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H I G H L I G H T S

Quantum-assisted machine learning screens 9835 crystal structures for LIB anodes.
Identifies 211 thermodynamically stable materials with high lithium-ion mobility.
Novel RE*(recyclable element)-based anodes support a sustainable circular economy.
RE*-based materials outperform silicon anodes with enhanced stability and capacity.
Combines DFT and ML for scalable, sustainable anode material discovery.
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 A B S T R A C T

A comprehensive analysis of 9835 crystal structures, 211 of which are calculated to be thermodynamically 
stable, is presented, assessing their potential as anode materials for lithium-ion batteries. Density functional 
theory (DFT) calculations and advanced machine learning techniques are employed to explore the stability, 
lithium diffusion, bulk modulus and shear stress, along with the relationships between atomic orbital overlap, 
energy density, and ion mobility, which is a crucial factors for rapid charging capabilities. The study also 
examines the combined effects of elemental composition and crystallographic space groups to identify the key 
drivers of structural toughness. A number of crystal structures are identified as promising anode materials, 
with some standing out for their exceptional stability and efficient lithium-ion mobility. These materials 
demonstrate significant potential for high-capacity, durable battery anodes, highlighting the importance of 
a multidimensional approach in battery material development.

These insights provide a novel perspective on the interplay between physical, chemical, and electronic 
properties in optimising anode materials. This work offers valuable guidance for the future design and 
development of high-performance lithium-ion batteries, contributing to a more sustainable economy.
1. Introduction

The application of photovoltaics (PV) has been rapidly increasing 
over the past two decades, giving hope to a near-future transition to 
a renewable energy-based economy [1–3]. However, long-term sus-
tainability will depend on the ability to recycle end-of-life panels, 
and the disposal of a very large quantity of obsolete photovoltaic 
modules predicted by 2050 represents both a significant environmental 
challenge and an opportunity for innovative recycling strategies [4–6].

Converting recycled PV materials into valuable battery components 
can support a circular economy where solar panel elements are reused 
to meet the demands of energy storage applications. Indeed, LIBs play 
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a crucial role in sustainable energy systems, and their performance 
can be significantly improved by careful selection of anode materials 
with high energy capacity, mechanical stability, and robust cyclabil-
ity. In this context, the key research question that drives this work 
is: ‘‘Can elements recovered from waste PV modules be integrated 
into new crystal structures that surpass or complement the capacity 
and durability of silicon-based anodes?’’ Recent research demonstrates 
the feasibility of recycling materials from waste panels for battery 
component fabrication [7–11].

The potential transformation of recycled photovoltaic (PV) ma-
terials into battery components not only facilitates resource conser-
vation but also helps the solar industry minimise waste generation,
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particularly given that solar panel manufacturing in the semicon-
ductor industry extensively uses elements such as nitrogen, fluorine, 
and boron, as well as transition metals like iron, nickel, cobalt, and 
manganese [10,12,13].

The prospect of recycling elements from decommissioned solar pan-
els offers a opportunity to reduce material costs in the production 
of advanced anode materials, while promoting a circular economy. 
In addition to their availability, each selected element possesses dis-
tinctive electronic, chemical, and structural properties that could be 
strategically exploited to improve the performance of lithium-ion bat-
tery anodes. Nitrogen is capable of forming stable covalent bonds 
and modifying the electronic properties of carbon matrices, leading to 
enhanced electrical conductivity and electrochemical activity [14–16]. 
Boron, similar to nitrogen, can boost lithium storage capacity when 
introduced into carbonaceous frameworks through doping strategies 
[17]. Fluorine, due to its high electronegativity, facilitates the forma-
tion of highly stable fluorinated carbon materials, which can improve 
thermal stability and reduce voltage hysteresis, contributing to better 
cycling efficiency [18]. Iron, nickel, cobalt, and manganese, belonging 
to the transition metal group, exhibit variable oxidation states that 
enable reversible redox reactions essential for efficient energy storage 
[19]. Specifically, iron oxides, offer high theoretical capacities but face 
challenges related to conductivity and volume expansion during cycling 
[20]. Nickel, provides a balance between capacity and mechanical ro-
bustness [21]. Cobalt, known for its high thermal stability, can promote 
the cyclability and structural integrity of anodes, albeit with concerns 
regarding cost and toxicity [22]. Finally, manganese stands out due 
to its high structural stability and low volume expansion, particularly 
when incorporated into oxide-based frameworks [23].

Despite its promise, the transformation of recycled photovoltaic 
elements into commercially viable battery components faces major 
challenges, chiefly the need to overcome compositional variability 
and to integrate the materials into structures that ensure high capac-
ity, mechanical stability, and long-term performance over repeated 
charge–discharge cycles.[24,25]

This paper aims to contribute to the ongoing research in lithium ion 
battery (LIB) technology by providing a quantum mechanical trained 
machine learning (ML) assisted screening of unexplored crystal struc-
tures chosen upon considerations of the economic system and a scien-
tifically grounded rationale for the inclusion of these elements in anode 
design. The properties of each element, are dissected to understand 
their potential impact on the performance of LIB anodes, addressing 
challenges such as volume expansion, conductivity, and cost.

Here, we address the conversion of waste solar panels into com-
mercially valuable battery materials through a systematic screening of 
thousands of potential crystal structures, followed by the identification 
of thermodynamically stable structures, and a targeted evaluation of 
their mechanical and electrochemical properties, compared to con-
ventional silicon-based anodes. We focus our analysis on screening 
crystal materials that, incorporating recycled elements, can provide 
an alternative to conventional silicon-carbon composites, maintaining 
performances comparable performances [10,12]. We aim to: (1) apply 
quantum mechanical and machine learning (ML) models to identify 
how structural, electronic, and compositional factors affect energy den-
sity, lithium-ion mobility, and mechanical stability; and (2) understand 
whether incorporating elements such as C, O, N, B, F, Fe, Ni, Co, and 
Mn into Si-based anodes can deliver higher capacity and mechanical 
robustness compared to established silicon-based electrodes (Table  1 
reports a brief indicative summary of selected elements indicating their 
properties and potential benefits of each element). Here, carbon and 
oxygen are additionally included due to the carbon proven improve-
ment in phase stability, and to the unavoidable oxygen presence in 
the realistic working environment [26–28].  The core objective of this 
study is to identify novel anode materials for lithium-ion batteries. 
Specifically, this work contributes: (i) a high-throughput screening of 
thermodynamic stability and diffusion properties across 9835 candidate 
2 
structures; (ii) the identification of high-potential anode materials com-
bining structural integrity with optimal Li-ion transport; and (iii) the 
mapping of chemical and physical footprints indicative of stable and 
high-capacity material.  In summary, while the scientific contribution 
of this work lies in the modelling approach and predictive insights, its 
practical relevance pertains to guiding the discovery of next-generation 
anode materials for lithium-ion batteries.

The quantum-assisted machine learning approach leverages accu-
rate and precise data from density functional theory (DFT) calcula-
tions, capturing complex material behaviours at a fundamental level 
and enabling the prediction of material properties with high accuracy 
and efficiency [29,30]. By integrating quantum-derived datasets into 
machine learning models, this method transcends the limitations of 
traditional computational approaches and becomes a critical element in 
advancing material discovery and understanding complex behaviours 
that are not easily deducible from raw computational data alone.

2. Methodology

Ab-initio calculations based on periodic Density Functional Theory 
(DFT) are carried out to compute the electronic structure and derive key 
properties. We combine these data with machine learning approaches 
to predict mechanical properties and guide the selection of stable and 
high-capacity anode candidates.

We used a two-step approach:
1.  We generated a dataset of 9835 crystal structures composed 

of Li, Si, C, O, N, B, F, Fe, Ni, Co, and Mn—elements commonly 
found in photovoltaic waste and known to influence the electrochem-
ical and structural behaviour of lithium-based battery systems. The 
structures were obtained using automated high-throughput workflows 
built on the pymatgen and ase Python libraries. Structural prototypes 
were expanded into chemically substituted derivatives using enumer-
ation algorithms such as enumlib, which systematically generate all 
symmetry-distinct configurations from a given parent lattice. Structures 
with redundant atomic arrangements or artificial distortions were ex-
cluded based on symmetry analysis and unit cell volume constraints. 
Only elemental combinations that allowed for formal oxidation states 
consistent with charge neutrality were retained; compositions requiring 
extreme or non-integral valences were excluded to ensure chemical 
plausibility. We select only crystals with unit cell volumes between 
10 Å3 and 2400 Å3, corresponding to a typical atomic packing den-
sity range of 5–35 Å3 per atom, to eliminate unrealistic geometries. 
Crystallographic symmetries were enforced by applying space group 
analysis and retaining only those structures belonging to the 230 well-
defined space groups. Structures with symmetry-related degeneracies 
or redundant atomic arrangements were reduced to their primitive 
forms. Artificial distortions – such as unrealistically elongated bonds or 
asymmetric unit cells – were filtered by excluding any structure with 
bond lengths deviating by more than 20% from standard covalent radii 
or with unit cell angles deviating more than 10 ◦ from ideal values in 
high-symmetry systems.

Although the dataset does not aim to be exhaustive, it spans a 
broad range of crystallographic symmetries and stoichiometric ratios, 
reflecting a diverse and realistic sample of chemically and structurally 
viable compounds. A statistical overview of the final dataset is pre-
sented in Fig.  1, illustrating the distributions of space group numbers, 
unit cell volumes, and the number of unique elements per compound. 
These distributions highlight the structural and chemical diversity of 
the dataset, which is essential for developing generalisable machine 
learning models and performing robust high-throughput screening of 
potential anode materials.

Spin-polarised DFT calculations are carried out by employing the 
Vienna Ab-initio Simulation Package (VASP), to calculate Gibbs free 
energy, density of states and orbital overlapping [31–34]. The inter-
actions between core and valence electrons were considered through 
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Fig. 1. Statistical characterisation of the dataset comprising 9835 Li-based crystal structures. (a) Distribution of crystallographic space group numbers, illustrating the prevalence 
of common symmetries. (b) Frequency of unique element counts per structure, indicating the compositional complexity across the dataset. (c) Histogram of unit cell volumes (in 
Å3), showing the diversity in crystal size and density.
projector augmented-wave potentials, with valence electrons repre-
sented by periodic plane waves at a cut-off energy of 550 eV [35]. The 
pseudo-potentials of lithium were handled by integrating the 𝑠 electrons 
into the valence electron configuration. The exchange–correlation func-
tional was addressed within the Perdew, Burke, and Ernzerhof (PBE) 
formulation [36]. The k-point mesh was tailored individually due to 
the different cell sizes. We applied thermodynamic considerations to 
identify stable candidates, and only those that lay on the convex hull 
were considered stable, reducing the original set of 9835 to 211 stable 
structures. This thermodynamic assessment is crucial for filtering out 
the computationally feasible crystal structures ensuring that our focus 
is on the most promising candidates for practical implementation in 
device-scale or industrial applications.

The dataset of thermodynamically stable structures includes a di-
verse range of crystal compositions, with only a few more complex 
multi-element systems. The crystallographic space groups of these crys-
tals includes both high-symmetry and low-symmetry groups and with 
a cell sizes ranging from around 2.5 Å to over 13 Å.

To investigate Li diffusion in the generated structures, ab-initio
Molecular Dynamics simulations (AIMD) were conducted at 300 K us-
ing a Nosé-Hoover thermostat, with a time step of 2.0 𝑓𝑠 at the gamma 
point [37]. Each crystal cell was appropriately expanded to ensure 
negligible interactions between the diffusing Li atom and its replica 
under periodic boundary conditions. The Li-ion diffusion coefficient 
D𝑐𝑜𝑒𝑓𝑓  was calculated from the velocity autocorrelation function: [38] 

Dc𝑜𝑒𝑓𝑓 ≈
𝑁−1
∑ 𝐶𝑣(𝑡𝑖) + 𝐶𝑣(𝑡𝑖+1)𝛥𝑡 (1)

𝑖=1 2

3 
where 𝐶𝑣(𝑡𝑖) is: 

𝐶𝑣(𝑡) = ⟨𝐯(𝑡) ⋅ 𝐯(𝑡 + 𝜏)⟩ . (2)

2. DFT calculations were used to generate machine learning models. 
Random Forest (RF) and eXtreme Gradient Boosting (XGBoost) were 
chosen due to their efficacy for handle high-dimensional, nonlinear 
data, and strong performance in regression tasks relevant to materials 
informatics (bulk modulus, shear stress, diffusion coefficients) [39–
42].  These ensemble-based models have been extensively validated 
for predicting battery-related properties such as lithium diffusion, bulk 
modulus, and theoretical capacity [41,43]. In addition, RF provide mea-
sures of feature importance, enabling interpretability and identification 
of key structural descriptors that influence capacity.

To train predictive models for bulk modulus and shear stress, we 
included a comprehensive set of structure and composition-based de-
scriptors derived primarily from the Materials Agnostic Platform for 
Informatics and Exploration Magpie feature library [39].  These fea-
tures capture elemental, structural, and electronic characteristics of 
the anode materials and were chosen for their interpretability and 
established relevance in materials informatics. A total of 253 numerical 
features were initially extracted, and feature selection using LASSO 
regression was performed to identify the most relevant descriptors, 
ultimately retaining 71 features with non-zero coefficients to reduce 
model complexity while maintaining predictive accuracy [44].

In the ML training, we included metastable crystals randomly se-
lected within different clusters generated using KMeans models. The 
large training set can offer a diverse example of electronic structure, as 
well as functional and structural descriptors, that may correlate with 
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Table 1
Characteristics of selected elements considered for alternative anode materials for 
lithium-ion batteries. The table summarises the unique properties and potential benefits 
of each element as suggested by data in the literature.
 Element Properties Ref.  
 Nitrogen Enhances conductivity and electrochemical activity [15] 
 Boron Amplify Li-ion storage capacity [17] 
 Fluorine Reduces voltage hysteresis and offers thermal stability [18] 
 Iron Increases capacity (although challenges in volume expansion) [20] 
 Nickel Increases capacity and stability in alloys/oxides [21] 
 Cobalt Improves thermal stability, limited by cost and toxicity [22] 
 Manganese Abundant and environmentally friendly [23] 

anode capacitance. While these phases may not be thermodynamically 
stable under standard operating conditions, their presence expands the 
diversity of the dataset, thereby enhancing the statistical robustness and 
the overall significance of the resulting analysis.

Random Forest (RF) and eXtreme Gradient Boosting (XGBoost) 
model were implemented and employed as an ensemble learning tech-
nique regression tasks to calculate bulk modulus and shear stress. 
These models ensures robustness in handling complex, non-linear re-
lationships, as reported in the literature [42,44,45].  Random Forest 
(RF) models were used to assess the importance of a few features in 
predicting the volumetric capacity of anode materials, defined as the 
amount of electrical charge the anode can store per unit volume [46].

We employed 10-fold cross-validation strategy to measure the
model’s accuracy using two different metrics: the mean squared error 
(MSE) and the coefficient of determination (R2). By averaging the R2
and MSE scores across all folds, we derived robust estimates of the 
model’s predictive performance. This rigorous validation framework 
ensured that the reported metrics reliably reflect the Random Forest 
model’s generalisability and stability when predicting on unseen data. 
For model interpretability, SHapley Additive exPlanation (SHAP) val-
ues were employed to quantify the contribution of each feature to the 
model’s predictions. SHAP attributes to selected (i.e. DFT calculated) 
features a fair and consistent importance value, gaininig intuitive 
insights into variablesinfluence into model’s predictions, highlighting 
the key factors in the model predictions and providing a comprehensive 
overview of the interplay between various factors [46,47].

3. Results and discussion

In this section, results are presented from a comprehensive analysis 
focusing on the maximum theoretical capacity of various crystal struc-
tures, in order to identify crystal structures that potentially outperform 
traditional silicon anodes. This analysis incorporates structural, func-
tional, and thermodynamic properties, such as Gibbs free energy, Li 
diffusion, and elasticity, as detailed in Tables  2 and 3. The investigation 
involves two performance indicators. Firstly, the maximum theoretical 
capacity (MTC), reflecting the energy storage capability of the materi-
als, was calculated based on the number of electrons extractable upon 
delithiation of each crystal. This metric, referred to as Li maximum 
theoretical capacity, is detailed in the referenced literature [48]. Addi-
tionally, the full capacity of the crystals was computed by considering 
the total number of electrons available, providing a benchmark to 
assess how closely the Li maximum theoretical capacity approaches 
the maximum possible capacity. Li MTCs, involving the estimation of 
the net charge upon complete delithiation, are reported for the top 
40 performing crystals in Table  2. Secondly, as indicators of anodic 
mechanical and electrochemical performance, Gibbs free energy, bulk 
modulus, shear stress, and Li diffusion were evaluated and presented in 
Table  3, assessing the structural integrity and resilience of the materials 
under operational conditions and cycling. The selection of these specific 
mechanical properties aligns with their relevance in determining the 
durability and reliability of anode materials in real-world battery appli-
cations. The maximum theoretical capacities (MTC) of selected crystals 
4 
have been normalised against the standard benchmark of silicon of 
4200 mAg−1. This benchmarking provides contextual comparison with 
established LIB anode materials, such as different carbon phases includ-
ing petroleum coke or graphite, demonstrating capacities ranging from 
372 mAg−1 to 4200 mAg−1 [49–51]. Among the analysed compounds, 
Li47Ni8O32 shows the highest theoretical capacity, measured at 2.24 
(see Table  2), exceeding the capacity of silicon by more than double 
outperforming current industry standards. The same elemental combi-
nation can also yield other high-capacity phases, such as Li23Ni17O40
and Li19Ni23O42, indicating the compositional versatility and structural 
tunability intrinsic to these crystal systems. The literature confirms how 
several Li𝑥Ni𝑦O𝑧 stoichiometries can be synthesised to achieve stable, 
high-capacity lithium storage performance, suggesting the significant 
elemental synergy and potential for long-term stable and high-capacity 
lithium storage systems [52–54]. Other notable compounds shown in 
Table  2, such as lithium-iron and lithium-cobalt oxides (Li35Fe8O32
and Li21Co8O18), have calculated capacities greater than 1.0, which 
represents a considerable enhancement over traditional materials.  Pre-
vious DFT calculations have demonstrated that in LiCoO2, oxygen 
anions actively participate in charge compensation during delithiation, 
contributing to the material’s electrochemical capacity through anionic 
redox reactions; similarly, in lithium-rich layered oxides containing 
iron, DFT studies reveal that oxygen redox processes occur alongside 
transition metal redox, collectively enhancing the overall capacity of 
these materials [55,56]. The role of oxygen in these compounds may 
be particularly significant, potentially aiding in boosting electrochem-
ical capacity through redox reactions and several Li-O stoichiometries 
incorporating Fe and Co have been identified as promising LIBs anode 
material [57–60]. However, one of the limitation of tested anodes, is 
the strong dependence on the cathode half potential, which may limit 
their application. Nevertheless, although this class of anode materials 
may not be appropriate candidates for the conventional LIBs, but they 
are still good choices for new types of electrochemical energy storage 
systems such as hybrid battery/super-capacitor.[61]

The inclusion of nitrogen, as seen in Li19Mn5N9 and Li36Fe10N24, 
suggests alterations in the electronic structure, which could improve the 
conductivity and stability of the anode materials, as also suggested by 
Cheng-Che et al. and Ma et al. [62,63]  Similarly, theoretical analyses 
of Li7MnN4 using Density Functional Theory (DFT) within the Gener-
alized Gradient Approximation (GGA) validate the electrochemical ac-
tivity and structural integrity of lithium manganese nitrides, supporting 
our findings; moreover, Fe-rich nitrides have demonstrated reversible 
lithium cycling with moderate voltage hysteresis, complementing our 
results [64,65].

The distribution of largest capacities is reported in Fig.  2. Here, the 
majority of high capacity structures (indicated by the red dotted) have 
MTC exceeding 0.75, with several having capacities approaching that 
of silicon. This highlights the potential of these materials as competitive 
alternatives to current anode performance standards. A recurring theme 
in these findings is the ability of these multi-elemental compositions to 
meet or exceed the capacities of conventional silicon anodes, paving the 
way for the next generation of high-capacity, sustainable lithium-ion 
batteries.

The Gibbs free energies and diffusion coefficients for various crys-
tal structures were determined using DFT and AIMD, respectively. In 
addition, the bulk modulus and shear stress of these structures were 
computed with machine learning Random Forest models, achieving a 
maximum accuracy levels of R2 ≥ 0.97 (details can be found in the 
SI). Orbital overlap calculations were conducted by integrating the 
overlapping projected Density of States (pDOS) in the energy range of 
−5 eV to 0 eV, with the reference point set at 0 eV, corresponding to the 
Fermi Energy. Table  3 provides a detailed view of these properties for a 
selection of crystal structures, chosen for their thermodynamic stability. 
These structures display promising characteristics for anode applica-
tions in lithium-ion batteries. A critical factor in determining battery 
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Table 2
Maximum theoretical capacity (MTC) of the 40 best performing crystals out of 9835 
possible crystals. The capacity has been normalised with respect to that of Si (4200 
mAg−1).
 Formula Reaction MTC 
 Li47Ni8O32 Li47Ni8O32 → Ni8O32+47Li++47e− 2.24 
 Li35Fe8O32 Li35Fe8O32 →Fe8O32+35Li++35e− 1.67 
 Li23Ni17O40 Li23Ni17O40 →Ni17O40+23Li++23e− 1.10 
 Li88Si20 Li88Si20 →Si20+88Li++88e− 1.05 
 Li21Fe4O16 Li21Fe4O16 →Fe4O16+21Li++21e− 1.00 
 Li21Co8O18 Li21Co8O18 →Co8O18+21Li++21e− 1.00 
 Li42Co8O32 Li42Co8O32 →Co8O32+42Li++42e− 1.00 
 Li84Si20 Li84Si20 →Si20+84Li++84e− 1.00 
 Li20Co21O40 Li20Co21O40 →Co21O40+20Li++20e− 0.95 
 Li20B54O1 Li20B54O1 →B54O1+20Li++20e− 0.95 
 Li19Co4O16 Li19Co4O16 →Co4O16+19Li++19e− 0.91 
 Li19Mn5N9 Li19Mn5N9 →Mn5N9+19Li++19e− 0.91 
 Li19Ni23O42 Li19Ni23O42 →Ni23O42+19Li++19e− 0.91 
 Li36Fe10N24 Li36Fe10N24 →Fe10N24+36Li++36e− 0.86 
 Li17Co4O16 Li17Co4O16 →Co4O16+17Li++17e− 0.81 
 Li17Ni11O28 Li17Ni11O28 →Ni11O28+17Li++17e− 0.81 
 Li34Co6O24 Li34Co6O24 →Co6O24+34Li++34e− 0.81 
 Li17Fe6Si12O42 Li17Fe6Si12O42 →Fe6Si12O42+17Li++17e− 0.81 
 Li17Fe4C16O48 Li17Fe4C16O48 →Fe4C16O48+17Li++17e− 0.81 
 Li16Fe4Si1O16 Li16Fe4Si1O16 →Fe4Si1O+16Li++16e− 0.76 
 Li32Co6O24 Li32Co6O24 →Co6O24+32Li++32e− 0.76 
 Li15Mn2O12 Li15Mn2O12 →Mn2O12+15Li++15e− 0.72 
 Li15Fe2O12 Li15Fe2O12 →Fe2O12+15Li++15e− 0.72 
 Li15Ni14O28 Li15Ni14O28 →Ni14O28+15Li++15e− 0.72 
 Li30Si8 Li30Si8 →Si8+30Li++30e− 0.72 
 Li15Mn15Si1O32 Li15Mn15Si1O32 →MnSi1O32+15Li++15e− 0.72 
 Li30Fe8O32 Li30Fe8O32 →Fe8O32+30Li++30e− 0.72 
 Li15Mn21O43 Li15Mn21O43 →Mn21O43+15Li++15e− 0.72 
 Li14Co13O28 Li14Co13O28 →Co13O28+14Li++14e− 0.76 
 Li28Mn4O18 Li28Mn4O18 →Mn4O18+28Li++28e− 0.76 
 Li28Fe8O26 Li28Fe8O26 →Fe8O26+28Li++28e− 0.76 
 Li28Mn10F48 Li28Mn10F48 →Mn10F48+28Li++28e− 0.76 
 Li13Fe2O12 Li13Fe2O12 →Fe2O12+13Li++13e− 0.62 
 Li13Mn2O12 Li13Mn2O12 →Mn2O12+13Li++13e− 0.62 
 Li13Ni9O22 Li13Ni9O22 →Ni9O22+13Li++13e− 0.62 
 Li13Mn8O24 Li13Mn8O24 →Mn8O24+13Li++13e− 0.62 
 Li26Mn4O18 Li26Mn4O18 →Mn4O18+26Li++26e− 0.62 
 Li13Ni15O28 Li13Ni15O28 →Ni15O28+13Li++13e− 0.62 
 Li13Co15O28 Li13Co15O28 →Co15O28+13Li++13e− 0.62 
 Li26Si8 Li26Si8 →Si8+26Li++26e− 0.62 

Fig. 2. Histogram of maximum theoretical capacity (MTC) greater than 0.5 when 
normalised with respect to that of Si per unit formula out of the among the 9835 
structures considered.
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Fig. 3. Distribution of Bulk Modulus and Shear Stress (both in GPa) for the thermo-
dynamically stable crystal structures. The colour gradient, ranging from dark brown 
to dark blue, represents increasing mechanical hardness—soft crystals appear brown, 
while hard crystals are shown in blue. The star marks the position of crystalline silicon 
(c-Si), serving as a reference point to illustrate the spread of micro-hardness among 
the analysed structures. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

safety and lifespan is the Gibbs free energy at equilibrium. It was cal-
culated that structures exhibiting high capacity also show lower Gibbs 
free energy values in comparison to crystalline silicon (c-Si). This pat-
tern implies enhanced stability during battery operation, as lower Gibbs 
free energy typically aligns with better structural integrity and a lower 
likelihood of reactions that could deteriorate the battery over time. In-
depth analysis of the data in Table  3 leads to conclusions regarding the 
performance of these materials and aids in identifying crystal structures 
with outstanding performance relative to conventional silicon anodes. 
For instance, Li84Si20 is distinguished by high thermodynamic stability, 
as indicated by favourable Gibbs free energy values in both neutral 
and charged states of −2.77 eV and −2.97 eV, respectively. Its MTC 
of 1, along with notable diffusion coefficients (D0

c𝑜𝑒𝑓𝑓 = 3.10 × 10−13
cm2s−1 and D+

c𝑜𝑒𝑓𝑓=3.90 × 10−12 cm2s−1), implies a potential edge 
in lithium-ion mobility over other structures. Furthermore, Li16Si2O12
shows high lithium overlap, suggesting higher capacity for lithium 
incorporation within the crystal lattice, whereas the overall overlap 
values, indicative of the degree of electron interaction, point towards 
improved electrical conductivity for efficient battery operation [66]. 
Our analyses underscore the potential of Li16Si2O12 and Li24Co4O16 as 
promising lithium-ion conductors, attributed to their structural charac-
teristics and electronic properties. Specifically, Li24Co4O16 exhibits a 
layered architecture with pronounced Co–O covalency, a feature that 
has been correlated with enhanced electronic conductivity in LiCoO2
and related systems [67]. Notably, Li24Co4O16 is predicted to have 
a slightly elevated voltage plateau during the delithiation process, 
which may be attributed to the higher cobalt content influencing the 
material’s electronic structure [67].

Li84Si20, having a calculated MTC of 1.00 and favourable Gibbs 
free energy values in both neutral and charged states, shows both 
high stability and lithium-ion mobility, with potential advantages over 
traditional anodes. Similarly, Li56Mn8N32, containing nitrogen and 
manganese, shows notable mechanical strength, evident from high 
shear stress and bulk modulus values, suggesting improved durability 
and performance when synthesised as a single crystal, in line with Zhou 
et al. [64].

Structural insights
Shear stress (SS) and bulk modulus (BM) (see Fig.  3), representing 

the mechanical properties of anode materials, provide insights into 



M. Fronzi et al. Journal of Power Sources 652 (2025) 237347 
Table 3
Properties of selected lithium-based crystals to evaluate performance and stability in battery applications. The abbreviations are: MTC - Maximum Theoretical Capacity (normalised 
with respect to that of Si), SG - Space Group, EG(0) and EG(+) - Gibbs free energy in neutral and charged states (eV), D0

c𝑜𝑒𝑓𝑓  and D+
c𝑜𝑒𝑓𝑓  - Diffusion coefficients in neutral and 

charged states (cm2 s−1), Li o.l. and Tot o.l. - Lithium and Total overlap (indicating electron interaction), SS (GPa) - Shear Stress (GPa), BM - Bulk Modulus (GPa).
 formula MTC SG EG(0) EG(+) D0

c𝑜𝑒𝑓𝑓 D+
c𝑜𝑒𝑓𝑓 Li o.l. Tot o.l. SS BM  

 Li84Si20 1.00 216 −2.77 −2.97 3.10 × 10−13 3.90 × 10−12 2.28 × 10−4 1.77 100 150 
 Li30Si8 0.71 220 −2.72 −2.73 2.30 × 10−13 3.80 × 10−13 2.49 × 10−4 1.74 110 165 
 Li26Si8 0.62 55 −2.70 −2.67 1.50 × 10−11 5.80 × 10−12 2.79 × 10−4 1.71 120 180 
 Li16Si2O12 0.38 185 −5.99 −6.04 3.80 × 10−13 2.70 × 10−12 2.84 × 10−3 3.32 130 195 
 Li42Si18 0.33 153 −3.34 −3.44 6.80 × 10−14 3.10 × 10−12 3.55 × 10−4 1.62 140 210 
 Li56Mn8N32 0.33 218 −5.59 −5.61 1.30 × 10−14 2.10 × 10−14 2.91 × 10−3 9.53 150 225 
 Li12Fe2N8 0.29 137 −5.75 −5.83 2.50 × 10−13 4.10 × 10−12 3.13 × 10−3 11.17 160 240 
 Li24B16O36 0.29 14 −7.35 −7.55 4.00 × 10−12 1.20 × 10−12 3.66 × 10−3 8.56 170 255 
 Li24Co4O16 0.29 137 −5.34 −5.47 1.70 × 10−13 2.50 × 10−11 3.37 × 10−3 4.16 180 270 
 Li24Mn4O16 0.29 137 −5.63 −5.60 1.40 × 10−12 4.30 × 10−13 3.19 × 10−3 3.85 190 285 
 Li5Ni3N3 0.24 189 −5.00 −5.04 1.80 × 10−12 8.50 × 10−12 5.41 × 10−3 7.33 200 300 
 Li80Si16N48 0.24 1 −4.31 −4.51 6.20 × 10−14 1.20 × 10−13 2.42 × 10−3 9.95 210 315 
Fig. 4. Element fraction versus normalised maximum theoretical capacity for selected 
elements. The figure highlights the variability in MTC among different elemental 
compositions.

their brittleness, hardness, and ductility. An analysis of micro-hardness 
across the 211 crystal structures, based on the methodology defined 
in previous work [68], reveals a linear distribution between shear 
stress and bulk modulus, with crystalline silicon (c-Si) located at ap-
proximately one-third of this distribution. Microhardness affects the 
material’s resistance to volume changes during lithiation/delithiation 
cycles, which are a common cause of capacity fading in anodes. In a 
polycrystalline phase, where micro-hardness correlates with fragility, 
crystals with a large bulk modulus can negatively impact the structural 
properties of the anode [68]. Therefore, only a small portion of the 
entire set, approximately one-third, will improve structural properties 
anode. Among the stable structures, Li56Mn8N32 has been identified to 
have robust mechanical properties when crystallised in a single phase, 
as evidenced by its high shear stress and bulk modulus, measured 
at 150 GPa and 225 GPa, respectively. These values suggest that a 
single phase of such materials could offer high mechanical stability in 
comparison to cubic silicon (c-Si), with shear stress and bulk modulus 
in the range of 54 GPa and 82 GPa [69]. On the other hand, when 
secondary phases are present, hardness might negatively influence the 
mechanical stability of a material, as micro-hardness can contribute 
to brittleness [25]. The inclusion of Mn has been associated with a 
reduction in micro-hardness and improved ductility in several man-
ganese nitride systems, as reported by DFT studies, which aligns with 
the mechanical robustness observed here for Li–Mn–N compounds [70].

Elemental composition
The comparative analysis of the MTC, normalised with respect to 

silicon, for various elements, as depicted in Fig.  4, shows interesting 
6 
Fig. 5. Distribution of bulk modulus values across different space groups. Each box in 
the plot represents the distribution for a specific space group, with the interquartile 
range (IQR) from the 25th to the 75th percentile, the median value (horizontal line), 
and outliers plotted as dots. The colour scheme facilitates the identification of different 
lines.

trends. On average, elements such as Mn, Co, F, and Fe display a wide 
range of capacities, indicating the influence of their distinct electronic 
and structural features within the electrochemical environment. Tran-
sition metals like Mn and Co show notably variable capacity trends, 
which can be attributed to their ability to adopt multiple oxidation 
states, thereby facilitating enhanced electron transfer during lithiation 
and delithiation processes [71].

In contrast, the behaviour of elements such as F and Fe presents 
an opposite pattern. While Fe-containing compounds reach their high-
est capacities at relatively low elemental fractions, F-containing com-
pounds attain their maximum (although relatively modest) capacities 
at higher fractions. This observation suggests a complex interplay be-
tween electronic structure, bonding environment, and Li-ion mobility 
within the crystal matrices, which impacts the electrochemical activity 
differently for each element.

A general evaluation of the top 40 highest-performing crystals, 
highlights that specific elements consistently contribute to higher ca-
pacities. In particular, nickel Ni, Fe and Co emerge as the dominant 
contributors, reinforcing the essential role of transition metal chemistry 
– particularly the capacity to access multiple oxidation states – in 
dictating lithium storage performance.
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Fig. 6. SHAP summary plot illustrating the impact of structural properties on the 
functional performance of battery anode materials. Each dot represents a feature’s 
influence on the model’s output, with the horizontal position indicating the magnitude 
and direction of the impact (positive or negative). The colour of the dots represents 
the feature’s value (blue for low, red for high). For example, a red dot far to the 
right for feature ‘X’ indicates a high value of ‘X’ strongly increases performance (target 
property values), while a blue dot far to the left for feature ‘Y’ indicates a low value 
of ‘Y’ strongly decreases performance (target property values). This plot highlights 
how different values of each feature affect the model’s predictions and their relative 
importance. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)

Multivariable correlations
Initially, a conventional statistical analysis revealed no clear corre-

lation between density overlap and ion diffusion rates. This indicates 
that simple metrics derived from partial density of states (pDOS) calcu-
lations alone are not sufficient to predict overall anode electrochemical 
performance. In other words, relying solely on basic pDOS-based de-
scriptors does not yield meaningful insights into how easily ions might 
move through the material.

To gain deeper understanding, we employed a range of ML-driven, 
high-dimensional data analyses. These techniques allowed us to move 
beyond simple pairwise correlations and to consider multiple material 
properties and descriptors simultaneously. By examining the combined 
influence of elemental composition and crystal symmetry on mechani-
cal, electronic, and ionic transport properties, our ML models revealed 
more complex relationships than those accessible through basic statisti-
cal tests. Specifically, while elemental composition influences chemical 
bonding and electrochemical behaviour, the symmetry of the crystal 
structure plays a key role in governing ionic diffusivity and mechanical 
stability (see Figs.  4 and 5). These results highlight that a material’s 
underlying symmetry can shape how lithium ions move through its 
lattice and how well it resists deformation during operation.

Further correlation analyses, illustrated in Fig.  7, identified a sig-
nificant negative correlation between bulk modulus and shear stress on 
one hand, and Gibbs free energy under Li0 conditions on the other. This 
suggests that materials with higher bulk moduli may more effectively 
withstand the mechanical strains caused by lithium intercalation, main-
taining their structural integrity. Moreover, the relationship between 
shear stress and lithium orbital overlap points to lithium’s critical 
role in influencing the material’s micro-hardness. Here again, the ML-
driven correlation analysis goes beyond simple observations, linking 
mechanical strength directly to how lithium is incorporated into the 
lattice.

To dissect the contribution of individual features to the ML model 
predictions, we employed SHapley Additive exPlanations (SHAP) anal-
ysis. SHAP offers a game-theoretic approach to interpret ML outputs, 
allowing us to pinpoint which structural and electronic properties are 
most influential in determining functional behaviour. As shown in Fig. 
7 
Fig. 7. Correlation Matrix of the calculated properties. This includes total electronic 
capacity per formula unit in milliampere per gram (mAg−1), volume occupied by 
the total electronic capacity, capacity due to lithium electrons per formula unit 
(mA−1), capacity of lithium electrons per unit volume (mA−1cm−3), and others. ‘‘Lattice 
Constant a’’, ‘‘b’’, and ‘‘c’’ represent the lattice parameters and ‘‘Volume’’ refers to the 
unit cell volume. ‘‘Bulk Modulus’’ and ‘‘Shear Stress’’ measure material resistance to 
uniform compression and shear deformation, respectively. ‘‘MD Coeff’’ and ‘‘MD+ Coeff’’ 
represent coefficients from molecular dynamics simulations, with ‘‘MD+’’ indicating 
enhanced sampling techniques. ‘‘Min Gibbs Free Energy (eV) MD’’ and ‘‘MD+’’ show 
the minimum Gibbs free energy from standard and enhanced molecular dynamics 
simulations, respectively. ‘‘Li DOS weighted overlap’’ and ‘‘total DOS weighted overlap’’ 
describe the weighted overlap integrals for lithium interstitial sites and the total system, 
providing insights into diffusion pathways. The 𝑥-axis reports the same properties 
ordered from left to right so the correlation will be 1 along the diagonal.

6, features are ranked by their importance, providing a clear visuali-
sation of how various factors – ranging from atomic composition and 
crystal symmetry to electronic descriptors – interact to shape material 
performance.

In addition to multivariable correlation analysis, SHAP analysis (Fig. 
6) reveals that structural and mechanical descriptors, such as space 
group, lattice constants, and bulk modulus, have a greater impact on 
the model’s capacity predictions than elemental fractions or individ-
ual electronic descriptors. This finding emphasises that compositional 
trends alone are insufficient to reliably predict high performance, and 
that the crystal symmetry and mechanical robustness must be con-
sidered as primary factors. Moreover, the correlation analysis (Fig.  7) 
highlights that full capacity tends to decrease with increasing volume, 
Gibbs free energy, and density of states (DOS) overlap, suggesting a 
delicate trade-off between electronic conductivity and lithium stor-
age capability. Overall, these results underscore the critical need for 
holistic, multi-parameter screening strategies when identifying and 
designing next-generation anode materials.

Interestingly, while we do observe a correlation between crystal 
space group and micro-hardness, this influence appears more moderate 
than previously found in studies limited to Si-C anodes [68]. In the 
more diverse dataset analysed here, the crystal symmetry effect is 
diluted by the greater complexity introduced by multiple elements and 
structural variations, illustrating how ML methods can reveal subtle 
dependencies that differ from simpler, more constrained systems.

Finally, our ML models also shed light on the role of electronic over-
lap in energy storage. The negative correlation with capacity suggests a 
trade-off: although higher electronic overlap might enhance conductiv-
ity, it could simultaneously lower the material’s ability to store lithium 
ions effectively. Such detailed insights, uncovered through ML-driven 
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analyses, underscore the importance of balancing electronic, structural, 
and mechanical properties to optimise overall battery performance.

While the multivariable analysis presented here reveals important 
correlations between elemental composition, crystal symmetry, and 
anode material performance, it is important to acknowledge the in-
herent limitations of this approach. The trends identified are based 
on a finite dataset of structures and chemistries, and may not cap-
ture the full diversity of possible anode candidates, especially those 
involving different anionic species or non-oxide materials. Moreover, 
the complex interplay between electronic, structural, and mechanical 
properties suggests that no single elemental ‘‘fingerprint’’ universally 
guarantees high performance. Instead, these findings highlight the 
necessity of integrating broad compositional diversity and careful struc-
tural characterisation when developing general design principles for 
next-generation anode materials.

4. Conclusion

In this study, we employed advanced computational methods to 
identify and evaluate promising candidates for alternative lithium-ion 
battery anode materials. By systematically exploring stable, thermody-
namically favourable crystal structures composed of Li, Si, C, O, N, B, 
F, Fe, Ni, Co, and Mn, we analysed how their electronic, structural, 
thermodynamic, and mechanical properties influence lithium storage 
capacity. This comprehensive analysis identified several new materi-
als exhibiting favourable characteristics comparable to, or exceeding, 
conventional anodes.

Among the best-performing candidates are Li47Ni8O32, Li35Fe8O32, 
Li84Si20, Li56Mn8N32, Li16Si2O12, and Li24Co4O16. Li84Si20 stands out 
for its high Maximum Theoretical Capacity (MTC), surpassing that of 
pure silicon, and its favourable Gibbs free energy, making it an excel-
lent candidate for high-capacity, long-lasting battery anodes. Li56Mn8N3
enriched with nitrogen and manganese, offers a suitable electrochemi-
cal profile combined with robust mechanical properties, which should 
enhance structural stability and potentially improve the battery’s lifes-
pan. Meanwhile, Li16Si2O12 density of states shows a pronounced 
overlap, suggesting efficient lithium accommodation and suggesting 
its potential for high-capacity storage. Li24Co4O16, on the other hand, 
demonstrates notable electronic conductivity and favourable lithium-
ion mobility, indicating potential rapid charge–discharge cycles and 
high rate capability desirable in high-power applications.

While our integrated DFT and ML approach enables efficient and 
scalable screening of a large number of candidate structures, several 
limitations must be acknowledged. The accuracy of the ML models is 
inherently dependent on the quality and diversity of the DFT training 
data; biases or under-represented chemistries in the training set could 
affect model generalisability. Ensemble models such as Random Forest 
and XGBoost, despite their strength in handling non-linearity, remain 
somewhat opaque in terms of interpretability. and although SHAP 
values provide local explanations, they do not uncover causal mecha-
nisms and may sometimes conflict across features. Finally, our study 
focuses on theoretical performance metrics; experimental validation 
of top candidates is necessary to confirm their viability as commer-
cial anodes. Furthermore, although our analysis identified important 
trends linking elemental composition to performance, the diversity 
of structural environments and property interdependencies indicates 
that no single elemental combination universally ensures optimal an-
ode behaviour. The complex interplay between composition, symme-
try, and electronic structure underscores the necessity of a holistic, 
multi-parameter screening approach for future anode design.

Despite these limitations, our methodology – integrating DFT, ma-
chine learning, and interpretability tools – provides a scalable frame-
work for investigating large chemical spaces. This approach assists 
both fundamental research and industrial R&D by rapidly identify-
ing structures with ideal theoretical performance. The exploration of 
materials derived from photovoltaic waste elements opens pathways 
8 
to more sustainable energy storage technologies. The insights gained 
here, including the emphasis on thermodynamic stability, ion mobility, 
mechanical hardness, and electronic structure, contribute to developing 
next-generation lithium-ion battery anodes that balance high perfor-
mance with environmental and economic considerations. By analysing 
these key material attributes, this work charts a direction towards 
practical, stable, and efficient battery anodes suitable for future energy 
storage solutions.
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