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Revised: 15 June 2026 bottleneck for sustainable lithium extraction. Crown ether (CE)-modified graphene
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descriptors, including CE content, interlayer spacing, asymmetric charge, and
membrane inclination, which are difficult to optimize using molecular dynamics
(MD) simulations alone due to high computational cost and limited quantitative
predictive capability. To address this challenge, this study integrates MD simulation
with machine learning (ML) to construct a high-accuracy proxy model for
predicting the Li*/Mg?*" separation performance of CE-functionalized GO
membranes. Using Random Forest (RF) and Extreme Gradient Boosting
(XGBoost) regression models, we established quantitative relationships between
four key structural descriptors and three performance indicators: water flux, Li*
permeability, and Mg>" retention rate. RF outperforms XGBoost, achieving high
test accuracy. Feature importance reveals distinct mechanisms: water flux is
governed by interlayer spacing and membrane inclination, Li* permeability is co-
determined by interlayer spacing and CE number. Mg?" retention depends mainly
on CE grafts and non-uniform charge distribution, reflecting synergy between
Donnan effect and specific recognition. Moreover, interactive effects among
structural parameters are identified, CE number couples with spacing to enhance
Li" permeability, and with non-uniform charge to boost Mg?* retention, providing
quantitative evidence for the proposed separation mechanisms. Multi-objective
optimization yields two membrane schemes, the optimally balanced design
achieves both high selectivity and competitive flux, showing strong application
potential. This study not only overcomes the limitations of conventional MD
simulations but also establishes a data-driven framework for the rational design and
efficient optimization of high-performance lithium-selective membranes.

Keywords: lithium-magnesium separation; molecular dynamics simulation;
machine learning; structure—performance relationship

1. Introduction

Lithium possesses both energy and strategic value. With its high electrochemical activity, good conductivity,
excellent ductility, and high specific heat capacity, it is widely used in various fields such as new energy batteries,
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aerospace, biomedicine, glass and ceramics [1-3]. Among them, lithium-ion batteries account for approximately
50% of the global lithium consumption market. With the rapid development of electric vehicles and electronic
devices, the demand for lithium continues to rise, becoming a key raw material supporting the green energy
transition [4—6]. It is expected to grow significantly in the future. Membrane separation technology is widely used
in water treatment, resource recovery, gas separation and resource extraction due to its high efficiency, low energy
consumption and good selectivity. In recent years, two-dimensional materials such as graphene oxide have shown
great potential in the field of ion sieving due to their high specific surface area, adjustable interlayer spacing and
good mechanical stability [7-9]. Traditional graphene oxide (GO) membranes have problems such as insufficient
mechanical strength, limited selectivity and poor long-term stability, so improving their comprehensive separation
performance has become the current research focus [10].

The GO membrane can achieve the basic separation of Li/Mg?*, but Li* and Mg?" are highly similar in
hydration characteristics and chemical properties, and the efficient separation of the two has become a core challenge
in the process of extracting lithium from salt lakes [11,12]. Pristine GO is difficult to achieve the efficient separation
of Li*/Mg?*". Crown ether (CE), as a class of heterocyclic ligands with specific ion recognition function [13], provide
a feasible solution to this problem. CE can form host-guest complexes with metal ions through ion-dipole interactions
and exhibit excellent selectivity for Li" and other cations by relying on the “size matching” effect [14,15]. In previous
work, to improve the single electrostatic interaction in GO, specific recognition sites (15-crown-5, 15C5) were
introduced to effectively improve the ion selectivity [16]. In addition, by breaking the uniformity limitation of the
channel-intra-pathway effect and introducing asymmetric charges and structures, the membrane separation
performance was also improved [17,18]. From the above analysis, it can be found that the content of CE, interlayer
spacing, non-uniform charge density and inclination angle will all become key factors affecting the membrane
separation performance. However, MD simulation has inherent limitations: on the one hand, the simulation process
requires a significant amount of computing resources, making it difficult to achieve efficient screening of multiple
parameters and large samples, and unable to quickly explore the quantitative correlations between membrane
structure and performance under different CE modification conditions; on the other hand, MD simulation focuses on
the qualitative description of microscopic mechanisms and is difficult to establish a precise quantitative relationship
between membrane structure descriptors and macroscopic separation performance, which restricts the efficient design
and optimization of CE-modified GO membranes.

With the rapid penetration of artificial intelligence technology in the field of materials science, machine
learning (ML) has become an efficient tool for solving complex problems such as material design and performance
prediction [19,20]. In recent years, machine learning methods have demonstrated strong data mining and
performance prediction capabilities in the field of membrane separation. Researchers have begun to systematically
apply ML to membrane material design, performance prediction, and separation mechanism analysis, providing
data-driven theoretical guidance for the rational design of high-performance separation membranes [21,22]. In the
field of ion selective separation, Lu et al. [23] used integrated machine learning to reveal the mechanism of Zeta
potential and pore size jointly regulating ion sieving in polyamide nanofiltration membranes. For salt lake lithium-
magnesium separation, Sun et al. [24] constructed a prediction model based on literature data and found that the
MgCl, retention rate is a key comprehensive indicator determining the selectivity of Li/Mg?" ions, emphasizing
the necessity of multi-factor coupling modeling. In the field of two-dimensional membrane materials, Bonnet et
al. [25] combined machine learning molecular dynamics to analyze the sieving mechanism of Li*, Na*, and K* in
corannulene-functionalized graphene membranes, providing a theoretical reference for this research. At the
methodological level, Ignacz et al. [26] systematically reviewed the progress of ML in membrane science,
emphasizing the importance of feature engineering and model interpretability, providing methodological guidance
for the model construction of this chapter. In summary, although machine learning has been used to predict key
performance indicators such as membrane permeability and selectivity in two-dimensional separation membranes
in this field, for corannulene-modified GO membranes, machine learning research combining membrane structure
descriptors and multiple performance indicators is remains limited, especially lacking systematic exploration of
the quantitative correlation between membrane non-homogeneous structure parameters and performance
indicators such as Li* permeability and Mg?* retention rate.

Based on this, this work takes the GO membrane modified by CE as the research object and conducts
molecular dynamics simulation on the Li*/Mg?" separation process. Four core membrane structure descriptors,
namely the number of CE, the non-uniform charge of the membrane, the membrane inclination angle, and the
interlayer spacing, are selected as input features. Three key performance indicators, namely water flux, Li*
permeability, and Mg?* retention rate, are taken as label values to construct two regression models, namely Random
Forest (RF) and Extreme Gradient Boosting (XGBoost). Through dataset division, model training, and
hyperparameter optimization, accurate prediction of multiple performance indicators of the CE-modified GO
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membrane is achieved. The influence weights of each structure descriptor on membrane performance are analyzed,
and the quantitative rules of CE regulating the performance of GO membranes are revealed. This provides efficient
theoretical tools and technical support for the rational design, performance optimization, and industrial application

of CE-modified GO membranes.

2. Models and Methods

Molecular Models
The separation model adopted in this paper is consistent with our previous research work [16]. As shown in
Figure 1, a GO sheet model with a size of 30 A x 32 A was constructed using the Materials Studio (MS) software.
The model considered the random distribution of oxygen-containing groups (hydroxyl and epoxy groups) on both
sides of the GO sheet layer, with the molar ratio of hydroxyl to epoxy groups set at 1:1, and the oxidation degree
(Ro) fixed at 10% (defined as Ry = Eo/Ec, where Eo and Ec are the number of oxygen and carbon atoms in the
system) [27]. By carboxylating or amidoating the GO sheet, functionalized GO nanosheets with opposite
electronegativity were prepared; these two nanosheets were stacked in parallel to construct a “double-sided
heterogeneous electrification” nanochannel membrane. The left side of the nanochannel was the feed side, where
5200 water molecules, 24 Mg?", 24 Li*, and 72 Cl” were pre-filled to construct a 0.5 M MgCl, and LiCl mixed
solution system [17]; the right side of the channel was the permeation side, and initially only 520 water molecules
were filled. To simulate the pressure-driven membrane separation process, rigid plates composed of helium atoms
were set at the leftmost position on the feed side and the rightmost position on the permeation side as pressure
application interfaces. The left pressure plate applied a pressure of 110 MPa, and the right one applied 10 MPa,
forming a net pressure gradient of 100 MPa to simulate the working pressure environment of the actual

nanofiltration process [28].
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Figure 1. Schematic diagram of a simulation system for Li*/Mg?" separation. All components are labeled in the

figure and CI” is omitted for clarity.

All molecular dynamics simulations were completed using the Large-scale Atomic/Molecular Massively
Parallel Simulator (LAMMPS) [29]. Water molecules were described using the SPC/E model [30], the atomic
interaction parameters of Li*, Mg?*, and GO were set using the OPLS-AA force field [31,32], the force field
parameters of the CE molecule were set according to the reliable research results reported previously. Non-bonded
interactions were described using the 12—6 Lennard-Jones potential function, with the short-range interaction
cutoff radius set at 12.5 A; electrostatic interactions were calculated using the particle-particle-grid (PPPM)
method, with the cutoff radius set at 12 A. The simulation was conducted in the canonical ensemble (NVT), and
the temperature was controlled by the Nosé-Hoover heat bath at 303.15 K [33]. The simulation time step was set
at 1 fs, and simulation data was collected every 1 ps, with a total simulation duration of 30 ns to ensure the system
reached thermodynamic equilibrium and to obtain reliable statistical results.

The dataset consists of a total of 240 samples, covering the GO membrane structure and corresponding

performance parameters under different CE modification conditions, as shown in Table 1. Four membrane
3 of 14
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structure descriptors (the number of CE, the non-uniform charge of the membrane, the membrane inclination angle,
and the interlayer spacing) are used as input features, while water flux, Li* permeability, and Mg>* retention rate
are taken as label values. A multi-output regression model is constructed for prediction. The specific selection
parameters are as follows (Table 2):

1. Number of Crown Ethers (Nce): The total number of functionalized CE molecules inserted between the GO
membrane layers (15Cs), ranging from 0 to 2, with an interval of 1, corresponding to different CE loading
amounts, which mainly reflects the regulatory effect of the introduced CE molecules on the membrane
structure and performance, consistent with the research logic of CE content in the second chapter;

2. Charge Content (Pcharge): The degree of non-uniformity of the non-uniform charge in the GO membrane
layer, ranging from 0% to 75%, reflecting the non-uniformity of the charge distribution within the membrane,
directly related to the direct regulation of the Donnan effect intensity;

3. Inclination Angle (tilt-angle): The angle between the GO nanosheets layer and the normal direction of the
membrane surface (unit: °), ranging from —5° to 10°, with an interval of 5°, reflecting the regularity of
membrane layer stacking, and an excessive inclination angle will cause the interlayer channels to twist,
affecting the ion transmission efficiency;

4. Interlayer Spacing (gap): The average distance between the GO membrane layers (unit: A), ranging from 10
to 18 A, with an interval of 2 A, determined by the spatial size of the CE molecules and the interaction
between the GO layers, and this parameter is the core structural parameter affecting the ion size retention rate
and transmission rate.

Three key separation performance indicators of the CE-modified GO membrane in the lithium extraction
from salt lakes scenario are selected as model label values, namely water flux (Flux_water), which reflects the
membrane’s mass transfer efficiency and is one of the core indicators for membrane industrial application; Li*
permeability (P_Li"), which reflects the transmission rate of Li* in the membrane and is directly related to the Li*
separation efficiency of the membrane; Mg?" retention rate (R_Mg?"), which reflects the membrane’s retention
ability of Mg?", is a key indicator for evaluating the Li"/Mg?" separation performance.

Table 1. The selected structural descriptors and label values.

Structure Parameter Membrane Performance Indicators
Number of CE (Nce) Water flux (Flux_water)
Electronegativity content (Pcharge) Li* permeability (P_Li")
Angle of inclination (tilt-angle) Mg?* retention rate (R Mg?")

Interlayer spacing (gap)

Table 2. The specific selection parameters of membrane structure descriptors.

Nce Pcharge Tilt-Angle Gap
0 0% 0° 10 A

1 25% 5° 12A
2 50% 10° 14 A
75% —5° 16 A

18 A

To eliminate the dimensional differences between different features and label values (such as the unit of interlayer
spacing being A, the number of CE being an integer, and water flux being L-m2>h'-bar"), and to avoid
overemphasizing the features with large numerical values during the model training process, which may affect the
prediction accuracy of the model. All input features and label values were standardized, using the Z-score standardization
method [34,35], convert all features and label values into standardized data with a mean of 0 and a standard deviation of
1, eliminating the influence of dimensions. The calculation formula is as shown in Equation (1):

X—HU
o

M

Xnorm =

Among them, x,,,-n represents the standardized data, x is the original data, x is the mean of the feature or
label, and o is the standard deviation of the feature or label. After the standardization process, all data are at the
same magnitude, thereby ensuring the fairness and accuracy of model training. At the same time, outliers in the
dataset are detected and handled. Using the 3o criterion, abnormal samples are eliminated (a total of 3 groups of
outliers were removed, and 237 valid samples were retained), ensuring the reliability of the dataset. The 237 valid
samples after preprocessing are randomly divided into a training set and a test set, with a ratio of 8:2, that is, 190
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samples are used for model training and 47 samples are used for model testing. The division process is carried out
using a fixed random seed (seed = 42) [36], ensuring the reproducibility of the division results and avoiding
distortion in model performance evaluation due to sample division bias.

Two classic ensemble learning regression models—Random Forest (RF) and Extreme Gradient Boosting
(XGBoost) were selected to construct a prediction model for the separation performance of GO membranes modified
with CE. Both models have strong nonlinear fitting ability, anti-overfitting ability and interpretability, and are suitable
for small-sample, multi-feature, and multi-output regression problems [37,38]. They have been widely applied in the
field of material performance prediction and can meet the research requirements of this chapter.

Random Forest is an ensemble learning method based on the Bagging strategy [39]. By constructing multiple
decision trees and integrating their prediction results, it effectively reduces model variance and prevents
overfitting. Each tree is trained using bootstrap sampling from the original training set, and during node splitting,
some features are randomly selected for evaluation. For regression tasks, RF outputs the arithmetic mean of the
predictions from all decision trees.

XGBoost is an ensemble learning method based on the Boosting strategy [40]. By iteratively adding weak
learners (usually decision trees), each round of training focuses on the residuals from the previous round, gradually
reducing model bias. XGBoost introduces regularization terms to control model complexity and supports parallel
computing, with high prediction accuracy and robustness. For regression tasks, XGBoost uses the gradient
boosting framework and the optimization objective was to minimize the mean squared error between the predicted
values and the true values.

Model training and evaluation: For the three target variables of water flux, Li" permeability, and Mg>*
retention rate, separate RF and XGBoost regression models were trained independently. Grid search combined
with 5-fold cross-validation was used to optimize the model’s hyperparameters. To comprehensively evaluate the
predictive performance of RF and XGBoost models, four commonly used regression model evaluation metrics
were selected, namely coefficient of determination (R?), root mean square error (RMSE), mean absolute error
(MAE), and mean absolute percentage error (MAPE). The calculation formulas for each metric are as follows:

Zia (i — 9)°

R? =1 - QL T 2
S (= )2 @
1 n
RMSE = |~ (3 = 9))? 3
i=1
1 n
MAE = = |y~ 94 @
i=1
1% H
MAPE = —Z |u| % 100% 5)
=L

Among them, y; represents the actual value of the i-th sample, J; represents the predicted value of the i-th
sample by the model, y is the average value of the actual values of all samples, and n is the number of samples. The
evaluation criteria for each indicator are as follows: The closer R? is to 1, the better the fitting effect of the model is,
and the higher the consistency between the predicted value and the actual value; the smaller RMSE, MAE, and MAPE
are, the smaller the prediction error of the model is, and the higher the prediction accuracy is [41]. By comparing the
various evaluation indicators of the two models on the training set and the test set, the optimal prediction model is
determined and used for subsequent performance prediction and feature influence analysis.

To reveal the influence weights of each membrane structure descriptor on the separation performance and to
clarify the quantitative rules by which CE regulate the performance of GO membranes, the SHAP (SHapley
Additive exPlanations) value analysis method was employed to conduct an interpretability analysis of the optimal
machine learning model [42]. The SHAP value is based on the classic Shapley value in game theory and can
quantify the contribution (positive or negative) of each input feature to the prediction result of each sample,
intuitively reflecting the nonlinear relationship between the feature and the performance indicator [43]. This helps
alleviate the “black box” problem of traditional machine learning models and provides a clear theoretical basis for
the structural optimization of CE-modified GO membranes [44]. Through SHAP analysis, the following key
information can be obtained: 1. The global importance ranking of each input feature, clearly identifying the main
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structural parameters that affect the membrane separation performance; 2. The trend of the influence of a single
feature on the performance indicator (positive or negative correlation); 3. The comprehensive influence of the
interaction between different features on the performance indicator, providing support for multi-parameter
collaborative optimization. However, it should be emphasized that the SHAP results only represent the
interpretability of the machine learning model rather than a direct proof of physical causality, and thus the
following discussion focuses on model-driven correlations rather than mechanistic conclusions.

3. Results and Discussion
3.1. Model Prediction Performance Evaluation

In this study, four membrane structure descriptors (the number of CE, the content of electronegativity, the
tilt angle, and the interlayer spacing) were used as input features to construct an auxiliary model for simultaneously
predicting three performance indicators (water flux, Li* permeability, and Mg?* retention rate). The dataset (n =
240) was randomly divided into 80% for training and 20% for testing. For each target variable, RF and XGBoost
regression models were trained separately, and the hyperparameters were optimized through grid search combined
with five-fold cross-validation on the training set. To account for the wide dynamic range of water flux, the loglp
transformation was applied during model fitting, and the inverse transformation was performed during prediction.
For the two targets related to selectivity (Li" permeability and Mg?* retention rate), considering that they are
numerical values with limited effective digits measured in practice, we chose not to perform mathematical
transformations but to retain the precision of the data itself as the objective for model learning. Overall, as shown
in Figure 2, RF demonstrated strong predictive performance on the test set, with R? values of 0.881 for water flux,
0.950 for Li* permeability, and 0.943 for Mg?' retention rate, indicating that the tree-based ensemble model can
effectively capture the nonlinear relationship between membrane structure and separation performance. The
RMSE values were 0.085 L-m >-h™"-bar!, 0.072 x 1072 m*-s”!, and 0.92%, respectively, and the MAE values
were 0.068 L-m2-h !-bar™!, 0.059 x 1072 m?-s™!, and 0.75%, respectively, and the MAPE values were 2.15%,
1.98%, and 1.32%, all of which were relatively low level, indicating that the prediction error of the model was
small and the prediction accuracy was high. In contrast, XGBoost was slightly less accurate in these two
selectivity-related targets (test R> = 0.91 and 0.90) and in water flux (test R? = 0.84). The stability of the selected
model was further verified through RepeatedKFold assessment (5 splits % 5 repetitions), the standard deviation of
R? for the Random Forest (RF) model is < 0.03 for all performance indicators, indicating low variance and stable
generalization. The optimized hyperparameters for RF are n_estimators = 300 and max_depth = 10; for XGBoost,
n_estimators = 200 and max_depth = 6. And the results showed that the average R? values under different data
partitions were stable and had moderate variability, supporting the use of the random forest as the primary auxiliary
model for subsequent multi-objective screening and Pareto-based optimization.

3.2. Model Interpretability Analysis

Taking the RF model as the research object, the SHAP analysis method was employed to quantify the
influence weights of each input feature on the membrane separation performance, revealing the quantitative rules
of CE in regulating the performance of GO membranes, and providing a theoretical basis for membrane structure
optimization. Figure 3a—c presents the SHAP summary diagram of the RF model, which is used to explain the
influence of membrane structure parameters on the Li* permeability, Mg?" retention rate and water flux.

As shown in Figure 3, the interlayer spacing is the most crucial feature in all three tasks, indicating that the
interlayer spacing is the most significant factor affecting water flux. This is because the interlayer spacing directly
determines the effective size of the water molecule transmission channel, and the spatial effect plays a key role in
the transmission of ions and water molecules. The larger the interlayer spacing, the smaller the resistance of water
molecule transmission and the higher the water flux. For the permeability of Li*, the number of inner CE has a
significant contribution and is the core factor affecting the Li* permeability rate. This is because CE exhibit a
specific recognition effect toward Li*, indicating that the CE sites regulate the entry and migration of Li* through
ion recognition and local coordination processes. The discreteness of the contribution direction suggests that this
effect depends on the coordinated matching with other structural parameters. For Mg?* retention, the results show
that stronger confinement conditions are more conducive to improving the retention rate. Ge et al. [16] elucidated
the atomic-scale mechanisms underlying CE-enhanced Li* transport, which corroborate our SHAP-based
identification of CE number as the key descriptor for Li" permeability.

https://doi.org/10.53941/sce.2026.100007 6 of 14



Ge et al.

104 O Training
0 Testing o
— 2=
m 084 R“=0.95
== g A
2 =)
S 06; o O
'5;’ 0.4 =
-
a 027 o
- a
0.0 (a)
00 02 04 06 08 10
Test values (Permeation-Li)
104 O Traiqing
I Testing
— R?%=0.94 -
g 0% L
» — O no
o () q
_‘:_‘: 0.64 0o ]':IU
> a
.g 0.4 |
D
g O
a 0.2 !
a
0.0 ()
00 02 04 06 08 10
Test values (Retention-Mg)
2500+ o Traiqing
Testing
v 2000+
o
B
© 15004
>
C
0
G 10004
©
fud
a

500+

500

1000
Test values (Flux_water)

1500 2000 2500

Smart Chem. Eng. 2026, 2(2), 7

104 O Training
= [0 Testing
o 2_
ag) 084 R“=0.91
O
x
» 0.6+
3
= a
S 044 0
- o] B
= O
2 02 Eozeme
o 0O o
o
0.0+ (b)
00 02 04 06 08 10
Test values (Permeation-Li)
104 O Trair_ling
= [1 Testing 0
o 2 D 0
03; 0.84 R™=0.89 oo oofg s
Q -
» 0.6+ o
[
3 m pm 3
> 044 N EEA oY oo
% ooo
5 0.2+ |
d
o
0.0; (d)
00 02 04 06 08 10
Testvalues (Retention-Mg)
2500 - O Training

2000+

1500+

1000+

500+

Prediction values (XGBoost)

a Testing

500 1000
Test values (Flux_water)

1500 2000 2500

Figure 2. Comparison of RF predictions and simulation results for (a) P_Li*, (¢) R_Mg?', (e) Flux_water.

Comparison of XGBoost predictions and simulation results for (b) P_Li", (d) R_Mg?', and (f) Flux_water.
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Figure 3. SHAP summary plots of the random forest model, illustrating the dependence of model predictions on
membrane structure descriptors. (a—¢) correspond to the model outputs for Permeation-Li*, Retention-Mg?*, and
Flux-water, respectively. The SHAP value represents the contribution of each feature to the model output for
individual samples, reflecting feature importance, direction of influence (positive/negative), and interaction

patterns as learned from the training data.

3.3. Comparison of Pareto Optimal Solution Set and Weighting Strategy

During the actual separation process, there is an inherent trade-off relationship among the Li* permeability,
Mg?" retention rate, and water flux. Increasing one of these indicators often leads to a decrease in the others.
Therefore, the optimal systems selected under different weight preferences show significant differences. Based on
the three-objective prediction results of 240 sets of structural parameters using random forests, a Pareto front was
constructed in the three-dimensional objective space (Flux-water, Li* permeation, Mg?" retention). The gray points
represent all systems, the green/orange points are non-dominated data, that is, the points on the Pareto front, which
are the combinations of structural parameters that cannot further improve the other indicators without sacrificing
at least one indicator. In short, these points represent the optimal systems selected after weighing the three
objectives. It can be seen that the optimal options corresponding to the two forms of weight strategies have
significant differences. In the weight 1: Li" permeability = Mg?" retention rate = water flux, that is, the three
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objectives are equally important, aiming for the balance of overall performance, as shown in Figure 4a, it is more
inclined to cover the balance of overall performance, including some combinations that exchange higher water
flux for medium Li* permeability and Mg?* retention rate, reflecting the trade-off relationship between flux and
selectivity; and the weight 2: Li* permeability = Mg?" retention rate > water flux, that is, emphasizing membrane
selectivity, as shown in Figure 4b, the frontier points converge significantly towards the high selectivity region,
with more points clustering at the position with higher Li* permeability and Mg?" retention simultaneously. The
spatial distribution comparison of the frontier points actually shows that one is dominated by flux and the other by
separation selectivity.

W D sy W2 © rcamy o
T ° 02 can a * o 0 ca.
@0 my 000 @ bl ™

Figure 4. Comparison of Pareto front distributions derived from the random forest model predictions under
different weighting strategies. (a) Emphasizing the balance of overall performance and (b) emphasizing membrane
selectivity. These frontiers represent trade-offs among multiple predicted performance metrics as optimized within
the model framework. The blue and orange points denote the Pareto-optimal solutions obtained under each scheme.

Using the prediction results of the RF model as the fitness function, iterative optimization is carried out
through the selection, crossover, and mutation operations of the genetic algorithm. Eventually, the optimal
membrane structure parameter combination is obtained: the number of CE is 1, the non-homogeneous charge of
the membrane is 55%, the membrane inclination angle is 8.6°, and the interlayer spacing is 15 A. To verify the
reliability of the optimization results, the optimal structural parameters are substituted into the previous MD
simulation model for dynamic simulation, and the actual performance indicators are obtained as follows: water
flux = 2298 L-m 2-h !"bar”!, Li* permeability = 72.4%, Mg?" retention rate = 58.4%. The predicted value of the
RF model for this parameter combination is: water flux = 2310.4 L-m2-h™!-bar !, Li* permeability = 70.4%, Mg*"
retention rate = 55.8%. The error between the predicted value and the actual value is relatively small, indicating
that the optimization results are reliable, and the RF model has a high prediction accuracy.

3.4. The Synergistic Separation Mechanism of Crown Ether-Modified GO Membrane Structure

Based on multi-objective optimization analysis and combined with the RF model, the membrane structure
parameter combination with superior performance was selected: the number of CE is 1, the non-homogeneous
charge of the membrane is 55%, the membrane inclination angle is 8.6°, and the interlayer spacing is 15 A. To
reveal the intrinsic mechanism of how this optimal combination synergistically enhances the Li* permeability, the
Mg?* retention rate, and water flux, analysis needs to be conducted from three aspects: ion dehydration behavior,
Donnan effect regulation, and channel structure synergy.

(1) The regulation of ion dehydration behavior by interlayer spacing.

The interlayer spacing is a key structural parameter affecting the energy barrier for ion transmembrane
transport. The optimized interlayer spacing in this study is 15 A, which lies between the hydration diameters of
hydrated Li* (~7.6 A) and hydrated Mg?>" (~8.6 A), but is smaller than the characteristic size of their second
hydration layers. Within this confined space, ions must undergo partial dehydration when entering the membrane
channel. The radial distribution function (RDFs) of the change in hydration number before and after ions pass
through the membrane channel (Figure 5) indicates that when the interlayer spacing is compressed to 15 A, the
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number of water molecules lost by Li* from the first hydration shell is approximately 0.5-0.8, while Mg?* has a
higher hydration energy and hydration number, making it difficult to remove water molecules from the first
hydration shell. This difference in dehydration energy barrier gives the membrane a stronger retention ability for
Mg?*, while allowing Li* to achieve transmembrane transport with a lower energy barrier.
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Figure 5. RDFs of Cations and Water (Oxygen Atoms) in (a) membrane and (b) solution. The dotted lines in the
figure represent the coordination number.

(2) Synergistic effect of CE specificity recognition and Donnan effect.

In the optimal combination, the number of CE (15-crown-5,15C5) is 1. This moderate loading amount not
only avoids excessive CE causing excessive expansion of interlayer channels (weakening the size sieving effect),
but also ensures sufficient functional site density to exert specific recognition of Li*. The cavity size of the CE
closely matches the ionic radius of Li*, and through ionic-dipole interaction, it achieves selective capture and
acceleration of Li* transmission, forming an identification-transmission synergistic mechanism.

The coordination interaction energy between the CE site and Li* (—45.2 kJ/mol) is significantly higher than that
with Mg?" (—12.8 kJ/mol), confirming the specific recognition of Li* by the CE. The time required for all cations
passing through the channel to enter and cross the channel during the separation process was calculated, and the
average value was taken (Figure 6). On the one hand, the introduction of CE into the GO channel has shortened the
time for Li" to enter the channel. This is due to the compensation effect of CE on Li* entering the channel, and the
hydration structure makes Li" more prone to dehydration, thus making it easier for Li* to enter the channel. On the
other hand, the introduction of CE increased the residence time of cations in the channel. Overall, the introduction of
CE effectively inhibits the transport rate of Mg?" while promoting the transport rate of Li".
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Figure 6. The average (a) entry time and (b) residence time of ions.

Meanwhile, the non-homogeneous charge of the membrane is set at 55%. This moderate non-homogeneity
degree builds a local electric field gradient within the membrane. Figure 7 shows the distribution of electrostatic
interaction energies between Li* and Mg?* and the membrane surface under two conditions: the original GO
membrane and the non-homogeneous GO membrane (non-homogeneous charge of 55%). The results show that
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compared with the homogeneous GO membrane, the charge of the non-homogeneous GO membrane increases the
electrostatic repulsion energy of Mg?* from —12.3 kJ/mol to —18.7 kJ/mol (i.e., the absolute value increases), while
that of Li" only changes from —5.1 kJ/mol to —6.4 kJ/mol. During the separation process, the non-homogeneous
charge distribution on the membrane surface and between layers strengthens the Donnan repulsion effect, exerting
a stronger electrostatic repulsion effect on the high-valent Mg?*, while the repulsion on the low-valent Li* is
relatively weaker. The recognition effect of the CE and the Donnan repulsion effect form a positive synergy: the
CE site guides Li" to enter the channel first, and the non-homogeneous charge layer further inhibits the
transmembrane transmission of Mg?*, ultimately achieving the simultaneous improvement of high Li* permeability
and high Mg?" retention rate.

0-
5
g
5 -10 4
=
E
w -15-
20+

GO GO-OPT
Figure 7. The electrostatic interaction energy between Li* and Mg?* and the membrane surface.

(3) The optimization of channel configuration and transmission path by tilt angle.

The optimal combination has a membrane inclination angle of 8.6°. This small inclination angle maintains
the connectivity of the interlayer channels while introducing a moderate degree of channel curvature. Compared
to the completely parallel stacking (0°) or structures with a larger inclination angle (=10°), an inclination angle of
8.6° achieves optimization in the following two aspects: Firstly, it avoids excessive distortion of the interlayer
channels caused by large-angle inclination, maintaining the rapid transmission channels for water molecules and
Li*; Secondly, the moderate channel curvature increases the transmission path length and collision probability of
Mg?", prolonging the interaction time with the charged channel wall and CE sites, further enhancing the retention
efficiency. The channel configuration under this inclination angle achieves the best balance between mass transfer
efficiency and separation selectivity. The Li" transmission trajectory further confirms this point (Figure 8).
Compared with the original GO, the residence time of Li" in the GO-OPT channel is significantly shortened,
indicating that the membrane tilt angle of 8.6° is conducive to the further transmission of Li* in the channel, thereby
improving the overall Li* transmission efficiency.
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Figure 8. The trajectory of Li* and Mg?" in the Z-direction changing with time in different channels, (a) GO and
(b) GO-OPT.
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(4) Realization of optimal performance through multi-parameter synergy.

The four structural parameters mentioned above do not act independently but are jointly determined by the
overall separation performance of the membrane through a complex synergy mechanism. The interlayer spacing
lays the foundation for size sieving selectivity; the number of CE provides the chemical recognition function; the
heterogeneous charge distribution regulates the strength of electrostatic repulsion; the inclination angle optimizes
the channel transmission structure. Through the synergistic effects of these four factors, the permeability of Li*
and the retention rate of Mg?" can be simultaneously improved.

To verify the reliability of this optimization mechanism, the optimal structural parameters were substituted
into MD simulations for verification. The actual performance obtained from the simulation was in good agreement
with the predicted values of the RF model (relative error of water flux: 0.5%, relative error of Li* permeability:
2.8%, relative error of Mg?" retention rate: 4.5%). This further confirmed the rationality of the above mechanism
analysis. This optimal structure combination provides a clear theoretical basis and experimental reference for the
rational design and performance optimization of CE-modified GO membranes.

4. Conclusions

This study employed machine learning methods to construct a model for predicting the separation
performance of functionalized graphene oxide membranes. Through feature importance analysis and parameter
optimization, the relationship between membrane structural parameters and separation performance was deeply
explored. The main conclusions are as follows:

Both the RF and XGBoost models can effectively predict the membrane separation performance, with RF
showing stronger predictive performance on the test set. The R? value of the RF model for water flux is 0.881, for
Li* permeability is 0.950, and for Mg?" retention rate is 0.943. It can effectively describe the complex nonlinear
correlation between structural parameters and performance. In terms of the influencing rules, water flux is mainly
controlled by interlayer spacing and membrane inclination angle, increasing the spacing and reasonably regulating
the inclination angle is conducive to improving the flux; Li* permeability is determined by interlayer spacing and
the number of CE molecules, and the combined effect of the two can significantly enhance ion transport; while
Mg?* retention rate mainly depends on the number of CE grafts and the non-uniform charge of the membrane,
which reflects the synergistic regulatory effect of the Donnan effect and specific recognition. There are obvious
interactive influences among the structural parameters, for example, the number of CE molecules and interlayer
spacing can synergistically enhance Li* permeability, the number of CE molecules and charge can couple to
enhance the Mg?" retention effect, further confirming the ion separation mechanism proposed in the previous text.
On this basis, through multi-objective optimization, two membrane structure schemes with different emphases
were obtained. The scheme with the best comprehensive performance can ensure high selectivity while also
considering flux, and has good practical application potential.

This study combines machine learning methods with traditional membrane separation research, not only
improving the research efficiency, but also deeply exploring the intrinsic structure—performance relationship,
providing new ideas for the design and optimization of high-performance lithium separation membrane materials.
Future research can further expand the dataset size, introduce more advanced machine learning algorithms, such
as deep learning and transfer learning, to further improve prediction accuracy and generalization ability. At the
same time, machine learning can be combined with experimental design to achieve efficient development and
optimization of membrane materials.
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