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Highlights 

• An end-to-end ML framework bridges biochar synthesis and dye 

wastewater treatment. 

• Framework achieved R2=0.97-0.99 and RMSE=0.01-0.04 with strong 

accuracy. 

• Online platform enables rapid biochar design with real-time analysis. 

• Optimized biochar showed 125.25 mg/g adsorption, 18.71% above 

literature. 
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Abstract 

Biochar has emerged as an essential material for wastewater remediation due to its 

tunable physicochemical properties. There is a pressing need to develop rapid and 

efficient strategies to guide the rational design of biochar, facilitating its transition from 

laboratory research to practical applications. In this work, we developed a sequentially 

coupled end-to-end machine learning framework (EEMLF) that integrates an online, 

user-friendly platform enabling rapid prediction of optimal biochar synthesis and its 

adsorption capacity without programming expertise. The EEMLF had high and robust 

predictive accuracy on dye removal end and biochar synthesis end (R1
2/R2

2 = 0.99/0.97; 

RMSE1/RMSE2 =0.01/0.04). Through EEMLF, pyrolysis temperature and the 
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activator-to-biomass ratio were identified as the dominant factors governing biochar 

properties, while specific surface area emerged as the primary determinant of 

adsorption performance. Guided by the outputs of the EEMLF, the waste reed straw 

was pyrolyzed to produce a biochar (RSCH-800), RSCH-800’s methylene blue 

adsorption capacity reached 125.25 mg/g, nearly twice that of the unactivated one 

(RSC-800). For real wastewater (TOCInitial = 672.6 mg/L), RSCH-800 achieved 85% 

TOC removal at a solids-to-liquid ratio of 1.3 g/L within 2 h. This work delivers a 

generalizable data-driven framework that enables the rapid development of high-

performance biochar for dye wastewater, even broader polluted wastewater remediation. 

Keywords 

Carbon material design; Adsorption process; Contaminant removal; 

Environmental remediation; Machine learning.  
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1. Introduction 

The printing and dyeing industry annually releases 10-20% of its wastewater, 

causing severe environmental pollution[1-3]. The complex aromatic structures of dyes 

confer high chemical stability, rendering them resistant to biodegradation and often 

associated with toxic and carcinogenic effects[4, 5]. With increasing demands for 

environmental protection and goals such as carbon sequestration, adsorption has 

become a promising choice due to its operational simplicity, the renewability of 

adsorbent, and the effective removal of pollutants[6]. Biochar, produced from waste 

biomass, is particularly attractive due to its adjustable specific surface area, well-

developed pore structure, and abundant active functional sites[7, 8]. 

The adsorption performance of biochar is directly influenced by its intrinsic 

physicochemical properties and the adsorption process conditions[9, 10]. The former, 

such as specific surface area, the pH at the point of zero charge, are largely determined 

by the original biomass and the synthesis conditions[11-13]. Optimizing synthesis 

routes can therefore markedly enhance adsorption performance. For instance, Janu et 

al[14]. established the relationship between the physicochemical characteristics of 

biochar and its FTIR spectral absorption properties, finding that pyrolysis temperature 

is more important than residence time for specificity of functional groups. Wang et al[13] 

investigated the effects of synthesis process on the physicochemical properties of 

biochar. Under the optimal conditions, a biochar with a specific surface area up to 

3230.57 m2/g was obtained, achieving a maximum methylene blue adsorption capacity 

of 661.7 mg/g. Zhang et al.[15] achieved a significant increase in the Langmuir 

maximum adsorption capacity for Pb2⁺ from 116 mg/g to 294 mg/g by grafting teak 

waste with acrylic acid. The latter, such as contact time, adsorption temperature, and 

pH, significantly influence the pollutant adsorption capacity. Zazycki et al.[16] showed 

pecan-shell biochar reached 80% of its capacity under optimized adsorption process 

conditions. Raut et al.[17] reported high Cr(VI) adsorption capacity (152.44 mg/g) and 

excellent cycling stability (71.8% efficiency after five cycles) for citrus-limetta-derived 
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biochar. These findings indicate that the adsorption capacity of biochar is strongly 

influenced by both the synthesis process and the operating conditions[18], creating a 

high-dimensional optimization problem that makes conventional trial-and-error design 

time and resource intensive[19]. 

In this context, machine learning is rapidly emerging as a data-driven strategy for 

the efficient adsorbent design and water treatment[20-22]. For instance, Bibi et al.[23] 

used XGB as the preferred model for optimizing congo red removal by biochar, 

yielding high predictive accuracy (R2 = 0.99), and found the dosage of adsorbent as a 

key factor. Chen et al.[24] employed an integrated model to predict the specific surface 

area, pore size, and pore volume of biochar, identifying pyrolysis temperature as the 

common key parameter. With the further advancement of machine learning, its 

application is expanding from singular property prediction to comprehensive and 

interpretable optimization of the entire synthesis-to-application workflow. Zhang et 

al.[21] emphasize that regulating the entire process from synthesis to adsorption is a 

key direction for enhancing material design efficiency. Wang et al.[25] existing 

research predominantly relies on laboratory data. There is an urgent need to develop 

machine learning models that integrate experimental validation and provide reverse 

guidance for synthesis. To directly address these developmental trends and core 

challenges, this work proposes a sequentially coupled end-to-end machine learning 

framework. This framework establishes an interpretable synthesis-structure-

performance holistic framework by sequentially coupling the process-property 

relationships at the biochar synthesis end with the property-performance relationships 

at the dye removal end. This provides implementable support for biochar screening and 

design in textile wastewater treatment. 

To construct EEMLF, we compiled a multidimensional dataset encompassing 

biochar synthesis parameters, material physicochemical properties, and adsorption 

process conditions. Based on this dataset, we trained and evaluated six tree-based 

machine learning models. The best performing model can predict the adsorption 
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capacity of biochar for dyes, identification of optimal adsorption process conditions, 

and recommendation of synthesis parameters for preparing high-performance biochar. 

Ultimately, we established a sequential coupling framework based on the synthesis-

structure-performance relationship. To enhance accessibility, we also developed a user-

friendly interface to allow researchers to efficiently obtain these optimal parameters. 

These model-recommended synthesis conditions were further validated through 

targeted experiments. 

2. Materials and methods 

2.1 Data collection and preprocessing 

2.1.1 Data acquisition 

This work systematically investigates the structure-performance relationships 

between biochar and dye removal behavior by integrating ML techniques with 

experimental validation. Data were retrieved from the Web of Science database using 

the keywords “Biochar Adsorption” and “Dye removal”, with additional subject term 

expansions (e.g., “methylene blue removal”). To ensure data quality and consistency, 

literature inclusion criteria were defined as follows, (1) published in JCR Q1&Q2 

journals with an impact factor more than 3.0; (2) complete documentation of biochar 

synthesis parameters (e.g., raw biomass, pyrolysis conditions) and adsorption 

performance metrics (e.g., equilibrium adsorption capacity, Qe); and (3) standardized 

adsorption conditions (Dye concentration range: 0-5000 mg/L; pH: 2-12). The inclusion 

criteria for literature were determined based on frontier research and the actual 

characteristics of dyeing and printing wastewater. Given that raw materials, chemicals, 

and operational conditions vary, significant differences in concentration and pH may 

exist across different dye wastewater streams[26, 27]. Hence, the aforementioned 

criteria were selected to ensure the practicality of the data. A total of 2300 data entries 

were curated. Two datasets were established based on the acquired data, Dataset #1 and 

Dataset #2. Dataset #1 was designed for predicting adsorption capacity and includes the 

following features, adsorption process conditions like molecular weight of dye (MW), 
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adsorbent dosage (AD, g/L), initial dye concentration (C0, mg/L), pH, adsorption time 

(t1, h), adsorption temperature (T1, °C), and adsorption volume (AV, mL); and biochar 

characteristics like elemental composition (C, H, O, N, S; wt%), specific surface area 

(BET, m2/g), pore diameter (Dp, nm), and zero-point charge (pHPZC). Dataset #2 focuses 

on the biochar synthesis end, covering feedstock properties like raw biomass (RB, g), 

particle size distribution (PSD, mm); activation conditions like activator type (AT), 

activator to biomass ratio (ARm); and pyrolysis conditions like annealing atmosphere 

(Atm), annealing rate (RAnn, °C/min), pyrolysis temperature (T2, °C), and residence 

time (t2, h). For a detailed description of the dataset, shown in supplementary 

information Text S1 and Fig. S1. To ensure data integrity and prevent overfitting, we 

conducted systematic deduplication checks. Specifically, we compared entries based on 

combinations of 8 parameters from the biochar synthesis end and 15 parameters from 

the dye removal end. All entries with identical parameters shall be regarded as duplicate 

data, with only one instance retained. This process was completed prior to partitioning 

the data into training and test sets to avoid any data leakage. 

2.1.2 Data preprocessing 

After compiling the two initial datasets, a systematic preprocessing was applied to 

ensure data quality and model reliability. Data preprocessing involved three key steps: 

outlier removal, normalization, and data partitioning. Outliers were identified and 

removed based on violations of physicochemical principles, such as negative 

adsorption capacities or unrealistic parameter values. These non-physical entries, likely 

arising from data compilation errors, were excluded prior to further analysis. All 

numerical features were then normalized to the range of -1 to 1 to ensure consistent 

scaling for model training. Finally, the dataset was randomly split into a training set 

(80%) and a test set (20%) for model development and evaluation. 

Before model development, a pearson correlation coefficient matrix analysis was 

performed to assess the linear relationships between variables[28]. Independent 

correlation features with correlation coefficients between 0 and 0.5 are fed directly into 
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the model to avoid covariance problems (Eqs. 1)[29, 30].  
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where ix  and iy   represent the observations of the two variables, x   and y  

denote the means of the variables, and n represents the number of observations. 

2.2 Development of machine learning models 

This work evaluates six representative ML algorithms, including CB, DT, GBDT, 

HGB, RF, and XGB, to strike a balance between model accuracy and interpretability. 

The reasons for selecting these models are listed in Text S2. 

To minimize overfitting and improve model robustness, the hyperparameters of 

the EEMLF were systematically optimized[31]. In this work, Bayesian Optimization 

was employed to fine-tune the hyperparameters of the selected model. Bayesian 

Optimization constructs a probabilistic model of the objective function, allowing for 

the efficient identification of the optimal hyperparameter combination[32, 33]. 

To ensure the accuracy and reliability of model evaluation, 10-fold cross-

validation was implemented. Following completion of all data preprocessing, the 

dataset was randomly partitioned into ten equally sized subsets. During each validation 

cycle, one subset served as the test set, while the remaining nine subsets were 

aggregated as the training set. This process was iterated ten times, each subset being 

used as the test set once, thereby guaranteeing that every data point was evaluated. The 

training set was utilized for hyperparameter optimization and model construction, 

whereas the test set was employed to assess model performance. This approach makes 

optimal use of finite data, reducing potential evaluation bias arising from a single 

random partition through multiple training and testing iterations. Consequently, it 

provides a more robust estimate of the model’s generalization capability. 

2.3 Evaluation of machine learning models 

To evaluate the performance of ML models, several metrics are employed, 
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including coefficient determination (R2), root mean square error (RMSE), and mean 

absolute error (Eqs. 2-4)[34, 35]. These metrics provide a comprehensive understanding 

of the model's accuracy and reliability. Higher R2 values indicate a better fit between 

the model’s predictions and the empirical data. Lower values of RMSE and MAE 

indicate better model performance[36]. 
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where yi denotes the actual value, xi denotes the predicted value, and y denotes the 

average of the actual values. 

2.4 Model interpretation 

In this work, we used SHAP (Shapley Additive exPlanations), an interpretability 

method based on game theory[37], to investigate the key biochar characteristics 

influencing its adsorption capacity. We calculated the Shapley values (Eqs. 5) for each 

feature to quantify their marginal contributions to the model’s predictions[38]. Positive 

Shapley values indicate that a feature enhances adsorption capacity, whereas negative 

values suggest an inhibitory effect. The absolute magnitude of these values reflects the 

strength of each feature’s influence on the model’s output[39]. The color of the points 

changing from blue to red indicates an increase in feature values[40].  

 ( )j S s
S N/{j}

| S |!(| N | | S | 1)!
[f ( {j}) f ( )]

| N |!
f , x x x



− −
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where, ϕj is the Shapley value of the j-th feature, N is the set of all features, S is any 

subset of features that does not include feature j, |S| is the number of features in set S, 

|N| is the total number of features, f(xS) is the predicted output of the model when 

considering feature set S, and f(xS  jj))-f(xS) denotes the marginal contribution of 
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feature j for the set of S. 

To further explore the nonlinear interactions between features, we used SHAP 

dependence plots. These plots, based on locally weighted regression, illustrate how 

variations in individual features affect the model’s output. Additionally, they reveal 

synergistic or antagonistic relationships between key features through color gradients. 

This analytical approach integrates global feature importance with local effect, 

providing valuable insights into optimizing biochar synthesis processes and enhancing 

its application in dye removal systems. 

2.5 Biochar synthesis and adsorption experiments 

In order to verify the effectiveness of the EEMLF, reed straw from Dongting Lake 

was used in this work. First, reed straws were cut into 1-2 cm segments, washed with 

deionized water, and dried in 60°C. Subsequently, the reed straws were pulverized to 

200 mesh. The reed powder was impregnated with an 85% H3PO4 solution at a mass 

ratio of 1:1 for 12 hours, followed by filtration and drying. It was then transferred to a 

tube furnace and heated under a nitrogen atmosphere to 800°C at a heating rate of 

5°C/min, and held for 4 h. After pyrolysis, the sample was cooled to room temperature 

under nitrogen. The resulting biochar was washed with deionized water to remove ash, 

then dried, pulverized, and sieved to 200 mesh, yielding the final product RSCH-800. 

For comparison, the control biochar (RSC-800) was prepared following the identical 

protocol except omitting the H3PO4 activation step. The RSCOH-800 replaces H3PO4 

with KOH, with all other steps remaining identical. 

The adsorption performance of the prepared biochar was evaluated using 

methylene blue and the actual wastewater from a printing and dyeing factory in 

Changde, Hunan Province as the model pollutant. The adsorption capacity was 

calculated using the following formula[41]: 

 
( )0 e

e

C C V
Q

m

− 
=  (6) 

Where: Qe is the adsorption capacity (mg/g), C0 is the initial concentration of 

methylene blue (mg/L), Ce is the equilibrium concentration of methylene blue (mg/L) 
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V is the volume of the solution (L), m is the mass of the biochar used (g). The biochar 

preparation process, adsorption procedures, and characterization methods are detailed 

in Text S3. The relevant parameters for the actual wastewater are shown in Table S7. 

3. Results and discussion 

3.1 Feature distribution analysis 

An analysis of the established datasets (Fig. 1a-f and Table S1) first revealed the 

distribution patterns of key parameters governing biochar synthesis and adsorption, 

providing essential context for the subsequent machine learning modeling. For the 

biochar synthesis end, the activator to biomass ratio (ARm) and pyrolysis temperature 

(T2) showed distinct concentrations (Fig. 1a and 1b). Notably, the reported ARm values 

fell within the range of 0 to 10, with a 1:1 ratio being frequently employed. This 

common practice is supported by studies indicating that an appropriate amount of 

activator effectively enhances the specific surface area and structural stability of 

biochar[42, 43]. Similarly, T2 used in reported studies were predominantly concentrated 

in the range of 600-800°C, and this temperature range is conducive to the full 

carbonization of biomass and the formation of well-developed pore structure[44]. To 

enhance transparency, Table S2 summarizes the statistical distribution of the top 20 key 

biochar types by data volume, categorized by biomass feedstock, pyrolysis temperature, 

and activation method. The table demonstrates that our dataset encompasses diverse 

conditions, with no single type being significantly overrepresented and a generally even 

distribution of data. 

Consistent with established knowledge, the specific surface area of biochar is a 

critical determinant of its adsorption capacity, as a larger surface area provides more 

sites for pollutant attachment[45, 46]. In the current work, the specific surface area 

values were mainly centered around 200 m2/g, with only a minority of biochars 

exceeding 2000 m2/g (Fig. 1c). Regarding surface charge, the pH at the point of zero 

charge (pHPZC) for most biochars in the dataset clustered within a near-neutral 

range(Fig. 1d). this may be related to the nearly neutral adsorption environment. 
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Notably, the broad distribution of both specific surface area (0-2500 m2/g) and pHPZC 

(0-12) demonstrates that precise modulation of biochar’s properties can be achieved by 

adjusting the synthesis process conditions. 

 

Fig. 1. Distribution of the activator to biomass ratio (a), annealing temperature (b), 

specific surface area (c), the pH at the point of zero charge (d), molecular weight of the 

dye (e), initial concentration of the dye (f) on the biochar synthesis and the dye removal 

with biochar adsorption. 

The properties of the target dye molecules constitute critical variables in the 

adsorption system. Analysis of our dataset revealed that approximately 80% of the 

involved dyes have molecular weights (MW) between 250 and 500 Da (Fig. 1e), 

indicating a focus on low-to-medium molecular weight compounds. This range is 

mechanistically relevant, as such molecules are more likely to access the micropores 

and mesopores commonly found in biochar adsorbents. The initial concentration of the 

dyes (C0) was an important driver of the adsorption process (Fig. 1f), spanning from 0 
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to 5000 mg/L. The density distribution of other features was shown in Fig. S2-4. 

Collectively, the broad yet physically interpretable distributions observed for biochar 

properties, process conditions, and dye characteristics establish a comprehensive and 

high-dimensional feature space. This diverse dataset is essential for training a robust 

machine learning model to decode the non-linear relationships within the complex 

biochar adsorption system. 

3.2 Correlation-guided feature selection 

To improve EEMLF’s robustness and minimize feature redundancy, we performed 

a feature selection analysis prior to model training. The Pearson correlation coefficient 

was used to examine linear dependencies among key variables within each dataset. For 

features exhibiting strong collinearity (|r| > 0.5), a single representative feature was 

retained per correlated group based on its physicochemical interpretability and 

relevance. This feature selection strategy was applied independently to Dataset #1 (for 

predicting dye removal end) and Dataset #2 (for the biochar synthesis end). 

For Dataset #1, the correlation matrix (Fig. 2a) revealed complex interactions.  

Most linear correlations were weak (|r| < 0.50). Notably, strong positive correlations 

were observed between the dye’s molecular weight, molecular size, and ionic character 

(r = 0.56-0.93). For biochar elemental composition, carbon content (C, wt%) showed a 

strong negative correlation with the O/C and (O+N)/C ratios (r = -0.59 to -0.60). 

Additionally, specific surface area plays a positive correlation with the total pore 

volume (Vt) (r = 0.66). To minimize redundancy and multicollinearity, one 

representative feature was retained per group of highly correlated features[28]. For 

instance, molecular weight (MW) represented dye characteristics, and specific surface 

area represented porosity. The final input dataset #1 comprised 15 features, included 

dye properties(MW) adsorption conditions (AD, C0, AV, pH, t1, and T1), biochar 

elemental composition (C, H, O, N, S, wt%), BET specific surface area, average pore 

width (Dₚ), and pHPZC, totaling. 

For Dataset #2, correlation analysis of biomass feedstock and synthesis conditions 
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(Fig. 2b) showed all pairwise coefficients below 0.42, indicating negligible linear 

collinearity. Therefore, all original 8 input features were retained for subsequent 

modeling. 

 

Fig. 2. Pearson plot of the predictive model for dye removal end (a), and biochar 

synthesis end (b). 

3.3 EEMLF construction and performance 

Building upon this refined feature set, the EEMLF was constructed using a suite 

of tree-based ML algorithms, including categorical boosting (CB), decision tree (DT), 

gradient boosting decision tree (GBDT), histogram gradient boosting (HGB), random 

forest (RF), and extreme gradient boosting (XGB). Model hyperparameters were 

optimized using Bayesian optimization with a Gaussian process surrogate[31]. And the 

performance was rigorously evaluated through 10-fold cross-validation to ensure 

robustness and prevent overfitting. The results showed that the XGB model performed 

optimally for predicting dye removal, while RF performed best for predicting biochar 

synthesis. The final, optimized models demonstrated strong predictive accuracy on the 

test set, with the XGB model achieving an R2 of 0.99 and the RF achieving an R2 of 

0.97 (Fig. 3, Fig. S5 and Table S4). Optimized via Bayesian, each ends reached its 

best configuration with minimal prediction error. In the dye removal end, XGB tuned 

four typical hyperparameters in an optimal configuration (learning_rate = 0.99, 

n_estimators = 1311, max_depth = 7, min_child_weight = 0.59), where RMSE reached 
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the minimum 0.01. Similarly, RF in biochar synthesis end tuned five typical 

hyperparameters in an optimal configuration (max_depth = 92, max_samples = 0.99, 

min_samples_leaf = 1, min_samples_split = 2, n_estimators = 113), where RMSE 

reached the minimum 0.04. The optimal hyperparameters for other models used in 

constructing the EEMLF are summarized in Table S3. These minimal RMSE values 

reflect the excellent generalization of EEMLF’s two ends. 

These results were further compared with previous works on data driven to biochar 

synthesis and application in Table S5. The prediction accuracy of the biochar specific 

surface area prediction model based on the EEMLF was improved by 21.25% (R2 = 

0.80)[47]. Meanwhile, the accuracy of the EEMLF in predicting the adsorption capacity 

of biochar was improved by 7.45% (R2 = 0.94)[19]. These additional advantages 

demonstrate the superiority of the current work, in which a comprehensive model was 

developed for the biochar synthesis process. 

 

Fig. 3. Performance for EEMLF’s dye removal end (a) and biochar synthesis end (b). 

3.4 Interpretable optimization of parameters 

3.4.1 SHAP Analysis of Key Features 

To prioritize the most influential parameters in biochar synthesis and dye removal, 

we applied SHAP (SHapley Additive exPlanations) to interpret the model outputs and 

prioritize the most influential parameters governing biochar synthesis end and dye 

removal end[48]. For the dye removal end, Fig. 4a-b indicate that the C0 is the most 

influential feature, with a strong positive correlation to the predicted adsorption 
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capacity. This is because at low concentrations, the biochar surface possesses more 

active sites to adsorb dye molecules; whereas at high concentrations, these active sites 

rapidly become saturated, with a limited number of adsorption sites available, rendering 

it incapable of adsorbing dye molecules[49, 50]. Furthermore, at high concentrations, 

the driving force increases to overcome the mass transfer resistance between dye 

molecules and the biochar[51]. H (wt%), BET, emerged as the most influential material 

properties. A higher H content (wt%) was associated with increased predicted 

adsorption capacity, which is consistent with its role as a proxy for surface polar groups 

(e.g., -OH, -COOH, etc.)that facilitate hydrogen bonding or electrostatic interactions 

with dye molecules[52, 53]. Concurrently, a larger specific surface area provides more 

sites for physical adsorption, especially in the porous structure of the biochar[48, 54].  

It is worth emphasizing that, although hydrogen content is mechanistically crucial, 

we selected specific surface area as the key bridging variable connecting the biochar 

synthesis end and dye removal end primarily based on two considerations. Firstly, 

SHAP analysis confirms specific surface area as one of the most stable and significant 

structural features contributing to adsorption performance. Selecting it as the output at 

the biochar synthesis end and the input at the dye removal end effectively captures the 

core physical mechanisms determining adsorption capacity while ensuring model 

prediction robustness and practical operability. The SHAP importance scores for other 

features were lower, indicating their relatively limited contribution to predicting 

adsorption capacity. Furthermore, hydrogen content is frequently estimated indirectly 

via elemental difference calculations (100%-C%-N%-O%) within existing literature 

datasets. Significant variations exist in computational and reporting methodologies 

across different studies, rendering its use as a singular, robust bridging descriptor 

uncertain. In contrast, BET specific surface area represents the most standardized, 

widely reported, and relatively uniform physical characterization metric within 

materials science, offering superior accessibility and comparability within literature 

datasets. Therefore, this study establishes specific surface area as the core bridging 
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variable connecting material synthesis and performance evaluation within the 

framework. 

In the biochar synthesis end, Fig. 4c-d indicate that the heating rate (RAnn) and 

the ARm had the most significant effects on specific surface area. Faster heating rates 

promoted activator diffusion and enhanced pore formation, facilitating the development 

of a well-structured porous architecture[55]. As the ARm increases, the pore properties 

of biochar can be enhanced, including surface area and porosity[56]. The number of 

functional groups on the biochar surface, such as phenolic, hydroxyl, and carboxyl 

groups, also rises[57]. Taking phosphoric acid as an example, its high dispersibility 

leads to a heterogeneous pore size distribution. The formation of phosphate bonds 

enhances crosslinking density, expelling volatile components and further expanding 

pores[58]. The etching interaction between carbon atoms and phosphorus elements 

creates pores within the solid structure[59]. Furthermore, with increased polarity, the 

adsorption rate of organic pollutants in wastewater becomes higher, but an excess of 

activators may also lead to the collapse of the carbon structure[60]. T2 was also 

identified as a key parameter, with an optimal range that facilitates carbon skeleton 

rearrangement and pore development[61, 62], but avoids pore collapse at excessively 

high temperatures[63, 64]. The bidirectional distribution of residence time (t2) suggests 

a more complex effect, which depends on the interaction between activation 

temperature and activator type. 

Based on the importance analysis of the critical features, it can be concluded that 

at the dye removal end, the specific surface area and the initial dye concentration are 

the most influential features affecting adsorption capacity in biochar properties and 

adsorption performance, respectively. At the biochar synthesis end, the most critical 

factor is the mass ratio of activator to biomass. The feature importance analyses provide 

valuable insights for optimizing both adsorption capacity and biochar synthesis, thereby 

guiding experimental design. However, it should be noted that SHAP-based 

interpretations reflect model-dependent feature contributions rather than direct causal 
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relationships, and the identified effects may be influenced by feature correlations and 

data distribution characteristics. Consequently, there remains a need for deeper 

investigation into how key features influence biochar synthesis and adsorption capacity. 

Notably, these influencing factors are not purely univariate in nature; rather, they often 

involve complex interactions among multiple variables that must be considered to gain 

a comprehensive understanding. 

 

Fig. 4. SHAP-based interpretation of EEMLF, feature importance ranking (a), and 
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feature contribution analysis (b) on the biochar synthesis end, feature importance 

ranking (c), and feature contribution analysis (d) on the dye removal end. 

3.4.2 SHAP Dependency Analysis 

To gain deeper insights into EEMLF, we plotted SHAP dependency plots analysis 

to illustrate the non-linear relationships between features and model predictions, as well 

as the interactions among features. The results are presented in Fig. 5 and Fig. S6-S12. 

Fig. 5a reveals the interaction between adsorption temperature (T1) and adsorption time 

(t1). Within the range of approximately 280 K to 320 K, the SHAP value exhibits 

minimal variation and no discernible monotonic trend. This indicates that temperature 

exerts a negligible influence on adsorption capacity within this temperature interval. 

This result correlates with the adsorption process likely being dominated by physical 

adsorption, as physical adsorption possesses lower activation energy and exhibits 

reduced sensitivity to temperature variations. Furthermore, this narrow temperature 

range may be insufficient to induce significant alterations in the adsorption mechanism. 

Regarding adsorption time, appropriately extending adsorption duration enhances 

adsorption capacity; however, once adsorption equilibrium is attained, the benefits of 

further prolonging adsorption time become markedly limited. Crucially, Fig. 5b reveals 

the partial dependence plot for the initial dye concentration (C0), confirming its 

dominant positive influence on the predicted adsorption capacity, exhibiting near-linear 

growth. This non-linear trend at high concentrations may suggest a shift in adsorption 

mechanism, such as enhanced multi-layer formation or pore filling under a high 

concentration driving force. In contrast, the influence of temperature on adsorption 

capacity appeared less significant at similar initial concentrations, consistent with 

physisorption-dominated processes that are less sensitive to thermal energy within these 

limits. 

A significant antagonistic interaction was observed between the heating rate 

(RAnn) and the annealing atmosphere (Atm), as shown in Fig. 5c. When RAnn was 

below 5 °C/min, positive SHAP values indicated that slower heating can enhance the 
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specific surface area in the N2 atmosphere. In contrast, when RAnn exceeded 5 °C/min, 

negative SHAP values were observed, suggesting that rapid heating may suppress the 

development of pore structures[62]. This aligns with prior research indicating that 

heating rate significantly influences its porosity and specific surface area. A low heating 

rate favours the preservation of structural complexity, whereas high heating rates induce 

localised melting of biomass, phase transitions, and expansion of cellular structures[65]. 

Zeng et al. observed that reducing the heating rate while increasing temperature 

promotes the ordering of carbonized tissue structures[66]. Researchers further noted 

that as the heating rate increases, the pore volume and specific surface area initially rise 

before subsequently decreasing[67]. When the particle size distribution (PSD) of the 

raw materials is lower than 1mm, the ARm was also found to be a critical determinant 

of specific surface area (Fig. 5d). In the absence of activators, a weak negative 

correlation was observed. With the introduction of activation agents, SHAP values 

increased, indicating improved porosity. However, excessive ARm values (more than 

2:1) led to a decline in SHAP values, likely due to pore structure collapse caused by 

over-etching[68]. 
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Fig. 5. Marginal effect analysis of key features on Qe for dye removal end and specific 

surface area for biochar synthesis end in the EEMLF, adsorption temperature and 

adsorption time (a), dye initial concentration and adsorption temperature (b), annealing 

rate and annealing atmosphere, and the number of the Atm, 0 is N2; 1 is Air; 2 is NH3; 

3 is Ar (c), activator to biomass ratio and particle size distribution (d). 

Based on the above analysis combined with Figs. S6-S12, it can be concluded that, 

during the biochar synthesis end, pyrolysis at 800 °C under a nitrogen atmosphere with 

a heating rate of 5 °C/min and an activator-to-biomass ratio of 2:1 is favorable for 

biochar formation. In addition, at the dye removal end, adsorption experiments 

conducted at 45 °C benefit from the use of biochar adsorbents with higher carbon (C) 

and hydrogen (H) content and pHₚzc close to 7. 

3.5 User-oriented online prediction platform  

In order to enhance the practical utility of the EEMLF, we developed a user-

oriented online prediction platform (https://huggingface.co/spaces/Biochar3.0). This 

platform provides an intuitive interface that visualizes the complex processes of model 

training and prediction, improving model transparency and accessibility. 

Simultaneously, it reduces the need of extensive and costly laboratory experiments, 

enabling users without coding expertise to obtain reliable predictions efficiently (Fig. 

6). The platform functions as a standardized web application, accessible via mainstream 

browsers (such as Chrome, Firefox) across different operating systems (Windows, 

macOS, Linux) without requiring local installation. For typical single prediction tasks, 

server response times are generally within 1 minutes. For ease of use, Fig. 6 annotates 

the platform’s main interface, input areas, functional zones, and result display screen. 

Users may switch between the decolorization and biochar synthesis modules within the 

model selection area according to their research task. Users may upload .csv files via 

the data input module or manually enter relevant parameters. Within the feature input 

panel, input parameters are categorized into three main groups: biochar properties, dye 

characteristics, and adsorption conditions. In the feature contribution visualisation area,  
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Fig 6. Schematic illustration of the EEMLF online prediction platform and its 

functional modules, ①: Module switch; ②:Data input mode; ③: Feature input 

panels; ④: Feature contribution visualization. 

users can assess each feature's contribution to predicting Qe values via SHAP bar 

charts. Taking the biochar synthesis module as an example, inputting a .csv file 

containing biomass properties, activation conditions, and pyrolysis parameters enables 
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users to view key biochar characteristics on the results visualization interface, such as 

specific surface area and zero-point charge. A key advancement in this platform is the 

integration of SHAP analysis. This feature provides immediate visual interpretation of 

the model predictions, illustrating the magnitude and direction of influence that each 

input variable (e.g., pyrolysis temperature, adsorbent dosage) has on the prediction 

targets (BET surface area and adsorption capacity). This greatly enhances model 

interpretability and offers valuable, data-driven insights for optimizing experimental 

design and process parameters. 

Input ranges for several core parameters are recommended, including activator 

ratio (ARm, 0-5), pyrolysis temperature (T2, 200-1200 °C), pyrolysis residence time (t2, 

0-8h), average pore size (Dp, 0.5-200 nm), molecular weight of the dye (100-

1500 g/mol), initial dye concentration (10-5000 mg/L), adsorption temperature (5-

60°C), and adsorbent dosage (0.1-20 g/L). Each component of the platform interface 

has been carefully designed to ensure that users can easily upload and process data, 

train models, and fine-tune parameters. 

3.6 EEMLF-guided experimental validation 

3.6.1 Characterization of EEMLF-Guided Biochars 

Following the guidance of the EEMLF online prediction platform, we conducted 

experimental verification using reed stalks. The model outputs are as follows: Atm: N2, 

t2: 4-5 h, PSD: 0-5 mm, ARm: 0-5, AT: 85% H3PO4, RAnn: 5 °C/min, T2: 500-1000 °C. 

The final selection involved soaking reed fragments passing a 200-mesh sieve in 85% 

H3PO4 at a 1:1 ratio for 12 hours. Following filtration and drying, the material was 

pyrolyzed for 4 hours in N2 at a heating rate of 5 °C/min up to 800 °C, as shown in Fig. 

7a. The primary objective of this experimental study was to validate the feasibility and 

effectiveness of the proposed framework, rather than to determine the optimal biochar 

material. Finally, we synthesized RSC-800 and RSCH-800, with their morphological 

and structural evolution detailed in Fig. 7b-d . Scanning electron microscopy (SEM) 

revealed a clear progression: the RS showed an irregular, dense, and rough surface; 
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pyrolysis produced RSC-800 with a smooth, lamellar structure; and phosphoric acid 

activation transformed RSCH-800 into a material with a folded, multilayered lamellar 

morphology suggestive of a high surface area .Elemental mapping provided chemical 

insight into this transformation. While carbon formed the primary matrix for all samples, 

EDS analysis confirmed the successful incorporation of the activator in RSCH-800, 

evidenced by a distinct phosphorus signal (1.62 at.%). Concurrently, a markedly 

enhanced and uniform oxygen distribution was observed in RSCH-800 compared to 

RSC-800, indicating the introduction of oxygen-containing functional groups critical 

for surface reactivity. 

 

Fig. 7.Biochar RSCH-800 and RSC-800 synthesis guided by EEMLF (a); SEM and 
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EDS spectra of RS(b),RSC-800(c), RSCH-800(d); BET(e) and DP(f) diagrams for 

different biochar. 

As can be seen from Fig. 7e, f and Table 1, the adsorption isotherm of three 

materials exhibit a Type I characteristic[69], reed straw (RS) exhibited extremely low 

specific surface area (1.14 m2/g) and pore volume (0.02 cm3/g), indicating a closed 

surface and lack of effective pore structure. After carbonization treatment at 800°C, the 

specific surface areas of RSC-800 and RSCH-800 were significantly enhanced to 

133.67 m2/g and 159.62 m2/g, where phosphoric acid activation increased the specific 

surface area of RSCH-800 by 19.4%, confirming its effective optimization of pore 

development. The results of pore size distribution showed that the average pore size of 

RS was 43.11 nm belonging to mesoporous structure, but its pore volume was very low 

(0.02 cm3/g), which indicated that the number of pores was very small; whereas, the 

average pore sizes of RSC-800 and RSCH-800 were centered at 1.25-1.30 nm (in line 

with the criterion of microporous), and the pore volumes were increased to 0.08 cm3/g 

and 0.1 cm3/g, respectively, in which the microporous capacity of RSCH-800 was 

increased by 25% compared with that of the control group, highlighting the potentiating 

effect of activation on functional micropores. 

In summary, the EEMLF-guided activation process directionally engineered 

RSCH-800 with an optimized hierarchical pore structure and modified surface 

chemistry . These quantitative structural data align with the framework's predictions , 

providing direct validation of its efficacy in guiding the rational design of high-

performance adsorbents. 

Table 1 Specific surface area, pore size, pore volume and elemental composition of 

different materials 

The 

sample 

BET 

(m2/g) 

Dp 

VT 

(cm3/g) 

EDS,wt% 

C O N S P 

RS 1.14 43.11 0.02 24.14 58.11 15.39 0.59 1.77 
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RSC-800 133.67 1.30 0.08 43.38 55.19 0 0 1.44 

RSCH-800 159.62 1.25 0.10 40.31 57.97 0 0.10 1.62 

3.6.2 Experimental validation of adsorption capacity 

The adsorption performance was evaluated using methylene blue (MB) as a model 

pollutant. Isotherm data were fitted with Langmuir, Freundlich, and Sips models (Fig. 

8a, Table S6). with the Sips model providing the best fit (R2 = 0.99 for RSC-800; 0.98 

for RSCH-800) compared to the Langmuir and Freundlich models. The Sips model, 

effectively describes the adsorption behavior transitioning from heterogeneous site 

occupation at low concentrations towards monolayer saturation at higher 

concentrations[70]. The substantial increase in the Freundlich constant (KF from 19.56 

to 41.52) confirms the enhanced overall adsorption affinity due to phosphoric acid 

activation. The low heterogeneity index (1/n = 0.19; less than 0.5) suggests the presence 

of high-energy sites with strong selectivity at low MB concentrations[71, 72]. The 

heterogeneity parameter from the Sips model (1-m ≈ 0.7 for both biochar) indicates a 

transition toward a more homogeneous, monolayer-saturation type of adsorption at 

higher concentrations. This combined adsorption behavior can be attributed to the 

hierarchical porous structure of the biochar. Specifically, MB molecules are likely 

adsorbed through multiple mechanisms, including π–π stacking interactions, 

electrostatic attraction, and hydrogen bonding within the multi-scale pore network[73]. 

Comparing the two materials, the maximum adsorption capacity (Qm) increased 

significantly from 66.08 mg/g (RSC-800) to 125.25 mg/g (RSCH-800), representing an 

89.6% enhancement. It is worth mentioning that the adsorption capacity of RSCH-800 

with a specific surface area of 159.62 m2/g under the guidance of the EEMLF increased 

18.71% at least for MB as compared to other studies (Table 2). 

To further validate the EEMLF framework’s potential for guiding different 

activation pathways, KOH-activated biochar (RSCOH-800) was prepared under 

identical conditions and subjected to adsorption testing. Within the identical 

concentration range (10-200 mg/L), RSCOH-800 exhibited methylene blue removal 
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rates approaching 100% at all tested concentrations(Fig. S13), with complete 

adsorption of the dye from the solution. This phenomenon demonstrates RSCOH-800’s 

superior adsorption potential across this concentration range. KOH, as a strong alkaline 

activator, typically generates a more developed microporous structure, thereby 

providing an adsorption site density far exceeding that of unactivated biochar. Although 

RSCOH-800 did not reach saturation adsorption within this concentration range, its 

demonstrated dye removal capability in practical testing strongly validates the EEMLF 

framework’s efficacy and guiding value in synthesizing biochar with ultra-high 

adsorption performance. 

Reusability is a critical parameter for adsorbents in practical applications. 

Research indicates that ethanol solvent demonstrates high efficiency in the desorption 

process of MB dye[74]. Consequently, ethanol was employed to desorb MB from 

RSCH-800. The removal rate decreased with increasing cycle numbers. However, after 

five cycles, the removal efficiency stabilized at 55.62%, as shown in Fig. 8b. The 

decline in removal rate was attributed to the irreversibility of some adsorption sites[75]. 

It is also possible that portions of MB adsorbed within mesopores or micropores were 

not completely desorbed during the elution process[76]. The results indicate that 

RSCH-800 possesses favorable adsorption potential for MB removal due to its 

excellent regenerative properties and ease of separation. 

Building on its excellent performance with model pollutants, the practical 

application potential of RSCH-800 was evaluated using actual dyeing and printing 

wastewater. Given that actual dyeing and printing wastewater constitutes a complex 

mixture of components, making it difficult to determine specific molecular structures, 

we employed ultraviolet-visible spectrophotometry (UV-Vis) and three-dimensional 

excitation-emission matrix (3D-EEM) fluorescence spectroscopy for holistic 

characterization of its organic constituents. Spectral analysis revealed (Fig. 8c and Fig. 

S14) that the pre-treated wastewater exhibited significant ultraviolet absorption near 

240 nm. Furthermore, the 3D-EEM spectrum displayed intense fluorescence peaks  
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Fig. 8. adsorption isotherms for MB on RSCH-800 and RSC-800(a), Cyclic Stability 

of RSCH-800(b), 3D-EEM spectrum of the actual wastewater(c), and TOC removal 

efficiency of the RSCH-800 for actual wastewater(d). 

within the excitation/emission wavelength range of 250-300 nm / 300-400 nm, a region 

typically associated with characteristic aromatic compounds and certain dye 

intermediates in wastewater. The actual wastewater was characterized by a high total 

organic carbon content of 672.6 mg/L and a low BOD5/COD ratio of 0.31, indicating a 

high proportion of recalcitrant organic compounds resistant to conventional degradation. 

As shown in Fig. 8d, RSCH-800 achieved a high TOC removal efficiency of 

approximately 85% at 1.3g/L, demonstrating its effective broad-spectrum adsorption 

capability against a complex pollutant mixture. However, the material’s performance in 

complex systems differs significantly from that observed in simulated wastewater 

containing a single pollutant. Under identical adsorption conditions, RSCH-800 

achieved a TOC removal rate of 93.68% for simulated MB wastewater at 100 mg/L. In 
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contrast, when treating complex actual wastewater at a solid-liquid ratio of 0.9 g/L, the 

TOC removal rate was 68.43%. This discrepancy clearly demonstrates the competitive 

adsorption effects arising from the coexistence of multiple pollutants within complex 

matrices. Although adsorption efficiency is reduced by competition, the 68.43% 

removal rate still demonstrates the practical efficacy and application potential of the 

EEMLF-guided biochar synthesis for treating actual recalcitrant textile wastewater. 

Table 2 The adsorption capacity of MB on different materials 

Biomass activation BET (m2/g) Qm (mg/g) Reference 

Algae H3PO4 239.8 108.2 [77] 

coconut shell H3PO4 259.77 63.7 [77] 

coconut coat H3PO4 190.74 0.6 [77] 

Rice straw Chitosan and 

CH3COOH 

5.61 27.96 [41] 

Rice straw KOH 86.54 19.62 [41] 

Rice straw KOH and 

Chitosan 

31.03 62.04 [41] 

cotton seed NaOH 0.73 24.87 [78] 

Tea NaOH 178 105.44 [79] 

Bagasse NaOH 8.2175 114.94 [80] 

Sawdust Coating okra - 78.13 [81] 

Reed HNO3 37.5 33.33 [82] 

Reed straw 
- 133.67 66.08 This work 

H3PO4 159.62 125.25 This work 

4. Conclusion 

This work develops a rapid EEMLF, which was demonstrated strong predictive 

performance across both biochar synthesis and dye removal tasks for dyeing wastewater 

treatment, yielding R1
2/R2

2 of 0.99/0.97 and RMSE1/RMSE2 =0.01/0.04, respectively. 

The EEMLF effectively identified specific surface area as the most influential 
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characteristic governing biochar adsorption capacity, while pyrolysis temperature and 

activator ratio were recognized as key synthesis parameters controlling specific surface 

area. To enhance the framework’s practical utility, an online prediction platform was 

developed to support rapid parameter selection and reduce experimental workload and 

cost. Guided by these insights, the RSCH-800 biochar was successfully synthesized 

under optimized conditions (800°C and 1:1 activator ratio), yielding a specific surface 

area of 159.62 m2/g and an adsorption capacity of 125.25 mg/g for methylene blue, 

representing an 18.71% improvement compared with previous studies. 

Despite its contributions, this work retains limitations that warrant urgent 

exploration, which also point to future research directions. Firstly, the predictive 

reliability of the current framework is highly dependent upon the feature space covered 

by the training data. Its outputs are intended to provide recommendations for parameter 

ranges with superior performance, rather than single precise values; thus, decision-

making in practical applications must incorporate engineering expertise. Secondly, the 

current EEMLF constitutes a sequentially coupled open-loop prediction framework. 

Future research may evolve this into an integrated closed-loop autonomous 

optimization system encompassing “design-synthesis-testing-learning” by 

incorporating real-time feedback mechanisms. For instance, dynamically feeding rapid 

adsorption screening results from newly synthesized biochar back into the synthesis 

parameter recommendation algorithm could enable iterative, adaptive optimization. 

This paradigm, akin to active learning or autonomous laboratories, holds promise for 

significantly accelerating the discovery of high-performance materials by continuously 

narrowing the gap between prediction and experimentation. 
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