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Abstract 

Biochar is a promising technology for carbon storage and greenhouse gas (GHG) reduction, but optimizing it is chal-
lenging due to the complexity of natural systems. Machine learning (ML) and natural language processing (NLP) offer 
solutions through enhanced data analysis and pattern recognition, ushering in a new era of biochar research.

Highlights 

•	 ML enhances biochar production by optimizing carbon sequestration and predicting long-term environmental 
impacts.

•	 NLP facilitates biochar data analysis, accelerates discoveries, and improves research productivity.
•	 Integrating biochar, ML, and NLP offers new pathways for achieving carbon neutrality and climate change mitiga-

tion.
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Graphical Abstract

1  Introduction
In the wake of the United Nations’ Paris Agreement in 
2015, dedicated to combating global warming, numer-
ous nations have pledged to achieve net-zero emissions 
(Wang et al. 2023). China, as one of the world leading 
producers of agricultural commodities and a signifi-
cant contributor to greenhouse gas (GHG) emissions, 
has committed to peaking its emissions by 2030 and 
achieving carbon neutrality by 2060 (Xia et  al. 2023). 
This commitment underscores the pivotal role of China 
in the global transition toward a sustainable and low-
carbon future.

Biochar, a carbon-rich byproduct of biomass pyroly-
sis (Chen et  al. 2022), enhances soil quality and con-
tributes significantly to carbon management (Liu 
et al. 2022; Deng et al. 2024), aligning with key United 
Nations Sustainable Development Goals (SDGs) (He 
et al. 2022).

The evolution of artificial intelligence (AI), particularly 
machine learning (ML), has facilitated the prediction of 
geological sequestration safety and the evaluation of car-
bon capture and storage (CCS) project efficacy (Yao et al. 
2023). Researchers have also employed ML algorithms 
to optimize biochar synthesis, enhancing its carbon 
dioxide (CO2) adsorption capabilities (Yuan et al. 2024). 
Natural language processing (NLP), a subset of AI, offers 
new insights and methodologies to biochar research. 
For instance, integrating language models with ML 
algorithms can provide precise experimental planning 
guidance for biochar studies (Yang et  al. 2025). As AI 
technologies progress, there has been a noticeable surge 
in AI-associated research on carbon neutrality, illustrated 
by the upward trend in relevant studies (Fig. 1a). Despite 
the increasing interest in the synergistic application of 
biochar for carbon sequestration, the exploration of inte-
grating NLP and ML within this field remains limited. 
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The full potential of utilizing NLP and ML to optimize 
biochar production processes and further enhance its 
carbon sequestration capabilities has yet to be fully har-
nessed and realized.

In this study, a bibliometric analysis on “AI and car-
bon sequestration” was conducted in the “Scopus core 
collection”. The keywords in 1782 research articles and 
reviews from the Web of Science™ Core Collection, span-
ning the last decade (2014–2024), have been meticu-
lously examined. Keyword analysis revealed “machine 
learning”, “storage”, and “prediction” as dominant sub-
domains (Fig.  1b), with “biochar” emerging as the top-
trending keyword in the past year (Fig.  2a). This surge 

is likely driven by the   transformative potential of bio-
char  in waste management and carbon sequestration. 
Furthermore, a detailed evaluation of the interconnec-
tions among 19 high-frequency keywords related to bio-
char over the past decade (Fig. 2b) highlights its central 
role in advancing carbon-neutral technologies. The co-
occurrence results indicate a high frequency of mention 
between biochar and several key terms, including “ran-
dom forest” (a category of machine learning algorithms), 
“climate change”, and “carbon sequestration”. Notably, the 
strong correlation between biochar and “random for-
est” suggests a preference for ensemble-based ML mod-
els in optimizing biochar properties. This finding aligns 

Fig. 1  a The growth in publication counts for the past decade (2014–2024) (Web of Science). Boolean search string: (TS = (AI) OR TS = (Machine 
Learning) OR TS = (Natural Language Processing)) AND (TS = (Carbon Sequestration) OR TS = (Carbon Capture) OR TS = (Carbon Storage)). b Temporal 
trend of emerging keywords in the past decade. Data analysis was based on annual frequency. Keywords are ordered by the cumulative frequency, 
and any frequencies above five are labeled

Fig. 2  a The research interest in keywords within the field of AI and carbon sequestration. Boolean search string: (TS = (AI) OR TS = (Machine 
Learning) OR TS = (Natural Language Processing)) AND (TS = (Carbon Sequestration) OR TS = (Carbon Capture) OR TS = (Carbon Storage)) from 2014 
to 2024 (n = 1782) is visualized. Both the X and Y axes utilize a logarithmic scale. To provide a clear view of keyword trends, the dashed diagonal 
line in the figure serves as a boundary for changes in keyword trends. Keywords positioned above the diagonal line indicate an upward trend 
in research interest in the current period (2014–2022), while those below the line suggest a declining trend. When a keyword is above the 
diagonal line, the higher its coordinate value and the closer it is to the Y-axis, the more frequently it appears in the current period (2023–2024), 
and the more attention it has received compared to the previous period (2014–2022), with its color approaching yellow. When a keyword has large 
values for both coordinates and is above the diagonal line, it indicates that these keywords have consistently had a high frequency of occurrence 
over the past 10 years, and their popularity is still rising in the current period (2023–2024). b The 19 keywords most frequently co-occur with biochar 
emerging in recent ten years. The keywords (nodes) are ordered by their overall frequencies from steel blue to yellow color. Edge width and color 
are used to represent the co-occurrence between keywords; a thicker edge with a darker color means that the two keywords have a higher 
co-occurrence

(See figure on next page.)
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Fig. 2  (See legend on previous page.)
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with  the recent studies emphasizing the effectiveness of 
ensemble models in optimizing biochar properties for 
carbon sequestration (Yuan et al. 2021; Yuan et al. 2024). 
The bibliometric analysis of the past decade has under-
scored the increasing significance of AI, especially in 
the form of ML, in enhancing biochar research by opti-
mizing its production and application, as well as in pre-
dicting and synthesizing knowledge within the field, 
thereby positioning biochar as a multifaceted tool in the 
fight against climate change. This paper presents a novel 
approach integrating ML and NLP to enhance the carbon 
sequestration potential  of biochar. ML optimizes pro-
duction and CO2 adsorption, while NLP accelerates data 
analysis, boosting research efficiency. Combining these 
technologies opens new pathways for optimizing the role 
of biochar in climate change mitigation and contributing 
to global carbon neutrality efforts.

2 � Biochar and carbon sequestration
Carbon capture, utilization, and storage (CCUS)  has 
emerged as a pivotal strategy in the quest for carbon neu-
trality (Wei et  al. 2021). In this context, biochar plays a 
vital role due to its aromatic carbon structure, which 
ensures its stability in soil. Research shows that biochar 
not only enhances soil carbon content but also reduces 
GHG emissions and improves soil quality (Lehmann et al. 
2021; Bolan et al. 2022). Its unique porous structure ena-
bles the adsorption of atmospheric CO2 within soil pores, 
positioning biochar as a promising agent in CCUS efforts 
(Cao et  al. 2022; Dissanayake et  al. 2020). Furthermore, 
integrating biochar into agricultural practices signifi-
cantly improves soil structure, enhances cation exchange 
capacity, and increases the soil’s ability to retain water 
and nutrients (Chen et al. 2022). These, in turn, promote 
crop growth and boost plants’ CO2 assimilation capacity, 
contributing to a more sustainable agricultural ecosystem 
(Fahad et al. 2016).

Biochar application has the potential to mitigate up to 
0.92 Gt CO2 yr−1  under sustainable scenarios (Deng et al. 
2024). Additionally, it has been shown to influence the 
GHG flux within the soil environment by altering micro-
bial activities, resulting in annual mitigated emissions of 
2.97 × 107 t CO2e for CO2, 1.53 × 108 t CO2e for CH4, and 
1.27 × 108 t CO2e for N2O (Wang et al. 2023). By linking 
microbial and mineral carbon processes, biochar car-
bon pump (BCP) promotes long-term carbon sequestra-
tion and supports climate change mitigation (Chen et al. 
2024). In this paper, we present an overview of a novel 
approach that leverages ML techniques to optimize the 
carbon sequestration efficiency of biochar. This approach 
applies ML models to refine biochar synthesis processes, 
potentially enhancing its CO2 adsorption capacity and 
predicting its long-term impact on GHG emissions. The 

integration of ML in biochar research offers the possibil-
ity of accelerating the development of high-performance 
biochar and providing precise, data-driven guidance 
for biochar production and application, contributing to 
global efforts toward carbon neutrality.

3 � ML for enhancing biochar synthesis and carbon 
sequestration efficiency

Recent research advancements have shown that ML 
techniques play a significant role in optimizing the syn-
thesis of biochar, enhancing its CO2 adsorption perfor-
mance and predicting its carbon sequestration potential. 
For instance, Yuan et al. (2021) utilized various boosting 
algorithms, including Gradient Boosting Decision Trees 
(GBDTs), Light Gradient Boosting machines (LGBs), and 
Extreme Gradient Boost (XGB). They combined these 
algorithms with feature importance analysis techniques 
such as permutation importance and mean decrease in 
accuracy to assess the significance of each input feature. 
By employing partial dependence plots, the authors dem-
onstrated the impact of individual features on the target 
variable, thereby providing valuable insights into both 
the CO2 adsorption process and the optimization of bio-
mass waste-derived porous carbon synthesis. Building 
on this work, Yuan et  al. (2024) developed an advanced 
ML-driven framework to extract key insights from exper-
imental data and fine-tune biochar synthesis parameters, 
significantly improving its CO2 adsorption capacity. By 
leveraging the predictive capabilities of Random Forest 
(RF) and Gaussian Process (GP) regression, alongside 
optimization techniques like Particle Swarm Optimiza-
tion (PSO) and Shapley Additive exPlanations (SHAP) 
value analysis, they successfully predicted the micropo-
rous volume (V0.8) of biochar. Through three active learn-
ing cycles, they effectively doubled their CO2 adsorption 
capacity, accelerating the development of biochar for this 
application. In addition to these studies, Tee et al. (2022) 
employed an Artificial Neural Network (ANN) model to 
predict the yield and Brunauer-Emmett-Teller (BET) sur-
face area of biochar based on pyrolysis conditions and 
biomass composition. The study demonstrated that the 
precision of the ANN model in predicting carbon seques-
tration potential of biochar  offers a valuable predictive 
tool for screening biomass feedstocks and assessing car-
bon sequestration potential. This is especially critical 
because the surface area of biochar directly affects its 
CO2 adsorption performance, while its yield determines 
the feasibility and efficiency under different production 
conditions. Furthermore, Ding et al. (2018) used Boosted 
Regression Trees (BRTs) to evaluate biochar’s effects on 
soil organic carbon (SOC) decomposition, identifying 
incubation time as the key driver. Their findings high-
lighted critical factors influencing biochar’s impact on 



Page 6 of 8Li et al. Biochar            (2025) 7:20 

native SOC cycling, providing insights for better predict-
ing soil carbon sequestration following biochar amend-
ment. In summary, ML profoundly enhances the research 
and development of biochar technology by accurately 
predicting key properties, refining synthesis methodolo-
gies, and assessing environmental impacts. This not only 
augments the efficiency of biochar innovation but also 
provides robust technical support for the achievement of 
carbon neutrality objectives.

4 � Integrating ML and NLP for cross‑disciplinary 
advancements in biochar research

The integration of ML and NLP can play a pivotal role 
in facilitating interdisciplinary research and foster-
ing collaborative efforts across multiple disciplines. For 
instance, this synergy enhances knowledge extraction 
and literature analysis in the field of Earth sciences (Lin 
et  al. 2024), expediting the discovery of novel materi-
als and enabling accurate predictions of chemical reac-
tions in materials science (Maik Jablonka et al. 2023). In 
ecology, such integration advances our comprehension 
of species’ roles within ecosystems and their ecological 
contributions, offering valuable insights for conserva-
tion strategies and climate change adaptation (Domaze-
toski et al. 2024; Wang et al. 2024). Against this backdrop, 
Qiao et al. (2024) revealed the research trends and focal 
points in the field of microbial carbon capture span-
ning the past three decades. Their bibliometric analysis 
highlighted   the  emergence of biochar  as a promising 
carbon sequestration medium, with its research promi-
nence experiencing a sustained and escalating interest. 
In another study, Paula et  al. (2022) demonstrated the 
great potential of NLP in systematically analyzing large 
amounts of scientific literature. The study processed 
10,975 pieces of relevant literature through automatic 
reading-interpreting-extracting computational routines 
(namely, the a.RIX engine) and identified the most com-
monly used biomass precursors and optimal production 
parameters through ML algorithms. The researchers used 
cluster and network analysis to extract key parameters 
related to the synthesis and post-processing of carbon 
functional materials (CFM). This data-driven approach 
demonstrates the powerful promise of ML and NLP in 
experimental design and materials optimization, sig-
nificantly accelerating the process of extracting valuable 
information from massive data and driving the efficient 
development of CFM materials. The latest research has 
shown that integrating ChatGPT with ML-based Bayes-
ian algorithms enables researchers to meticulously design 
experiments and provide tailored solutions for specific 
soil conditions, enhancing the precision and efficiency 
of biochar synthesis (Yang et al. 2025). By embracing the 
sophisticated integration of NLP and ML, researchers 

can fine-tune biochar preparation processes, achieving 
targeted soil amelioration with enhanced precision. In 
summary, the application of NLP technology in carbon 
sequestration has greatly improved the ability to extract 
valuable insights from scientific literature. Combined 
with ML algorithms, it offers intelligent guidance for bio-
char synthesis and carbon sequestration, advancing the 
development of carbon capture methodologies and pro-
viding a more effective approach to addressing climate 
change.

5 � Conclusions and perspectives
Biochar has emerged as a promising agent in the realms 
of carbon capture, utilization, and storage (CCUS), dem-
onstrating significant potential. The integration of ML 
has advanced biochar research by optimizing synthesis 
processes, enhancing CO₂ adsorption, and predicting 
carbon sequestration potential. Additionally, NLP ena-
bles intelligent analysis of scientific literature, revealing 
the complex relationships between the synthesis, proper-
ties, and applications of biochar. The combination of ML 
and NLP introduces a new approach to biochar research, 
offering innovative tools and perspectives for advanc-
ing carbon sequestration technologies. Future research 
should focus on the following key areas:

•	 Model selection and optimization: Selecting appro-
priate ML algorithms, such as Random Forest (RF), 
Gaussian Process (GP) regression, and Artificial Neu-
ral Networks (ANN), is essential for specific applica-
tions. Performance can be further enhanced through 
parameter tuning and algorithm adjustments to 
improve the efficiency and accuracy of biochar opti-
mization.

•	 Multi-model integration: Combining ML models 
with ensemble learning techniques, such as Boosting 
or Stacking, can improve the accuracy and robust-
ness of predictions, providing precise guidance for 
biochar performance under varying production con-
ditions. Future research should develop hybrid ML 
models integrating supervised and unsupervised 
learning for comprehensive biochar optimization.

•	 Interactive platform development: Real-time interac-
tive platforms can dynamically adjust experimental 
data and model predictions, offering more precise 
control over biochar synthesis processes and ena-
bling personalized optimization.

•	 Biochar supply chain optimization: ML can optimize 
the entire biochar supply chain, from production to 
application. Additionally, NLP can evaluate the eco-
nomic and environmental impacts from existing lit-
erature, offering data-driven support for industrial 
decision-making.
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•	 Biochar policy and regulatory framework: NLP can 
analyze global policies and regulations related to bio-
char and integrate this information into ML models. 
This will help predict biochar adoption and carbon 
sequestration potential under different policy scenar-
ios, facilitating the formulation of effective policies 
and broader biochar adoption.

•	 Industrial-scale application of AI-driven biochar 
optimization: As ML technologies continue to 
advance, future research should prioritize the scal-
ing of AI-driven optimization methods for industrial 
applications in biochar production. The development 
of scalable ML frameworks, combined with compre-
hensive big data analytics, will effectively streamline 
and enhance the efficiency of biochar production and 
application processes. By conducting thorough life 
cycle assessments and economic analyses on a larger 
scale, the environmental and economic benefits of 
these methods can be better assessed, thereby align-
ing with global carbon neutrality goals.
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