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Abstract 

Biochar, as an eco-friendly, carbon-rich,and economical adsorbent, proven effective in removing toxic dyes 
from aquatic environments. This study evaluated the efficacy of machine learning (ML) models in predicting 
the adsorption capacity of biochar for dye removal. Nine models, namely CatBoost, XGBoost, Gradient Boosted Deci-
sion Trees, Random Forest, Histogram-Based Gradient Boosting, Kernel Extreme Learning Machine, Kriging, Light 
Gradient Boosting Machine, and AdaBoost, were deployed to ascertain their predictive accuracies. The CatBoost 
model was highlighted for its exceptional performance, achieving the highest R2 (0.9880) and the lowest RMSE 
(0.0839). The stability of the model was affirmed through residual analysis and random partitioning dataset. A detailed 
feature importance analysis revealed that experimental conditions predominantly affect adsorption, accounting 
for 50.8%, followed by biochar characteristics (34.1%) and dye types (15.1%). The most significant feature impacting 
dye adsorption was identified as the C0 through SHapley Additive exPlanations. Partial dependence plots were used 
further to illustrate the influence of features on the predictive model. Additionally, experimental validation of the ML 
approach yielded R2 of 0.9037, reinforcing the applicability of the model. This study adds to supportive evidence 
of the use of ML for the prediction of adsorption capacity and encourages the development of user-friendly software, 
using PySimpleGUI, opening new paths to advanced data-driven methods in environmental engineering.

Highlights 

•	 Nine ML models were tested, with CatBoost standing out for its exceptional performance.
•	 The experimental verification demonstrated the promising potential of the CatBoost model.
•	 Advanced data engineering, including  ash-free standardization, KNN imputation, and  outlier removal, ensured 

dataset reliability.
•	 An easy-to-use graphical user interface (PySimpleGUI) was developed for biochar adsorb dyes.
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Graphical Abstract

1  Introduction
Traditional industries such as paper manufacturing, 
plastics, textiles, paint, food processing, rubber, cosmet-
ics, and healthcare generate wastewater, the primary 
source of dye contaminants (Grace Pavithra et al. 2019). 
According to reports, the commercial dye market sells 
at least 7 × 105 tons of dyes annually to various coloring 
industries (Farhan Hanafi and Sapawe 2020). Due to the 
complex and stable chemical structures of dyes, con-
ventional wastewater treatment methods often fail to 
effectively decolorize them (Liu et al. 2024a). In particu-
lar, many dyes exhibit toxicity toward microorganisms, 
which not only disrupts biological treatment processes 
but also poses environmental risks by inhibiting the 
metabolic activities of beneficial microbial communi-
ties (Liu et al. 2024a). As a result, biological treatments 
may become less efficient, leading to incomplete dye 
removal and potential release of toxic byproducts into 
the environment (Alsukaibi 2022). Wastewater contain-
ing dyes discharged into water bodies impedes sunlight 
penetration, disrupting photosynthesis in aquatic eco-
systems (Al-Tohamy et  al. 2022). Furthermore, waste-
water containing dye poses significant health risks, 
such as severe skin issues, eye irritation, vomiting, 
reduced cardiac output, and diminished renal blood 

flow (Ristea and Zarnescu 2023). Common industrial 
dye treatment methods include advanced oxidation, ion 
exchange, membrane processes, adsorption, extraction, 
and coagulation/flocculation (Shindhal et  al. 2021; Liu 
et  al. 2024b, 2025a). Among these, adsorption is con-
sidered an economical, non-toxic, highly efficient, and 
robust technology for removing dyes from wastewater 
(Liu et al. 2024c). Biochar, as a highly efficient, environ-
mentally friendly, and cost-effective adsorbent, dem-
onstrates substantial potential in dye adsorption and 
degradation and has been used to eliminate various pol-
lutants (Liu et al. 2024c).

Adsorption of dyes onto biochar could be due to the 
mass transfer process, which primarily involves chemical 
reactions, such as ionic and covalent bonds, and physi-
cal interactions, including hydrogen bonding and van der 
Waals forces, between the dye molecules and the bio-
char (Praveen et al. 2022). Consequently, the adsorption 
capacity of biochar for dyes is influenced by multiple fac-
tors, including the physicochemical properties of biochar 
(physical structure and chemical composition), adsorp-
tion conditions (adsorption time, temperature, relative 
concentration of adsorbate to adsorbent), and the molec-
ular structure of the dyes (Praveen et  al. 2022; Zhang 
et  al. 2023). Previous research employing traditional 
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adsorption experiments has extensively examined dye 
adsorption onto biochar, revealing that the adsorption 
mechanisms include pore diffusion, hydrophobic inter-
actions, hydrogen bonding, cationic and anionic inter-
actions, and partitioning through uncarbonized regions 
(Praveen et  al. 2022; Ouedrhiri et  al. 2022; Albanio 
et  al. 2021). However, these studies are generally static 
and one-dimensional, limiting their ability to identify 
the relationship between multifaceted factors (such as 
adsorption conditions and adsorbent properties) and 
adsorption capacity (Zhang et al. 2023). Moreover, con-
ventional adsorption experiments are often costly and 
time-consuming, potentially inadequately representing 
the interactions between parameters that impact adsorp-
tion capacity (Yang et  al. 2021). Therefore, the develop-
ment of a universal and stable model that explains the 
adsorption capacity of biochar for dyes and quantifies 
the contribution of each factor to adsorption capacity is 
crucial for synthesizing and screening high-performance 
biochar materials.

Machine learning (ML), which predicts the state of new 
data by summarizing the underlying relationships and 
rules within known datasets, can efficiently tackle com-
plex, non-linear problems (Sarker 2021). For this reason, 
ML is increasingly employed in environmental studies due 
to its superior predictive accuracy and efficiency. Applica-
tions include predicting ammonia nitrogen fluctuations 
in wetlands (Nguyen et al. 2024), the adsorption capacity 
of biochar for tetracycline (Balasubramanian et al. 2024), 
antibiotic distribution in soil (Wang et  al. 2024), and 
changes in various wastewater treatment plant indica-
tors (Ye et al. 2024). Although some studies have utilized 
ML to predict dye removal efficiencies using biochar (Bibi 
et al. 2023; Kaya et al. 2022; Gamboa et al. 2024; Kumari 
et al. 2024; John et al. 2024), these investigations face sev-
eral critical challenges: (1) the elemental compositions are 
not standardized, exhibiting a lack of uniformity between 
ash and non-ash components; (2) the models employed 
are often overly simplistic, characterized by insufficient 
data volumes and an inadequate number of features. Fea-
ture collection was limited to either physical or chemical 
characteristics of biochar rather than both; (3) the focus 
is restricted to only a select few types of dyes, biochars 
or models; (4) the primary subjects of study are typically 
other carbon-based materials, such as activated carbon, 
rather than biochar; (5) the derived model has not been 
experimentally validated.

This study integrates biochar characteristics, adsorp-
tion conditions, and dye parameters as input features to 
predict the adsorption capacity of biochar for dyes. Dur-
ing data preprocessing, feature engineering standardized 
the elemental composition (e.g., converting elemental 

composition from mass fraction to molar fraction and 
unifying it to an ash-free basis). Subsequently, nine dif-
ferent ML models were employed to establish predictive 
models for dye adsorption onto biochar. The optimal 
model was interpreted using Shapley additive expla-
nations (SHAP) and Partial Dependence Plots (PDP). 
Finally, experimental validation confirmed the effective-
ness of the model, and a graphical user interface program 
was developed to predict dye adsorption onto biochar.

2 � Methodologies
2.1 � Data collection
Data for this study were gathered from the Web of Sci-
ence™ (WoS) core collection database, Google Scholar 
and Scopus (from 2013), using the search terms "biochar 
AND dye AND (adsorption OR sorption)." Following ini-
tial scrutiny, the study amassed data encompassing 43 
varieties of biochar, 15 categories of dyes, and 685 experi-
mental data sets (Data Availability section). The collected 
literature is listed in Supplementary Information (SI). All 
data collected for this study were unbiased. The sche-
matic diagram of this study is shown in Fig. 1.

To forecast the equilibrium adsorption capacity (Q, 
mmol/g) of biochar, seventeen parameters were delineated, 
informed by a comprehensive review of relevant literature 
(Yang et al. 2022; Zhu et al. 2021, 2022; Zhao et al. 2022). 
These parameters are categorized into three groups:

	(i)	 Characteristics of biochar: this category encapsu-
lates the total carbon content (C, wt.%), hydrogen 
to carbon ratio (H/C), the sum of oxygen and nitro-
gen to carbon ratio [(O + N)/C], oxygen to hydro-
gen ratio (O/H), ash content (Ash, %), specific sur-
face area (BET, m2/g), pore diameter (D, nm), total 
pore volume (PV, cm3/g), and pH point of zero 
charge (pH_pzc). It is pertinent to note that, due to 
discrepancies in measurement methods across dif-
ferent sources, this study adopts the elemental con-
tent measurements as opposed to atomic weights 
(Yang et al. 2022).

	(ii)	 Adsorption conditions: this includes the pH value 
of the adsorptive solution (pH_sol), the tempera-
ture at which adsorption occurs (T, °C), and the 
ratio of the initial concentration of dye to the dos-
age of biochar (C0, mmol/g).

	(iii)	 Types of dye: it is determined by the Abraham 
parameters for neutral dye. These parameters 
encompass hydrogen bond acidity (A), hydrogen 
bond acceptor capability (B), polarizability (S), 
excess molar refraction (E), and molecular volume 
(V) (Yang et al. 2022; Ruiz et al. 2022).
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2.2 � Data preprocessing and feature engineering
Given the constraints of data capacity and the extensive 
range of variables under investigation, this study encoun-
tered data inadequacies in some features, particularly in 
the Ash and D variables, which exhibited missing ratios 
of 0.731 and 0.266, respectively (Fig. S1). Moreover, 
inconsistencies in the presentation of certain statisti-
cal metrics within the dataset were also detected (some 
literature element compositions adopt an ash-free basis, 
while others adopt an ash basis). To effectively address 
these challenges, the following preprocessing measures 
were instituted:

(1)	 Elemental composition standardization: This pro-
cess entailed standardizing all elemental com-
position data to an ash-free basis. This step was 
necessitated by the discovery that different sources 
reported elemental compositions on either a dry or 
an ash-free basis (Liu et al. 2024a, 2025b).

(2)	 Deletion of the "Ash" column: Due to the high prev-
alence of missing values concerning ash content, 
the "Ash" column was removed following the con-
version of data to an ash-free basis.

(3)	 Missing D values were estimated utilizing Eq. (1) 
(Zhu et al. 2022):

(1)D =

4 ∗ PV

BET

where D denotes the particle size of the biochar, PV signi-
fies the pore volume of the biochar, and BET represents 
the specific surface area.

(4)	 For repleting a small portion of the remaining miss-
ing data (Fig. S1), the K-Nearest Neighbours (KNN) 
algorithm was employed (Yang et al. 2022).

(5)	 The H/C, (O + N)/C, and O/H values were recali-
brated into molar ratios to ensure uniformity.

(6)	 Outliers were identified by examining the normal 
distribution of Q values. Upon examining the data, 
it was observed that the majority of Q values were 
concentrated around ~ 4 mmol/g. However, 17 rows 
exhibited values exceeding 4 mmol/g with a consid-
erable range variation, necessitating their removal 
from the dataset to improve accuracy, thereby refin-
ing it to 668 rows.

Additionally, as a preliminary to ML endeavors, the 
dataset was subjected to Pearson Correlation Coef-
ficient (PCC) analysis. This was undertaken to discern 
highly correlated features, whereupon one was retained 
to circumvent multicollinearity. The PCC is calculated 
as Eq. (2):

(2)ρxy =

n
i=1

(xi − x) n
i=1

(yi − y)

n
i=1

(xi − x)2 n
i=1

(yi − y)2

Fig. 1  Scheme of this study for comprehending dye adsorption capacity of biochar
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in which, ρxy symbolizes the PCC between two variables, 
and x and y represent the mean values of x and value y , 
respectively.

Furthermore, to attenuate significant discrepan-
cies amongst the input variables, a Z-score normaliza-
tion method (mean = 0, standard deviation = 1) will be 
enacted ahead of deploying ML techniques.

2.3 � Machine learning models
In order to compare the predictive accuracy of some 
common tree-based models and kernel-based models, 
nine ML models were implemented to ascertain the opti-
mal adsorption capacity prediction model according to 
several previous literature (Wang et al. 2024; Haider Jaf-
fari et al. 2023; Shen et al. 2024; Zhao et al. 2021). These 
ML models encompass CatBoost (CB), eXtreme Gradi-
ent Boosting (XGB), Gradient Boosted Decision Trees 
(GBDT), Random Forest (RF), Histogram-Based Gradi-
ent Boosting (HGB), Kernel Extreme Learning Machine 
(KELM), Kriging, Light Gradient Boosting Machine 
(LGBM), and AdaBoost (AB). The operational principles 
of these nine ML models are delineated in Table S1(SI). 
It is noteworthy that KELM and Kriging rely on kernel 
methodologies. Besides, the Kriging operates by interpo-
lating or predicting based on spatial correlation, whereas 
the remaining seven methods employ tree-based ML 
techniques (Janga et al. 2023).

During the ML modelling process, the dataset under-
went random partitioning into two distinct subsets: 
a training set comprising 80% of the data and a test set 
comprising the remaining 20%. The selection and range 
of hyperparameters in this study were guided by several 
previous studies, with appropriate expansions made to 
the scope (Shen et al. 2024; Zhao et al. 2021; Zhu et al. 
2019a; Zhou et  al. 2024). The chosen hyperparameters 
and their respective ranges for all models are catalogued 
in Table  S1 (SI). Critical parameters of each model 
underwent fine-tuning through Bayesian optimization 
techniques. It is noteworthy that Bayesian optimization 
demonstrates superior efficiency in discovering optimal 
hyperparameter combinations within a comparatively 
smaller number of iterations when contrasted with tra-
ditional grid search cross-validation methodologies 
(Xia et  al. 2017). This optimization approach leverages 
information more effectively, rendering the search pro-
cess adaptive and intelligent (Xia et al. 2017; Yang et al. 
2024). To ascertain the robustness of the models, a five-
fold cross-validation technique was implemented, and 
the models were subjected to evaluation across 1000 
random train-test partitions. Moreover, this investiga-
tion employed Root Mean Square Error (RMSE) and the 
coefficient of determination (R2) as evaluative metrics to 

gauge model performance across both training and test 
sets.

2.4 � Model interpretation
The interpretation of ML models plays a pivotal role 
in unraveling the opaque nature of algorithms, thereby 
shedding light on the intricate workings of their inter-
nal mechanisms (Ali et  al. 2023). In this investigation, 
the SHAP method is utilized to gauge the significance 
of each input feature in shaping the ultimate outcome 
(Ekanayake et al. 2022). Anchored in cooperative game 
theory, SHAP quantifies marginal contributions and 
weights, endeavoring to achieve equity between contri-
bution and acquisition (Kim et  al. 2023). Additionally, 
this study employs PDP to visually elucidate how these 
features impact the target variable, delineating rela-
tionships as linear, monotonic, or complex in nature 
(Zhang et al. 2023).

2.5 � ML experimental validation
The culminating model was employed to predict the 
adsorptive capabilities of biochar available in our lab-
oratory for various dyes, iterating through diverse 
adsorptive conditions. It is noteworthy that due to the 
scarcity of data, this experiment was merely a prelimi-
nary validation of the model’s accuracy, with changes 
made only in the experimental conditions (Shen et  al. 
2024; Liu et  al. 2024d; Guo et  al. 2024). Cotton straw 
(Xinjiang, China) biochar was carbonized at 600 °C for 
a duration of three hours, subsequently cooled over-
night, and designated as CSB. Then, 0.2 g of the biochar 
is added to 25 mL of three distinct dyes—Methylene 
Blue, Congo Red, and Malachite Green—with dye con-
centrations set between 10 and 100 mg/L. Initial pH 
levels were meticulously adjusted to 2, 4, 6, 8, 10, and 
12. The mixtures underwent oscillation in the dark for 
24 h at varying temperatures of 25, 35, and 45 °C, gen-
erating a total of 51 experimental cases for validation 
(Data Availability section). Moreover, elemental analy-
sis of the biochar was conducted using an element ana-
lyzer (Elementar Vario, Elementar, Germany), while the 
structural composition of dry biochar was examined 
under nitrogen via Brunauer–Emmett–Teller (Quan-
taChrome, NOVA-200E, USA). The pH_pzc was meas-
ured using the pH drift method (Xu et  al. 2021). The 
equilibrium concentration of dyes in aqueous solutions 
is measured using spectrophotometry (Reis et al. 2023). 
The variation in dye concentration in solutions pre- and 
post-adsorption was utilized to calculate the adsorptive 
capacity, which was then juxtaposed with the predicted 
Q from the optimum ML model.
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3 � Results and discussion
3.1 � Dataset description
In this study, fifteen distinct types of dyes were exam-
ined, comprising cationic dyes (malachite green, crystal 
violet, methylene blue, rhodamine B), anionic dyes (acid 
red 18, acid orange 7, acid blue 9, congo red), non-ionic 
dyes (reactive yellow, reactive orange 16, Remazol bril-
liant blue R), and others (food red 17). As illustrated in 
Table  1, the mean pH_pzc of the biochar is 6.8, with a 
standard deviation of 3.01, spanning from 2.30 to 12.31, 
indicative of notable diversity in surface charge neutral-
ity across various materials. Furthermore, the average C 
stands at 77.83%, albeit with a relatively wide variability 
(standard deviation of 14.40%), with the minimum and 
maximum values recorded at 17.69% and 94.04%, respec-
tively, underscoring the heterogeneous nature of carbo-
naceous components among the materials. The H/C ratio 
denotes a modest hydrogen content on average, coupled 
with a high skewness of 2.80, suggestive of the presence 
of outliers and uneven data distribution. The examina-
tion of O/C and (O + N)/C ratios further accentuates this 
heterogeneity, with skewness values of 4.64 and 4.94, 
respectively, implying the existence of samples with nota-
bly elevated oxygen and nitrogen constituents. Analyses 
of BET and PV reveal a diverse array of physical adsorp-
tion properties among biochars, with an average BET of 
621.16 ± 751.09 m2/g and an average PV of 0.38 ± 0.39 
cm3/g. Nonetheless, the maximum values extend to 
2301.61 m2/g for BET and 1.21 cm3/g for PV, signifying 
the presence of materials with remarkably high porosity 
and surface activity. The D value stands at 4.94 nm, char-
acterized by a broad distribution indicated by a standard 
deviation of 6.31 nm and a skewness of 3.26. The average 
value for the target variable is measured at 0.62 mmol/g.

The PCC among various input and output features can 
be seen in Fig.  2. Negative correlations are denoted by 
green cells, while positive correlations are represented 
by pink cells. The number of asterisks indicates the level 

of statistical significance, with a greater number of aster-
isks signifying higher significance. Several conclusions 
emerge from the analysis: (i) the adsorption capacity 
(Q) exhibits relatively strong correlations with biochar 
components (BET and PV) and the initial concentration 
ratio (C0), with respective PCC of 0.46, 0.48, and 0.57. 
This implies a notable influence of BET, PV, and C0 on 
the adsorption process. (ii) Most correlation coefficients 
between input and output features are below 0.6, sug-
gesting that each feature can independently contribute 
to the performance of ML models. (iii) Consistent with 
prior research, the biochar composition variables O/C 
and (O + N)/C display a robust correlation. To mitigate 
collinearity, it is recommended to exclude one of these 
variables. Given that the correlation between adsorp-
tion capacity (Q) and O/C is weaker than that with 
(O + N)/C, the O/C variable is selected for removal. (iv) 
The correlation between BET and PV is notably high at 
0.96. Similarly, as the correlation between Q and PV is 
weaker compared to that with BET, the PV variable is 
chosen for exclusion. (v) Among types of dye, the correla-
tion coefficients between E and S, and between E and V, 
exceed 0.95, indicating collinearity. Therefore, variable E 
is removed to mitigate this issue. Following these adjust-
ments, the dataset has been structured into 668 rows and 
13 columns.

3.2 � Evaluation of machine learning model performance
This study has developed and rigorously assessed the 
efficacy of nine distinct ML models, specifically CB, 
XGB, GBDT, RF, HGB, KELM, Kriging, LGBM, and AB. 
Employing the entire dataset comprising 668 data points, 
all models underwent training facilitated by Bayesian 
optimization. The optimal hyperparameters for each 
model are detailed in Table  S1 (SI). Figure  3 illustrates 
the actual adsorption capacity of biochar for dyes along-
side the predicted values computed by various ML mod-
els. Within Fig. 3, the green and pink markers denote the 

Table 1  The statistical information of biochar characteristics and predicted values for machine learning algorithms

Parameter Mean Std Min 25% 50% 75% Max Skew

pH_pzc 6.80 3.01 2.30 4.30 5.06 9.59 12.31 0.57

C 77.83 14.40 17.69 73.88 80.25 86.50 94.04 − 1.99

H/C 7.62–4 1.64–3 0.00 1.00–5 6.90–5 2.40–4 8.33–3 2.80

O/C 0.40 0.48 0.08 0.20 0.30 0.39 3.20 4.64

(O + N)/C 0.43 0.47 0.13 0.23 0.35 0.45 3.26 4.94

BET 621.16 751.09 0.01 72.70 136.20 1156.25 2301.61 1.07

PV 0.38 0.39 4.35–3 0.07 0.25 0.67 1.21 0.81

D 4.94 6.31 3.46–3 2.09 2.53 4.08 36.00 3.26

Q 0.62 0.76 0.00 0.06 0.27 0.92 3.88 1.74
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training and testing samples, respectively. A dashed line 
representing y = x signifies parity between experimental 
and predicted values, with proximity to this line indicat-
ing enhanced predictive accuracy. Histograms adjacent 
to the X and Y axes depict the distribution of model data 
allocated for training (80%) and testing (20%) datasets.

It is evident from Fig.  3 that all models exhibit no 
signs of overfitting when comparing the value of R2 
between testing and training. It can be clearly seen 
that those models based on the tree—CB (0.9880), 
AB (0.9816), GBDT (0.9869), HGB (0.9828), LGBM 
(0.9833), RF (0.9832), XGB (0.9820)—demonstrated 
superior performance in the training dataset compared 
to the other two kernel-based models (KELM (0.7110) 
and Kriging (0.9246)), with similar outcomes observed 
within the testing dataset. Potential reasons why tree-
based models (selected) may outperform kernel-based 
(selected) models include: (1) tree-based models 
address non-linear relationships directly by partition-
ing the data space, thereby typically enhancing their 
efficacy in managing complex and highly non-linear 
data relationships compared to models based on linear 

kernels. (2) Tree models inherently capture interactions 
among features. At each node, the model splits the data 
based on a feature, allowing tree structures to con-
sider complex interrelations among features during the 
decision-making process. (3) Tree models, particularly 
ensemble trees, often provide robustness and excel-
lent generalization capabilities by constructing multiple 
trees and aggregating their predictions. This approach 
enhances performance on unseen data by reducing the 
variance of the model. Besides, the CB model can reach 
the lowest RMSE (Train RMSE = 0.0839; Test RMSE 
= 0.1165) among the tree-based models. This result is 
similar to that in a previous study (Haider Jaffari et al. 
2023). This can be explained by the fact that CB can 
automatically process variables without the need for 
extensive data preprocessing or conversion, which is 
particularly effective when dealing with datasets that 
contain a large number of features (Zhang and Jánošík 
2024; Fujimoto et  al. 2022). Additionally, CB’s ordered 
boosting technique trains each tree using different 
data subsamples rather than the entire dataset (Zhang 
and Jánošík 2024; Fujimoto et  al. 2022; Hancock and 

Fig. 2  Pearson correlation coefficient analysis of input and output features in dye adsorption by biochar study
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Khoshgoftaar 2020; Karbasi et  al. 2022). This method 
effectively reduces target leakage and label noise, 
thereby enhancing the accuracy of the model.

To verify the accuracy of the model, this study 
employed residual analysis. Figure 4 illustrates the resid-
ual plots and their corresponding normal distributions for 
the test datasets using the nine selected models. Defined 
as the difference between observed and predicted values, 
residuals centered at residual = 0 and conforming to a 
normal distribution signify a model’s reliability. Consist-
ent with the earlier findings, the majority of residuals and 
their histograms for tree-based models—CB, AB, GBDT, 
HGB, LGBM, RF, XGB—are clustered near the zero line, 
while KELM and Kriging (kernel-based models) display 
more dispersed residuals. Additionally, as predictive val-
ues increase, the residuals tend to concentrate around the 
zero line, underscoring the exemplary performance of the 
developed models. Notably, the CB model stands out for 

its tightly concentrated residual distribution, primarily 
clustering around residual = 0.

To verify the stability of the model, each model under-
went 1000 iterations of random validation and fivefold 
cross-validation to evaluate their stability, resulting in 
5000 data results per model. The outcomes of this anal-
ysis have been systematically documented on GitHub 
(Data Availability section). Figure 5 provide a comprehen-
sive comparison of the accuracy and stability of the afore-
mentioned models using test set R2, RMSE and MSE. It 
is evident that the average R2 values on the test dataset 
for CB, XGB, GBDT, RF, HGB, KELM, Kriging, LGBM, 
and AB models are 0.9568, 0.9479, 0.9519, 0.9470, 0.9426, 
0.5661, 0.8905, 0.9505, and 0.9398, respectively (Fig. 5b), 
which has the similar result of Fig. 5a. These results fur-
ther corroborate the superior accuracy encapsulated in 
the CB model. Similarly, in terms of the RMSE and MSE 
metric, the CB model exhibits markedly low RMSE and 

Fig. 3  Comparative analysis of actual vs. predicted dye adsorption capacities by various ML models: a AdaBoost, b CatBoost, c Gradient Boosted 
Decision Trees, d Histogram-Based Gradient Boosting, e Kernel Extreme Learning Machine, f Kriging, g Light Gradient Boosting Machine, h Random 
Forest, i eXtreme Gradient Boosting
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MSE, indicating minimal discrepancy between the mod-
el’s prediction and empirical values. Consequently, the 
CB model was chosen for further analysis. An interest-
ing observation is the comparative stability of the HGB 
model compared to other models, as indicated by the 
R2 and RMSE scores. The enhanced stability of the HGB 
model could be attributed to its method of distributing 
the values of continuous features across a finite num-
ber of bins (Costa et  al. 2019). This histogram-based 
approach significantly reduces computational complexity 
and enhances the model’s stability when managing large-
scale datasets.

Table  2 presents a comprehensive comparison of R2 
values derived from this study with existing literature uti-
lizing ML to predict the adsorption efficiency of biochar 
on dyes.

It is evident that most studies have utilized only one 
model and one type of dye, whereas this study employed 
multiple models and dyes. Furthermore, although a 
recent study utilized more data than this one (Iftikhar 
et  al. 2023), it may have the following issues: (i) the 
majority of the materials are activated carbon (90%), not 
biochar; (ii) only the physical properties of the materi-
als are considered in the input features, neglecting their 
chemical characteristics; (iii) despite the large volume of 
data, it is relatively concentrated, which to some extent 
compromises the reliability of the model; (iv) the derived 

algorithm has not been experimentally validated; (v) arti-
ficial neural networks (ANN) are more complex for users 
compared to integrated algorithms. Besides, our study 
stands out by conducting a broader comparison of ML 
models than many previous investigations. Additionally, 
the inclusion of readily accessible ML codes and raw data 
underscores the study’s uniqueness, fostering a construc-
tive discourse on reproducibility and transparency in sci-
entific inquiry.

3.3 � Impact of features on dye adsorption
The adsorption of dyes onto biochar surfaces is undoubt-
edly influenced by various factors whose impacts are dis-
tinct from one another. Figure 6a, b employs bar charts 
and the SHAP technique to study the significance of dif-
ferent input features on the adsorptive capacity for dyes. 
These inputs are divided into three groups to explore 
their individual impacts: experimental conditions, char-
acteristics of biochar, and types of dye. The pie chart in 
Fig.  6a reveals that experimental conditions have the 
greatest influence on the predictive model for adsorp-
tion capacity, accounting for 50.8% of the impact, fol-
lowed by biochar properties (35.1%), and dye parameters 
(15.1%). Within experimental conditions, C0 has the 
greatest influence, reflecting the adsorbate-to-adsorbent 
ratio in the reaction. The significant impact of the ratio 
of initial dye concentration to biochar dosage (C0) on the 

Fig. 4  Residual plots of various ML models: a AdaBoost, b CatBoost, c Gradient Boosted Decision Trees, d Histogram-Based Gradient Boosting, e 
Kernel Extreme Learning Machine, f Kriging, g Light Gradient Boosting Machine, h Random Forest, i eXtreme Gradient Boosting
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adsorption reaction is mainly because it directly affects 
the number of available adsorption sites on the biochar 
(Ganguly et  al. 2020). When the dye concentration is 
higher relative to the amount of biochar, more dye mol-
ecules compete for the limited adsorption sites (Ganguly 
et al. 2020; Zhang et al. 2020). This may lead to these sites 
becoming saturated more quickly, which could reduce 
the efficiency of dye removal per unit of biochar. Con-
versely, if the dosage of biochar is higher relative to the 
dye concentration, there are more available adsorption 
sites, which can enhance the adsorption efficiency and 
increase the overall removal of dye from the solution. The 
balance between dye concentration and biochar dosage is 
crucial for optimizing the adsorption process.

Following this, temperature (T) can affect the 
adsorptive capacity of dyes on biochar, thereby influ-
encing the position and strength of the adsorption equi-
librium. Generally, an increase in T tends to accelerate 
the adsorption process (Toor and Jin 2012). This is due 
to the increased kinetic energy of the molecules, which 
allows them to diffuse more rapidly to the surface of the 
adsorbent, thereby speeding up the adsorption process. 
The significance of pH_sol in experimental conditions 
is not high. A possible reason is that the effect of pH is 
overshadowed by other factors, such as temperature and 
reaction time. The structural features of biochar also 
have a notable influence on dye adsorption, whereas, for 
instance, the Brunauer–Emmett–Teller (BET) surface 

Fig. 5  Comparison of stability across different models
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area of biochar provides more active sites for dye adsorp-
tion. More detailed explanations will be given in the PDP 
analysis.

To further validate the significance of each factor, this 
study conducted a SHAP analysis. It can be seen from 
Fig. 6b that the SHAP importance of all input character-
istics, with color coding indicating the value of each input 
trait, where red denotes high and blue denotes lower val-
ues. This means that the red on the left side of the central 
line indicates a negative correlation with the predicted 
adsorption capacity, and the red on the right indicates a 
positive correlation. Here, C0 is clearly the most influen-
tial feature, followed by the surface area of the biochar, as 
expected. Simultaneously, C0, BET, and C correlate posi-
tively with adsorption capacity. However, parameters in 
the dye, such as V and A, are negatively correlated with 
adsorption capacity. According to the SHAP analysis, 
pH_sol, B, and A rank as the least essential features. This 
feature importance analysis can also provide clues for 
researching the dye adsorption mechanism of biochar 
and offer suggestions for future synthesis and screening 
improvements for biochar.

PDP can analyze the influence of each characteristic on 
the predicted values (Zhu et al. 2019b). Selected here are 
the three most significant features of experimental condi-
tions and biochar properties. The gray lines in Fig. 6c-h 
are the actual PDP lines, and the green lines are the fit-
ted curves. For dye adsorption on biochar, results sug-
gest that C0 is the most significant factor in the change 
in adsorption capacity (Fig.  6c). Below 4 mmol/g, the 
partial dependence increases with C0. It can be explained 

by the fact that an increased concentration gradient of 
dye between the adsorbate and adsorbent benefits dye 
adsorption on biochar because raising the initial dye con-
centration provides a significant driving force to over-
come all mass transfer resistances between the liquid and 
solid phases (Praveen et al. 2022; Dwivedi and Dey 2023). 
Moreover, previous research indicates that increasing the 
initial dye concentration can increase the number of col-
lisions between dye anions and adsorbents (Praveen et al. 
2022; Zhu et al. 2021). It is clear from Fig. 6c that when 
C0 reaches 4-5 mmol/g, the adsorption capacity tends 
toward equilibrium. A possible explanation for this might 
be biochar has a limited number of adsorption sites for 
dyes, and as the dye concentration reaches a certain level, 
the amount of biochar’s adsorption sites saturates; hence, 
adsorption efficiency does not increase with higher dye 
concentrations (Praveen et  al. 2022; Zhu et  al. 2021; 
Dwivedi and Dey 2023).

The pH of the solution is also a crucial factor in affect-
ing the adsorption of dyes on biochar because it directly 
affects the surface chemistry of biochar and the acces-
sibility of binding sites for dye molecules (Dwivedi and 
Dey 2023; Faheem et al. 2019). As shown in Fig. 6d, with 
the increase in pH_sol, the PDP values first increase rap-
idly and then level off. It seems possible that these results 
occured because the optimal pH_sol for dye removal is 
typically neutral or slightly alkaline, which concurs with 
the findings of this study (Praveen et  al. 2022; Dwivedi 
and Dey 2023; Ambaye et al. 2021). It has been reported 
that temperature considerably impacts the adsorption 
equilibrium rate (Aksu 2001). As depicted in Fig.  6(e), 

Table 2  A comparison of machine learning model predictions of dyes adsorption by biochar in various studies

Abbreviation: SVR Support Vector Regression, PSO Particle Swarm Optimization, KNN k-Nearest Neighbors, ANN Artificial Neural Network, CB CatBoost, XGB eXtreme 
Gradient Boosting, GBDT Gradient Boosted Decision Trees, RF Random Forest, HGB Histogram-Based Gradient Boosting, KELM Kernel Extreme Learning Machine, ANFIS 
Adaptive Neuro-Fuzzy Inference System, LGBM Light Gradient Boosting Machine, and AB AdaBoost

Number of dyes ML algorithms Best model Number of data
(collected)

Number
of features 
(collected)

R2 ML codes 
availability

Raw data 
availability

Ref

1(Congo red) SVR, RF, XGB,PSO PSO-XGB 67 4 0.998 No No (Bibi et al. 2023)

1(Congo red) ANN ANN - 5 0.999 No No (Kaya et al. 2022)

1(Congo Red) HGB HGB 105 5 0.9583 No No (Gamboa et al. 2024)

1(crystal violet) ANN, KNN, ANFIS ANN 30 4 0.968 No No (Kumari et al. 2024)

1(Congo Red) ANN ANN 220 3 0.999 No No (Karaman et al. 2022)

1(Methyl Orange) ANN ANN - - 0.975 No No (Adsorption of Methyl 
Orange on Bentonite: 
Design, Modeling, 
and Analysis of Exper-
iments, (n.d.). 2024)

1(acid black 172) ANN ANN - 5 0.996 No No (Yang et al. 2014)

16 ANN ANN 1160 12 0.98 Yes Yes (Iftikhar et al. 2023)

15 CB, XGB, GBDT, RF, 
HGB, KELM, Kriging, 
LGBM, AB

CB 685 17 0.988 Yes Yes This study
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with T rising from 10 °C to 70 °C, PDP values also ascend 
markedly. This may be due to the fact that raising the 
temperature accelerates the adsorption process (Toor 
and Jin 2012). This acceleration occurs because the mol-
ecules gain more kinetic energy, enabling them to diffuse 
more quickly to the adsorbent’s surface, thus hastening 
the adsorption.

The C of biochar is another substantial factor affect-
ing its dye adsorption capacity. Figure 6f shows that bio-
char with a carbon content greater than 80% exhibits 
improved dye adsorption. It seems possible that these 
results are due to biochar with higher carbon content 
typically having a porous structure and larger surface 
area, offering more sites for dye adsorption (Zhu et  al. 
2021; Ambaye et al. 2021). Another possible explanation 
is that higher carbon content usually translates to hydro-
phobic properties, which could enhance the adsorption 
capacity for hydrophobic dyes (Praveen et al. 2022; Zhu 

et al. 2021; Dwivedi and Dey 2023). Hydrophobic biochar 
easily combines with hydrophobic groups within dyes, 
thus elevating adsorption efficiency.

It can be seen from Fig.  6g that the impact of bio-
char on dye adsorption continues to increase up to a 
BET of approximately 750 m2/g; however, beyond this 
point, a trend toward equilibrium is observed. There 
are several reasons that may explain this phenomenon, 
including limited micropore accessibility, sluggish mass 
transfer, and reduced surface functional groups, all affect-
ing the overall adsorptive performance of biochar for 
dyes (Zhang et al. 2023). The influence of chemical com-
position is relatively minor, but the H/C notably impacts 
dye adsorption, correlating with a well-developed car-
bon structure. Figure 6h illustrates that as the H/C ratio 
increases, the dependency on adsorption capacity drops 
sharply, yet it is important to note that when the H/C 
ratio exceeds 0.006 (molar ratio), the dependency almost 

Fig. 6  Analysis of the SHapley Additive exPlanations value a-b and partial dependency plot c-h 



Page 13 of 16Liu et al. Carbon Research            (2025) 4:46 	

remains constant. This can be due to an increase in the 
H/C being associated with a decrease in the aromatiza-
tion level of biochar, making the structure more unstable 
(Oginni and Singh 2020).

3.4 � Experimental validation
Experimental validation is depicted in Fig. 7a, where the 
data aligns with the predictions of the CB model, yielding 
a validation R2 of 0.9037. This indicates the model’s feasi-
bility within a certain range. Overall, the type of dye used 
has a minimal impact on adsorption capacity, although 
the deviation for congo red is slightly greater compared 
to the other two dyes (methylene blue and malachite 
green). Possible reasons for discrepancies between exper-
imental data and predictions may include (1) the train-
ing constraints of the model, which limit predicted values 
to Q < 4 mmol/g, yet some experimental values exceeded 
this range; (2) the continuous nature of input features, 
coupled with data collection that only encompassed 43 
types of biochar. Thus, incorporating more cases could 
enhance the accuracy of the model. Additionally, more 
related research will be done through further study.

The CB model developed in this study is poised to facil-
itate future research on the biochar adsorption of dyes. 
To this end, a visual interface based on the CB model 
and PySimpleGUI (https://​www.​pysim​plegui.​com/) was 
designed, as shown in Fig. 7b. It features 13 input fields 
and one output, offering a comprehensive and flexible 
framework for future studies.

3.5 � Conclusion
This study employed nine ML models—CB, XGB, GBDT, 
RF, HGB, KELM, Kriging, LGBM, and AB—to predict the 
adsorption capacity of biochar for dyes. The CB model 
demonstrated superior performance with the highest 

R2 value of 0.9880 and the lowest RMSE of 0.0839, sig-
nificantly outperforming the other models. Residual plots 
indicate that most errors are located near the zero line, 
suggesting robust stability of the model. An analysis of 
feature importance revealed that experimental condi-
tions (50.8%) exert a greater influence than the character-
istics of the biochar (34.1%) or the type of dye (15.1%). 
Furthermore, SHAP results identified the C0 as having 
the most significant impact on dye adsorption. PDP was 
utilized to illustrate the effects of six selected features on 
the model. Lastly, the feasibility of ML was corroborated 
through experimental validation with an R2 = 0.9037, and 
a predictive program for the CB model can be developed 
using PySimpleGUI.

Despite these promising findings, several criti-
cal challenges must be addressed before ML-based 
approaches can be seamlessly integrated into large-
scale or industrial contexts. Real-world wastewater 
typically contains a diverse array of co-occurring con-
stituents and exhibits dynamic water chemistry, intro-
ducing complexities not fully replicated in controlled 
laboratory settings. Moreover, expanding and diver-
sifying training datasets with additional real-world 
scenarios is paramount to bolster both the generaliz-
ability and robustness of these models. Consequently, 
future efforts should concentrate on validating model 
performance under variable field conditions, elucidat-
ing the long-term influences of key operational param-
eters (e.g., pH, ionic strength, and competing ions), and 
exploring the feasibility of scaling up biochar-based 
remediation systems. By surmounting these challenges, 
ML-guided strategies can progress from proof-of-con-
cept tools in the laboratory to indispensable assets in 
sustainable wastewater treatment and broader environ-
mental remediation endeavors.

Fig. 7  Verification performance for CB model a and the screenshot of program graphical user interface (GUI) b 

https://www.pysimplegui.com/
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