in the range 2.85–3.45 V vs. Li/Li + . [23] 

This illustrates how challenging it is to achieve organic lithium reser-

oirs (n-type) with high redox potentials to be applied as positive elec-

rodes, which in turn is imperative to realize organic batteries with

igher energy densities. In fact, rational design strategies need to be

eveloped to tap into the almost limitless chemical universe available

or organic compounds and accelerate the discovery of such materi-

ls. To give an idea of the extension of such a universe, 166 billion

rganic moieties have recently been enumerated by considering only

mall molecules with up to 17 non-hydrogen atoms like C, N, O, S and

alogens [27] . Thus, there is an immeasurable number of possible ma-

erials yet to be discovered. The synthesis and characterization of such a

uge amount of materials, to fully explore all possibilities, would clearly

e unfeasible. At the same time, conventional computational approaches

ased on quantum mechanics also suffers from technical limitations due

o the computationally demanding task of solving the associated equa-

ions. 

An alternative pathway has recently been getting attention to poten-

ially accelerate the discovery of novel materials within the framework

f Machine Learning (ML) techniques. ML has proven to be a useful

ool in proposing novelties for batteries [28–32] , predicting band-gap

f semiconductors [33–36] and general properties of small molecules

37–40] , accelerating crystal structure prediction [41] and molecular

ynamics [42–44] , predicting new perovskites [45] and even help-

ng to solve quantum mechanics equations [46] . More connected with

ithium-ion batteries, recent works have highlighted how ML can be

seful in obtaining insights to optimise the battery’s operation and

uide the rational design of electrodes and electrolytes [47–49] . How-

ver, some approaches [ 29 , 32 ] still rely heavily on information that

eeds to be extracted from expensive quantum mechanical calcula-

ions, which may be a hindrance in the materials discovery process.

n this context, exploring the chemical universe presented by organ-

cs through fast techniques like machine learning may aid an intelli-

ent design of OEMs. To successfully achieve this goal, some require-

ents need to be addressed, e.g., knowledge of the solid-state struc-

ure of these molecular systems and their electrochemical properties,

nveiling the structure-property relationship to be accessed by the ML

ramework. 

In this work, we have developed an efficient and elegant workflow

ombining density functional theory (DFT) and machine learning to

ccelerate the discovery of novel organic electroactive materials. The

uilt-up tools compose a package for materials design aided by artificial

ntelligence (AI) that is capable of directly predicting the Li-ion inser-

ion voltages, completely by-passing the demanding computational ef-

orts from traditional quantum mechanics-based methods. The AI-kernel

elies solely on structural information of the active molecule as input,

ncoded here as a simple structure-string, to assess their reduction po-

entials and the expected battery open-circuit voltage (vs. Li/Li + ). There-

fter, this machinery has been employed in high-throughput screening

0 million organic moieties from the GDB17 database [27] in order

o identify new cathode-active compounds. Following a 2-tier filtering

ystem of voltages and capacities, we have encountered 1001 n-type

athode candidates. This amount represents only 0.0050% of the total

creened moieties, which further demonstrates the challenges in find-

ng n-type organic positive electrodes. The molecular properties of the

elected candidates have been re-calculated using high-level DFT meth-

ds as a final part of the high-throughput screening and with a three-

old objective: (i) evaluate the accuracy of the AI-kernel; (ii) shorten the

andidates list by removing possible unphysical results due to statisti-

al noise and (iii) feedback the molecular database. From this step, the

athode candidates have been further narrowed down to a shorter list

f 459 promising compounds. A closer look at the selected molecules

evealed an interesting donor-acceptor-like configuration that may be

xplored in future tailoring the electronic structure of novel electrodes.

 list of the most prominent molecules with their respective predicted
314 
ithiation voltages is, thereby, proposed with the potential to offer the-

retical energy densities higher than 1000 W h kg − 1 . 

. Methods 

The developed framework is divided into three main steps. In the

rst step (A), the crystal structures for a limited set of 28 electrode-

andidates and their corresponding lithiated phases have been resolved

y combining DFT and an evolutionary algorithm [50–52] . This method-

logy has been successfully implemented in some of our previous stud-

es, leading to good agreements with the experimental outcomes [50–

2] . The purpose of this step is to achieve an accurate description of

he material’s electronic structure and electrochemical lithiation mech-

nism. As a second step (B), we have developed a database containing

tructural information and properties of 26,218 organic molecules ex-

racted from high-level DFT calculations. Most of the organic moieties

hat have been recently proposed for energy conversion and storage ap-

lications have been included, plus an additional set extracted from the

atabase GDB17, proposed by Ruddigkeit et al. [27] . The purpose of

his step is to access a significantly larger chemical space than the one

vailable in step A. Nevertheless, this is still far from covering all the

ossible organic molecular configurations and a relatively small sam-

ling space when aiming to find novel cathodic materials. Therefore, in

he third step (C) we have developed models based on machine learn-

ng methodologies to significantly speed up the assessment of the OEMs’

lectrochemical properties. By combining data from A and B, an efficient

I-kernel with good statistical fidelity has been designed, which relies

nly on the knowledge of molecular structure as input to predict the bat-

ery open-circuit voltages, completely by-passing the time demanding

b-initio calculations. This kernel enabled a high-throughput screening

f a large materials library (millions of molecules). This workflow is il-

ustrated in Fig. 1 , summarising the final design pathway followed by
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Fig. 2. A schematic of the AI-kernel operational principle. 
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he AI-kernel in which molecular units can now be extracted from the

uge organic realm while simultaneously being quickly and accurately

valuated. 

.1. Step A – electrode crystal structure prediction 

The crystal structure prediction was performed using an interplay be-

ween DFT calculations and a so called ‘evolutionary algorithm’; the for-

er as implemented in the Vienna Ab-initio Simulation Package (VASP)

53–55] and the latter as implemented in the USPEX code [56–59] . The

volutionary algorithm is capable of predicting the crystal structure of

 compound by evolving a set of possible initial structure candidates

hrough a successive process of common genetic operations, such as

eredity, mutation and permutation. The heredity, as in nature, is re-

ponsible to create a new structure by merging two parenting candidates

mongst the best-fitted group; mutation transforms a selected aspect of

 single parenting structure to create a new one, e.g., randomly displac-

ng an atom or applying a strain on the lattice; permutation exchanges

ifferent group of atoms or molecules. The initial set of candidates is

andomly generated by combining the given units – molecules and Li

toms in this work – following different space group symmetries. Af-

erwards, these structures are optimised through a sequential batch of

FT calculations performed in VASP by using the projector-augmented

ave [53] method and the Perdew, Burke, and Ernzerhof (GGA-PBE)

60] as exchange-correlation functional. These calculations have been

one with increasing cutoff energy (400 - 550 eV) and k-space sampling

esolution (0.12 - 0.08 2π Å− 1 ), rendering structures to their respective

ocal minima. The genetic operations are then carried out, creating a

ew generation of most suited samples. This process is repeated until a

otal number of generations is achieved or a proper convergence of the

tting criteria, which is the total energy in our case. In the end, the best

tructure goes through a new geometry optimisation with a higher cutoff

nergy of 600 eV and a k-mesh of 6 × 6 × 6 keeping the same GGA-PBE

unctional. To remedy the overestimation of the electron delocalization

enerated by the GGA scheme, a final calculation is performed with the

eyd – Scuseria – Ernzerhof (HSE06) [61] hybrid functional while keep-

ng the same cutoff energy and a new k-mesh of 4 × 4 × 4 . The whole

efining process described here has been applied for all the molecules

resented on Scheme 1 and their respective first two lithiated phases,

esulting in a small database of predicted organic crystals. 

For all ab-initio calculations, the Grimme-D2 methodology [62] for

ispersion interactions were considered, except for lithium atoms as the
315 
ncreasing number of this specie on lithiated phases can lead to an ac-

umulation of errors due to intrinsic limitations of the DFT-D theory.

enceforth, all results related to the solid-state structures presented in

his work refer to the framework explained above, with the final elec-

ronic properties resulting from the HSE06 step. The lithiation mecha-

ism can be represented by the following chemical reaction, referenced

o the lithium metal electrode: 

 𝑖 𝑥 0 
𝐻 + 

(
𝑥 1 − 𝑥 0 

)
𝐿𝑖 ⇌ 𝐿 𝑖 𝑥 1 

𝐻 (1)

ith the voltage profile of such electrochemical process computed

hrough the corresponding reaction free energy by the Nernst equation,

uch as: 

 ( x ) = 

−ΔG r 
nF 

= − 

E 
(
L i x 1  

)
− E 

(
L i x 0  

)
− 

(
x 1 − x 0 

)
E ( Li ) 

x 1 − x 0 
(2)

ere, the Gibbs free energy is approximated by the electronic total en-

rgy ( E ), as the latter is expected to be the dominant term of the reaction

ree energy. From this step, the open-circuit voltage ( V OC ) for the Li-ion

nsertion reaction as referenced to the Li/Li + electrode was obtained for

ll OEMs. Such methodology has given rise to excellent V OC estimation

f several organic and inorganic battery materials [ 63 , 64 ]. 

The employed combination of an evolutionary algorithm and high-

uality DFT calculations render considerably higher-precision estima-

ions of the electrochemical properties as compared to conventionally

mployed gas-phase calculations. The former approach primarily offers

 better representation of the material’s chemical environment during

he ion insertion reaction. Thereby, it renders improvements in the de-

cription of several important aspects of the reaction thermodynamics,

uch as the inserted-ion coordination shell, changes in the material’s

rystal structure and electronic structure, etc. In a previous work, for

nstance, it was demonstrated that the use of a single molecule was not

nough to describe the lithiation potential of the dilithium thiophene

icarboxylate, with a discrepancy higher than 50% when comparing

ith experimental findings [50] . However, the discrepancy drops to 3%

hen employing this evolutionary algorithm framework [50] . Further-

ore, this approach has been successfully applied to predict the crystal

tructure and Li-ion insertion thermodynamics of the dilithium benzene

iacrylate with a good match with the experimentally resolved structure

 52 ]. 

.2. Step B – organic materials for energy applications database 

We have developed a new database composed of more than 26,000

nique organic molecules together with a list of properties that are

elevant for various practical applications, and in particular for EES.

hese include the HOMO-LUMO energies, dielectric constants, redox

otentials, electronic affinities and ionization potentials – all extracted

rom ab-initio calculations within the DFT framework. This molecu-

ar database, here named “The Organic Materials for Energy Applica-

ions Database (OMEAD) ” (available in the Supplementary Material), is

ormed by an initial selection of molecules and polymers from a range

f energy-related applications – energy harvesting, electrodes for energy

torage, electrolytes, light absorbers, to cite a few – and merged with a

econd set of elements extracted from the database GDB17, composed by

mall organic molecules with up to 17 non-hydrogen atoms of C, O, N, S,

, Cl and Br. Consequently, this approach enables the development of a

icher database in terms of chemical and structural diversity than those

ossible to cover in Step A. Molecules shown in Scheme 1 are also part of

he OMEAD. All DFT calculations in this stage were carried out using the

aussian 16 [65] software package with the B3LYP [66,67] functional

nd the 6–31G(d)/6–311G(d,p) Pople basis set [68] theory level while

eeping molecules in the gas phase. A detailed description of how the

olecular properties have been obtained is provided in the Supplemen-

ary Material. The development of this database and all the molecular

roperties included in it required more than 310 000 DFT calculations.
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Scheme 1. Lewis representations of the moieties composing the small dataset of predicted crystal structures (step A). In addition, they are also part of the molecular 

database (step B). 
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lthough a number of organic molecules databases are available in the

iterature, none of them presents a systematic calculation of the prop-

rties we aimed to cover in this study, and where special attention for

nergy applications is needed. 

.3. Step C – the AI-kernel 

In this step, two distinct statistical-learning models have been devel-

ped: a linear and a neural network model. It is the combination of these

wo that define the AI-kernel. The models exchange information inside

he kernel to yield the final prediction. This process is further explained

n the following, starting from the isolated functionality of the models. 

Linear model: We have statistically tested the following linear model

 OC = αX + β, (3)

here V OC is the open-circuit voltage of the lithiation reaction in the

olid-state phase. The independent variable X is a column-vector con-

aining the molecular properties of the corresponding electrode mate-

ials’ building blocks. Here, we have tested orbital energies, oxidation

otentials ( P Ox ), reduction potentials ( P Red ), dielectric constants, etc.,

nd their combinations; properties that are included in the OMEAD

atabase. More information can be found in Table S2. The row-vector

and the bias β represent the coefficients obtained through ordinary

east square (OLS) regression. In this approach, we are searching for the

orrelation between the solid-state (crystal) and molecular (gas phase)

roperties of the organic electrode materials. The properties that display
316 
he best correlations are referred to as molecular descriptors, which will

acilitate the screening in a much wider materials library as they can

e assessed at lower computational costs. It should be pointed that al-

hough our database OMEAD contains the relevant properties of 26,218

olecules, the OLS has been carried on the narrower space of 57 com-

ounds for which we have more accurate V OC values. Of these, 29

olecules have been added from experimental results reported in lit-

rature (see Supplementary Material for more information) and 28 are

hose in Scheme 1 . As described in step A, the latter require computa-

ionally demanding crystal structures predictions. 

This exploratory investigation resulted in the reduction potential as

he best descriptor, i.e., the property which could best explain V OC . The

hoice of such potential does not come as a total surprise, especially

hen considering n-type materials. Alternatively, a principal component

nalysis (PCA) was also employed to merge the P Ox and P Red potentials in

 single principal component (PC). This PC could be further correlated to

he lithiation voltage through a new linear regression, achieving similar

recision as the OLS. This PCA is shown in the Supplementary Material

nd is presented as a secondary option for the Linear model. In this

tudy, we have calculated these potentials not only using the reaction

nthalpy but also including the full Gibbs free energy. 

Neural model: We have developed an Artificial Neural Network

ased model aiming at predicting the molecular descriptors in a fast

nd accurate manner, by-passing the computing demanding DFT calcu-

ations and only using the molecular structure as input. The training of

his model has been carried on top of our database, OMEAD. 
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Artificial Neural Networks (NN) can be classified as a non-linear

earning algorithm inspired by the human brain architecture that is

apable of representing any function with a high level of fidelity. In

eneral, it is formed by an arbitrary number of neurons (or nodes) or-

anized in layers, which in turn are interconnected through a set of

rithmetic operations between the output of a neuron and a fittable pa-

ameter called weight. When each neuron in a given layer is connected

o all neurons in the next layer, we have a so-called Fully Connected (or

ense) Neural Network (FCNN or FC-layers), resulting in a set of weights

o be fitted. On the other hand, when a set of neurons in a given layer is

onnected to only one neuron in the next layer, sharing a unique weight

arameter, the result is a Convolutional Neural Network (CNN) [ 69 ].

nother alternative is the Recurrent Neural Network (RNN) [ 70,71 ],

n which the input data is seen as an organised sequence of information

nd the RNN layer tries to understand its sequential meaning. To achieve

his, the architecture keeps a hidden internal state vector that, together

ith the weight parameters, are responsible to uncover the knowledge

ehind the data ordering. In all cases, a bias term can be added to each

ayer and an activation function ( tanh , sigmoid function, ReLU, SeLU,

tc.) [ 72,73 ] is applied to the layer’s output before it can be forwarded

o the next layer to incorporate non-linear characteristics to the model.

he general representation of a simple Neural Network is expressed in

q. (4) , where l is any given layer, σ is the activation function, W 

(l) is a

atrix containing the weight parameters linking all neurons of a previ-

us layer ( 𝑙 − 1 ) with the corresponding neurons of the layer l and b (l) 
re the biases. 

 

( l ) = σ
(
W 

( l ) z ( 𝑙−1 ) + b ( l ) 
)

(4)

The 0-layer is referred to as the input layer z (0) , where the actual

ata will feed the network. The input data, in turn, gives rise to a new

uestion to be answered in machine learning methods: how should the

nformation be provided to the machine in a meaningful way? Further-

ore, the right choice of input data can be a key factor to correctly

escribe the desired structure-property relationship. Recently, several

orks have been trying to answer this question [ 74–76 ], presenting a

ariety of representation models (or fingerprints) for atoms, molecules

nd crystals. 

In this present work, we have developed a methodology based on

he Simplified Molecular-Input Line-Entry System (SMILES) as a simple

ext-based fingerprint and a mixed network architecture containing RNN

nd FCNN layers. The use of SMILES as a text string in this approach re-

uires a further processing step through the so-called Natural Language

rocessing (NLP). In this auxiliary encoding system, the SMILES datasets

re segmented into smaller pieces to form a unique vocabulary. For ex-

mple, the string Cc1ccccn1, describing 2-methylpyridine, can be frag-

ented into [C, c, 1, c, c, c, c, n, 1], which result in a vocabulary of [1,

, c, n] unique entries. The final vocabulary must contain every unique

ragment for all the molecules in the dataset. Afterwards, the SMILES

tring is translated into an index-based language, respecting the proper

ragment ordering, where each index is a unique identification of the vo-

abulary element. The methylpyridine SMILES would be translated, for

nstance, to [2, 3, 1, 3, 3, 3, 3, 4, 1], by using the limited [1, C, c, n] vo-

abulary. Finally, an embedding system is employed to transform each

ocabulary element into a new unique n-dimensional vector of scores,

amed embeddings. These scores represent an unknown characteristic

hat will be adjusted during the training phase in such a way that the

eural network is responsible to learn the meaning of each vocabulary

ntry and how it is connected to the desirable property. In other words,

he machine will develop a particular understanding of each element

omposing the SMILES, such as atoms and bonds, and how they relate

o the molecular descriptor ( P Red ). A carbon (‘C’) may be represented in

his system by the unique vector [e 1 
(C) , e 2 

(C) , …, e n 
(C) ], where e i are the

cores to be fitted during the learning process. This step can also be seen

s part of an encoding step in which the Network is creating an internal

epresentation of the molecules. A decoding process then follows in the

ext neural layers to provide the desired molecular descriptors. This use
317 
f the SMILES-representation differs from other recent proposals [ 77 ]

n the literature where the SMILES has been employed to predict other

olecules, i.e., new SMILES strings in a sequence-to-sequence architec-

ure [ 78 ] or to obtain topological properties by analysing the SMILES to

ompose a new fingerprint set [ 79 ]. Additionally, the Coulomb Matrix

40] (CM) and the Many-Body Tensor Representation (MBTR) [ 80 ] have

lso been investigated. These three fingerprints have been benchmarked

or different combinations of FCNNs, CNNs and RNNs. The details about

his investigative exploration are depicted in the Supplementary Mate-

ial. 

It is important to point out that the different representations (CM,

BTR and SMILES) and a collection of processing tools for machine

earning have been implemented in a new software package named AN-

MA (AdvaNced artificial Intelligence for Materials reseArch). The pack-

ge is written in the python language and published under an open-

ource basis (more details in the Supplementary Material). ANIMA and

he developed databased compose a novel platform for the design of

EMs and will be freely distributed to the scientific community. 

AI-kernel: The AI works by combining the Linear and Neural mod-

ls in a two-step process where the information is exchanged inside the

ernel. First, the SMILES is read and processed by the Neural model,

hich in its turn predicts the molecular descriptor P Red , thereafter pro-

iding them to the Linear model to yield the V OC . All these values can

e accessed through the kernel. 

High-throughput: After training, the machinery is employed in a

igh-throughput screening of 20 million molecules following a 2-tier

ltering system of voltages → capacities to identify novel organic cath-

de materials. The voltages ( V OC ) are evaluated in a fast way by the

I-kernel while the theoretical capacities are estimated by using the

q. (5) alongside a straightforward analysis of the compounds’ SMILES.

he maximum amount of inserted Li + was asserted with typical redox

eactions of specific sites, e.g., reduction of double bonding oxygen or

itrogen and heteroatoms such as sulphur. 

 = 

nF 
3 . 6M 

(5)

In Eq. (5) , n is the number of redox sites, F the Faraday constant

nd M the molecule molar mass. As a part of this screening step, a new

FT calculation is performed with the selected candidates, acting as a

nal filtering process. Moreover, it also serves to evaluate the AI-kernel

erformance and to feedback the OMEAD. 

. Results and discussion 

Following the crystal structure prediction for the molecules pre-

ented in Scheme 1 and their respective first two lithiated phases, the

verage lithiation voltage for a two-step reaction – hereafter simply

eferred to as lithiation voltage or the open-circuit voltage V OC – can

e straightforwardly calculated from Eq. (2) . The delithiated structures

or some of these compounds are presented in Fig. 3 (a). The crystal

tructure data for all of these compounds and their respective lithiated

hases are available in the Supplementary Material. Several molecules

n this dataset are based on dicarboxylates due to the fact that they

nitially form stable crystals, as noticeable from Fig. 3 (a). In addition,

he dicarboxylate-based building blocks may be further tailored by dif-

erent mechanisms, thus offering tunable thermodynamic properties. A

ommon signature of these crystals is the formation of a salt layer inter-

alated by their organic counterpart. In this layer, the Li-ions are often

urrounded by four carboxylate oxygens forming tetrahedron coordina-

ion. This characteristic contributes significantly to the general stability

f these type of organic electrodes, a desirable property for LIBs. An-

ther interesting feature is the presence of cyclic structures, in which

ifferent heteroatoms and functional groups may be included, thus al-

owing a proper engineering of the redox chemistry. In this sense, a

uick overview of Scheme 1 exemplifies the different strategies followed

n this work with the inclusion of heteroatoms such as N, S and O or

unctional groups like NO or NH . In Fig. 3 (b), the V (vs Li/Li + )
2 2 OC 
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Fig. 3. a) Crystal structure of the delithiated phase for 

some of the compounds presented in Scheme 1 . The 

colour code for the atoms is as follow: red for oxygen, 

brown for carbon, white for hydrogen, blue for nitro- 

gen, yellow for sulphur and green for lithium. b) Calcu- 

lated open-circuit voltage ( 𝑽 
𝑶 𝑪 

) for all structures pre- 

sented in Scheme 1 as obtained by following the evolu- 

tionary algorithm depicted in A. The presented values 

represent the average voltage for a two-step lithiation 

reaction. 
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re presented for all these compounds following the same index-base

rom Scheme 1 . With values spanning from 0.58 V to numbers as high

s 3.29 V, this group of compounds exhibit both anodic and cathodic

otentials with suitable use in LIBs. Moreover, the presence of voltages

anging from anodes to cathodes in this dataset greatly improves its

tatistical diversity and helps to enhance the linear model performance

discussed below). As expected, molecules based solely on carboxylates

r functionalized with NH 2 groups display the lowest potentials (1, 3,

, 13, 16, 19, 20, 22, 24) while those functionalized with NO 2 or com-

osed with N heteroatoms exhibit the highest ones (4, 6, 7, 12, 15, 21,

5, 26, 28). It is also interesting to note how the presence of Br, a weaker

lectron-withdrawing group than NO 2 , shifts the voltage from 2.94 V in

5 to 3.17 V in 28. 
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As described in step C, the Linear model was built to assess the open

ircuit voltages on top of the P Red as molecular descriptor, i.e., input

o the model. In addition to the organic crystals predicted in the previ-

us step, the lithiation voltages of several organic electrodes were in-

roduced from experimental results obtained from literature. This fact

xpands the model diversity and enhances its prediction effectiveness as

he added experimental molecules are not exclusively based on carboxy-

ates. Furthermore, the presence of experimental results also validates

he methodology. A list of these molecules, lithiation voltages and ref-

rences is presented in Scheme S1 of the Supplementary Material. Fig. 4

resents the performance of the regression technique and its respective

quation. From Fig. 4 , it is worth noting the good correlation between

redicted and target voltages, especially for the experimental moieties. 
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Fig. 4. The OLS model connecting the reduction potential molecular descriptor 

and the open-circuit voltage. The respective equation for each model is evi- 

denced above the plots. The numerical labels follow the ones in Scheme 1 . 
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To build the Neural model, different combinations of fingerprints

nd network architectures were benchmarked to generate the most ef-

ective model. A detailed explanation of the network architectures can

e found in the computational method section and Supplementary Mate-

ial. The neural networks for all the CM and MBTR combinations were

oded on the TensorFlow framework [81,82] while the SMILES were

eveloped on top of PyTorch [83,84] . The mean absolute error (MAE)

Equation S7) was chosen as the training criteria for the networks when

nalysing the general performance of the different fingerprints and ar-

hitectures. The training was performed in a portion of the OMEAD

olecular database with 18,528 samples, while 2290 were reserved for

esting purposes. The scores for all the tested combinations can be seen

n Table S2. Somewhat surprisingly, the SMILES representation achieved

imilar performance as the one for the MBTR, a fingerprint considerably

ore robust and capable to encode more structural information. There-

ore, due to its simplicity and conceptual elegance, the SMILES archi-

ecture was the final choice. Furthermore, this approach facilitates the

ccess to a bigger sampling universe as we avoid demanding many-body

tructural processing required with other fingerprints, e.g., calculating

tom pairs distances, angles, etc. 

A general schematic of the final Neural model is presented in

ig. 5 (a), showing the terephthalic acid SMILES as an example. After

he initial indexing of SMILES into the NLP, the data is translated into

he embedding vectors. The sequence of these embeddings is fed to four

ndependent RNN (simply named A, B, C and D) and their output is for-

arded to four independent FC-layers. This first part may also be seen

s an encoding scheme, in which the network is creating an internal

epresentation of each molecular structure while learning the meaning

f the SMILES elements (atom species, bonds, etc.) via the embedding

rocess and the knowledge behind their ordering through the recurrent

ayers. Afterwards, a concatenation operation is responsible for merg-

ng the output from the four-level layers before forwarding it to two

equential fully connected layers. Following the encoding scheme, this

ast step may be understood as a decoding process, where the network

ranslates the desired structure-property relationship. Fig. 5 (b) shows

he Neural model performance when predicting the reduction potential

or the test dataset. More details about the learning process and model

erformance for training and testing sets can be found in Figure S3 of

he Supplementary Material, in which we have also included a second

etwork for the oxidation potential. 

With the Linear and Neural models trained, the AI-kernel is settled.

he next step is to apply the framework in production to explore the
319 
rganic universe and identify new possible electrodes for LIBs through

 high-throughput screening approach. To do so, a total of 20 million

olecules were extracted from the GDB17 dataset and processed by the

I-kernel to predict their lithiation voltages ( V OC ) . It is worth empha-

izing that the prediction step, apart from the textual pre-processing,

equired less than 40 min for all the 20 million SMILES on a personal

omputer. This task would demand more than 10 years of a state-of-

he-art supercomputer if the corresponding quantum mechanical calcu-

ations were to be employed for all these compounds. 

To select possible candidates, a simple voltage filter was applied to

dentify cathodic compounds with 𝑽 𝑶 𝑪 higher than 2.9 V (vs. Li/Li + )

nd anodic compounds with 𝑽 𝑶 𝑪 between 0.0 V and 0.5 V (vs. Li/Li + ).

dditionally, a second filter based on the theoretical lithiation capacity

as been used to narrow down the cathode candidates’ list and select

ompounds with capacities higher than 100 mA h g − 1 . Out of the 20

illion molecules analysed, the filtering selection delivered 1001 pos-

ible cathodes and 6014,051 anodes. From the latter category, we ran-

omly selected 1500, hence achieving 2501 samples for further analysis.

his contrast in the number of possible candidates further reveals how

hallenging is to find organic electrodes of higher potentials ( > 2.9 V vs.

i/Li + ), highlighting the demand for alternative approaches to acceler-

te materials discovery like the one proposed in this work. In fact, the

umber of identified cathodes represents only 0.0050% of the total of

0 million moieties analysed. 

To get an insight into what molecular features that the AI recom-

ends, Fig. 6 shows the occurrence (in%) and the selection ratio of

tomic species (represented by their chemical symbols) and the number

f ring structures that the molecules are composed of (represented by

ntegers) for both low and high lithiation voltages. The comparative se-

ection thereby illustrates the likelihood of the selected molecules being

omposed by specific atom species and the number of rings. Therefore,

t reveals how likely it is that any of these elements will affect the lithi-

tion voltage. As can be seen, sulphur, bromine and chlorine show the

ighest selection ratios when aiming at high-voltage compounds, fol-

owed by fluorine. Conversely, these elements show significantly lower

election ratios when it comes to low-voltage electrodes, where the num-

er of ring structures appears to be the most relevant characteristic. In

his regard, molecules with a higher number of ring structures seems to

e more suited as anode compounds while the opposite is true for cath-

des, in which the two rings case displays the highest score. For oxy-

en and nitrogen, the selection ratio alone does not provide any direct

onclusion, but when combined with the occurrence analysis it shows

hat the AI slightly favours the selection of oxygen/nitrogen-containing

olecules as cathodes. This method of counting occurrences, however,

ails to identify functional groups. For instance, it is not possible to iden-

ify methyl, a group that usually act as an electron-donating and thereby

educes the lithiation voltage. 

After the selection process, a second round of DFT calculations was

erformed for all the 2501 molecules to assess their reduction poten-

ials and 𝑽 𝑶 𝑪 as a part of the high throughput workflow. This DFT step

ct as a third-layer filter, improving the final molecules to be proposed

or production by cleaning the statistical noise commonly find in data-

riven approaches. Additionally, all these 2501 molecules can now be

ed to the OMEAD, creating a continuous feedback loop. Simultaneously,

hese new results can be used to further analyse the AI-kernel’s perfor-

ance. Fig. 7 presents a collection of benchmarks between DFT and AI

ata. The probability density function (PDF) is shown in Figs. 7 (a) and

b) for reduction potentials and Figs. 7 (c) and (d) for the open-circuit

oltages of the anodic and cathodic ranges, respectively. The PDF is a

aussian fit to the data distribution that indicates the likelihood to find

 certain outcome ( 𝑷 𝑹 𝒆 𝒅 or 𝑽 𝑶 𝑪 ). For both low and high potentials, it

s clear that our machinery is offering predictions in the correct range

f values. Fig. 7 (e) and (f) show the 2D histogram plot for anode and

athode candidates, respectively. The darker areas in the plot represent

 higher data correlation between values from DFT and AI. The data
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Fig. 5. (a) A simplified representation of the Neural Network model. As an example, the terephthalic acid has its SMILES string converted into a sequence of 

embedding vectors that will feed the Neural Network layers. (b) Neural model performance in the test dataset of 2290 molecules in predicting reduction potentials. 

Fig. 6. The occurrences on the left and the selection ratio on the right for the selected molecules in the anodic and cathodic range of potentials. The x-axes list the 

chemical symbols (excluding carbon) and the number of ring structures the molecules are composed of. 
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istributions are in the expected region of ∼ 0 V and ∼ 3 V for both low

nd high potential ranges. 

The overall result in Fig. 7 presents a good agreement between DFT

nd AI, which reasserts the model’s performance. Small deviations are

ainly due to outliers coming mostly from molecules that went through

ignificant structural changes over the redox process in the DFT calcula-

ions. These outliers often result in very large/small voltages that widen

he probability densities. Such unrealistic voltages should not be consid-

red toward the final AI-kernel performance. Furthermore, their appear-

nce is connected to physicochemical processes happening during the

edox reaction that the AI-kernel is not capable to assess, such as bond

leavage leading to dissociations or irreversible structural changes. The

MILES does not implicitly encode any information about changes in
320 
he charged phases and the presence of outliers is therefore anticipated.

n the other hand, this fact can help to identify unwanted molecules

hat are prone to degradation during the lithiation process, which can

lso present a new pathway for an intelligent design of compounds in

he future. 

Scheme 2 displays a small set of molecules selected as cathode candi-

ates after the validation process. We present the 𝑽 𝑶 𝑪 as obtained from

oth AI and DFT. Our kernel tends to accurately associate cathodic po-

entials with molecules containing electron-withdrawing groups, such

s nitrile −C ≡ N , carbonyl −C = O and halogen functionalities. In fact,

hese groups are commonly employed as voltage enhancers in organic

lectrodes due to their effect over the redox-active centres. At the same

ime, some electron-donating ligands – like amino -NH 2 , hydroxy -OH
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Fig. 7. The reduction potentials and open-circuit voltages ( 𝑽 
𝑶 𝑪 

) probability densities for anodic (a, c) and cathodic (b, d) range of potentials, respectively, exhibiting 

the closeness between the distribution of AI-kernel predictions and DFT-based values. A 2D-histogram plot of AI and DFT 𝑽 
𝑶 𝑪 

for the respective e) anodic and f) 

cathodic potentials. 
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nd alkyl -C x H y groups – are also included for some molecules. This is

n interesting and well-known combination in organic optoelectronics

nd photovoltaics that may lead to a donor-acceptor-like behaviour [ 85–

8 ]. Although this mechanism is not often explored in the literature of

rganic batteries, an effective use could help to engineer the electronic

tructure of the target electroactive compound and, thus, improving the

harge localization over the redox-active centre during the Li-ion inser-

ion. In fact, this effect may be one of the reasons for the higher voltage

isplayed by some of the compounds discovered by the AI. 

Nonetheless, the redox sites of the selected molecules appear to be

ominated by double bonding oxygens in carbonyls and sulfonyls and

ouble/triple bonding nitrogen. These redox sites are commonly asso-

iated with cathodes in organic batteries [ 7 , 17 , 18 , 89 ], which further

upports the performance of the AI-kernel in identifying molecules with

 cathodic character. The complete list of proposed cathode candidates

s available in the Supplementary Material, in which we have removed

olecules that presented any sort of degradations during the DFT redox

rocess calculation. 
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A closer look into the molecules shown in Scheme 2 may further

eveal their possible performance as active materials for cathodes. For

nstance, the reduction sites analysis ( Eq. (5) ) for the compounds P1,

2, P5, P9, P12, P14, P18 and P21 reveals that they could offer a max-

mum theoretical lithiation capacity (or if limited for two inserted Li-

ons) of about 564 (188), 394 (158), 524 (150), 718 (179), 568 (189),

27 (176), 524 (150) and 477 (238) mA h g − 1 , respectively. These

ompounds could offer energy densities higher than 600 W h kg − 1 when

onsidering the two-lithium insertion process. Alternatively, theoretical

nergy densities superior to 1000 W h kg − 1 could possibly be achieved

f the maximum capacities were to be accessed. This represents an ap-

ealing alternative to some of the state-of-the-art technologies available

o date, which offer energy densities close to 800 W h kg − 1 . The real-

sation of such enhanced materials could place organic-based batteries

n a favourable position as a next generation technology for energy-

emanding applications where the combination of high gravimetric en-

rgy density and battery sustainability is necessary. 
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Scheme 2. Lew is representations of a few selected molecules for 

cathode candidates and their respective lithiation voltages ( 𝑽 
𝑶 𝑪 

vs. 

Li/Li + ) as predicted by the AI-kernel and by using the DFT redox 

potentials. 

322 
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. Conclusions 

A framework based on Artificial Intelligence and backed by density

unctional theory calculations has been developed to accelerate the dis-

overy of novel organic battery materials. The workflow consists of four

ain steps: (i) first-principles crystal structure prediction of OEMs us-

ng an evolutionary algorithm and the corresponding structural mod-

fications upon insertion of ions and electrons during battery cycling;

ii) the development of a database of organic energy materials includ-

ng key molecular properties assessed through high-level DFT calcula-

ions; (iii) the design of an AI-kernel by combining two machine learning

Neural and Linear) models to allow a fast access of a bigger chemical

pace of organic compounds; (iv) high-throughput screening of 20 mil-

ion molecules when searching for new organic cathodes candidates. 

A new software written in the python language (ANIMA) has been

eveloped to work in conjunction with the neural network architectures

hat have been investigated. The NNs have been trained on DFT calcu-

ated properties of 18,528 molecules while the properties of another

290 molecules were used to test the quality of the model. The SMILE

ngerprints combined with a robust network architecture composed of

NN and FCNN multilayers turned out to be the most efficient algorithm

o explore the potential OEMs. Finally, a Linear model was developed

o connect the molecular and solid-state electrode properties. 

The kernel was then employed to screen 20 million molecules ex-

racted from the GDB17 database, assessing the redox potentials and

ithiation voltages, a task that required less than an hour (excluding

he textual pre-processing of SMILES). From this set, 1001 cathodes and

500 anodes candidates were selected by applying voltage and capacity

lters. A detailed analysis of these molecules revealed how relevant a

ew key characteristics are for the AI to obtain cathodes and anodes,

uch as atomic species and the number of ring structures composing the

olecule. Thereafter, DFT calculations were carried out on the 2501 se-

ected molecules to improve the cathodes selection and to benchmark

he AI-kernel, which in turn presented its capability of correctly locat-

ng the voltages in the respective anodic/cathodic range. Moreover, the

ernel accurately identified common functional groups, like nitro and

itrile, that lead to higher voltage electrodes and pointed out an interest-

ng donor-acceptor-like effect that may drive the design of novel cathode

aterials. Herein, a final list of 459 promising molecules selected after

he DFT-filtering process is being provided with the Supplementary Ma-

erial. 

In light of these results, one may see how the use of AI-based method-

logies could speed up the discovering process of new electroactive ma-

erials for Li-ion batteries and be a revolutionising tool into tapping the

uge universe of organic materials. Finally, a list of novel high-voltage

athodes is proposed as promising candidates for the next generations of

rganic batteries, with some compounds offering the potential to exhibit

nergy densities superior to 1000 W h kg − 1 . 
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