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• Raman and XRD features serve as 
effective predictors of compositions.

• Gradient Boosting accurately predicts C, 
H, and O contents of biocarbon.

• SHAP and PDP reveal temper
ature–structure–element coupling 
mechanisms.

• Structural effects are most pronounced 
at intermediate pyrolysis temperatures.
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A B S T R A C T

Understanding and predicting the elemental composition and assembly of diverse biocarbon materials are critical 
for quickly tailoring their physicochemical properties and functional applications. However, it remains chal
lenging to sort out the complex coupling between pyrolysis conditions and carbon structural evolutions. By 
collecting all major sugars and lignocellulose resources, this study obtained a comprehensive dataset comprising 
240 biocarbon samples derived from 17 precursors pyrolysis. Raman spectroscopy and X-ray diffraction profiling 
were employed to characterize all biocarbon samples, and multiple machine learning models were integrated to 
predict carbon/C, hydrogen/H, and oxygen/O contents. Among eleven regression algorithms, Gradient Boosting 
model exhibited the best performance, achieving robust predictions for C, H, and O contents and outperforming 
linear models in capturing nonlinear structure and composition relationships. Pearson correlation, SHAP inter
pretation, and partial dependence analysis could consistently sort out the dominant factor of pyrolysis tem
perature for governing carbon enrichment and H/O depletion, reflecting progressive aromatization, 
dehydrogenation and deoxygenation during pyrolysis. Structural descriptors including ID/IG, I26◦/(I22◦ + I26◦), 
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and interlayer spacing d002, provided complementary information by linking defect density and graphitic 
ordering to elemental composition. Overall, this work has established an interpretable modeling framework that 
combines spectroscopic characterization with machine learning to enable rapid and non-destructive prediction of 
biocarbon composition and property, thereby providing mechanistic insights into biocarbon evolution for spe
cific biocarbon design and assembly.

1. Introduction

Biocarbon is a versatile, cost-effective, and renewable carbonaceous 
material derived primarily from the pyrolysis of diverse biomass feed
stocks, including agricultural and forestry residues, energy crops, 
municipal solid wastes, and algae (Wang et al., 2025b; Yang et al., 
2025). Its structure originates mainly from the thermal transformation 
of cellulose, hemicellulose, lignin, and carbohydrates (mono
saccharides, disaccharides, and polysaccharides) (Li et al., 2024c; Wang 
et al., 2024a). Owing to its high specific surface area, well-developed 
pore hierarchy, and abundant surface functional groups, biocarbon 
has attracted significant attention in environmental and energy-related 
applications (Hu et al., 2023; Li et al., 2024b). In environmental appli
cations, it serves as an efficient adsorbent and soil amendment, while it 
also contributes to long-term carbon sequestration and greenhouse gas 
mitigation (Zhang et al., 2023a). In materials-oriented applications, the 
biocarbon produced under controlled pyrolysis conditions is increas
ingly utilized as a biomass-derived carbon material for energy storage 
and catalytic systems (Ai et al., 2024; Yu et al., 2022). Therefore, bio
carbon offers broad potential for addressing resource depletion, envi
ronmental pollution, and energy sustainability challenges (Zhang et al., 
2023b).

Biocarbon is primarily composed of carbon (C), hydrogen (H) and 
oxygen (O) with minor contributions from nitrogen (N), sulfur (S) and 
phosphorus (P) (Fu et al., 2026), and its elemental composition critically 
determines structure and functionality (Zhao et al., 2025). In particular, 
the relative contents of C, H, and O directly regulate aromaticity, po
larity, stability, and chemical reactivity, thereby linking biomass char
acteristics to biocarbon performance (Pan et al., 2023). Carbon forms 
the structural backbone and enhances conductivity, stability, and car
bon sequestration capacity with increasing content.(Luo et al., 2025), 
whereas hydrogen and oxygen contents are associated with calorific 
value, surface polarity, and functional group density, influencing 
adsorption and interfacial behavior (Hongwei et al., 2025; Liang et al., 
2024b; Mariuzza et al., 2022). Hence, the variations in C/H/O contents 
fundamentally govern application-specific performance in environ
mental and energy systems (Murtaza et al., 2023).

The conventional approaches for predicting the elemental composi
tion of biomass-derived carbon materials typically rely on kinetic 
modeling of pyrolysis reactions (Ranzi et al., 2017), which requires 
resolving multi-step reaction pathways and estimating numerous kinetic 
parameters (Fan et al., 2024). However, the high dimensionality and 
strong nonlinearity of biocarbon formation processes limit the applica
bility of such approaches across diverse conditions. In contrast, data- 
driven machine learning (ML) provides an efficient and robust alterna
tive for capturing complex structure-composition relationships 
(Abdeldayem et al., 2025; Buratti et al., 2020). In particular, ML models 
can integrate pyrolysis conditions (e.g., temperature) with structural 
descriptors derived from Raman spectroscopy (e.g., ID/IG ratio), XRD (e. 
g., crystallinity and interlayer spacing), FTIR functional groups, and 
pore structure parameters (Wang et al., 2024b). Through non-linear 
interactive modeling, ML can accurately characterize the relationships 
of “temperature-structure-element” complex, such as the interaction 
between pyrolysis temperature and structural disorder or the synergistic 
effects of crystallinity and oxygen content (Zhang et al., 2025). This 
provides a predictive and interpretable framework for understanding of 
elemental regulation mechanisms in biocarbon systems (Song et al., 
2024b; Haider Jaffari et al., 2023).

In this study, we established an integrated framework encompassing 
biocarbon preparation, model training and performance evaluation, 
based on a dataset of 240 samples derived from 17 distinct precursors. 
Eleven machine learning algorithms were then developed to predict the 
C, H, and O contents for systematically revealing the coupled associa
tions between elemental composition and pyrolysis temperature, as well 
as Raman spectroscopy, and XRD characteristic parameters. Model 
performance was evaluated using the coefficient of determination (R2) 
and root mean square error (RMSE) for both training and testing sets. 
Furthermore, SHapley Additive exPlanations (SHAP) and Partial 
Dependence Plots (PDP) were employed to interpret the feature con
tributions and elucidate the influence mechanisms of key variables. This 
enables mechanistic insights into structure–composition relationships 
and provides a foundation for the rational design and optimization of 
biocarbon properties.

2. Materials and methods

2.1. Biocarbon precursors

Seventeen representative biocarbon precursors were selected to high 
chemical diversity, categorized into pentoses (arabinose, xylose), hex
oses (glucose, galactose), disaccharides (maltose, sucrose, lactose), 
polysaccharides (xylan, amylose, amylopectin), cellulose (microcrys
talline cellulose), and lignin (alkali lignin, dealkaline lignin). Addi
tionally, lignocellulosic biomass was represented by two Miscanthus 
germplasm resources (Mfl69 and Mfl148) (Li et al., 2016). All precursors 
were dried at 55 ◦C, sieved through a 40-mesh screen, and stored in 
sealed desiccators prior to pyrolysis (Gao et al., 2026; Yu et al., 2025).

2.2. Biocarbon preparation and characterization

For biocarbon production, 2.0 g of each precursor was placed in a 
tubular furnace (GSL-1800X) and pyrolyzed under a nitrogen atmo
sphere (Bakr et al., 2025). The samples were heated at a rate of 5 ◦C 
min− 1 to target temperatures ranging from 300 to 1600 ◦C and held for 
2 h. Subsequently, the furnace was cooled to 300 ◦C at a rate of 10 ◦C 
min− 1, followed by naturally cooling to room temperature. The resulting 
char residues were collected and treated with 1 mol L− 1 HCl for 6 h to 
remove inorganic impurities. After acid washing, the samples were 
repeatedly rinsed with distilled water until neutral pH was reached, 
dried at 60 ◦C to constant weight, and stored for subsequent charac
terization and analysis. In total, 240 biocarbon samples were prepared 
(Yu et al., 2026). The biocarbon samples were characterized by Raman 
spectroscopy (ATR8300 series) to evaluate structural disorder and 
graphitization features (Yuan et al., 2025). Crystalline characteristics 
were identified using X-ray diffraction (XRD, FRINGE CLASS) (Wang 
et al., 2025a). Elemental compositions (C, H, and O contents) were 
determined using an elemental analyzer (EMA502) (Dong et al., 2019).

2.3. Dataset preparation and variable selection

Based on Raman and XRD characterization, structural and process- 
related features were extracted for all 240 biocarbon samples. The 
input variables included pyrolysis temperature, Raman spectral pa
rameters (ID/IG, D-band position, G-band position, D-band full width at 
half maximum (D-FWHM), and G-band full width at half maximum (G- 
FWHM)), and XRD-derived parameters (interlayer spacing d002, 002 
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peak position, 100 peak position, 002-FWHM, 100-FWHM, and the in
tensity ratio I26◦/(I22◦ + I26◦)). The elemental contents of C, H, and O 
were defined as the primary output variables, while elemental ratio (O/ 
C, H/C, and O/H) were additionally recorded for descriptive analysis. 
Pyrolysis temperature and structural parameters were used as model 
inputs, and C, H, and O contents served as prediction targets to construct 
the machine learning dataset (Chen et al., 2025a). Based on the pro
cessed dataset, a complete machine learning framework was established, 
including data collection, feature selection, model training, and per
formance evaluation (Liang et al., 2024a).

2.4. Machine learning models

To reduce the risk of local overfitting and to comprehensively assess 
predictive performance, eleven regression algorithms were imple
mented, including Gradient Boosting (GB), Random Forest (RF), Ada
Boost, Ridge Regression, Bayesian Ridge Regression (BRR), k-Nearest 
Neighbors (KNN), Histogram Gradient Boosting (HGB), Elastic Net (EN), 
Lasso Regression, Support Vector Regression (SVR), and a Multilayer 
Perceptron (MLP) neural network (Pakzad et al., 2024). These models 
span linear, nonlinear, ensemble-based, instance-based, and neural- 
network approaches, enabling a systematic comparison of learning 
strategies (Wen & Yang 2021). Ensemble methods (GB, RF, AdaBoost, 
and Histogram Gradient Boosting) capture complex nonlinear relation
ships through the aggregation of multiple weak learners, while linear 
models with regularization (Ridge, Bayesian Ridge, Lasso, and Elastic 
Net) address multicollinearity and enhance model interpretability 
(Kandpal et al., 2024). KNN predicts target values based on local simi
larity in feature space, SVR provides robustness against outliers by 
enforcing margin-based error constraints, and MLP enables flexible 
nonlinear mapping via layered neural representations (Elish 2014). 
Together, this diverse model set ensures a robust evaluation of the re
lationships between pyrolysis conditions, structural descriptors, and 
biocarbon elemental composition (Zhang et al., 2025).

2.5. Model evaluation and interpretation

Pearson correlation coefficient (PCC): To preliminarily assess linear 
relationships between input variables and output targets, the Pearson 
correlation coefficient (PCC) was calculated. An absolute PCC value 
greater than 0.5 (|r| > 0.5) indicates a strong linear correlation, while r 
= 0 indicates no linear correlation (Kravchenko et al., 2025). The PCC is 
defined as: 

r =
∑n

i=1(xi − x)n
(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(xi − x)2 ∑n

i=1
(yi − y)2

√ (1) 

where xi and yi are the observed values of input and output variables, 
respectively, x and y are their mean values, and n represents the number 
of samples (Chen et al., 2025b).

Model performance evaluation: The dataset was randomly divided 
into training (80 %) and testing (20 %) subsets (Lu et al., 2025). Five- 
fold cross-validation was applied to reduce overfitting and ensure 
model robustness (Wei et al., 2024). Model performance was evaluated 
using the coefficient of determination (R2) and the root mean square 
error (RMSE), calculated as: 

R2 = 1 −

[∑N
i=1

(
Yexp

i − Yreal
i

)2 ]

[∑N
i=1

(
Yexp

i − Yexp
ave

)2 ] (2) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

i=1

(
yexp

i − ypred
i

)2
√
√
√
√ (3) 

Where Yi
exp and Yj 

pred represent experimental and predicted values, 
respectively, Yexp is the mean experimental value, and N is the total 
number of samples (Yin et al., 2025).

2.6. SHAP analysis

SHapley Additive exPlanations (SHAP) is a model-agnostic inter
pretability method rooted in cooperative game theory, which quantifies 
the contributions of each input feature to model predictions based on its 
marginal contribution (Palansooriya et al., 2022). The SHAP value (ϕ) 
represents the unique contribution of given feature to the outcome, and 
its additive property enables quantitative interpretation of individual 
features and feature combinations (Li et al., 2024a). The SHAP value for 
feature xj is defined as: 

ϕj=
∑

S ⊆ N\{xi}
|S|!(P − |S| − 1 )!

N!
(fx(S ∪ {xi} ) − fx(S) ) (4) 

where S represents a subset of features excluding feature xj, N denotes 
the complete set input features, and fx(S) is the model prediction ob
tained using features in subset S (Sun et al., 2024).

2.7. Partial dependence plots (PDP)

Partial dependence plots (PDPs) are visualization tools used to 
quantify the average marginal effect of one or two input features on 
model predictions, while averaging out the influence of all other vari
ables (Leng et al., 2022). PDPs are particularly useful for interpreting 
nonlinear models and identifying feature–response relationships and 
interaction patterns (Song et al., 2024a). For a single feature xi and a pair 
of features (xi, xj), the partial dependence functions are defined as: 

fα(xi) =
1
n
∑n

i=1
f
(
xi, x0

i
)

(5) 

fα
(
xi, xj

)
=

1
n
∑n

l=1
f
(
xi, xj,xl

C
)

(6) 

where fα represents the trained model, xi and xj are the features of in
terest, and xc denotes the set of remaining features excluding xi (or xi, xj), 
and n is the total number of samples (Huang et al., 2026).

3. Results and discussions

3.1. Raman and XRD characteristics of biocarbon

A total of 240 biocarbon samples derived from 17 different pre
cursors were prepared over a wide pyrolysis temperature range of 
300–1600 ◦C. Systematic analysis of their Raman and XRD parameters 
(Fig. 1a) revealed that the extracted features approximately showed 
normal distributions, validating the use of mean values as representative 
descriptors for subsequent analysis.

The statistical distributions of Raman spectral parameters are shown 
in Fig. 1b–d. The ID/IG ratio ranged from 1.16 to 6.51, while the D- and 
G-band positions varied from 1329.3 to 1432.2 cm− 1, and from 1572.9 
to 1608.6 cm− 1, respectively. The full width at half maximum (D-FWHM) 
ranged from 48.6 to 420.0 cm− 1, and that of the G-FWHM from 54.9 to 
197.6 cm− 1. The mean ID/IG value (2.24) indicated a highly defective 
carbon structure with a low degree of graphitization. Meanwhile, the 
average G-band position (1589.25 cm− 1) was notably higher than that of 
ideal graphite (~1580 cm− 1), suggesting the predominance of disor
dered carbon. The large median values of D-FWHM (202.60 cm− 1) and 
G-FWHM (103.06 cm− 1) further reflect short structural coherence 
lengths and pronounced structural disorder across the biocarbon data
set. The broad pyrolysis temperature range (300–1600 ◦C) encompasses 
low- (300–500 ◦C), intermediate- (500–1000 ◦C), and high-temperature 
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(1000–1600 ◦C) regimes (Fig. 1d), corresponding to distinct carbon
ization stages associated with substantial changes in elemental compo
sition (C/H/O).

The distributions of XRD-derived structural parameters are pre
sented in Fig. 1f–i, including interlayer spacing d002 (0.3427–0.5302 
nm), 002 peak position (16.7◦–26.0◦), 100 peak position (1.49◦–16.2◦), 
002-FWHM (34.8◦–45.4◦), 100-FWHM (1.65◦–12.9◦), and the intensity 
ratio I26

◦/(I22
◦ + I26

◦) (15.9 %–49.0 %). The mean d002 value (0.3866 
nm) is substantially larger than that of ideal graphite (0.3354 nm), 
indicating a predominantly turbostratic or highly disordered carbon 
structure. Consistently, the relatively low average 002 and 100 peak 
positions (23.1◦ and 43.0◦), coupled with the broad peak widths (002- 
FWHM = 7.73◦, 100-FWHM = 5.06◦), confirm the small crystallite size 
and low crystallinity of the biocarbon samples. Overall, Raman and XRD 
analyses consistently demonstrate that the biocarbon samples exhibit a 
high degree of structural disorder and low graphitization, which are 
characteristic features of biocarbon materials produced over broad 
temperature ranges and from diverse precursors. The wide distributions 
of structural parameters reflect both the feedstock heterogeneity and the 
progressive structural evolution driven by increasing pyrolysis 
temperature.

As shown in Fig. 1j and Fig. S1, the elemental compositions of bio
carbon vary substantially across different precursors. The O/C, H/C, and 
H/O ratios range from 0.63 to 61.5 %, 0–8.84 %, and 0–55.6 %, 
respectively, with average values of 10.6 %, 2.01 %, and 16.6 %. Both 
O/C and H/C ratios decrease systematically with increasing pyrolysis 
temperature (Fig. 1k), reflecting thermally induced devolatilization. As 
temperature increases, oxygen- and hydrogen-containing species are 
progressively removed, leading to relative carbon enrichment in the 
solid residue.

3.2. Pearson correlation analysis

The Pearson correlation coefficient (PCC) was employed to quantify 

the linear relationships between the input feature and elemental com
positions. The resulting correlation matrix (Fig. 2a) and direction of 
correlations between the 12 input features and the three target variables 
(C, H, and O contents), where color intensity and ellipse size represent 
correlation magnitude and sign. The majority of correlations was sta
tistically significant (p ≤ 0.05), confirming strong statistical associations 
between biocarbon structural characteristics and its elemental 
composition.

Pyrolysis temperature exhibited a moderate positive correlation with 
carbon content (r = 0.42) where it had strongly negative correlations 
with oxygen and hydrogen contents (r = − 0.71 and − 0.89, respec
tively). This trend aligns with the progressive thermal decomposition of 
aliphatic groups (–CH2, –CH3) and oxygen-containing functional groups 
(–OH, –COOH) as temperature increases from 300 to 1600 ◦C. During 
pyrolysis, hydrogen and oxygen were released as volatile species (CO2, 
H2O, CH4, and H2), resulting in a relative enrichment of carbon from 
approximately 50–60 % at low temperatures to 70–80 % at intermediate 
temperatures. At higher temperatures, enhanced aromatic condensation 
and polymerization promoted the formation of graphite-like carbon 
frameworks, being coupled with the decomposition of residual ether and 
carbonyl functionalities to enable the carbon content at more than 95 %.

Raman-derived parameters are correlated with elemental composi
tion by reflecting variations in structural disorder and defect density. 
Specifically, the ID/IG ratio, D-FWHM, G-FWHM, and D-band position are 
negatively correlated with carbon content (r = − 0.52 to − 0.17), but 
positively associated with hydrogen (r = 0.22–0.75) and oxygen con
tents (r = 0.23–0.64). Conversely, the G-band position scales positively 
with carbon content (r = 0.50) and negatively correlated with hydrogen 
and oxygen contents (r = − 0.57). These relationships suggest that 
biocarbon with higher defect density and broader Raman features tend 
to retain more hydrogen- and oxygen-containing functionalities, 
whereas increased structural ordering is linked to carbon enrichment. 
XRD-derived parameters primarily reflect crystalline ordering and 
interlayer structural evolution and therefore exhibit systematic 

Fig. 1. Preparation workflow and statistical distributions of structural and compositional parameters of diverse biocarbon samples. (a) Schematic illustration of the 
biocarbon preparation process. (b–d) Statistical distributions of Raman spectroscopic parameters, including the ID/IG ratio (b), positions of the D and G bands (c), and 
the full width at half maximum (FWHM) of the D and G bands (d).(e) Distribution of pyrolysis temperatures. (f–i) Statistical analysis of X-ray diffraction (XRD) 
parameters, including interlayer spacing d002, diffraction angles and FWHM of the (002) and (100) planes, and the degree of structural ordering.(j) Atomic O/C ratios 
of biocharbon samples derived from different precursor materials. (k) Temperature-dependent molar O/C ratios of biocarbon samples (n = 240).
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correlations with elemental composition. The interlayer spacing d002, 
002-FWHM, and 100-FWHM show negative correlations with carbon 
content (r = − 0.46, − 0.30, and − 0.13) and positive correlation with 
hydrogen (r = 0.63, 0.62, and 0.44) and oxygen contents (r = 0.68, 0.63, 
and 0.26). Conversely, the 002 peak position, 100 peak position, along 
with the intensity ratio I26

◦/(I22
◦ + I26

◦), being positively correlated 
with carbon content (r = 0.42, 0.47, and 0.44) and negatively correlated 

with hydrogen (r = − 0.63, − 0.50, and − 0.58) and oxygen (r = − 0.65, 
− 0.50, and − 0.56). These trends are consistent with the progressive 
transition from turbostratic carbon toward more ordered structures 
during pyrolysis, accompanied by heteroatom elimination and 
contraction of the interlayer spacing toward the graphite value (0.3354 
nm). These results summarize the correlations between representative 
input features: pyrolysis temperature, Raman parameters (e.g., ID/IG, G- 
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Fig. 2. Pearson correlation analysis between structural descriptors and elemental composition of biocarbon based on the complete dataset (n = 240). (a) Pearson 
correlation coefficient (PCC) matrix illustrating pairwise correlations among Raman, XRD, pyrolysis temperature, and elemental composition variables for biocarbon 
samples derived from 17 precursors over a temperature range of 300–1600 ◦C. (b–d) Correlation coefficients between representative Raman and XRD input features 
and carbon (C), hydrogen (H), and oxygen (O) contents, respectively (*p < 0.05, **p < 0.01).
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band position), and XRD parameters (e.g., d002, 002 peak position) and 
the output variables C, H, and O contents (Fig. 2b–d). A quantitative 
comparison of correlation coefficients highlights distinct differences in 
both the strength and direction of associations across different cate
gories of structural descriptors, providing a solid foundation for subse
quent machine learning modeling. Notably, these correlations do not 
imply direct causality, but rather reflect the co-evolution of elemental 
composition and carbon structure during temperature-driven pyrolysis. 
To further disentangle the relative contributions of temperature and 
structural parameters and to capture potential nonlinear effects, ma
chine learning models and interpretable analysis methods are employed 
in the following sections.

3.3. Model training and prediction

To evaluate efficacy of machine learning (ML) in predicting the 
elemental composition of biocarbon, eleven regression models were 
implemented to predict C, H, and O contents. Model performance was 
evaluated using the coefficient of determination (R2) and root mean 
square error (RMSE), allowing direct and quantitative comparison 
among different models (Fig. 3, Table S1). Hyperparameter tuning for all 
models was performed using randomized search with 5-fold cross- 
validation to ensure a fair comparison. Furthermore, this study 
compared the R2 and RMSE of the optimal machine learning model with 
the previously-reported predictions (Table S2) (Deng et al., 2024; Fu 
et al., 2026; Leng et al., 2022; Li et al., 2022; Liao et al., 2025; Zhu et al., 
2019). The optimal hyperparameter combinations of the final predictive 
models were summarized in (Tables S3–S5). For carbon prediction, the 
overall model performance followed the descending order: Gradient 
Boosting (GB) > Random Forest (RF) > AdaBoost > Ridge > Bayesian 
Ridge > k-Neighbors > Histogram Gradient Boosting (HGB) > Elastic 
Net (EN) > Lasso > Support Vector Regression (SVR) > ANN. A similar 
ranking trend was observed for hydrogen prediction, whereas Ridge 

performed best for oxygen, followed by AdaBoost, RF, and GB. Given 
that carbon constitutes the dominant fraction of biocarbon and is the 
predominant element and highly sensitive to structural evolution during 
pyrolysis, subsequent analyses focused on the four top-performing 
models for carbon: GB, RF, AdaBoost, and Ridge.

Prediction accuracy was further assessed using scatter plots of pre
dicted versus experimental values, supplemented by marginal histo
grams, confidence bands, and prediction intervals for all 240 biocarbon 
samples (Fig. 4). For carbon content, the GB model (Fig. 4a) showed 
excellent agreement with the ideal y = x line, particularly in the 80–95 
% range corresponding to high-temperature biocarbon samples. Only 
slight underestimation is observed for a limited number of low-carbon 
samples (50–70 %). GB achieved the highest predictive performance 
(R2 = 0.747, RMSE = 4.11), effectively capturing the two-stage 
nonlinear behavior of carbon enrichment: a gradual increase at low 
pyrolysis temperatures followed by rapid graphitization at higher tem
peratures. Notably, the moderate R2 value can be attributed to the high 
heterogeneity of the dataset, which includes 17 chemically diverse 
precursors and a wide temperature range (300-1600 ◦C) spanning 
multiple nonlinear carbonization regimes. This complexity introduces a 
substantial variability in carbon content, and increases a prediction 
difficulty compared to relatively more homogeneous datasets. The RF 
model (Fig. 4b) reproduced the overall trend but shows larger deviations 
in the intermediate carbon range (70–80 %) (R2 = 0.710, RMSE = 4.40), 
likely reflecting feedstock heterogeneity and variance introduced by 
ensemble averaging across decision trees. The AdaBoost model (Fig. 4c) 
tends to overestimate carbon content in the 60–70 % range (R2 = 0.669, 
RMSE = 4.70), suggesting sensitivity to noisy samples that are more 
difficult to predict. In contrast, the Ridge model (Fig. 4d) systematically 
underestimates high-carbon (>90 %) samples and overestimates low- 
carbon (<60 %) samples (R2 = 0.641, RMSE = 4.89), highlighting the 
inherent limitations of linear models in capturing nonlinear carbon 
enrichment processes during pyrolysis.

Fig. 4. Comparison between predicted and experimental elemental contents obtained using different machine learning models, including Gradient Boosting, Random 
Forest, AdaBoost, and Ridge regression. A total of 192 data points were used for model development. (a–d) Carbon content; (e–h) hydrogen content; (i–l) oxygen 
content. RMSE denotes the root mean square error.

J. Yu et al.                                                                                                                                                                                                                                       Bioresource Technology 456 (2026) 134978 

6 



For hydrogen prediction, both GB (Fig. 4e) and RF (Fig. 4f) closely 
follow the y = x line across the 1–5 % H range, with slight underesti
mation for extremely low-hydrogen samples (<1 %). These models 
achieve the highest accuracy (R2 = 0.964, RMSE = 0.301–0.303). 
AdaBoost (Fig. 4g) also demonstrates strong predictive performance (R2 

= 0.954, RMSE = 0.342), whereas Ridge (Fig. 4h) shows increased 
dispersion (R2 = 0.827, RMSE = 0.665), again reflecting the limited 
ability of linear regression to capture nonlinear devolatilization 
behavior. For oxygen content, the Ridge model (Fig. 4l) achieves the best 
overall performance (R2 = 0.832, RMSE = 2.75), although it tends to 
underestimate samples with high oxygen contents (>25 %). The RF 
(Fig. 4j) and AdaBoost (Fig. 4k) models provide reliable predictions for 
low-to-medium oxygen contents (R2 = 0.767–0.768, RMSE =

3.22–3.23), while the GB model (Fig. 4i) performs particularly well in 
the 5–10 % oxygen range but slightly overestimates samples between 15 
% and 20 % (R2 = 0.756, RMSE = 3.30). This discrepancy suggests a 
reduced sensitivity to oxygen removal at intermediate temperatures 
under the current parameter configuration.

Based on the strongly predictive performance achieved across mul
tiple models, it confirmed that pyrolysis temperature combined with 
Raman- and XRD-derived structural descriptors encoded sufficient in
formation to reconstruct the elemental composition of biocarbon. We 
then generated learning curves for the GB model to assess whether the 
current dataset size was sufficient for ensemble methods. The curves 
show that both the training score and the cross–validation score plateau 
after approximately 150–180 samples, indicating that further increased 
sample size (without increased precursor diversity) would only yield 
marginal gains (Fig. S2). It suggests that the dataset covers multiple 
precursor categories with distinct chemical characteristics, leading to 

inherently different feature distributions in the spectral descriptors. 
Among all tested algorithms, the GB model offers the most balanced 
performance, delivering the highest accuracy for carbon prediction, 
matching RF for hydrogen, and providing reliable oxygen predictions 
without pronounced systematic bias. Although Ridge regression ach
ieved a slightly higher accuracy for oxygen prediction, Gradient Boost
ing was selected as the representative model for interpretability analysis 
to ensure consistency across all target elements and to avoid element- 
specific model bias in mechanistic interpretation. Its strong adapt
ability to complex, nonlinear structure–composition relationships 
justified its selection for subsequent interpretability and mechanism 
analyses.

3.4. Feature importance of input variables

The relative importance of input features for predicting the 
elemental composition of biocarbon was evaluated using the Gradient 
Boosting (GB) model integrated with SHAP (SHapley Additive exPla
nations) analysis (Fig. 5). Each point represents a single sample, with its 
horizontal position corresponding to the SHAP value and the color 
indicating the feature magnitude. For carbon prediction (Fig. 5a–c), 
pyrolysis temperature (Temp) emerges as the most influential feature, 
accounting for 40.4 % of the total contribution (Fig. 5b). Higher tem
peratures consistently yield positive SHAP values, reflecting the pro
gressive removal of hydrogen- and oxygen-containing volatiles and 
subsequent carbon enrichment. The ID/IG ratio shows predominantly 
negative SHAP values (down to − 2.18), indicating that highly defective 
carbon structures are associated with lower predicted carbon content, 
whereas increased structural ordering (higher I26◦/(I22◦ + I26◦)) provides 

Fig. 5. Interpretation of the Gradient Boosting model based on the feature-selected dataset. (a, d, g) SHAP analysis illustrating the relative contributions of key 
variables;(b, e, h) feature importance rankings of the Gradient Boosting model;(c, f, i) combined heatmaps for carbon, hydrogen, and oxygen contents (n = 192). 
Temp denotes pyrolysis temperature; D-/G- peak refers to the positions of the D and G bands; D/G FWHM represents the full width at half maximum of the Raman 
peaks; (002)-, (100)- FWHM indicates the full width at half maximum of the (002) and (100) diffraction peaks; 002/100 angle denotes the corresponding diffrac
tion angles.

J. Yu et al.                                                                                                                                                                                                                                       Bioresource Technology 456 (2026) 134978 

7 



positive contributions. XRD-derived features collectively account for 
30.8 % of the total importance, highlighting the significance of inter
layer stacking and crystallite ordering in modulating carbon content. For 
hydrogen prediction (Fig. 5d–f), temperature again dominates, 
contributing 76.5 % of the total feature importance. Higher tempera
tures correlate with negative SHAP values, consistent with the rapid 
volatilization of hydrogen-containing groups. Among structural de
scriptors, ID/IG and D-FWHM are the most influential, underscoring that 
defect density and structural disorder facilitate hydrogen retention. XRD 
parameters contribute 12.1 %, reflecting the indirect crystallinity 
impact on hydrogen retention. For oxygen prediction (Fig. 5g–i), tem
perature remains the dominant factor (58.8 % contribution), with 
increasing temperature associated with progressively more negative 
SHAP values, aligning with accelerated thermal decomposition of 
oxygen-containing functional groups (− COOH → CO2, − OH → H2O). 
XRD features contribute 25.9 % of the total importance, with d002 and 
002 peak position being the most influential structural variables. 
Raman-derived descriptors such as ID/IG exhibit positive SHAP values, 
indicating greater oxygen retention in more defective, disordered car
bon structures.

Overall, SHAP analysis quantifies both the relative contributions and 
the directionality of key features in determining biocarbon elemental 
composition. While SHAP reveals feature influence at both global and 
local levels, it may not fully capture the nonlinear dependencies across 
feature ranges. Consequently, Partial Dependence Plots (PDPs) were 
employed in the subsequent section to visualize the marginal and 
interaction effects of key variables on C, H, and O contents, offering 
complementary mechanistic insights into the structure-composition 
relationships.

3.5. Univariate partial dependence analysis

Based on the SHAP feature importance analysis, the four most 
influential input variables (temperature, ID/IG, I26◦/(I22◦ + I26◦), and 
002-FWHM) were selected to construct one-dimensional (1D) and two- 
dimensional (2D) partial dependence plots (PDPs). These plots eluci
date the marginal effects, nonlinear responses, and potential in
teractions of key variables across the C, H and O contents of biocarbon 
samples (Fig. S2). Temperature exhibits the strongest effect on carbon 
content (Fig. S3a). As temperature rising, the C content initially in
creases rapidly before plateauing, reflecting an accelerated devolatili
zation of H- and O-containing species and progressive enrichment of the 
carbon skeleton, ultimately reaching a high-temperature carbonization 
limit. The ID/IG ratio shows a weak negative effect on C content, as 
higher values indicate greater defect density and lower graphitization, 
which are associated with reduced carbon enrichment. In contrast, I26◦/ 
(I22◦ + I26◦) exerts a positive influence, as higher values correspond to an 
increased proportion of ordered, graphitized carbon. The 002-FWHM 
displays a weak negative relationship with C content, consistent with 
smaller ordered domains and higher structural disorder. For hydrogen 
content (Fig. S3b), temperature drives a pronounced and nearly linear 
decrease. Hydrogen is mainly associated with thermally labile func
tional groups and aliphatic structures, which are readily cleaved and 
released as H2 and CH4 upon heating. Consequently, H content decreases 
rapidly and continuously with increasing temperature. In contrast, H 
content exhibits a slight increase with higher ID/IG, a slight decrease 
with increasing I26◦/(I22◦ + I26◦), and a gradual increase with larger 002- 
FWHM values. Oxygen content follows a temperature-dependent decay 
(Fig. S3c), characterized by a rapid decline at low temperatures followed 
by a more gradual decrease at higher temperatures. This trend reflects 
the sequential thermal decomposition of oxygen-containing functional 
groups, including carboxyl, carbonyl, and hydroxyl moieties, which are 
progressively removed as CO and CO2. Oxygen content increases with 
higher ID/IG, decreases slightly with increasing I26◦/(I22◦ + I26◦), and 
increases modestly with larger 002-FWHM values.

3.6. Bivariate partial dependence analysis

To further explore the synergistic interplay between pyrolysis tem
peratures and structural features, bivariate partial dependence analysis 
was performed (Fig. 6), revealing nonlinear interactions between pro
cess conditions and structural parameters. For carbon content, the 
combined effect of temperature and ID/IG (Fig. 6a–c) is minimal in the 
low-temperature range (300–600 ◦C), where dehydration and the 
release of light volatiles dominate and the carbon framework remains 
largely undeveloped. In the intermediate temperature regime 
(600–1000 ◦C), regions characterized by lower defect density (lower ID/ 
IG) exhibit more rapid carbon enrichment, indicating that increasing 
structural ordering facilitates carbon accumulation during active 
carbonization. At high temperatures (1000–1600 ◦C), carbon content 
approaches saturation as biocarbon becomes progressively graphitized, 
rendering the influence of structural parameters negligible. For 
hydrogen content (Fig. 6d–f), temperature induces a continuous decline 
across the entire range. At low temperatures, higher D-FWHM, ID/IG, and 
100-FWHM values are associated with enhanced retention of hydrogen- 
containing functional groups. During the intermediate temperature 
stage, extensive C––H bond cleavage and structural rearrangements 
accelerate hydrogen removal. At high temperatures (>1000 ◦C), 
hydrogen content in all samples decreases to below 1 %, and the 
contribution of structural features becomes insignificant. Oxygen con
tent exhibited a similar temperature-dependent trajectory (Fig. 6g–i). At 
low temperatures, higher G-FWHM, larger interlayer spacing d002, or 
lower I26◦/(I22◦ + I26◦) ratios reflect greater structural disorder and are 
associated with increased oxygen retention. As temperature entered the 
intermediate range, oxygen content decreases rapidly, accompanied by 
a progressive weakening of structural effects. At high temperatures, 
oxygen-containing functional groups were almost entirely decomposed, 
and structural parameters no longer exert a discernible negligible 
influence.

The bivariate PDP results demonstrate that temperature is the 
dominant driver of C, H, and O evolution in biocarbon, whereas struc
tural features modulate elemental contents only within specific tem
perature windows, primarily at intermediate temperatures. The 
temperature-driven aromatization, dehydrogenation, and deoxygen
ation processes determine the principal trends in elemental composition, 
while structural parameters regulate the rate and stage-dependent var
iations of these transformations.

Combined with the univariate PDP analysis, these results establish a 
clear temperature–structure–element coupling mechanism. Pyrolysis 
temperature determines the overall trajectories of C, H, and O contents, 
whereas structural parameters related to defect density and graphitiza
tion degree exert secondary control that is most pronounced at inter
mediate temperatures (600–1000 ◦C), where carbon skeleton 
rearrangement and functional group elimination are most active. At low 
temperatures, structural disorder promotes retention of H- and O-con
taining functionalities, while at high temperatures (>1000 ◦C), exten
sive graphitization leads to near-complete heteroatom removal and 
suppresses structural control. This window-dependent synergistic effect 
explains the observed nonlinear relationships between temperature, 
structure, and elemental composition, and provides a mechanistic 
framework for rational regulation of biocarbon properties through 
controlled pyrolysis.

Overall, SHAP and PDP analyses collectively establish a unified 
temperature-structure-element coupling mechanism. Pyrolysis temper
ature governs the global evolution of elemental composition, while 
structural descriptors modulate elemental retention in a temperature- 
dependent manner, with the strongest influence occurring in the inter
mediate temperature regime where structural rearrangement and 
functional group decomposition are most active. This integrated inter
pretation links feature importance, marginal effects and interaction ef
fects into a coherent mechanistic understanding of biocarbon formation.

J. Yu et al.                                                                                                                                                                                                                                       Bioresource Technology 456 (2026) 134978 

8 



4. Conclusions

This study explores that the elemental composition of biocarbon is 
primarily governed by pyrolysis temperature and the resultant struc
tural evolution, which can be effectively quantified using Raman- and 
XRD-derived descriptors and machine learning models. Among the 
evaluated models, Gradient Boosting exhibits a superior predictive 
performance for C, H, and O elements, revealing the robustness and 
suitability of nonlinear approaches for describing complex structure- 
composition relationships. Correlation analysis, SHAP interpretation 
and partial dependence analyses consistently identify the pyrosis tem
perature as the dominant factor driving carbon enrichment and deple
tion of hydrogen and oxygen, being attributable to progressive 
aromatization, dehydrogenation and deoxygenation. Furthermore, 
structural parameters provide complementary insights by linking defect 
density and graphitic ordering to elemental composition. Ultimately, 
this study has demonstrated a rapid and non-destructive strategy for 
accurately predicting large-scale biocarbon compositions and properties 
applicable for specific biocarbon design and assembly.
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