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A B S T R A C T

Membrane selectivity is crucial for the separation of dye/NaCl mixtures. However, because separation perfor
mance is governed by the interplay of multiple factors, including membrane properties, operating conditions, 
and feed characteristics , identification of the key parameters and underlying mechanisms remains challenging. 
To address this, this study employed several machine learning methods to predict membrane selectivity and 
investigatethe mechanisms governing separation. Data were extracted from 157 peer-reviewed papers. Among 
the four models employed (namely, Random Forest (RF), Support Vector Regression (SVR), Artificial Neural 
Network (ANN), and Extreme Gradient Boosting (XGB)), XGB gave the best predictive performance with R2 

values of approximately 0.7. SHapley Additive exPlanations (SHAP) analysis was applied to evaluate the effect of 
dye and membrane properties as well as operation-related parameters. The maximum projection radius of the 
dye, membrane pore radius, membrane water contact angle, and effective membrane area were identified as the 
four predominant features influencing the separation factors of dye/NaCl mixtures. Model results indicated that 
high separation factors were achieved under specific conditions, namely, membrane pore radius below 4 nm, 
membrane water contact angle below 25◦, maximum dye projection radius above 1.2 nm, and effective mem
brane area below 20 cm2. Overall, this study demonstrates the potential of machine learning for predicting 
membrane selectivity, and providing new insights for the optimization of membrane properties and operating 
conditions for the treatment of textile wastewater.

1. Introduction

Textile industries produce large quantities of high-salinity waste
water, mainly containing various dyes and inorganic salts (mainly 
NaCl), which can cause severe ecological and environmental impacts if 
directly discharged without any post-treatment [1,2]. However, it is 
challenging to treat the high-salinity wastewater through conventional 
biological, physical, and chemical methods [3]. In addition, the high 
concentration of inorganic salts in textile wastewater is a valuable 
product that can be recovered and reused [4]. Therefore, developing a 
method that can efficiently remove dyes and recovery of salts from 
textile wastewater is crucial for sustainable wastewater treatment. To 
address this, membrane-based separation has emerged as a promising 
technique for the treatment of textile wastewater due to its high removal 
effectiveness, high selectivity, as well as energy efficiency [5,6].

Recently, remarkable progress has been made in membrane cus
tomization for efficient separation of dye-salt mixtures. However, the 
properties of dyes vary greatly, resulting in significant differences in 

membrane selectivity for different types of wastewaters. For instance, Li 
et al. [7] reported that the prepared MXene/sodium alginate composite 
membrane demonstrated an excellent separation factor (783.1) for a 
mixture of Evans blue-NaCl, but also exhibiting a very low separation 
factor (3.53) for a mixture of Crystal violet-NaCl under the same con
ditions. In addition, membrane properties and operating conditions can 
also affect the separation efficiency of mixtures of dye/NaCl. Liu et al. 
[8] observed that the prepared composited membrane exhibited two 
different separation factors of 219.4 and 122 for mixtures of brilliant 
blue G-NaCl at the dye concentrations of 10 ppm and 100 ppm, 
respectively. In summary, membrane properties (e.g., pore radius, hy
drophilicity, surface roughness), dye properties (molecular size, charge), 
and operating conditions (e.g., concentrations, pressure) are important 
in dictating the efficient separation of dye and NaCl [9,10]. Unfortu
nately, experimental methods alone are limited in optimizing membrane 
selectivity for mixtures of dyes-NaCl due to the large number of pa
rameters and complex underlying separation mechanisms, which 
require a huge amount of experiments and thus long development 
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cycles.
The advances of data-driven methods provide promising tools for 

elucidating the relationships among the myriad of variables and out
comes, as well as the underlying mechanisms [11,12]. Recently, ma
chine learning has made significant progress in the field of 
environmental remediation research. For instance, Hu et al. [13] 
established a robust Extreme Gradient Boosting (XGBoost) model to 
predict the rejection efficiency of organic micropollutants by nano
filtration and reverse osmosis membranes. Ji et al. [14] achieved 
excellent lithium permeation percentage (90%) and Li+/Mg2+ selec
tivity (158) by designing and optimizing membranes using machine 
learning. Moreover, machine learning has been applied to predict the 
separation efficiency of membranes for dyes and salts, as well as to 
identify the key parameters governing separation efficiency. For 
instance, Liu et al. [15] developed density functional theory (DFT)-as
sisted machine learning models to predict membrane separation per
formance for dye/salt and dye/dye systems. Similarly, Zhang et al. [16] 
used Shapley Additive exPlanations (SHAP) to demonstrate that mem
brane properties played a dominant role in dye/salt separation based on 
systems involving four salts (namely, NaCl, Na2SO4, MgCl2, MgSO4) and 
two dyes (namely, Congo red, Direct red 23).

Although previous studies have demonstrated the feasibility of 
employing machine learning to predict dye/salt separation perfor
mance, the mechanistic understanding of membrane selectivity in dye/ 
NaCl mixtures remains incomplete. Existing studies have generally 
focused on specific dye/salt systems, multiple salt types, or selected 
membrane materials, providing valuable data-driven insights. However, 
the simultaneous consideration of different salts, or the use of limited 
dye systems, makes it difficult to isolate the role of dye molecular 
properties in governing membrane selectivity. In addition, most re
ported models have primarily emphasized performance prediction, 
whereas the underlying selectivity mechanisms and the intertwined ef
fects of dye characteristics, membrane properties, and operating con
ditions remain insufficiently clarified. In practical textile wastewater, 
NaCl is one of the most representative salts; therefore, the selective 
separation of diverse dyes from NaCl is crucial for dye recovery and salt 
reuse. However, dye/NaCl separation is highly sensitive to variations in 
dye molecular structures, membrane properties, and experimental 
conditions. Accordingly, the value of machine-learning models in this 
field should not be assessed solely by numerical prediction accuracy, but 
also by their ability to capture general separation trends, identify key 
governing parameters, and provide interpretable insights into mem
brane selectivity. Based on this background, this study develops a sys
tematic and interpretable machine-learning framework to analyze dye/ 
NaCl separation performance, targeted at advancing the understanding 
of the relationships among membrane performance, operating condi
tions, and the selective permeation behavior of dyes and NaCl.

Herein, a comprehensive dataset of membrane selectivity for a 
mixture of dyes-NaCl was curated, including separation factors, mem
brane properties (e.g., pore radius, hydrophilicity, surface roughness), 
dye properties (molecular size, charge), and operating conditions (e.g., 
concentrations, pressure). Subsequently, four different models, 
including Random Forest (RF), Support Vector Regression (SVR), Arti
ficial Neural Network (ANN), and Extreme Gradient Boosting (XGB), 
were employed to predict the separation efficiency of a mixture of dyes- 
NaCl, with coefficient of determination (R2) and root mean square error 
(RMSE) calculated to evaluate the performance of the models. 
Furthermore, SHAP, partial dependence plots, and individual condi
tional expectation (ICE) were performed to investigate the key param
eters on membrane selectivity and the underlying mechanisms during 
the separation. This study is expected to provide new insights into 
optimizing membrane performance for dye/NaCl mixtures, thereby 
advancing sustainable wastewater treatment.

2. Materials and methods

2.1. Data collection and preprocessing

The workflow of this study is illustrated in Fig. 1. Firstly, a 
comprehensive literature survey on the membrane separation studies for 
dyes/NaCl mixture was conducted through the utilization of various 
databases (e.g., Web of Science, Google Scholar, and Scopus) with 
numerous keywords (e.g., membrane, separation, dye and salt mix
tures). To restrict the scope for training the models, peripheral studies, 
such as electrochemical membranes, solar-driven membrane-separation, 
membrane distillation, effect of temperature and pH, were not consid
ered. The separation factor (SF) was calculated by Eq. (1). 

SF=
100 − RNaCl

100 − Rdye
(1) 

where RNaCl and Rdye are the rejection percentages for NaCl and dyes, 
respectively.

A total of 157 peer-reviewed literature studies were collected 
(Table S1), resulting in the collation of 527 data rows (total of 4712 data 
points). Most of the data points were directly extracted from experi
mental tables or charts. For the data presented in figures, the Web
PlotDigitizer web platform (https://apps.automeris.io/wpd4/) was used 
to extract the data points. All extracted data were directly used. The 
datasets mainly include membrane properties (e.g., pore radius, zeta 
potential, water contact, surface roughness) and operating conditions (e. 
g., the type of reactor, NaCl concentration, dye concentration, pressure, 
and effective membrane area), which are well-acknowledged to signif
icantly affect the separation factors for dye/NaCl mixtures. For articles 
that provide MWCO value without pore radius, the pore radius (rp, nm) 
was calculated using Eq. (2) [13]. 

rp =

(
MWCO
1163.7

) 1
1.58

(2) 

In addition, a total of 44 different kinds of dyes are accounted for in 
the dataset, with surface charge (charge value at pH = 7), hydrophilicity 
(logD at pH = 7, and D denotes the octanol-water distribution coeffi
cient), and molecular size (maximum projection radius) properties ob
tained from Pubchem and Chemicalize, as summarized in Table S2. 
Missing values in the dataset were bridged using the multiple imputa
tions by chained equations (MICE) algorithm, and extreme randomized 
trees (ETR) were used as a nonlinear model to predict the missing values. 
To evaluate the accuracy and effectiveness of the method, 10% of the 
known data were randomly masked, and then the masked data were 
imputed again using the same method, and the values of the coefficient 
of determination (R2) were calculated (all R2 >85% in this study). Since 
the MICE-generated data may be disagree with the curated data, manual 
checking was performed to ensure consistency.

2.2. Feature engineering and model construction

Feature engineering was applied to increase the credibility and 
performance of machine learning models through the transformation 
and selection of related features. In this study, the type of membrane 
operation (i.e., dead-end or cross-flow) was coded by categories for 
subsequent model development. In addition, Pearson correlation coef
ficient analysis was conducted to identify the correlations between 
features. The Pearson correlation coefficient (Rp) was calculated using 
Eq. (3) [17]. 

Rp =

∑n

i=1
(xi − x )

∑n

i=1
(yi − y )

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(xi − x)2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(yi − y)2

√ (3) 
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where x and y represent the average values of the input variables, and n 
refers to the number of data points.

Furthermore, the dataset was randomly split into a training set and a 
test set at a ratio of 80% to 20%. Subsequently, the 10-fold cross- 
validation was applied to the training set to prevent the overfitting of 
the model. Specifically, the training data was divided into ten subsets, 
with nine subsets used for training and one subset reserved for valida
tion in each iteration, thereby ensuring comprehensive training and 
evaluation of the model. To reduce the randomness of dataset splitting 
and increase model accuracy, each calculation was repeated 12 times.

In this study, four machine learning algorithms, including Random 
Forest (RF), Support Vector Regression (SVR), Artificial Neural Network 
(ANN), and Extreme Gradient Boosting (XGB), were employed and the 
corresponding results compared. The RF model is a supervised learning 
algorithm based on ensemble learning through multiple decision trees. It 
has some advantages, including handling complex multivariable data, 
managing non-linear relationships, and preventing model overfitting 
[18]. The SVR model is widely applied for the investigation of nonlinear 
relationships through kernel-based functions to map data into 
high-dimensional feature spaces, offering advantages such as low 
computational complexity and strong generalization capabilities [19]. 
ANN is a computational algorithm inspired by the structural and func
tional principles of the human nervous system. By iteratively adjusting 
weights through backpropagation and gradient descent, the ANN min
imizes the deviation between predicted and observed outcomes [20]. 
XGB is another popular machine learning algorithm based on the 
gradient boosting framework, which combines multiple weak predictive 
models (e.g., decision trees) into a strong predictive model to improve 
the prediction performance [21]. The performance of each model was 
evaluated based on the coefficient of determination (R2) and root mean 
square error (RMSE). The R2 and RMSE were calculated using Eq. (4) 
and Eq. (5), respectively [22]. 

R2 =1 −

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − yi)

2
(4) 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(5) 

where yi represents the experimental value, yi is the average value of 
experimental values, and ŷi is the predicted values obtained from ma
chine learning models. The grid search method was employed for 
hyperparameter tuning. The parameter ranges for different models 
when employing grid search are summarized in Table S3.

2.3. Model explanation

In this study, SHAP were employed to identify the key driving factors 
for the model predictions. The SHAP values explain how the input fea
tures influence the target variable, facilitating the identification of the 
most important features on the model prediction, as well as quantifi
cation of the relative contributions of the input features on the model 
output [23]. In addition, the negative or positive effects of the features 
on the target variable can also be observed. Therefore, SHAP provides 
valuable insights into how various features influence separation factors, 
offering understanding on the importance of each feature. In addition, 
the individual conditional expectation (ICE) plots were applied to 
analyze the relationship between the prediction value and a particular 
feature while keeping all other features unchanged. The ICE plots use 
each line to represent a sample, showing how the prediction depends on 
the features of each sample [24]. While partial dependence plots (PDP) 
also show the impacts of features on model predictions, they show 
average effects between input features and the target variable [25]. 
Furthermore, bivariate partial dependence plots highlight the in
teractions between two features and the outcome.

3. Results and discussion

3.1. Statistical analysis of variables

Fig. 2a–l presents the box and scatter plots of twelve variables, 
including membrane properties (pore radius, zeta potential, water 
contact angle, surface roughness), operating conditions (NaCl 

Fig. 1. The machine-learning workflow includes data collection and preprocessing, feature engineering and model construction, hyperparameter optimization and 
model evaluation, and model interpretation.
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concentration, dye concentration, pressure, effective membrane area), 
dye properties (charge at pH = 7, logD at pH = 7, maximum projection 
radius), and separation factors. The pore radii of most membranes are 
concentrated between 0.63 nm and 1.96 nm, and the average pore 
radius is 1.85 nm (Fig. 2a), indicating that most of the membranes in the 
dataset are nanofiltration membranes. The range of the zeta potential of 
the membranes is extensive, spanning from negative charges 
(− 101.6 mV) to positive charges (106.2 mV), with the charges primarily 
negative and with an average value of − 24.2 mV (Fig. 2b). The water 
contact angle exhibits a uniform distribution, with most values between 
42◦ and 60◦ (Fig. 2c), suggesting that the studied membranes are largely 
hydrophilic. In Fig. 2d, most membranes exhibit surface roughness of 
between 6.8 nm and 32.1 nm, which is characteristic of relatively 
smooth membrane surfaces. In summary, the membranes in the dataset 
for the separation mixture of dye and salt are predominantly negatively 
charged, hydrophilic, and smooth nanofiltration membranes. In addi
tion, most NaCl concentrations are below 10,000 ppm (Fig. 2e), while 
most dye concentrations are below 200 ppm (Fig. 2f), which aligns with 
the conditions found in actual textile wastewater. Fig. 2g–i demonstrates 
a uniform distribution of dye properties, including charge at pH = 7, 
logD at pH = 7, and maximum projection radius. Fig. 2j shows that these 
separation experiments were usually conducted at relatively low pres
sures, typically between 1.5 bar and 4 bar. Additionally, almost all the 
membranes' effective areas were below 30 cm2 (Fig. 2k), which indicates 
that these experiments were mainly conducted at the laboratory scale. 
The separation factors are mostly below 2000, with some larger values 
also reported, giving the mean value of the separation factor as 232. The 
most frequently studied dye is Congo red, accounting for approximately 
40%, followed by methyl blue (9.5%) and rhodamine B (4.5%). More
over, approximately 64% of the separation experiments in the dataset 
were conducted using cross-flow systems, which has some advantages, 
such as reduced fouling, continuous operation, and higher flux stability 
compared to dead-end systems. To further explore the combined effects 
of variables on the separation, multivariate scatter plots are presented in 
Fig. S1. The separation factor shows considerable variation across the 
examined paired-variable combinations, rather than exhibiting a clear 

monotonic trend with any specific two-variable combination. This sug
gests that dye/NaCl separation performance cannot be fully explained 
by a limited number of isolated variables. Instead, it is likely governed 
by the interplay of operating conditions, membrane properties, and dye 
characteristics. Therefore, explainable machine-learning analysis was 
further employed to provide a more comprehensive interpretation of 
feature contributions and nonlinear dependencies in dye/NaCl 
separation.

Prior to model construction, Pearson correlation coefficient analysis 
was performed for the input features to assess potential multicollinearity 
among all variables, as high correlation between two variables can 
compromise the stability and interpretability of the model. In Fig. 3, 
Pearson correlation heatmaps use both color intensity and bubble size to 
visualize correlations, with red indicating positive correlation and blue 
indicating negative correlation, where greater color intensity and larger 
bubbles represent stronger correlations. The Pearson correlation coef
ficient ranges from − 1 to 1, and the values greater than 0.8 or less than 
− 0.8 are generally considered to indicate a high correlation between the 
two variables [26]. For instance, the heatmaps demonstrate a negative 
correlation (− 0.71) between charge values at pH = 7 and maximum 
projection radius of the dyes, whilst exhibiting a positive correlation 
(0.65) between charge values at pH = 7 and log D values at pH = 7 of the 
dyes. In Fig. 3, all the absolute values of Pearson correlation coefficients 
are below 0.8, indicating strong independence of the features. In addi
tion, the correlations between the dye/NaCl separation factor and other 
variables are relatively low, which suggest weak linear relationships.

3.2. Model development and evaluation

Considering the broad distribution and the existence of a few large 
values for the separation factor (Fig. 2l), two common methods, 
including log-transformation and winsorization, were applied in the 
model development. Applying the log1p transformation to standardize 
the separating factor values can make the data distribution more 
concentrated and improve the stability of the model [27]. In addition, 
winsorization is an efficient process that can replace outliers and 

Fig. 2. Box and scatter plots of the reported membrane separation process variables: pore radius (a), zeta potential (b), water contact angle (c), surface roughness (d), 
NaCl concentration (e), dye concentration (f), charge values at pH = 7 of dyes (g), logD values at pH = 7 of dyes (h), maximum projection radii of dyes (i), pressure 
(j), effective membrane area (k), and separation factor (l).
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extreme values with specific values, thereby decreasing the effects of 
outliers on the models [28]. As illustrated in Fig. 4a–d and Fig. S2, 
log-transformed outcomes were applied for the prediction of separation 
factors using four different models, namely, RF, SVR, ANN, and XGB. 
The y = x line indicates perfect agreement between predicted and 

experimental values, whereas the histogram reflects the distribution of 
the variable. Clearly, the XGB model results in the highest average R2 

and lowest RMSE (0.5557, 0.9607), compared with RF (0.5308, 0.9906), 
SVR (0.4340, 1.0857), and ANN (0.2670, 1.2379). With regards to 
winsorization, Fig. S3–S4 show that the RF model displays the highest 

Fig. 3. The Pearson correlation matrix of input features and separation factor.

Fig. 4. Comparison of predicted vs. experimental values for different models with log-transformed outcomes: RF (a), SVR(b), ANN(c), XGB(d), RF with winsorization 
(e), and XGB with winsorization (f).
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average R2 and lowest RMSE (0.3366, 237.35) compared with XGB 
(0.3262, 238.72), SVR (0.2079, 259.38), and ANN (0.0919, 278.31) 
models. Therefore, the results indicate that both XGB and RF are effec
tive for predicting the separation factors. Furthermore, log1p trans
formation outperforms winsorization. To further improve the accuracy 
of the models, the collected separation factors were first winsorized and 
then log1p transformed. As shown in Fig. 4e–f and Fig. S5, the perfor
mance of RF (R2: 0.5497, RMSE: 0.9475) and XGB (R2: 0.5748, RMSE: 
0.9188) for the prediction of separation factors was slightly enhanced. 
Therefore, the RF and XGB models with log-transformation and winso
rization were employed for subsequent analysis.

3.3. Model interpretation

Model interpretation is important for understanding the relative 
feature contributions to the target variable, as well as the underlying 
mechanisms [29], which is crucial for ensuring that model predictions 
align with and further enhance mechanistic understandings. In this 
study, the SHAP method was applied to investigate the relationship 
between input features and the target variable based on the RF and XGB 
models. In Fig. 5a, each dot represents a feature in the dataset, and its 
color indicates the magnitude of the feature value. If the high feature 
values lead to positive SHAP values, it indicates that the feature exhibits 
a positive effect on the target variable. On the contrary, if the high 
feature values lead to negative SHAP values, the feature exhibits a 
negative effect on the target variable [30]. For example, the high value 
of the maximum projection radius of dyes displays positive SHAP values, 
while the large pore radius of the membrane shows negative SHAP 
values, indicating that large projection radius of the dyes and small pore 
radius of the membranes are beneficial for the separation of dye and 

NaCl mixtures (Fig. S6a–b). According to the calculation method for 
separation factors (Eq. (1)), high rejection of dyes and low rejection of 
NaCl result in high separation factors. Therefore, consistent with the size 
exclusion theory and experimental results, large dye molecules and 
small pore radii of membranes enhance the separation of dye and NaCl 
mixtures. In addition, membrane water contact angle exhibits a negative 
effect on the separation factors (water contact angle bellow 45◦, 
Fig. S6c), which aligns with the well-acknowledged phenomena of hy
drophilic membranes typically providing superior filtration of dyes [31]. 
Similarly, consistent with expectations, the effective membrane area 
(Fig. S6d), surface roughness [6], and zeta potential of the membrane 
[32] exhibit weakly positive effects on the separation factors. In addi
tion, the effective membrane area represents a process design-related 
parameter associated with the actual filtration process. Variations in 
effective membrane area can influence permeate flux distribution, local 
hydraulic conditions, residence time, concentration polarization, and 
mass-transfer resistance. These factors may further affect dye accumu
lation near the membrane surface and thereby dye/NaCl selectivity. 
Therefore, the significant contribution of effective membrane area 
suggests that dye/NaCl separation is governed not only by dye molec
ular structure and intrinsic membrane properties, but also by 
process-level mass-transfer behavior. To further explore the impact of 
input features on model prediction, the mean absolute SHAP values and 
their importance distribution were calculated. As illustrated in Fig. 5b, 
the maximum projection radius of dyes, pore radius of membranes, 
water contact angle of membranes, and effective membrane area are the 
four most important features for the prediction of separation factors, 
accounting for 13.89%, 11.78%, 11.17%, and 10.86%, respectively. 
Additionally, the applied pressure, NaCl concentration, log D at pH = 7, 
and the type of reactor have little impact on separation factors, 

Fig. 5. SHAP values analysis of different variables for separation factors by using the RF (a) and XGB (c) models, the impact of input variables on model prediction, 
and their importance distribution by using the RF (b) and XGB (d) models.
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accounting for 6.53%, 5.18%, 4.99%, and 2.23%, respectively. It should 
be noted that there is no significant difference between the most 
important feature of the maximum projection radius of dyes (13.89%) 
and the least important feature of the type of reactor (2.23%), revealing 
that all the features contribute varying extents to the separation factors. 
Furthermore, SHAP analysis was conducted based on the XGB model. As 
shown in Fig. 5c–d and Fig. S7, the influences of all features on the 
separation factor are similar to that resulting from the RF model. The 
four most predominant features for the prediction of separation factors 
are maximum projection radius of dyes, pore radius of membrane, water 
contact angle of membrane, and effective membrane area, while logD at 
pH = 7 of dyes, NaCl concentration, applied pressure, and type of 
reactor play minor roles. For the SHAP analysis based on the RF and XGB 
models, the four most important features are identical, and the four least 
important features are also identical, indicating consistently the physi
cochemical correlation between the maximum projected radius of the 
dye, the pore size of the membrane, the water contact angle of the 
membrane, the effective membrane area, and the separation factor. 
However, the contribution rates of the four most important features to 
the model output remain relatively low, ranging from 10% to 14%. This 
suggests that dye/NaCl separation is not governed by a single dominant 
variable, but rather by the combined effects of multiple relevant pa
rameters. For instance, the maximum projection radius of dye molecules 
and the membrane pore radius jointly determine the size-sieving effect. 
In addition, the water contact angle affects membrane wettability and 
water transport behavior, whereas the effective membrane area may 
influence local flux distribution, concentration polarization, and 
mass-transfer resistance. Therefore, the relatively dispersed feature 
contributions indicate significant multi-factor coupling effects. This 
interpretation is further supported by the subsequent bivariate partial 
dependence analysis, which reveals interactions between key variables 
and confirms that dye/NaCl separation selectivity arises from the com
bined, rather than isolated, contributions of these features. Furthermore, 

the XGB model was applied for further analysis due to the slightly better 
performance and similar results relative to the RF model.

To further improve the prediction accuracy of the model, deleting 
some less important features or adding new features was considered. In 
addition, a versatile hyperparameter tuning method, namely, Tree- 
structured Parzen Estimator (TPE), was applied. In one case, two less 
important features, namely, pressure and reactor type, were excluded in 
the model construction. Fig. S8 shows that the mean R2 value for the 
XGB model slightly decreases, and the mean RMSE value slightly in
creases, consistent with the earlier results that all parameters exert some 
influence on the model's predictions. In another case, since size exclu
sion effects and electrostatic interactions are generally considered key 
mechanisms in membrane separation [33], size effects (the ratio of dye's 
maximum projection radius and pore radius of membrane) and charge 
effects (the product of zeta potential of membrane and charge of dye) 
were included in the model. Fig. S9 shows that the Pearson correlation 
coefficients for all features are below 0.8, indicating that the introduc
tion of size effects and charge effects do not significantly affect the 
subsequent model development and interpretation. As illustrated in 
Fig. S10, the integration of size effects and charge effects into the XGB 
model do not markedly improve the model's performance, suggesting 
that too many features may hinder the improvement of the model's 
predictive capability. Therefore, the original twelve features (i.e., 
without the deletion and addition of features) were used in subsequent 
model interpretations.

The specific influence of important features on the separation factor 
was investigated by PDP and ICE. As illustrated in Fig. 6 and Fig. S11, 
pore radius and membrane water contact angle display greater impact 
on their partial dependence compared to other features, suggesting their 
major roles in the separation factors of dyes and NaCl. Fig. 6a shows 
that, when the membrane pore radius is below approximately 3.3 nm, 
the separation factor slightly increases as the membrane pore radius 
increases. This is because small pore radius facilitates effective rejection 

Fig. 6. ICE (cyan solid line) and PDP (orange dotted line) showing the relationships among pore radius (a), water contact angle (b), and maximum projection radius 
(c) for separation factors. Bivariate partial dependence plots of different variables for the separation factors, pore radius and water contact angle (d), pore radius and 
maximum projection radius (e), and pore radius and effective membrane area (f). (For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.)
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of dyes while allowing NaCl to pass through, resulting in high separation 
factors for dyes/NaCl. When the pore radius exceeds 3.3 nm, the sepa
ration factor decreases as the pore radius increases, which is tied to the 
rejection efficiency for both dyes and NaCl decreasing due to the weak 
size exclusion effects. When the pore radius exceeds 5.4 nm, the sepa
ration factors drop significantly, as the membrane cannot efficiently 
reject dyes and NaCl, leading to all the dyes and NaCl readily permeating 
through the membrane. Fig. 6b shows a non-monotonic relationship 
between the separation factor and the membrane water contact angle. 
The PDP curve indicates that the model-predicted separation factor 
decreases as the water contact angle increases to approximately 47◦, 
followed by an increase at higher water contact angles. This suggests 
that membrane wettability provides important interfacial information 
for predicting dye/NaCl separation, as the water contact angle reflects 
the affinity between the membrane surface and the aqueous solution. Its 
influence may be associated with changes in surface hydration and dye- 
membrane interactions [34]. In the ICE analysis, the effect of membrane 
water contact angle is assessed by varying the water contact angle of 
each sample while keeping the other variables fixed, thereby reflecting 
the response of the model-predicted separation factor to changes in 
membrane wettability. Therefore, the observed trend should be inter
preted as a data-driven indication of correlation associated with mem
brane surface properties, rather than direct evidence of a specific 
physical mechanism. Further experimental studies are needed to verify 
the underlying mechanisms. Additionally, the maximum projection 
radius (Fig. 6c), effective membrane area (Fig. S11a), zeta potential 
(Fig. S11b), and dye concentration (Fig. S11c) exhibit minimal effect on 
their partial dependence, suggesting that these features have limited 
impact on the separation factors of dyes and NaCl.

Fig. 6d–f and Fig. S12 display the synergistic effects of two features 
on separation factors. Fig. 6d shows that the separation factor decreases 
significantly when the pore radius increases to around 6 nm, while the 
separation factor firstly decreases and then increases as the water con
tact angle increases, suggesting that both pore radius and water contact 
angle of the membrane are important influences of the separation factor. 
In addition, the highest partial dependence values are achieved when 
the pore radius is smaller than 4 nm and the water contact angle is lower 
than 25◦, indicating that this combination of pore radius and water 
contact angle range is associated with higher predicted separation fac
tors in the dataset. However, it should be noted that this result reflects a 
favorable feature combination identified from the bivariate partial 
dependence plots, rather than a monotonic dependence of the separa
tion factor on pore size alone. In Fig. 6e, the optimal separation factors 
are when the pore radius is smaller than 4 nm and maximum projection 
radius greater than 1.2 nm. This is mainly due to the large size ratio 
(molecular size of dyes to pore radius of membrane) benefitting the 
rejection efficiency of dyes, affirming that size exclusion effects are 
crucial for separating dye and NaCl. Fig. 6f demonstrates that when the 
pore radius is below 4 nm, the separation factor is optimal when the 
effective membrane area is smaller than 20 cm2. Fig. S12 also confirms 
that higher maximum projection radius, lower water contact angle, and 
smaller effective membrane areas are favorable to separation factors. 
This analysis collectively confirms that the pore radius and water con
tact angle of the membrane, as well as the maximum projection radius of 
dyes, play key roles in the separation of mixtures of dyes and NaCl.

3.4. Implications and outlook

In view of the complex interplays of various influences and the 
absence of physical equations, machine learning provides an efficient 
strategy for predicting the separation factors of mixtures of dyes and 
NaCl. This can significantly save time, cost, and effort relative to 
traditional experimental methods. In this study, the influence of 
commonly reported variables on the separation factors is investigated 
through SHAP, ICE, and PDP, and the underlying mechanisms are 
elucidated by investigating the relationships between input features and 

outcomes. This study provides new insights for the optimization of 
separation factors to enhance the separation of mixtures of dyes and 
NaCl. Notably, this study has some limitations listed as follows. 

(1) The accuracy of models needs to be improved. Although four 
well-reported models are applied for the prediction of separation 
factors, the best model of XGB gives a modest R2 value of 0.7, 
which can be attributable to the following aspects. The used 
dataset contains 527 data rows (total of 4712 data points); since 
data-driven black-box models are inherently data-costly [35], 
more data may improve the R2 values. In addition, because the 
data were obtained from experiments conducted under different 
conditions (e.g., different laboratory settings, different mem
brane module designs, different equipment, different hydrody
namics, etc.), data consistency may expectedly be inadequate. 
Furthermore, several specific sources of error affecting model 
accuracy should be considered. First, the structural diversity of 
dye molecules, including differences in molecular size, charge, 
functional groups, hydrophobicity, and aggregation behavior, 
can influence membrane rejection and dye-membrane in
teractions. Second, variations among membrane types, such as 
pore size distribution, surface charge, hydrophilicity, and chem
ical composition, can result in different separation behaviors and 
thereby prediction errors. Third, dye/NaCl separation is a com
plex process governed by multiple mechanisms, including size 
exclusion, electrostatic repulsion, Donan exclusion, and adsorp
tion, making it difficult for models to fully capture all separation 
behaviors. Therefore, future work should not only aim to expand 
the dataset to improve the R2 value, but also seek to reduce these 
sources of error by incorporating more detailed dye and mem
brane descriptors, as well as mechanism-related parameters.

(2) Some factors are not consistently reported in literature, and thus 
are not collated in the dataset and thereby not employed in the 
development of the models. Some examples include solution pH, 
temperature, and presence of ions and pollutants. Therefore, the 
models may be limited in predicting separation factors in real dye 
wastewater. In addition, the key operational feasibility consid
erations, like lifecycle analysis and technoeconomic analysis, are 
not factored into the models, which further restricts the direct 
applicability of the models in practice.

In future, more parameters (e.g., solution pH, temperature, stability, 
CapEx (Capital Expenditures) and OpEx (Operating Expenses)) should 
be incorporated into the machine learning models to enhance the quality 
of the dataset. In addition, customizing suitable models based on the 
dataset, adjusting input parameters, optimizing feature engineering, and 
enriching output variables can improve the performance of such models 
and further enhance the practical application of the results. Further
more, although machine-learning interpretations provide useful insights 
into the potential roles of dye characteristics, membrane properties, and 
operating conditions in dye/NaCl separation, these relationships should 
be regarded as data-driven mechanistic implications rather than direct 
evidence of causal mechanisms. In particular, SHAP, PDP, and ICE an
alyses can identify important variables and trends, thus offering data- 
driven guidance for understanding key factors and designing future 
experimental validation studies. To further exploit the benefits of 
membrane-based dye/NaCl separation, future research should integrate 
controlled separation experiments, membrane surface characterization, 
and pore structure analysis to validate the proposed mechanisms and 
further improve the physical interpretability of the model.

4. Conclusion

In this study, machine learning was employed to elucidate the 
important influences and underlying mechanisms of membrane selec
tivity for dye/NaCl mixtures. The commonly reported parameters 
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(including membrane pore radius and water contact angle , dye and 
NaCl concentrations, effective membrane area, and separation factors 
for dye/NaCl mixtures) were extracted from 157 publications, and the 
MICE method was applied for handling missing values in the dataset. 
Subsequently, four models (namely, RF, SVR, ANN, XGB) were 
employed to predict the separation factors, with the XGB model 
demonstrating the best performance with an R2 value of 0.7. SHAP 
analysis confirmed that the maximum projection radius of dyes, mem
brane pore radius, membrane water contact angle , and effective 
membrane area were the four most influential features in the prediction 
of separation factors. The PDP and ICE results indicated that size 
exclusion was the primary mechanism governing the selective separa
tion of dye/NaCl mixtures, while hydrophilicity-related effects and 
charge-associated electrostatic interactions further regulated dye 
retention and NaCl transport. Finally, the limitations of the study and 
recommendations for future research were identified. Overall, this 
research provides a practical framework for understanding and pre
dicting the separation factors of dye/NaCl mixtures, thereby advancing 
the broader application of membrane-based separation in textile 
wastewater remediation.
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