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Abstract

Biomass-derived hard carbon is a sustainable and promising anode material for 

sodium-ion batteries. Variations in biomass precursors lead to substantial differences in 

capacity, necessitating a deeper understanding of the underlying mechanisms.  This 

study collected data from 149 relevant literature in the past decade. We used machine 

learning models to analyze the impact of lignin content and its structure in biomass 

precursors on the specific capacity of the derived hard carbon. The tree-based ensemble 

algorithms,  particularly  XGB and  GBDT,  showed  superior  performance,  with  the 

optimal  model  having  a  R²value  of  up  to  0.99  for  training  and  0.60  for  testing. 

Interpretable machine learning models identified lignin content and its structure as 

crucial factors, Shapley value analysis highlighted that higher lignin content and well-

defined lignin structures positively influence capacity. Also, it is found that optimal 

pyrolysis temperatures (1000-1400 ) and appropriate retention times are critical for℃  

enhancing performance. This work provides insights into optimizing biomass precursor 

selection and processing for high-performance hard carbon anodes.

Key  words: biomass  hard  carbon,  sodium-ion  battery,  machine  learning,  XGB, 

precursor selection, lignin
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1.Introduction

Lithium-ion batteries (LIBs) have been widely commercialized due to their high 

specific capacity, excellent cycle life, and rate performance [1]. However, the limited 

availability of lithium resources and their high costs render LIBs less suitable for large-

scale energy storage applications [2]. This has driven the exploration of alternative 

battery technologies that  offer similar  performance at  a  lower cost  and with more 

abundant raw materials [3, 4]. Sodium-ion batteries (SIBs) have emerged as one of the 

most promising alternatives to LIBs due to the low cost and abundant availability of 

sodium  [5].  Despite  these  advantages,  the  larger  ionic  radius  of  sodium  (1.02Å) 

compared to  lithium (0.76Å)  poses  a  significant  challenge  for  the  intercalation  of 

sodium ions into traditional  graphite anodes used in LIBs [6].  This  size disparity 

necessitates the development of novel anode materials to enhance SIB performance [7]. 

Hard carbon, with its low graphitization degree, expansive layer spacing, and well-

defined pore structure, is regarded as an ideal anode material for SIBs [8, 9]. Among the 

various precursors for hard carbon materials, biomass-based sources are particularly 

attractive due to their wide availability, eco-friendliness, and the extensive research 

interest  they  have  garnered  [10].  Biomass-derived  hard  carbon  anodes  have 

demonstrated significant potential, but the large structural differences among biomass 

materials and the complexity of their components often result in inconsistent properties 

in the synthesized hard carbon  [11, 12]. This variability underscores the need for a 
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deeper understanding of the relationship between biomass precursor composition and 

the properties of the resulting hard carbon.

Biomass precursors typically consist of cellulose, lignin, and hemicellulose [13]. 

During pyrolysis, the structure and composition of these components critically influence 

the characteristics of the resulting hard carbon [11]. Studies have shown that the lignin 

content in biomass plays a crucial role in determining the structural and electrochemical 

properties of hard carbon [14]. Nita et al. [15] demonstrated that hard carbon derived 

from walnut shells, which have a high lignin content, exhibited the highest disorder and 

the best reversible specific capacity among tested samples. The hard carbons prepared 

from walnut shells showed the highest disorder and the best reversible specific capacity 

of 315 mAh/g. Dou et al. [16] selected three representative precursors corncobs, peanut 

shells, and waste apples. Among these the peanut shell with high lignin content yielded 

hard  carbon  has  the  highest  specific  capacity  of  298  mAh/g.  Rios  et  al.  [11]

systematically studied 25 kinds of biomass precursors, and the results showed that 

woody and agricultural waste which have high lignin content showed the lowest specific 

surface area and the highest reversible capacity of 260-314 mAh/g and initial coulombic 

efficiency (ICE) of 76-87%. In conclusion, the selection of hard carbon precursors is 

critical in the biomass pyrolysis process and is essential for optimizing this process. A 

significant factor influencing the properties of biomass precursors is the lignin content 

and its internal cross-linking structure. Despite these findings, the impact of lignin 

content and structure on the performance of hard carbon anodes for SIBs remains 
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inadequately explored. Traditional experimental approaches are often limited by the 

complexity and diversity of biomass materials, as well as the lack of comprehensive 

data. Machine learning (ML) techniques offer a promising solution to this problem by 

enabling the analysis of large datasets to identify patterns and predict outcomes based on 

precursor characteristics [17, 18].

Machine learning has been applied to many fields, such as the recognition and 

classification or calculation of images in medicine [19], the prediction of building loads 

in architecture [20], and the design of new energy storage materials in materials science 

[21]. Machine learning has been widely applied in the development of cathode materials 

for SIBs, expanding our understanding of how ML can be harnessed for different battery 

components. For example, Kim et al. developed ML models to tackle the structural 

instability of O3-type layered transition metal oxides (LTMOs) during charge-discharge 

cycles. By integrating feature engineering techniques with density functional theory 

(DFT) calculations, they achieved a robust ML classification model with over 95% 

accuracy in predicting phase stability [22]. Similarly, Oral et al. analyzed a large dataset 

of 1,227 data points from 335 studies using random forest and decision tree algorithms, 

successfully  predicting  key metrics  such as  discharge  capacity  and cycle  life,  and 

highlighting  the  importance  of  electrode  type,  synthesis  method,  and  structural 

characteristics in model accuracy  [23].  Soundharrajan et  al.  applied ML to predict 

crystal stability, which guided DFT validation of structural stability and was followed by 

experimental  synthesis  of  compounds  like  NMVTP/C,  demonstrating  an  efficient 
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pathway for materials discovery [24]. Sun et al. addressed sodium-ion batteries’ unique 

electrochemical behavior through a hybrid deep learning model combining BiLSTM 

and N-BEATS networks to improve state of  charge (SOC) estimation accuracy by 

adapting time-series predictions to specific electrochemical patterns [25].

In the field of non-graphitic carbon anode of sodium-ion battery biomass, machine 

learning is also involved. Liu et al. [26] established a structural attribute database based 

on  the  crystallinity  parameters  (La,  Lc,  d002,  and  ID/IG)  and  main  electrochemical 

properties  of  non-graphitic  carbon,  and  combined  the  data  analysis  results  with 

thermodynamic and kinetic  analysis  to  systematically  evaluate  the impact  of  these 

parameters on the performance of sodium storage. Ji et al.  [27] employed machine 

learning methods to predict the outcomes of 60 experimental groups, excluding data 

points that did not align with the principles of dynamics and thermodynamics, and the 

predictions were further validated through experimental methods. Simultaneously, the 

effects of temperature, pressure, and various structural parameters on the properties of 

carbon were assessed. Existing research primarily focuses on predicting the relationship 

between structure and performance,  while investigations into raw materials remain 

lacking.  The  selection  of  raw materials  can  influence  the  structure  of  the  carbon, 

subsequently impacting its electrochemical performance. However, there has been no 

comprehensive analysis of how biomass precursor types, particularly lignin content and 

structure, influence the performance of hard carbon anodes in SIBs. Given lignin's 

significant role in determining the properties of biomass-derived hard carbon, it  is 
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crucial  to employ ML techniques to screen and optimize precursor selection.  This 

approach can significantly enhance the synthesis process, leading to the production of 

high-quality hard carbon materials tailored for superior performance in sodium-ion 

batteries.

In this study, we address the gap in understanding the role of lignin in biomass-

derived hard carbon anodes for SIBs by employing ML techniques. Without the need for 

experimental  procedures,  it  also  provides  process  guidance  for  the  preparation  of 

biomass-derived anode materials for sodium-ion batteries. We collected and analyzed 

data from 149 studies on biomass-derived hard carbons to develop predictive models 

that  identify  key  factors  influencing  hard  carbon  performance.  Our  findings offer 

valuable  insights  into  the  selection of  biomass  precursors  and the  optimization of 

process parameters, which can significantly reduce the exploration costs associated with 

developing sodium-ion anodes and enhance the performance of hard carbon anodes in 

sodium-ion batteries.

2.Methodology

2.1 Dataset collection

To investigate the role of lignin in biomass-derived hard carbon anodes for sodium-

ion batteries (SIBs), we conducted a comprehensive data collection from the Web of 

Science  database  using  the  keywords  "biomass,"  "hard  carbon,"  and  "sodium-ion 
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battery." Our initial search yielded 839 data points from 149 peer-reviewed articles, 

focusing on studies published within the last decade. To ensure the dataset's reliability 

and  avoid  potential  bias,  we  excluded  all  entries  involving  activation  treatments. 

Additionally,  laboratory  experts  manually  reviewed  each  entry  for  relevance  and 

consistency, resulting in a refined dataset of 442 data points. This carefully curated 

dataset provides a robust foundation for analyzing lignin's influence on the performance 

of hard carbon anodes in SIBs (shown as Supplementary S2). 

Data Inclusion Criteria:

1. Precursor Characteristics: The studies must report detailed information on the 

type  of  biomass  precursors.  We  define  the  lignin  content  and  structural 

characteristics by examining the precursor's name and description.

2. Process Parameters: The studies must provide comprehensive details on the 

pyrolysis and pre-treatment processes, including temperatures, holding times, 

and leaching methods.

3. Structural Parameters: The studies must include data on the structural attributes 

of the resulting hard carbon, such as interlayer spacing (d002), specific surface 

area (SSA), pore volume, ID/IG ratio, La, and Lc.

4. Performance Metrics: The studies must report electrochemical performance 

metrics, specifically the specific capacity and initial coulombic efficiency (ICE) 

of the hard carbon anodes.

Data Preprocessing:
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1. Standardization: We standardized the units of measurement across different 

studies  to  ensure  consistency.  For  example,  specific  capacity  values  were 

converted to mAh/g, and temperature values were converted to degrees Celsius 

(°C). This unit standardization minimized discrepancies caused by variations in 

reporting standards across sources. Additionally, we applied StandardScaler 

from the Scikit-learn library to further standardize the dataset.  This scaler 

transforms each feature to have a mean of zero and a standard deviation of one, 

which is particularly effective for features with diverse scales, enhancing model 

convergence and comparability across features.

2. Handling  Missing  Values:  For  studies  with  incomplete  data,  we  applied 

statistical methods such as mean imputation to fill in missing numerical values 

when the proportion of missing data was manageable. Specifically, features 

with less than 20% missing data were imputed with mean values to retain as 

much information as possible. For features with over 20% missing data, we 

excluded them from the analysis to maintain data integrity. Special attention 

was given to sensitive data such as doping elements and methods, where mean 

imputation was applied with caution to minimize potential bias.

3. Categorization:  We  categorized  the  collected  data  into  five  main  groups: 

precursor parameters (lignin content and structural grade), process parameters 

(pre-carbonization  temperature,  peak  temperature,  holding  time,  pre-

carbonization  leaching,  post-carbonization  leaching,  and  pre-hydrolysis), 
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structural parameters (d002, SSA, pore volume, ID/IG, La, Lc), test parameters 

(current density), and performance parameters (specific capacity).

Data Distribution:

To understand the distribution of our dataset, we analyzed the temporal trends and 

geographical  distribution  of  the  collected  studies.  Figure  1  shows  the  number  of 

publications per year, indicating a concentration of relevant studies in the last seven 

years, with a more even distribution in recent years. This trend highlights the growing 

interest  in biomass-derived hard carbon for SIBs and the increasing application of 

machine learning in this field.

Figure 1. Temporal Distribution of Publications on Biomass-Derived Hard Carbon 

Anodes for Sodium-Ion Batteries (2013-2023)
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2.2 Feature engineering

In the context of machine learning, feature engineering involves the creation and 

selection of relevant features (variables) that serve as inputs for the predictive models. 

For this study, we focused on defining features that capture the characteristics of biomass 

precursors,  process parameters,  structural  attributes,  and performance metrics.  The 

following sections describe the detailed process of creating and defining these features.

Precursor Parameters:

Lignin  Content:  Lignin  content  is  categorized  into  six  grades  based  on  its 

proportion in the biomass precursor [28]. The grades are defined as follows:

Grade 0: No lignin (e.g., resin, petroleum-based substances, or pure cellulose)

Grade 1: Grass biomass (lignin content 0-10%)

Grade 2: Leaf biomass (lignin content 5-25%)

Grade 3: Wood biomass (lignin content 20-35%)

Grade 4: Fruit shell biomass (lignin content 20-57%)

Grade 5: Pure lignin

Structural Grade: The structural grade of the biomass is defined by its lignin content 

and cross-linking complexity:

Grade 0: Non-biomass raw materials (e.g., resins, petroleum-based substances)

Grade 1: Biomass without lignin (e.g., cotton, starch)

Grade 2: Pure lignin with extensive molecular dissociation

Grade 3: Biomass containing lignin with natural cross-linking
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Process Parameters:

Pre-carbonization Temperature: The temperature at which the biomass undergoes 

initial carbonization.

Peak  Temperature:  The  maximum  temperature  reached  during  the  pyrolysis 

process.

Holding Time: The duration for  which the biomass is  maintained at  the peak 

temperature.

Pre-carbonization  Leaching:  The  method  used  to  leach  the  biomass  before 

carbonization, categorized as:

0: No leaching

1: Water leaching

2: Organic solvent leaching

3: Acid/alkali leaching

Post-carbonization  Leaching:  The  method  used  to  leach  the  biomass  after 

carbonization, categorized as:

0: No leaching

1: Water/organic solvent leaching

2: Acid/alkali leaching

Pre-hydrolysis: Whether the biomass underwent hydrolysis before carbonization (0: 

No, 1: Yes)

Structural Parameters:

Interlayer Spacing (d002): The distance between carbon layers in the hard carbon 
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material.

Specific Surface Area (SSA): The total surface area per unit mass of hard carbon.

Pore Volume: The total volume of pores within the hard carbon.

ID/IG Ratio: The intensity ratio of the D peak to the G peak in Raman spectra, 

indicating the degree of disorder.

La: The average size of carbon crystals along the a-axis.

Lc: The thickness of carbon layers stacked along the c-axis.

Test Parameters:

Current Density: The electrical current applied per unit area during electrochemical 

testing.

Performance Parameters:

Specific Capacity: The amount of charge stored per unit mass of the hard carbon 

anode.

These  features  were  carefully  selected  and  defined  to  capture  the  essential 

characteristics influencing the performance of biomass-derived hard carbon anodes. By 

standardizing and categorizing these features, we ensured the consistency and reliability 

of the data used in our machine learning models.

2.3 Model building and optimization

The development of predictive models for assessing the performance of biomass-

derived hard carbon anodes involves several critical steps, including the selection of 
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suitable  machine  learning  algorithms,  the  training  of  models  on  the  preprocessed 

dataset, and the fine-tuning of hyperparameters to enhance model performance. This 

section outlines the methodologies employed in building and optimizing these models.

Selection of Machine Learning Algorithms:  To comprehensively evaluate the 

factors  influencing  hard  carbon  performance,  we  implemented  a  diverse  array  of 

machine learning algorithms to capture a range of linear and non-linear relationships 

within the dataset. The selected algorithms include:

 Linear Models: Multiple Linear Regression (MLR), Lasso Regression (LASSO), 

Ridge  Regression  (RR),  and  Elastic  Net  (ENET)  are  used  to  identify 

straightforward relationships between features and hard carbon performance. 

These models also provide interpretability, allowing us to assess the relative 

influence of individual features.

 Tree-Based  Models:  Decision  Trees  (DT),  Random  Forest  (RF),  Gradient 

Boosting Decision Trees (GBDT), and eXtreme Gradient Boosting (XGB) are 

powerful  tools  for  modeling  complex  interactions  between  variables, 

particularly in datasets with non-linear patterns, which are common in material 

science applications.

 Ensemble Methods: AdaBoost (ADA) and Light Gradient Boosting Machine 

(LGB) enhance predictive accuracy by combining the outputs of multiple weak 

learners, thus reducing overfitting and increasing robustness.

 Others:  K-Nearest  Neighbors (KNN) and Support  Vector Regression (SVR) 
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provide additional flexibility for capturing unique data patterns and contribute to 

the overall robustness of our analysis.

This  diverse selection of  models  ensures  a  comprehensive exploration of  both 

simple  and  complex  relationships  within  the  dataset,  providing  a  more  complete 

understanding of the factors that influence hard carbon performance in sodium-ion 

batteries.

Training and Validation:  The  dataset,  comprising  837 data  points  from 149 

studies, was divided into training and validation subsets using a stratified 5-fold cross-

validation approach. This method ensures that each fold is representative of the entire 

dataset, thereby mitigating the risk of overfitting and providing a robust evaluation of 

model performance. The training process involved the following steps:

1. Data Normalization:  The StandardScaler  from Scikit-learn  was applied to 

normalize  the  dataset,  ensuring  that  features  with  different  scales  do  not 

disproportionately influence the model.

2. Model Training: Each selected algorithm was trained on the training subset. 

The  models  learned  the  intricate  relationships  between  the  input  features 

(precursor, process, structural, and test parameters) and the output performance 

metrics (specific capacity and ICE).

3. Cross-Validation: To assess and validate the generalizability of the models, we 

employed 5-fold cross-validation. In this technique, the dataset is divided into 

five equal subsets. For each fold, 80% of the data is used for training, and the 
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remaining 20% is used for testing. This process is repeated five times, with each 

subset serving as the test set once. The final model performance is evaluated by 

averaging the test scores across all five folds, providing a robust and unbiased 

measure of the model’s predictive accuracy.

Hyperparameter Optimization: Hyperparameter tuning is crucial for enhancing 

the predictive accuracy and robustness  of  machine learning models.  We employed 

Bayesian  optimization,  a  method  that  leverages  probabilistic  models  to  efficiently 

explore the hyperparameter space and identify optimal configurations. Compared to 

traditional methods such as grid search and random search, Bayesian optimization can 

achieve optimal results with fewer iterations, as it prioritizes promising regions based on 

previous evaluations. This approach allows for a more efficient and targeted search, 

particularly  beneficial  for  models  with  multiple  hyperparameters.  The  selected 

hyperparameters are shown in Table S1 in Supplementary S1.The optimization process 

was carried out as follows:

1. Initialization: A Gaussian process was used to model the objective function 

(model performance) based on the hyperparameters.

2. Exploration  and  Exploitation:  The  optimization  algorithm  balanced 

exploration (searching new hyperparameter values) and exploitation (refining 

known good values) to iteratively converge on the optimal hyperparameters.

3. Evaluation:  The  performance  of  each  hyperparameter  configuration  was 

assessed using the cross-validation score, with the aim of maximizing metrics 
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such as the coefficient of determination (R²) and minimizing the mean squared 

error (MSE).

2.4 Model Interpretation and Software Development

Model Interpretation:

To ensure that our predictive models are not only accurate but also interpretable, we 

utilized SHapley Additive exPlanations (SHAP) to analyze the contribution of each 

feature to the model's predictions. SHAP values provide a unified measure of feature 

importance, revealing how much each feature contributes to a particular prediction [29]. 

The key advantages of using SHAP include:

Consistency: SHAP values ensure that features contributing more to a model's 

prediction have higher importance values.

Local and Global Interpretability: SHAP values offer insights at both the global 

level  (overall  feature  importance  across  the  dataset)  and  the  local  level  (feature 

contributions to individual predictions).

The SHAP analysis involves the following steps: 1. Calculation of SHAP Values: 

For each prediction, the SHAP value of a feature is computed by comparing the model's 

output with and without the feature. This process quantifies the contribution of each 

feature to the prediction. 2. Visualization: SHAP summary plots and dependence plots 

were generated to visualize feature importance and interactions. The summary plot 

shows the impact of all features across all predictions, while dependence plots illustrate 
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the effect of a single feature on the prediction. 3. By leveraging SHAP values, we gained 

a comprehensive understanding of how different features influence the performance of 

biomass-derived  hard  carbon  anodes,  thereby  facilitating  more  informed  decision-

making in precursor selection and process optimization.

Software Development:

To  make  the  predictive  models  accessible  and  user-friendly,  we  developed  a 

standalone software application using PyQt5 and PyInstaller. This application allows 

users to input the features of biomass precursors and processing parameters to predict 

the specific capacity of hard carbon anodes. The development process involved the 

following steps: 1. User Interface Design: Using PyQt5, we created a graphical user 

interface (GUI) that is intuitive and easy to navigate. The interface includes fields for 

inputting  precursor  parameters  (e.g.,  lignin  content,  structural  grade),  process 

parameters  (e.g.,  pre-carbonization  temperature,  peak  temperature),  and  structural 

parameters  (e.g.,  d002,  SSA).  2.  Model  Integration:  The  trained machine  learning 

models were integrated into the software. The models were serialized using the Joblib 

library, ensuring efficient loading and execution within the application. 3. Prediction and 

Output:  The  application  takes  user  inputs,  processes  them through  the  integrated 

models, and displays the predicted specific capacity. The output includes a detailed 

breakdown of feature contributions based on SHAP values, providing transparency and 

interpretability for each prediction. 4. Packaging and Distribution: The application was 

packaged into a standalone executable using PyInstaller, allowing it to be distributed and 
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run on various operating systems without requiring a Python environment.

The software serves as a practical tool for researchers and industry professionals, 

enabling them to leverage advanced machine learning models to predict the performance 

of biomass-derived hard carbon anodes. This facilitates the rapid screening of biomass 

precursors and optimization of processing parameters, ultimately contributing to the 

development of high-performance sodium-ion batteries.

3. Result and discussion

3.1 Dataset analysis
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Figure 2. Comprehensive Violin Plot Analysis of Key Parameters in Biomass-Derived Hard Carbon Studies. a) Lignin Content. b) Structural  

Grades. c) Step Pyrolysis Temperature. d) Peak Temperature. e) Holding Time. f) Pre-carbonization Leaching Methods. g) Post-carbonization 

Leaching Methods. h) Pre-hydrolysis. i) Interlayer Spacing (d002). j) Average Carbon Crystal Size (La). k) Thickness of Carbon Layers (Lc). l) Total 
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Pore Volume (Vt). m) Specific Surface Area (SSA). n) ID/IG Ratio. o) Specific Capacity (mAh/g).380



A total of 837 datasets were gathered from 149 articles, with parameters depicted in 

half-violin plots to illustrate their magnitude and dispersion (Figure 2a-o). Parameters a-

n represent input variables, while o represents the output variable, specific capacity. 

Input parameters include precursor data (a-b),  process control (c-h),  and structural 

parameters (i-n), all of which influence the performance of biomass-derived hard carbon 

anodes for sodium-ion batteries.

Precursor Data:

Figure  2a  illustrates  the  distribution  of  lignin  content  in  raw  materials, 

predominantly within grades 0-4,  with fewer data points in grade 5.  This uniform 

distribution within grades 0-4 suggests a balanced selection of raw materials.  Few 

studies have chosen pure lignin as raw material because previous studies have shown 

that the direct pyrolysis of pure lignin to produce hard carbon tends to create long-range 

ordered structures, which are detrimental to sodium ion storage.[30]  Figure 2b shows 

the structural grade distribution, with grade 3 (biomass containing naturally cross-

linked lignin) being the most common, indicating a preference for naturally structured 

biomass. Biomass sources are abundant and renewable, making them valuable high-

quality carbon sources found in nature.

Process Control:

Figure 2c shows step pyrolysis temperatures ranging from 200°C to 800°C, with 

common peaks at  300°C and 500°C. Adamson et  al.  found that  too high the pre-

carbonization temperature would lead to too high the graphitization degree of hard 

carbon and reduce the layer spacing, which is not conducive to sodium ion storage. 
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Controlling the temperature between 300  and 500  is  ℃ ℃ conducive to building a 

reasonable hard carbon structure.[31] Therefore, in a large number of experiments, 300-

500  ℃ is  the  preferred  step  pyrolysis  temperature,  which  is  consistent  with  our 

conclusion. Figure 2d illustrates peak temperatures, predominantly around 1000°C, a 

typical range for optimizing hard carbon properties. Figure 2e shows holding times, with 

120 minutes being the most common, indicating a standard duration for peak pyrolysis. 

Figures 2f and 2g display the distribution of pre- and post-leaching methods, with water 

and  organic  solvents  frequently  used.  Figure  2h  shows  that  pre-hydrolysis  is  less 

commonly applied, indicating its selective use based on specific precursor properties.

Structural Parameters:

Figures 2i-n depict various structural parameters. Figure 2i shows a dense clustering 

of d002 values around 0.385 nm, suggesting an optimal spacing for sodium storage. 

Figures 2j and 2k indicate that La (average size of carbon crystals along the a-axis) and 

Lc (thickness of carbon layers) are mostly within 0-5 nm and 0-2 nm, respectively. 

Figure 2l shows pore volume predominantly between 0-0.2 cm³/g, with some scattered 

data points. Figure 2m illustrates the SSA distribution, with most values near 0 m²/g but 

extending up to 3000 m²/g. This indicates that a smaller specific surface area is more 

advantageous for sodium storage. Figure 2n presents the ID/IG ratio, mainly between 1 

and 3, indicating a desired level of disorder in the carbon structure.

Performance Data:

Figure 2o illustrates the distribution of specific capacity, clustering around 300 

mAh/g. Currently, the specific capacity achieved by most studies is as follows: the direct 
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pyrolysis performance of untreated biomass is approximately 250 mAh/g, while the 

performance of biomass subjected to simple treatments can reach around 300 mAh/g. 

Furthermore, with precise design optimization, the performance of hard carbon can 

exceed 300 mAh/g. The highest capacity recorded is nearly 800 mAh/g at 20mA, while 

some values fall below 300 mAh/g, attributed to high-rate current densities.

This comprehensive dataset analysis provides a solid foundation for constructing 

machine learning models to explore the impact of various input parameters on the 

performance of  biomass-derived hard carbon anodes.  This  facilitates  the  informed 

selection of appropriate hard carbon precursors and the optimization of processing 

parameters.
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3.2 Correlation Analysis

Figure 3. Pearson Correlation Coefficient Heatmap for Key Parameters in 

Biomass-Derived Hard Carbon Studies

Figure 3 presents the Pearson correlation coefficient heatmap for the collected 

parameters.  The  Pearson  correlation  coefficient  measures  the  linear  relationship 

between two variables, ranging from -1 to 1, where -1 indicates a perfect negative 

correlation, 1 indicates a perfect positive correlation, and 0 indicates no correlation [32].

The heatmap reveals several significant correlations:

Lignin Content and Structure: A strong positive correlation (r=0.82) is observed 

between lignin content and structure. This is expected since lignin content is a key factor 

in  defining the structural  grade of  the biomass precursor.  Both lignin content  and 
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structure also show a positive correlation with specific capacity, suggesting that higher 

lignin content and more structured precursors tend to enhance capacity.

Pre-hydrolysis and Capacity: There is a negative correlation (r=-0.38) between 

pre-hydrolysis and capacity. Pre-hydrolysis degrades cellulose and hemicellulose [33], 

leading to a lower structural grade and subsequently reducing the capacity of the hard 

carbon.

Peak Temperature and Capacity: A strong positive correlation (r=0.47) exists 

between  peak  temperature  and  capacity.  Higher  peak  temperatures  promote  the 

rearrangement of carbon microcrystals and shrinkage of pore structures [34], leading to 

a favorable "card-house" model for sodium storage, which enhances the capacity.

Testing Current (I) and Capacity: The testing current shows a strong negative 

correlation  with  specific  capacity  (r=-0.68).  Higher  current  densities  result  in  less 

effective internal kinetic reactions within the battery, reducing the specific capacity 

during testing.

Additionally, the heatmap provides insights into the relationships between process 

parameters and structural attributes. For instance, it is noted that:

Pre-leaching and Post-leaching: Pre-leaching has a negative impact on capacity, 

while  post-leaching  does  not  exhibit  a  significant  correlation  with  capacity.  This 

suggests that the timing and method of leaching are critical factors affecting the final 

performance of the hard carbon.

Step  Pyrolysis  Temperature  and  Structural  Parameters:  Step  pyrolysis 

temperature shows varying effects  on different  structural  parameters.  For  example, 
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higher temperatures generally reduce specific surface area (SSA) and interlayer spacing 

(d002), while increasing the amount of closed pores, which collectively influence the 

capacity [35].

While Pearson correlation effectively captures linear relationships, it may not fully 

elucidate more complex, non-linear interactions between variables. For example, the 

correlation  between ID/IG ratio  and capacity  is  relatively  weak (r=0.057),  despite 

evidence from previous studies by Qin et al. [36] suggesting that increased ID/IG ratios, 

indicating more defect sites, can enhance sodium storage capacity. This discrepancy 

highlights the limitations of Pearson correlation in capturing non-linear effects and the 

need for advanced machine learning models to uncover these intricate relationships.

Further research utilizing machine learning regression models is essential to delve 

deeper  into  these  non-linear  associations,  providing  a  more  comprehensive 

understanding of how various factors interact to influence the performance of biomass-

derived hard carbon anodes.
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3.3 Model training and hyperparameters tuning

Figure 4. Model Performance Comparison. a) R2
mean of training. b) R2

mean  of 

testing. c) RMSEmean of testing. d) Standard Deviation of RMSE.

The model training and hyperparameter tuning were conducted to identify the most 

effective  machine  learning  algorithms  for  predicting  the  performance  of  biomass-

derived hard carbon anodes. Figure 4 illustrates the comparative performance of the 

models in terms of training and testing R2 scores, as well as the RMSE (Root Mean 

Squared Error) and its standard deviation (SD).

Training  Results:  Figure  4a  shows the  R2  scores  for  the  training  phase.  The 

eXtreme Gradient Boosting (XGB), Gradient Boosting Decision Trees (GBDT), and 
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Random Forest (RF) models achieved the highest R2 scores, indicating an excellent fit 

with the training data.  XGB and GBDT both demonstrated near-perfect  R2  values, 

reflecting their strong ability to capture complex relationships in the data.

Testing Results:  The performance of the testing data,  as shown in Figure 4b, 

provides a clearer picture of model generalizability. XGB and GBDT again emerged as 

the top performers, with R2  scores significantly higher than other models, indicating 

robust predictive capabilities. However, all models experienced a drop in R2 scores when 

moving from training to testing data, highlighting the challenge of overfitting.

RMSE Analysis: Figure 4c depicts the RMSE for the testing phase, where lower 

values indicate better predictive accuracy. XGB and GBDT had the lowest RMSE, 

further validating their superior performance. Figure 4d shows the standard deviation of 

RMSE, with XGB and GBDT displaying relatively lower variability, suggesting more 

consistent predictions across different folds of the cross-validation.

Hyperparameter Tuning: The hyperparameters for each model were fine-tuned 

using  Bayesian  optimization,  and  the  optimal  combinations  are  detailed  in 

Supplementary S3. This tuning process was critical for enhancing model performance, 

particularly  for  complex  algorithms  like  XGB  and  GBDT,  which  benefited  from 

adjustments in learning rate, tree depth, and regularization parameters.

In summary, the results indicate that tree-based ensemble methods, particularly 

XGB and GBDT, are the most effective for predicting the specific capacity of biomass-

derived hard carbon anodes. These models not only achieved high R2  scores and low 

RMSE  in  the  testing  phase  but  also  demonstrated  consistent  performance  across 
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different  cross-validation  folds.  This  comprehensive  evaluation  underscores  the 

importance of selecting and fine-tuning machine learning models to achieve reliable and 

accurate predictions in material science applications. 

The superior performance of tree-based models on this dataset can be attributed to 

several inherent advantages of the algorithms. Firstly, tree-based models such as XGB 

and GBDT are excellent at capturing non-linear relationships between features and the 

target variable, which is crucial given the complex interactions present in the dataset. 

These models are capable of automatically handling feature interactions without the 

need for explicit specification, making them particularly powerful for datasets with high 

dimensionality and intricate dependencies. Additionally, tree-based models are robust 

to outliers and irrelevant features, as they can effectively split the data to minimize 

impurity,  thereby  focusing  on  the  most  informative  features.  This  characteristic  is 

especially beneficial in the context of material science, where the data can be noisy and 

contain  measurements  with  varying  degrees  of  precision.  Furthermore,  ensemble 

methods like XGB and GBDT combine the predictions of multiple weak learners to 

form a strong learner, significantly improving the model's accuracy and generalization 

capability. By iteratively correcting the errors of the previous trees, these algorithms can 

achieve  a  high  level  of  predictive  performance  and  reduce  the  risk  of  overfitting. 

Moreover,  the  use  of  regularization  techniques  in  these  models  helps  to  prevent 

overfitting by penalizing overly complex models, thus ensuring a balance between bias 

and variance. The ability to tune multiple hyperparameters, such as learning rate, tree 

depth,  and  the  number  of  trees,  allows  for  fine-grained  control  over  the  model 

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540



complexity and performance, making these algorithms highly adaptable to various types 

of data. 

3.4 Model interpretation

Figure 5. Feature Importance and SHAP Value Analysis for XGB Model. a) 

Feature importance based on XGB model output. b) SHAP value plot showing the 

impact of each feature on model output, with red indicating higher feature values and 

blue indicating lower feature values.

Figure 5 presents the feature importance (a) and SHAP value (b) output by the 

optimized XGB model. Feature importance reflects the contribution of each feature to 

the prediction results, while SHAP values provide a detailed interpretation of how each 

feature impacts individual predictions.

The  top  three  features  in  terms  of  feature  importance  are  testing  current  (I), 
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prehydrolysis,  and  structures,  with  importance  values  of  0.12,  0.11,  and  0.086, 

respectively. Among these, testing current (I) has the most direct and significant impact 

on capacity. The SHAP values show a strict linear relationship between testing current 

and capacity: as the current increases, the negative impact on capacity also increases. 

This serves as a validation reference to ensure that our conclusions are consistent with 

reality. The high importance of testing current is due to its direct influence on the 

internal  kinetic  reactions  within  the  battery,  where  higher  currents  reduce  the 

effectiveness of sodium ion intercalation and deintercalation, leading to lower capacity.

Both prehydrolysis and structure reflect the selection of the precursor. A higher 

structural  grade  positively  indicates  the  required  structural  characteristics  of  the 

precursor, while the negative impact of prehydrolysis underscores the importance of 

preserving the original dense biomass structure. The SHAP value plot reveals that 

higher structural levels positively impact capacity, whereas lower structural levels have 

varying degrees of negative effects on capacity. A low prehydrolysis value, indicating no 

prehydrolysis of the raw material, positively influences capacity. Conversely, higher 

prehydrolysis values, indicating prehydrolysis of the raw material, have varying degrees 

of negative impact on capacity. Lignin content is another critical parameter, as shown by 

both feature importance and SHAP values. Slightly higher lignin content positively 

affects capacity because lignin contributes to the structural rigidity and carbon yield 

during pyrolysis.  However,  excessively high or  low lignin content  adversely affects 

capacity, possibly due to suboptimal structural properties when pure lignin or lignin-

deficient biomass is used.
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The results not only assist in raw material selection but also offer insights into 

process  operations  and  hard  carbon  structures.  Figure  5(a)  shows  that  the  feature 

importance  of  pre-leaching  and  post-leaching  impregnation  is  relatively  similar  in 

magnitude, with post-leaching having a slightly greater impact than pre-leaching. The 

SHAP value results in Figure 5(b) suggest that the effects on capacity are not definitive 

when employing high-value reagents (such as acids and bases) in pre-leaching. In post-

leaching processes, the utilization of acid/base reagents can notably enhance capacity by 

removing  inorganic  impurities  and  increasing  microporosity.  No  leaching  will 

undeniably lead to a decrease in capacity. Previous studies have also compared the types 

of leaching agents and the sequence of leaching. Tsai et al. [37] compared the effects of 

non-leaching, water leaching, and acid leaching in post-leaching and found that pore 

volume increased in samples leached with water and acid. Beda et al. [38] compared the 

differences in leaching materials before/after pyrolysis and found that leaching after 

pyrolysis  can  more  effectively  remove  inorganic  alkaline  impurities,  increase 

micropores more effectively, and induce contraction in the interlayer spaces of graphite. 

Another crucial process parameter is the peak temperature. Figure 5(b) suggests 

that the peak temperature should be maintained within an optimal range; however, 

excessively high peak temperatures can have a detrimental impact on capacity. This 

occurs because if the peak temperature is too low, it hinders the reorganization of carbon 

microcrystals and pore contraction, leading to the formation of porous carbon with 

increased surface defects  [39]. Conversely, excessive peak temperatures result in an 

overly high graphitization degree of the hard carbon structure, reducing the disorder in 
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the carbon microcrystalline structure and narrowing the layer spacing, and this scenario 

is unfavorable for the deintercalation of sodium ions [40, 41]. Based on the range of data 

we have collected, the optimal pyrolysis temperature should fall between 1000  and℃  

1400 . In step pyrolysis, it is important to avoid excessively high temperatures as they℃  

can adversely affect capacity. Both excessive and insufficient insulation times can have a 

negative impact on capacity, therefore, it is recommended to select a moderate value 

within a reasonable range. According to the structural parameter guidelines outlined in 

Figure 5(b), it is anticipated that the structure of hard carbon should exhibit a smaller 

SSA, smaller Lc, and larger interlayer spacing. Other process parameters such as La, 

ID/IG, and Vt do not exhibit a strong unidirectional relationship with capacity within the 

collected parameter range.

3.5 Software development
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Figure 6. Prediction App Interface. The interface allows users to input features 

such as lignin content, structural grade, and processing parameters to predict the 

specific capacity of hard carbon anodes.

To make our predictive models accessible and practical,  we developed a user-

friendly software application using PyQt5 for the GUI and PyInstaller for packaging. 

The interface, shown in Figure 6, allows users to input parameters such as lignin content, 

structural grade, prehydrolysis, preleaching, postleaching, step pyrolysis temperature, 

peak temperature, holding time, SSA, pore volume (Vt), interlayer spacing (d002), average 

carbon crystal size (La), thickness of carbon layers (Lc), ID/IG ratio, and testing current 

(I).

Users enter these values and click "predict," prompting the application to process 
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the inputs through the trained XGB model. The predicted specific capacity is then 

displayed, providing immediate feedback. The code for this software can be found in 

Supplementary S1.

3.6 Discussion

This study has demonstrated the importance of lignin content and structural level in 

the  selection  of  biomass  precursors  for  producing  high-performance  hard  carbon 

materials. Through machine learning analysis and simulation of an extensive dataset, we 

identified that precursors with higher lignin content and well-defined structures are 

particularly  suitable  for  hard  carbon  production.  Our  focus  on  biomass-derived 

precursors highlights the influence of regional availability on raw material selection, 

underscoring the need for region-specific processing methods. This insight has broad 

applicability, allowing for tailored approaches to biomass utilization based on local 

resource characteristics.

Additionally,  our  findings  provide  valuable  guidance  for  optimizing  process 

parameters and controlling the structure of hard carbon. Specifically,  post-leaching 

without prehydrolysis, maintaining peak pyrolysis temperatures between 1000  and℃  

1400 , and implementing moderate retention times are crucial for achieving desirable℃  

hard carbon properties. The initial step pyrolysis temperature should also be carefully 

controlled  to  avoid  excessive  temperatures  that  can  adversely  affect  capacity.  The 

optimal hard carbon structure,  as  identified in this  study,  should exhibit  a  smaller 

specific surface area (SSA), smaller La and Lc values, and larger interlayer spacing 
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(d002).  These  recommendations  can  serve  as  practical  guidelines  for  future 

experimental and industrial efforts in developing sodium-ion battery anodes.

3.7 Limitations and Future Research

While the contributions discussed in Section 3.6 mark significant advancements, 

this study does have inherent limitations. The current model uses precursor, process, and 

structural  parameters  to  predict  performance,  simplifying  the  complex 

interdependencies present in real-world production processes. Ideally, precursor choice 

should  influence  structural  characteristics,  which  in  turn  dictate  performance.  Our 

approach, though effective for initial screening and optimization, does not fully capture 

this hierarchical relationship. Future research should aim to establish a comprehensive, 

stepwise  pathway  that  begins  with  precursor  selection,  progresses  to  structural 

characterization, and ultimately leads to performance prediction.

Additionally,  while  our  machine  learning  models  have  demonstrated  strong 

accuracy and robustness, the reliance on existing data could introduce biases or gaps that 

may impact the results. Experimental validation and a broader range of data sources 

would further strengthen the models' reliability and applicability. Another limitation is 

the relatively broad classification of precursors; future studies should incorporate more 

refined  and  detailed  categorizations  of  biomass  types  and  properties  to  improve 

predictive power.

Addressing these limitations will allow future research to build on our findings, 

resulting  in  more  nuanced  and  comprehensive  models  that  better  capture  the 

complexities of biomass-derived hard carbon production.
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4. Conclusion

This study employed machine learning techniques to establish a robust predictive 

model for the synthesis of high-performance biomass-derived hard carbon anodes for 

sodium-ion batteries. By incorporating key inputs such as lignin content, structural 

grade, process parameters, and structural attributes, we utilized 12 different machine 

learning methods to construct and validate these models. Our analysis, particularly using 

the XGB model, provided insights into the impact of various parameters on the specific 

capacity of hard carbon anodes.

Key findings from this study include the identification of high lignin content and 

well-defined structural grades as critical factors in selecting suitable biomass precursors. 

Optimal process conditions were determined to involve post-leaching with acid or alkali 

after  pyrolysis,  maintaining  peak  temperatures  between  1000°C  and  1400°C,  and 

moderate retention times to enhance the performance of the resulting hard carbon. The 

ideal structural attributes were found to be smaller specific surface area (SSA), smaller 

La and Lc values, and larger interlayer spacing (d002).

In addition to guiding raw material selection and process optimization, this study 

highlighted the limitations of current models in capturing the hierarchical relationships 

between  precursor  properties,  structural  characteristics,  and  performance.  Future 

research should aim to refine the classification of biomass precursors, develop more 

detailed predictive frameworks, and incorporate additional experimental validation to 
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enhance model reliability and applicability.

Overall, this study provides a comprehensive framework for the development of 

high-performance  hard  carbon  anodes,  leveraging  machine  learning  to  optimize 

precursor  selection  and  processing  parameters.  The  findings  and  methodologies 

presented herein can significantly advance the field of sodium-ion batteries and promote 

the efficient utilization of biomass resources.
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