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Abstract

Fe—carbon catalysts (FCCs) are extensively used for persulfate activation in advanced
oxidation processes (PS-AOPs), an approach regarded as an efficient and cost-effective
strategy for removing emerging contaminants (ECs). However, the quantitative structure—
activity relationship between the degradation efficiency of ECs with diverse molecular
characteristics and the microstructure of FCCs has not been clearly elucidated. This hinders
the widespread practical implementation of FCCs. Herein, density functional theory
(DFT)-derived molecular-descriptor-assisted machine learning models were employed to
accurately predict the reaction rate constants for EC degradation in FCC-PS AOPs, mainly
focusing on three aspects: performance prediction, operating condition optimization and
mechanism interpretation. Additionally, DFT-derived descriptors are integrated with
fabrication and operational parameters to facilitate the generative design of FCCs. The
excellent fitting performance of the overall XGB model in predicting the reaction constants
for EC degradation (Test R? = 0.813) highlights the notable advantages of customized
hyperparameter tuning for improving predictive accuracy. Subsequently, the submodels
trained using different EC clusters (derived from t-SNE and K-means clustering methods)
can offer specific strategies for selecting optimal parameters of FCC-PS AOPs that target
ECs with distinct properties. The interpretability of the model was improved by using
SHAP values and partial-dependence plots to clarify the internal relationships of the ML
“black box”. Overall, a feasible and generalizable ML model is proposed to facilitate a
paradigm shift in the inverse design of FCCs for the degradation of specific ECs.

Keywords: machine learning; Fe-carbon catalyst; density functional theory; persulfate;
emerging contaminants

1. Introduction

Emerging contaminants (ECs) originate from natural or synthetic sources and reach
the environment via diverse pathways, posing serious threats to both human and wildlife
endocrine systems. The ECs are divided into several categories, including pharmaceuti-
cals, personal-care products, industrial chemicals and pesticides, which exhibit varying
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stability and redox properties in the environment, creating significant challenges in their
treatment. Up to now, various approaches have been used for the treatment of ECs, such as
adsorption [1,2], membrane separation [3,4], bioremediation [5,6] and advanced oxidation
processes (AOPs) [7,8]. Among these, AOPs have attracted considerable attention due to
their great potential for the degradation of ECs, particularly for persulfate (PS)-based AOPs
(PS-AQPs) [9]. Notably, the degradation efficiency of PS-AOPs in removing ECs is strongly
governed by the molecular structure. The basic parent structure not only determines the
effective reaction time between the pollutant and reactive oxygen species (ROS), but also
reshapes the relative contributions of ROS in the degradation pathway by modulating
the second-order reaction rate constants, thereby collectively influencing the apparent
degradation rate [10]. Given the wide variety of ECs, it is urgent to establish clear and
rational PS activation strategies to precisely control the degradation efficiency, thereby
achieving efficient and rapid degradation of diverse ECs.

PS-AOPs (peroxymonosulfate (PMS) and peroxydisulfate (PDS)) primarily focus on
introducing additional energy sources (e.g., heat, ultraviolet, and ultrasound) and exoge-
nous catalysts including both homogeneous (e.g., Fe?*, Cu?* and Co?*) and heterogeneous
catalysts (e.g., metal oxide and carbon-based material), to activate PS and generate ROS
for the degradation of ECs [11,12]. Among them, heterogeneous catalytic PS systems,
particularly carbon-based catalytic systems, exhibit outstanding removal efficiency for ECs
and are regarded as the most promising for further development due to their high specific
surface area, acid-base adaptability, lower cost and environmental friendliness [13]. Re-
cently, Fe—carbon catalysts (FCCs) for PS activation have advanced considerably, especially
in catalyst design, mechanistic insights, and practical applications. For instance, Xi et al.
prepared an iron and nitrogen co-doped biochar material (Fe@N co-doped biochar) and
applied it to activate PS for norfloxacin degradation, achieving 95% degradation within
20 min under optimized conditions [14]. Another study reported that the FeNC-CA catalyst
facilitated the rapid degradation of 4-chlorophenol via PMS activation, achieving nearly
100% removal efficiency and a 66.8% mineralization rate within 18 min [15]. However,
the removal efficiency of ECs by FCC/PS systems is strongly influenced by their physico-
chemical properties and substituents. Chen et al. reported that the FeNC-CA-500/PMS
system achieved only 18.8% removal of nitrobenzene, a nitro-substituted aromatic, which
is markedly lower than the removal efficiencies observed for the aromatic compound with
hydroxyl groups [15]. In the D-FeN4-C/PMS system, the electron-donating compounds
could be efficiently removed, while the contaminants with electron-withdrawing groups
were difficult to eliminate [16]. Notably, tailoring FCCs to the types of ECs remains a
multidimensional challenge due to the complicated nonlinear relationships between the
FCC preparation process and degradation performance of ECs. Therefore, establishing
a quantitative structure-activity relationship between the degradation efficiency of ECs
with different molecular characteristics and the microstructure of FCCs is essential for the
rational design of FCCs and the targeted removal of specific ECs.

With the advancement of computing, machine learning (ML) has become a powerful
tool for optimizing catalytic materials. It can uncover intricate relationships and patterns
within datasets and is now widely adopted in the field of PS-AOP research, including
biochar-PS AOPs, metal-free carbon-PS AOPs and UV-PS AOPs [17-19]. Although Zhang
et al. have constructed an ML model to predict the degradation efficiency of ECs in
FCC/PMS systems, a systematic elucidation of how contaminant properties shape this
efficiency remains lacking [20]. This could be attributed to the difficulty in ensuring that
the molecular descriptors used adequately capture comprehensive information about ECs,
which largely determine the predictive accuracy of the ML model. Molecular descriptors are
mathematical representations of chemical compounds. They can be derived from density
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functional theory (DFT) to offer more detailed insights. Integrating these insights with
machine learning enables rapid and precise optimization of material designs, significantly
shortening development cycles and reducing research costs [21]. For instance, Liu et al.
used a DFT-derived molecular-descriptor-assisted ML model to fabricate membranes with
high recovery efficiency for textile wastewater [22]. Therefore, the construction of such a
model is expected to promote FCC design and reaction optimization tailored to target ECs.
Nevertheless, a thorough investigation into its application in the preparation of FCCs is
still lacking.

Given these challenges, a comprehensive dataset was created from the published liter-
ature, comprising EC characteristics, reaction conditions, and FCC properties correlated
with the reaction rate constant (k), to mine and map contaminant degradation. Subse-
quently, ML models were employed to effectively correlate EC characteristics, reaction
conditions, and FCC properties with k, enabling precise prediction of k for diverse ECs.
Additionally, K-means clustering and t-distributed stochastic neighbor embedding (t-SNE)
methods, along with interpretable ML tools, were applied to guide the rational design of
FCC:s for efficient PS activation and targeted removal of ECs. This work systematically
integrates DFT and ML approaches to establish a novel paradigm for optimizing the entire
process of FCC-PS AOPs to remove various ECs, thereby facilitating broader application
against EC threats.

2. Materials and Methods
2.1. Data Collection and Preprocessing

Figure 1 presents the specific workflow for the detailed model-building process. For
data collection, a comprehensive literature review was performed in Web of Science and
Google Scholar with the keywords carbon, Fe, degradation and PS. A total of 48 relevant
studies published from 2018 and 2025 were selected and analyzed, with detailed informa-
tion presented in Table S1. Following a systematic literature review and data collection, a
total of 25 input features in three categories of datasets were collected as possible factors
influencing the reaction rate constant (k). These included the pyrolysis temperature (T),
Fe—carbon catalyst properties (total pore volume (TPV), surface area (SSA) and 1d/Ig),
chemical composition (Fe, C, N, O, Pyridinic N (Pyd-N), Pyrrole N (Pyr-N), Graphitic N
(Gph-N), Fe-NXx), atomic ratios (N/C and O/C), reaction conditions (temperature (Tr), pH,
PS concentration and catalyst concertation (Ccatl), and contaminant fingerprints (highest
occupied molecular orbital (HOMO), lowest unoccupied molecular orbital (LUMO), the
energy gap of HOMO and LUMO (AG), vertical ionization potential (VIP), and molecular
weight (MW)). In addition, to mitigate the skewed distribution of the target variable, all k
values were subjected to a log transformation (Ig k). The detailed information about the
input features is summarized and listed in Table S2.

To acquire a consistent and comprehensive dataset, data collection and missing value
imputation methods were mainly adopted from previous studies [23,24]. The diverse
properties of Fe—carbon catalysts were directly captured in tables or extracted from figures
in the literature using Web Plot Digitizer 4.6 (https:/ /apps.automeris.io/wpd/ (accessed
on 12 March 2026)). The reaction conditions, which play a crucial role in determining the k
value, were gathered from the Materials and Methods Sections of the literature. Information
on the molecular orbitals and electron structures of pollutants was calculated using the
Gaussian 16 package based on the conceptual DFT [25]. Additionally, features with missing
values below 10% were imputed with the median, whereas those above the threshold
underwent imputation using a random forest model trained on relevant features with the
output label excluded to prevent data leakage (Table S3) [17].
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Figure 1. Flowchart detailing the strategies of the machine learning framework to predict the reaction
rate constants of the EC degradation process in the persulfate environment with an Fe—carbon catalyst.

Following the imputation of missing values, violin plots were employed for a de-
scriptive analysis of all input features and target variables, offering an initial overview
of the raw dataset and highlighting the features with skewed distributions (Figure 2).
Notably, the dataset was collected from published studies and therefore inevitably contains
inter-study heterogeneity. Differences in catalyst synthesis protocols, reactor configura-
tions, water matrices, analytical methods, and kinetic fitting procedures may introduce
uncertainty into the collected variables and target values. To ensure consistency of units
and mitigate interference caused by heterogeneity in the selected variable values, both the
input and output parameters were normalized using the StandardScaler from Scikit-Learn
(Version 1.3.2) to achieve a uniform scale and approximate a normal distribution, as illus-
trated in Equation (1):

)

where Z; represents the normalized value of the input variable, x; represents a specific
origin variable, y represents the average value of x;, and ¢ represents the standard deviation
of the variable [26].
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Figure 2. Violin plots summarize the statistical properties of all features derived from the literature:
properties of material (a), experimental conditions (b) and contaminant fingerprints (c).

2.2. Model Construction and Evaluation

Following normalization, 70% of the preprocessed dataset was used as the training
set to construct the model, with the remaining 30% being reserved as test data to eval-
uate the performance of the ML models [17,27]. During the training process, the k-fold
cross-validation (Stratified k-fold CV) method and grid search were employed to adjust
the hyperparameters and evaluate the potential overfitting risk associated with the lim-
ited dataset size, thereby enhancing the performance and generalization capability of the
models. Six ML models, including k-nearest neighbor (KNN), random forest regression
(RF), extreme gradient boosting (XGB), light gradient boosting machine (LGBM), cate-
gorical boosting (CAB) and multi-layer perceptron (MLP) were trained separately after
hyperparameter tuning. A detailed description of each model is provided in Text S1. To
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evaluate the predictive performance of the model, the coefficient of determination (R?) and
the root mean square error (RMSE) were calculated using Equation (2) and Equation (3),

respectively [28,29].
N2
Lisa\Vp — ¥
R2—1_ 11<pt>2 )
Yty (v = Ym)
2
RMSE = M 3)
N

In these equations, y; and y! represents the predicted and actual values, respectively.
The y,; represents the mean values of the output variable, while N represents the total
number of data points.

To systematically elucidate the relationship between contaminant properties, reaction
conditions, and FCC characteristics, and to achieve contaminant-oriented FCC-PS AOPs, a
hierarchical ML analysis was employed in this study [30]. Initially, an overall model was
developed in the first layer using the EC-AOP dataset to accurately predict Ig k. However,
since ECs encompass various organic pollutants with different properties, it is difficult
to clarify their intrinsic relationships individually. To address this, t-SNE and K-means
clustering methods were applied to identify potential groupings of ECs [31,32]. Following
this, separate modeling and explanatory analysis were conducted to optimize strategies
for each EC category. Specifically, ECs were clustered based on their properties, with the
number of clusters being determined using silhouette coefficients. The EC-AOP dataset
was then divided into K (the number of clusters) sub-datasets based on these classifications.
Regression models were subsequently trained for each sub-dataset to uncover degradation
patterns specific to each EC category, which were hidden within the individual clusters.

2.3. Model Interpretability Method

To evaluate the vector similarity between any two variables, the Pearson correlation
coefficient (PCC) analysis was calculated using Equation (4):

Z(xl_x)(yl ]/) (4)
\/Z i~ %) Ly —9)

where 7 is the PCC value for reflecting the strength of the relationship between two variables,
and X and ¥ are the means of the input variable x; and output variable y; [33].

To assess the impact of input features on a specific output variable, feature importance
analysis was conducted using the SHAPley Additive exPlanations (SHAP) methodology.
The SHAP values were derived to quantify the contribution of each feature to the model
output, thereby elucidating both the inter-dependencies among predictors and the relative
importance of individual variables in driving the final prediction. Additionally, partial-
correlation analysis was conducted on the optimized model through one-dimensional and
two-dimensional partial-dependency plots (featuring interactions). This approach provided
a systematic representation of the relationships between input and output variables, while
controlling for the influence of other features, allowing for an assessment of the impact of
individual features on the prediction. All modeling and visualizations were implemented
in Python (version 3.8), utilizing libraries from Scikit-learn, Matplotlib, and Seaborn.

2.4. Experimental Validation

Detailed descriptions of the chemicals used, catalyst synthesis and characterization, and
pollutant detection methods are provided in Texts S2 and S3 of the Supporting Information.
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3. Results and Discussion
3.1. Evaluation of Model Performance

A matrix diagram displays the outcomes of the PCC analysis and significance dif-
ferences between variables: the magnitude of coefficients reflects the extent of influ-
ence between two parameters, while the stars indicate the significance of the difference
(p < 0.01). No variable exhibited a high linear relation with the target lg k, suggesting the
need to construct a comprehensive model (Figure 3). Given the complex dependencies
between input features and target variables, six ML models (KNN, RF, XGB, CAB, LGBM
and MLP) with varying complexities were constructed to predict the back-end Ig k value
of ECs in FCC-PS AOPs. The optimal hyperparameters for each model were determined
via 5-fold cross-validation during training to enhance model robustness and prevent over-
fitting. A summary of the optimized hyperparameters is provided in Table S4, while the
corresponding predictive performance metrics are listed in Table S5 and visualized in
Figure 4. A higher testing R? value coupled with a lower RMSE indicates superior predic-
tive performance of the model [28]. The testing R? of the XGB model was 0.813 (larger than
those of other models), and the respective RMSE was 0.441 (smaller than those of other
models). This superior accuracy performance validated the XGB model as the optimal
candidate for analyzing the datasets during subsequent exploratory data analysis.
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Figure 3. Pearson correlation matrix between any two variables in the master dataset. Asterisks and
red font represent p < 0.05.
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Figure 4. Predictive performance of (a) KNN, (b) RF, (c) XGB, (d) LGBM, (e) CAB and (f) MLP models,
trained on FCC characteristics, EC properties and reaction conditions as input features.

To enable easy access for scientists and practitioners, a web-based graphical interface
(GUI) was constructed using a Python library called Tkinter, as illustrated in Figure S1.
To confirm the ability of the constructed model to seamlessly connect the ECs to FCC
design and reaction optimization, the GUI was further validated with four unseen data
points that include three ECs with different degradation difficulties. These experimental
data points were independent of the initial dataset. As shown in Figure S2, the deviation
between the predicted value and the actual value was below 17%. This demonstrates that
the GUI could accurately predict the k for different ECs. Consequently, the GUI can reduce
the time and cost in relevant research, and quickly acquire contaminant-oriented optimal
reaction conditions as well as FCC properties for the operation optimization of real-world
FCC-PS AOPs.

3.2. Contaminant-Oriented Hierarchical Framework of Models

Although the constructed model predicts k with satisfactory accuracy, its black-box
nature prevents the extraction of effective information. Consequently, the correlation be-
tween pollutant properties and the microstructure of FCCs cannot be elucidated, thus
hindering the targeted design of the catalyst for ECs removal. To this end, a contaminant-
oriented hierarchical analysis was employed. This methodology aims to decipher the
opaque decision-making processes within the trained model, thereby extracting the neces-
sary insights for catalyst optimization. Figure S3 provides the overall importance of each
input feature to the k, wherein the absolute SHAP values corresponding to each feature are
presented. Higher SHAP values signify a more significant influence of the respective input
feature on predictive outcomes of the models. Based on SHAP value ranking, the top five

https:/ /doi.org/10.3390/ catal 16050444


https://doi.org/10.3390/catal16050444

Catalysts 2026, 16, 444

9of 17

features were C, VIP, N/C, Fe-Nx, Tr and SSA, listed in descending order of importance. It
was observed that most features were associated with FCC properties, indicating that the
surface characteristics of catalysts may inherently control their engagement with superox-
ide radicals in PS. This further influences the degradation of ECs via radical or nonradical
pathways, ultimately affecting the overall degradation efficiency [18]. Notably, the EC
quantum chemical descriptor of VIP, which is a standard metric for evaluating molecular
stability, is also identified as a significant predictor for the k. Furthermore, the prediction
accuracy of the model was significantly compromised with the exclusion of key molecular
properties of ECs (e.g.,, HOMO, LUMO, VIP, AG and MW) (Figure S4). Specifically, the
R? value of the testing set decreased substantially from 0.813 to 0.686, highlighting the
indispensable role of these molecular descriptors in maintaining predictive performance
of the model. Previous studies also confirmed that the contaminant properties are an
important quantum parameter for predicting the k of the EC degradation in persulfate
and Fenton oxidation processes [34,35]. Given the diversity of ECs in chemical classes
and characteristics, it is difficult to rely solely on overall feature importance to clarify
the relationships among EC properties, reaction conditions, and FCC characteristics, as
well as their influence on k. Therefore, further investigation that focuses on contaminant
features is essential, as it is critical for accurately interpreting model predictions and re-
vealing the fundamental mechanisms by which material properties affect the k of different
types of ECs.

To address the aforementioned issue, t-SNE and K-means clustering were employed to
classify the 27 common ECs into distinct categories. Subsequent Modeling and interpretive
analysis for each category established contaminant feature-oriented secondary systems.
Specifically, the dimensionality of contaminant characteristics was reduced using t-SNE,
and the ECs were divided into two categories through K-means clustering, with the results
presented in Figure 5a. More detailed information, including the chemical names and
molecular structures in the submodels Model I and Model II, can be found in Table Sé6.
Based on distinct electronic and structural characteristics, the ECs were categorized into
two groups for modeling. Model I comprises ECs with low HOMO, LUMO, VIP, and AG
values but a high MW. Conversely, Model II is defined by higher HOMO, LUMO, VIP
and AG values, coupled with a lower MW (Figure 5b). The HOMO energy reflects the
electron-donating ability of ECs, with a higher value indicating stronger electron donation
and a lower LUMO energy implying better electron acceptance [34-36]. The AG and
VIP parameters describe molecular stability, where higher values denote greater stability
and oxidative resistance, and lower values suggest higher reactivity and degradation
tendency [30]. Moreover, a larger MW may suggest the presence of a more complex
chemical structure and multiple functional groups, providing more reaction sites and
possibilities, thereby enabling the ECs to be degraded more readily.

Therefore, most ECs in Model I are characterized by relatively easy degradability,
high molecular weight, and susceptibility to nucleophilic attack, whereas those in Model
II, conversely, exhibit greater resistance to degradation, lower molecular weight, and a
higher susceptibility to electrophilic attack. They were all fitted using the basic XGB
algorithm, and two submodels were trained for further in-depth analysis. Details regarding
the datasets of Model I and Model II are explicitly presented in Table S7. As shown
in Figure 5c,d, the test set R? values for both models surpassed 0.81, with Model I and
Model II achieving training-set R? values up to 0.99, demonstrating their satisfactory
performance in predicting k values. The model hyperparameters and model stability
evaluation are listed in Tables S8 and S9. Briefly, the findings demonstrate that these
two submodels, with their optimized hyperparameters, are the most effective algorithms
for achieving a comprehensive understanding and simulation of the degradation kinetics
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of various ECs, thereby promoting the rational design of FCCs and the targeted removal of
specific ECs.
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Figure 5. t-SNE and K-clustering of contaminant molecules (a); boxplots with EC properties (b);
predictive performance of XGB model for predicting lg k based on (c¢) Model I dataset (c) and
Model II data set (d).

3.3. Critical Roles of Specific Features in Different Models

SHAP, a widely used interpretable ML technique, was employed to quantify the
influence of key features on the rate constant. In this framework, a larger absolute
SHAP value indicates a stronger influence of a feature on the model predictions. For
Model ], the factors affecting the prediction of k are ranked by their contribution as follows:
FCC characteristics (66.8%) > experimental conditions (18.0%) > EC properties (15.2%).
As shown in Figure 6a, Fe content is the most significant predictor, with an average ab-
solute SHAP value of 0.37, followed by C content at 0.30. Higher Fe content values are
associated with negative SHAP values, while lower values show positive contributions,
suggesting a negative relationship between Fe content and k (Figure 6b). PDP analysis
reveals a convergence trend in the output variables, showing that Fe content and k exhibit a
positive correlation below 0.54%. Conversely, within the range of 0.54% to 5.6%, an inverse
correlation is observed. Thereafter, with Fe content surpassing 5.6%, the k value stabilizes at
a minimum level (Figure 6¢). Figure 6d displays that k exhibits an increasing trend within
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the C content range of 56.07-74.08%, followed by a gradual gentle plateau as the C content
further increases, demonstrating a nonlinear influence. The optimal Fe and C contents
for achieving maximum k are determined via the 2D PDP analysis [37], which can offer
guidance on screening the reaction conditions of an actual water environment (Figure 6e).
Notably, when the carbon content is at the optimal level of approximately 74% or above, the
degradation constant k decreases obviously with increasing Fe content. This observation
can be ascribed to the superior dispersibility of an appropriate amount of Fe on the carbon
support, which favors the formation of abundant active sites. In contrast, excess Fe tends
to agglomerate during the synthesis process, leading to the formation of larger Fe particles.
These larger particles not only block the pore structure of the carbon support and impede
the mass transfer of reactants and products, but also may cover the intrinsic active sites on
the carbon material or at the Fe-carbon interfaces, ultimately diminishing the total effective
reaction area and decreasing the degradation kinetics [38].
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Figure 6. ML-based feature importance k prediction from Model I based on SHAP values and
proportion of empirical categories from pie chart presentations contributing to Model I (a); combined
SHAP summary values (b); PDP plots for Fe content (c) and C content (d); 2D PDP plots of Fe content
and C content (e). (Note: all k values are converted to 1g k.)

Feature importance analysis for Model II indicates that Ccatl, N, CPMS and Fe are the
four most significant features. The importance of those related to reaction conditions is
significantly increased compared to Model I, accounting for 31.6% of the total contribution
(Figure 7a). Additionally, higher values of the dosages of catalyst and PMS are associated
with positive SHAP values, confirming their positive influence on predicting k (Figure 7b).
Analysis of the PDP in Figure S5a,b indicates a continuous rise in the k value with increasing
dosages of FCCs and PMS, confirming their critical role in the degradation of ECs in
Model II. The 2D PDP diagram of Ccatl and CPMS provides a visual representation of
the complex relationship between FCC dosage, PMS concentration and k (Figure S5c).
Increasing both PMS concentration and catalyst dosage enhances degradation efficiency,
though at a higher cost. Additionally, with a fixed catalyst dosage, degradation efficiency
shows limited improvement beyond a certain PMS concentration due to the saturation of
active sites [39]. It is noteworthy that the impact of FCC characteristics is more significant,
accounting for 48.2% of the total contribution. Specifically, among these characteristics,
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the N content of FCCs is found to be the most important feature for predicting k, followed
by the Fe content. The PDP of N content is presented in Figure 7c, where the curve
exhibits a significant initial increase followed by a flattening trend with the N content
exceeding a certain value (>6.89%). This confirms that N doping can effectively promote
the enhancement of the degradation constant. It has been found that the modification
of the sp?-carbon framework with N could alters its local charge distribution, which in
turn facilitates the redox cycle of the iron species and enhances the overall activation
efficacy [40]. In contrast to Pyr-N, the content of Pyd-N showed a positive correlation
with the k value, suggesting that it likely serves as the primary active site among the
nitrogen species. Therefore, the enhancement effect of increased N content on pollutant
degradation may stems from its ability to elevate the content of Pyd-N, which in turn
drives persulfate activation to generate more reactive species and ultimately accelerates the
degradation kinetics [41,42]. However, excessive N doping may compromise the charge
balance and disrupt the charge redistribution within the catalyst, which in turn impairs
PMS activation [43-45]. Therefore, despite an increase in nitrogen content, the enhancement
in the EC degradation rate remains modest. Consistent with Model I, increased Fe content
is also found to inhibit the removal of ECs (Figure 7d). As shown in Figure 7e, it can be
observed that when the Fe content ranges from 0.12% to 0.966%, the degradation constant
of ECs is significantly enhanced as N levels increase from 4.48%. This finding offers critical
insights into the design of such materials.
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Figure 7. ML-based feature importance k prediction from the Model II based on SHAP values and
proportion of empirical categories from pie chart presentations contributing to Model I (a); combined
SHAP summary values (b); PDP plots for N content (c); 2D PDP plots of catalyst concentration and PMS
concentration (d); 2D PDP plots of N content and N/C (e). (Note: all k values are converted to Ig k.)

For the pollutants targeted in Model I, optimization efforts should focus on regulating
the Fe and C contents of the FCC. In contrast, for those in Model I, the degradation constant
can be improved by co-optimizing the dosages of FCCs and PMS, along with the N content
of the FCC. This pollutant-oriented optimization strategy can serve as a guide for the
preliminary design of FCCs in practical applications. However, the actual situation must
also be considered, and the GUI should be utilized for more detailed predictive analysis to
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verify the results. In short, this approach promotes the seamless integration of ML model
development and application for targeted EC degradation and material design.

3.4. FCC Design Based on Machine Learning for EC Removal

To validate the constructed ML tools, two representative ECs were selected as targets:
methylene blue (MB) from Model I, and p-nitrophenol (p-NP) from Model II. As shown in
Figure 8a, the degradation efficiencies of MB and p-NP were evaluated via PMS activation
using the low-N-doped FCC-1. The preparation parameters were primarily based on the
predictions from Model I, with an emphasis on regulating the Fe and C contents. The
results demonstrate that MB was effectively degraded in this system under conventional
conditions, whereas p-NP exhibited limited degradation efficiency in the FCC-1-mediated
oxidation process. To enhance the catalytic performance of the FCC material for treating
antibiotics represented in Model II, subsequent experiments were conducted based on the
predictions of Model II by increasing the nitrogen doping level. Specifically, the nitrogen
content of FCC-2 was elevated from 2.36% to 8.78% to systematically investigate the role of
N doping in the catalytic system (Table S10). XRD analysis revealed that both materials
exhibited a broad diffraction peak at around 26.7°, corresponding to the (002) plane of
graphitic carbon, confirming the formation of a partially graphitized structure (Figure 8b).
In the case of FCC-2, the observed diffraction peaks mainly originated from crystalline
Fe30y4, Fe3C, and Fe,C species. The removal efficiency of p-NP increased from 40.5% to
85.2%, and the corresponding k rose from 0.0155 to 0.0693 min~! after 30 min of treatment,
demonstrating the significant role of N doping (Figure S9). XPS analysis revealed that the
relative content of Fe(II) decreased from 84.29% to 52.42%, indicating the consumption
of Fe species during PMS activation for generating reactive oxygen species (Figure 8c).
Concurrently, the content of Pyd-N (397.9 eV) declined from 62.63% to 57.77%, and that
of Fe-Nx (399.8 eV) decreased from 19.36% to 16.14%. In contrast, the contents of Pyr-N
(400.3 eV) and Oxi-N (402.6 V) increased from 13.59% to 17.82% and from 4.42% to 8.28%,
respectively [46] (Figure 8d). Chen et al. reported that due to the attack of radicals on
Pyd-N and Gph-N, N dopants may undergo restructuring, resulting in the transformation
of Pyd-N or Gph-N into more stable Pyr-N [47]. These results indicated that Pyd-N
and Fe-Nx participated in the activation of PMS as active species, with Pyd-N playing
a particularly prominent role. This observation is consistent with the prediction result.
The Pyd-N with lone-pair electrons enables the transfer of delocalized m-electrons from
sp?-hybridized carbons to activate PMS, generating «OH and SO4*~, which ultimately
enhance the removal efficiency of p-NP [48].

Furthermore, the developed Model II was employed to predict the k for p-NP degra-
dation in the two distinct FCCs. As shown in Figure S10, the predicted k values for the
FCC-1-PMS system were slightly lower than the experimentally determined value, whereas
those for FCC-2-PMS were marginally higher. The overall prediction errors of the models
remained below 12%. The contribution of individual features to the predicted output
for a given sample is visualized using force plots. In these plots, positive and negative
contributions are represented by red and blue bars, respectively. For FCC-1, most of the
N-related parameters (e.g., total N content, Pyr-N content, and N/C) demonstrated an
inverse correlation with the predicted k values, indicating that N doping may effectively
improve the prediction accuracy of Model II (Figure 8e). Regarding FCC-2, whose per-
formance was further optimized, the significant increase in the k value correlated with
the improvement in total N content. The substantial increase in the N content of FCC-2
resulted in the generation of numerous Prd-N, thereby accelerating the degradation rate of
p-NP (Figure 8f). Notably, the degradation efficiency in natural surface water experiments
decreased significantly due to interference from coexisting substances, but the degradation
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trend remained consistent with that in pure water, confirming that the model has good
stability in practical applications (Figure S11).
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Figure 8. Degradation performance of FCC-1 and FCC-2 for MB and p-NP. Conditions: Catalyst = 0.2 g/L,
PMS = 0.5 mM, MB = 10 mg/L, p-NP = 10 mg/L, Tr = 25 °C, pH = 6.8 (a). The XRD spectrum of
FCC-1 and FCC-2 (b). Fe 2p (c) and N 1s (d) of FCC-2 before and after catalytic reaction. Force plots
for FCC-1 (e) and FCC-2 (f).

4. Conclusions

In summary, DFI-derived molecular-descriptor-assisted machine learning models
were proposed to guide FCC design for EC degradation, integrating input features be-
longing to three categories: EC properties, FCC characteristics and reaction conditions.
A precise and robust XGB model was developed to uncover the nonlinear relationships
inherent in the dataset and accurately predict the performance of FCC materials with the as-
sistance of the GUI With the feature importance tool of the overall model, we subsequently
discovered that the EC properties had a significant impact on the k. Therefore, targeting the
molecular fingerprints of ECs, hierarchical analysis based on t-SNE and K-means clustering
methods was developed to categorize the ECs into Model I and Model II to facilitate the
rational design of FCCs. Through SHAP analysis, both local and global contributions
of the input features were identified, and the key fabrication factors affecting different
types of EC degradation were emphasized. Finally, through the actual experiments, the
hierarchical ML analysis was significantly effective in guiding the rational design of FCCs
for efficient PS activation and targeted removal of ECs. While machine learning is incapable
of entirely replicating the intricacies of experimental procedures, the framework introduced
in this study establishes a technical foundation for developing a scalable, interpretable,
and highly accurate platform for optimizing water treatment processes. Furthermore, the
synergistic system developed in this study will significantly shorten the development cycle
of iron—carbon catalysts and effectively reduce material and energy consumption during the
research and development process. This strategy not only provides a quantifiable pathway
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for applying green chemistry principles in water treatment but also directly supports the
sustainable development goals of low carbon usage and low resource consumption, laying
a solid foundation for the future intelligent and green transformation of environmental
remediation technologies.

Supplementary Materials: The following supporting information can be downloaded at https:
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