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a b s t r a c t

Although lithium-ion batteries (LIBs) currently dominate a wide spectrum of energy storage applications,

they face challenges such as fast cycle life decay and poor stability that hinder their further application.

To address these limitations, element doping has emerged as a prevalent strategy to enhance the dis-

charge capacity and extend the durability of Li-Ni-Co-Mn (LNCM) ternary compounds. This study utilized

a machine learning-driven feature screening method to effectively pinpoint four key features crucially

impacting the initial discharge capacity (IC) of Li-Ni-Co-Mn (LNCM) ternary cathode materials. These

features were also proved highly predictive for the 50th cycle discharge capacity (EC). Additionally, the

application of SHAP value analysis yielded an in-depth understanding of the interplay between these fea-

tures and discharge performance. This insight offers valuable direction for future advancements in the

development of LNCM cathode materials, effectively promoting this field toward greater efficiency and

sustainability.

© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Lithium-ion batteries (LIBs) dominate the energy storage mar-

ket due to their high energy density, long cycle life, and environ-

mental compatibility [1–6]. Among cathode materials, Li-Ni-Co-Mn

(LNCM) ternary materials, comprising Ni, Co, and Mn, are distin-

guished for their high energy density, durability, and environmen-

tal sustainability [7–10]. The initial discharge capacity (IC) of LNCM

materials is a critical performance metric, affecting cycle life and

indicative of overall performance [11,12]. Moreover, the discharge

capacity at the 50th cycle (EC) stands out as a critical parameter

indicative of a battery’s cycle endurance. Hence, the pursuit and

discovery of strategies to enhance the IC and EC performances have

become prominent subjects of inquiry in the realm of battery.

Discharge capacity, a pivotal metric for lithium-ion ternary bat-

tery performance, mirrors the available electric charge [13,14].

Doping is a prevalent approach to augment discharge capacity
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by optimizing LNCM material properties [15–18], and optimizing

crystal-electronic structures to enhance capacity and cycle stability

[19–21]. It increases specific surface area, boosting active material

utilization and, consequently, battery discharge capacity [21,22].

Doping also optimizes the electronic structure, quickening lithium-

ion diffusion, decreasing internal resistance, and uplifting overall

battery efficacy [19]. The recent synthesis of AI and materials sci-

ence has sparked keen interest due to their synergistic significance

[23,24]. Machine learning, a key component of AI, offers pathways

for optimizing and developing material properties [25,26]. Neural

networks, for example, fulfill the need for high-efficiency solid-

state electrolytes (SSE) materials [27] and accurately forecast poly-

mer electrolyte ion conductivity [28]. Similarly, machine learning

can predict the discharge capacity of LNCM ternary materials, guid-

ing improvements in LIBs’ performance.

This study aims to identify key material descriptors influenc-

ing IC and EC of LNCM ternary materials using machine learning.

Data on IC and EC for LNCM ternary materials, doped with var-

ious single elements, were collected from academic publications.

Subsequently, 229 material descriptors were constructed using do-
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Fig. 1. A workflow of screening the key factors in the discharge capacity of LNCM.

main knowledge and XenonPy [29]. An effective feature screening

method was developed, integrating the Pearson correlation coef-

ficient (PCC), importance coefficient, optimal subset method [30],

and SHapley Additive exPlanations (SHAP) plots. This method pin-

pointed key features with high prediction accuracy for both IC and

EC of LNCM materials [31], the workflow was shown in Fig. 1. SHAP

plots elucidated potential relationships between these features and

the target performance.

This work integrated dual feature sets originating from XenonPy

calculations and domain-specific knowledge, summarized in Tables

S1 and S2 (Supporting information). This study compiled a dataset

of 237 single-element doped LNCM materials, as shown in Tables

S3 and S4 (Supporting information), and normalized the feature set

by Eq. S8 (Supporting information) [32–34]. After screening for fea-

ture independence, importance, and interpretation (Figs. S1 and S2

in Supporting information), we distilled down to 13 vital features.

To derive the optimal subset, the optimal subset method is adopted

for screening. As shown in Fig. 2a, observing a declining trend

in PCC beyond four features, we concluded that the optimal sub-

set comprises four attributes: var:ground_state_magnetic_moment

(VMM), MTE, Vmax, and CD.

According to the "no free lunch" law, it is impractical to use

a single algorithmic model to solve all machine learning prob-

lems [30,35-37]. Therefore, this study selects 5 typical models by

ten-fold cross-validation [38–40], as shown in Fig. 2b. A series

of indexes, PCC, MAE, and RMSE, were employed to gauge model

performance [41–44]. Inspection of the results in Fig. 2b demon-

strates that the XGB model consistently exhibits optimal perfor-

mance across all three indexes, with PCC at 0.9034 and MAE and

RMSE measured at 13.8033 and 18.9776 mAh/g, respectively. This

indicates that through its exploration of the underlying relation-

ship between the optimal set of features and the target perfor-

Fig. 2. Selecting the optimal feature set and regression model. (a) PCC value was

obtained by the optimal subset selection method. (b) The performance of 5 regres-

sion models with PCC, MAE, and RMSE values.
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Fig. 3. The scatterplot of the IC optimal model and EC optimal model: The scatter-

plot of (a) IC model and (b) EC model based on the same feature set.

mance, the XGB model achieves accurate and low-bias predictions.

Consequently, the XGB model is selected as the preferred output

model for predicting IC.

After feature engineering screening, four features demonstrat-

ing high predictive accuracy for target performance were iden-

tified, and Fig. 3a visually illustrates their predictive strength.

By inputting the optimal subset of features into various regres-

sion models to select the model demonstrating the best per-

formance, as illustrated in Fig. 2a, the XGB model was chosen

as the optimal output model for predicting IC. Similarly, follow-

ing the same rationale, the RF model was selected as the top-

performing model for forecasting EC (Fig. 3b). After 100 random

tests, the target performance yielded PCC=0.9012, MAE=13.9376

mAh/g, and RMSE=19.1462 mAh/g. Beyond the notable predic-

tive capability for IC, this screening approach also demonstrates

heightened performance in predicting EC. Following 100 random

tests, the performance indexes were PCC=0.8461, MAE=15.2549

mAh/g, and RMSE=20.8239 mAh/g, highlighting the robustness of

the model.

The study further analyzed the impact of specific features on

target performance using SHAP plots. Figs. 4a-d presented SHAP

scatter plots, where Figs. 4a and c highlighted the positive corre-

lation between Vmax and MTE with target performance, suggest-

ing improved performance with higher Vmax and MTE values. Con-

versely, Figs. 4b and d associate CD and VMM with target perfor-

mance, revealing a negative relationship as well.

In summary, this research successfully identified four key fea-

tures significantly affecting the IC and EC of LNCM ternary ma-

terials. By examining the potential relationships between these

features and the target performance using SHAP, we contribute

to advancing battery technology and energy storage solutions.

Furthermore, this methodology offers a basis for exploring per-

formance prediction and optimization strategies in other battery

materials.

Fig. 4. The relationship between each feature and the IC based on the SHAP value diagram: The scatterplot of (a) Vmax, (b) CD, (c) MTE, and (d) VMM with their SHAP value,

respectively.
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