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Abstract: Sulfate radicals are increasingly recognized for their potent oxidative capabilities, making
them highly effective in degrading persistent organic pollutants (POPs) in aqueous environments.
These radicals excel in breaking down complex organic molecules that are resistant to traditional
treatment methods, addressing the challenges posed by POPs known for their persistence, bioaccu-
mulation, and potential health impacts. The complexity of predicting interactions between sulfate
radicals and diverse organic contaminants is a notable challenge in advancing water treatment
technologies. This study bridges this gap by employing a range of machine learning (ML) models,
including random forest (DF), decision tree (DT), support vector machine (SVM), XGBoost (XGB),
gradient boosting (GB), and Bayesian ridge regression (BR) models. Predicting performances were
evaluated using R2, RMSE, and MAE, with the residual plots presented. Performances varied in
their ability to manage complex relationships and large datasets. The SVM model demonstrated
the best predictive performance when utilizing the Morgan fingerprint as descriptors, achieving the
highest R2 and the lowest MAE value in the test set. The GB model displayed optimal performance
when chemical descriptors were utilized as features. Boosting models generally exhibited superior
performances when compared to single models. The most important ten features were presented via
SHAP analysis. By analyzing the performance of these models, this research not only enhances our
understanding of chemical reactions involving sulfate radicals, but also showcases the potential of
machine learning in environmental chemistry, combining the strengths of ML with chemical kinetics
in order to address the challenges of water treatment and contaminant analysis.

Keywords: machine learning models; advance oxidation; emerging contaminants; sulfate radicals;
boosting models; SHAP analysis

1. Introduction

Sulfate radicals are known for their potent oxidative capabilities, making them an
attractive agent for the degradation of persistent organic pollutants in aqueous environ-
ments [1]. These radicals are highly reactive, enabling them to break down complex organic
molecules that are otherwise resistant to conventional treatment methods. This effectiveness
is particularly crucial in addressing the challenge posed by persistent organic contaminants
(POPs), which are known for their persistence, bioaccumulation, and potential adverse
health effects. Studies have shown that sulfate radicals are more selective and show higher
reactivity toward electron-rich pollutants; they can effectively degrade a wide range of
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these pollutants, including pharmaceuticals [2,3], personal care products [4], and industrial
chemicals [5,6], often achieving higher degradation rates than other advanced oxidation
processes. Furthermore, the generation of sulfate radicals can be achieved through various
environmentally benign methods, notably through the homogenous activation of persulfate
(PS) or peroxymonosulfate (PMS) using heat, ultraviolet (UV) light, base, or transition met-
als [7], thereby enhancing their appeal for sustainable water treatment technologies [8]. This
aligns with the increasing global emphasis on green chemistry and sustainable solutions
for environmental pollution.

Given the widespread use of SO4
−• in the elimination of organic contaminates, ob-

taining the reaction rate constant is crucial for designing effective water treatment systems
and for a comprehensive understanding of the underlying chemical mechanisms; however,
considering the huge amount of chemicals is time consuming and requires extensive labora-
tory work to figure out the reaction kinetics of each chemical [9]. Neta et al. [10] measured
the second-order rate constants (k) for the reaction of SO4

−• with various substituted ben-
zenes and benzoates, ranging from approximately 105 to 109 M−1 s−1. Nguyen et al. [11]
tested the second-order rate coefficients for the aqueous SO4

−• with a series of organic
aerosol compounds, such as 2-methyltetrol, 2-methyl-1,2,3-trihydroxy-4-sulfate, 2-methyl-
1,2-dihydroxy-3-sulfate, and so on, which assisted the understanding the aerosol mass
sinks. Therefore, predicting the reaction rate constants of organic contaminants toward
sulfate radicals is essential, for it not only represents a significant leap in environmental
chemistry, but is also a pragmatic step towards the optimization of water treatment pro-
cesses. Accurate predictions enable us to prioritize and regulate the use of sulfate radicals
based on the reactivity of different pollutants, thus streamlining the treatment process.

Quantitative structure−activity relationship (QSAR) models provide a valuable predic-
tive framework, correlating chemical structure with reactive tendencies, and thus reducing the
need for extensive empirical experimentation [12]. This methodology was applied to predict
the toxicity [13] and activity [14,15] of chemicals. Sudhakaran et al. [16] developed QSAR
models for ozonation and the •OH oxidation of organic micropollutants to predict kO

3 and
k•OH based on multi-linear regression, resulting the R2 > 0.75, and identified descriptors like
double bond equivalence (DBE), ionization potential (IP), and electron affinity (EA) to affect k
to different extents. Song et al. [3] built prediction models toward the kinetic constants of a
suit of 15 PPCPs, incorporating model parameters such as the steady state of the radical con-
centration; moreover, the potential error induced by other radicals, such as CO3•−, Br•−,were
also taken into consideration, necessitating extensive laboratory work.

Traditional QSAR analysis employs predefined mathematical models and molecular
descriptors, often requiring domain expertise for feature selection and generally offering
clearer interpretability. However, it is less flexible and may struggle with complex, non-
linear data. The complexity of chemical reactions in environmental matrices often outstrips
the capacity of traditional QSAR models to provide rapid and accurate predictions. This
complexity is compounded by the vast number of potential contaminants and the variability
of environmental conditions, which can alter reaction dynamics. Machine learning models
emerge as a necessary evolution in this field, offering the ability to assimilate large datasets
and uncover patterns.

To address these limitations and harness the complexity of chemical interactions, nu-
merous machine learning (ML) models were developed and employed in the environmental
field. These ML models were utilized across different scenarios to predict environmental
problems, including forecasting regional daily to yearly PM2.5 variations [17,18], predicting
the change of various wastewater variables [19,20]. More specifically, Lu et al. developed
multilayered neural network (NN) models to forecast the temperature-dependent site-
specific rate constants of hydroxyl radical reactions with alkanes [21]; the results showed
that the proposed NN models are robust in predicting the site-specific and overall rate
constants. Not only used for prediction, ML models can also assist in classification, Cheng
et al. [22] trained five different ML models to classify 3486 per- and polyfluoroalkyl sub-
stances (PFASs) from the OECD list, the multitask neural network, and graph-based models
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demonstrated the best performance. Generally, ensemble models like XGBoost (XGB) and
gradient boosting (GB) models often perform well on a wide range of problems, but can be
complex [23], while simple models like decision trees (DTs) are interpretable [24], but prone
to overfitting. The selection of different machine learning models based on task demands is
crucial to achieving robust prediction results.

Inspired by the recent successes in ML modeling in environmental chemistry, we
investigate the efficacy of six distinct ML models—random forest, decision tree, support
vector machine, XGB, GB, and Bayesian ridge regression—in the prediction of the reaction
constants of organic contaminants with SO4

−•; the data were collected from peer-reviewed
papers. These models spanning various categories including ensemble methods (RF, XGB,
GB), predictive modeling (DT), discriminative models (SVM), and regularized regression
(BR). Although there are already several studies on the prediction of the rate constant
of organic contaminants mediated by sulfate radicals [25,26], this study compared the
performances of six different machine learning models and two different features (Morgan-
type fingerprints and chemical descriptors). Model performances were estimated by
internal and external validation using R2, RMSE, and MAE. Residual plots were presented
to evaluate the ML performance. The SHAP values determined the top 10 important
features. By applying these models to predict the reaction constants of organic contaminants
with SO4

−•, our study aims to compare six machine learning models in order to identify
the most effective approach for predicting the reaction constants of organic contaminants
with SO4

−•. By employing two distinct feature types, we seek to evaluate which feature
set provides more accurate and reliable predictions.

The novelty of our research lies in the comprehensive comparison of six distinct
machine learning models. Furthermore, both Morgan fingerprints and chemical descrip-
tors have been applied as predictive features. Through this combination of Ml models
and chemical analysis, our research aims to establish the predictive modeling of reaction
rates, offering insights that could revolutionize water treatment methodologies and our
understanding of the fate of environmental pollutants.

2. Data Collection and Model Construction
2.1. Data Sets and MF

The reaction rate constants for the oxidative processes targeting a suit of organic
contaminants, mediated by SO4

−• radicals, were compiled from the peer-reviewed litera-
tures [27–36], focusing on studies where the pH ranged from 5.5 to 7.5, and temperatures
were within 20–25 ◦C. In certain studies, authors reported rate constants with k values.
To normalize skewed distributions and reduce the impact of outliers, the data were trans-
formed to the logarithmic scale when necessary, thereby enhancing the model accuracy
and interpretability. The InChIKeys and SMILES codes for these chemicals were extracted
via web crawling techniques from PubChem. This method ensured comprehensive and ef-
ficient data collection but was limited by the reliability and structure of the source websites.
In instances where multiple reaction rate constants were reported for the same chemical,
the average value was utilized. This approach, chosen to provide a representative rate
constant for each chemical, potentially introduces a level of approximation, but is necessary
to manage data variability. Following pre-cleaning, 724 chemicals, each accompanied by
its corresponding experimental logk values, were used in model development. Using the
RDKit program, these SMILES codes were converted into Morgan fingerprints, along with
209 chemical descriptors [37]. For some compounds lacking certain chemical descriptors,
this resulted in ‘nan’ values in the dataset, potentially leading to errors in the model con-
struction. To maintain data integrity and ensure model accuracy, these ‘nan’ values were
systematically dropped from the dataset using the Python ‘dropna’ method. Following
this data cleaning step, the dataset was reduced to 716 chemicals for analysis, applying
chemical descriptors as features.

In the Morgan fingerprint analysis, a series of scans were conducted to determine the
optimal length of the MF, with values including 512, 1024, 2048, 3072, 4096, and 8192. After
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selecting the fingerprint length yielding the optimal predictive performance, features were
reduced through the following procedures: (1) dropping columns with a standard deviation
greater than 0.1. This threshold was chosen as features with low variability (lower standard
deviation) are less informative for models, and their removal can reduce noise and prevent
overfitting. (2) Another method included calculating Pearson parameters and eliminating
columns with Pearson correlations exceeding 0.96 [38]. This step was crucial to remove
multicollinearity, as highly correlated features can distort the importance of variables and
reduce the generalizability of the model. Following this methodology, we narrowed down
the features to 168 chemical characteristics, deemed most relevant and robust for further
model development. The entire database can be accessed via the file “SupInfoDataSet.xlsx”,
available in the Supporting Information section. This database comprises four sheets:
“3072 MorganMFs” and “Chemical Descriptors”, which, respectively detail the 3072-bit
Morgan molecular fingerprints and chemical features of each chemical, generated using
RDKit. The “Morgan MFs_test_train set” and “CDs_train_test set” sheets display the
experimental and gradient boosting model-predicted logKSO4

−• values, based on the
3072-bit Morgan MFs and chemical features, respectively.

2.2. Hyperparameter Optimization

A fivefold grid search was conducted for hyperparameters optimization [39]. This
approach is advantageous as it allows for a comprehensive assessment of how different
hyperparameter settings impact the model’s performance, leading to the identification of
an optimal set that enhances prediction accuracy. A range of values were considered, and
the optimal hyperparameters were determined using the mean R2 value on the validation
set (Table 1). The hyperparameters across models, such as n_estimators (number of trees)
and max_depth (tree depth) for ensemble methods like random forest and XGBoost, control
model complexity and overfitting. In SVM, the Kernel determines the data transformation,
C balances the classification accuracy and simplicity, and gamma affects the influence range
of a single sample. For gradient boosting, learning_rate adjusts the contribution of each
tree, enhancing performance tuning. In Bayesian ridge regression, alpha_1 and lambda_1
manage model complexity, while n_iter influences the convergence speed, collectively fine-
tuning the balance between the model accuracy and generalization. The selected ranges for
each hyperparameter were chosen based on their potential impact on model performance,
with a focus on achieving an optimal balance between accuracy and generalizability. The
final optimized hyperparameters for each model were also presented.

Table 1. Hyperparameters used for different models.

Models
Hyperparameters

Range Molecular Fingerprints Chemical Descriptors

RF n_estimators:rage (1, 200, 20)
max_depth: range (2, 40, 4)

n_estimators = 21
max_depth = 26

n_estimators = 40
max_depth = 20

DT
max_depth: range (1, 100, 10)

min_samples_split: range (1, 10, 2)
min_samples_leaf: range (1, 10, 2)

max_depth = 15
min_samples_split = 6
min_samples_leaf = 1

max_depth = 60
min_samples_split = 2
min_samples_leaf = 4

SVM
kernel: [‘linear’,‘rbf’]

C:range (1, 10, 2)
gamma: [0.005, 0.01, 0.05]

Kernel = rbf, C = 5
gamma = 0.05

Kernel = rbf, C = 4
gamma = 0.005

XGB
n_estimators: rage (10, 300, 50)
min_child_weight: range (1, 5)
max_depth: range (20, 100, 10)

n_estimators = 60
min_child_weight = 4

max_depth = 70

n_estimators = 200
min_child_weight = 4

max_depth = 20

GB
n_estimators:range (20, 100, 20)
learning_rate’: [0.01, 0.05, 0.1]

max_depth’:range (2, 10, 2)

n_estimators = 80
learning_rate = 0.1

max_depth = 8

n_estimators = 80
learning_rate = 0.1

max_depth = 6

BR
alpha_1: [1 × 10−6, 1 × 10−7, 1 × 10−8]

lambda_1: [1 × 10−4, 5 × 10−3, 1 × 10−3]
n_iter: [1, 30, 2]

alpha_1 = 1 × 10−8

lambda_1 = 0.005
n_iter = 20

alpha_1 = 1 × 10−7

lambda_1 = 0.005
n_iter = 1
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2.3. ML Models and Validation

Six machine learning algorithms—random forest (RF), decision tree (DT), support
vector machines (SVM), XGBoost (XGB), Bayesian ridge regression (BR), and gradient
boosting (GB)—were utilized for predicting the reaction rate constant in the interactions
between sulfate radicals and organic chemicals. These were selected for their diverse
strengths and proven capabilities in various predictive modeling scenarios, ranging from
capturing non-linear relationships to handling high-dimensional data. These predictive
models were developed using scikit-learn packages [40]. Datasets were randomly split
into an 80% training set and a 20% test set. Both internal and external validations were
implemented to ascertain the reliability and robustness of the ML models, as well as their
predictive capacity. Performance indices—correlation coefficient (R2), root-mean-square
deviation (RMSE), and mean absolute error (MAE)—were computed. The concurrent
application of these metrics in both training and testing phases facilitated a comprehensive
evaluation. Specifically, RMSE underscored the model’s sensitivity to substantial errors,
and MAE offered a direct estimation of average errors [40]. This dual approach steered the
models towards a more balanced and resilient optimization.

R2 = 1 −
∑n

i=1

(
yexp − ypred

)2

∑n
i=1

(
yexp − yexp

)2 (1)

RMSE =

√√√√∑n
i=1

(
yexp − ypred

)2

n
(2)

MAE =
∑n

i=1

∣∣∣yexp − ypred

∣∣∣
n

(3)

2.4. Model Interpretation

A fundamental principle in developing QSAR/QSPR models is the mechanistic in-
terpretation of the model, which necessitates predictions anchored in essential chemical
interpretations [41]. In the realm of molecular descriptors, selected physicochemical proper-
ties are pivotal for optimal predictions. In this context, the SHapley Additive exPlanations
(SHAP) method, an advanced interpretive technique, was employed to elucidate predic-
tions. SHAP, renowned for elucidating machine learning model predictions by attributing
feature importance values in the context of all possible feature combinations [42,43], was
utilized to enhance our model’s interpretability. By employing SHAP, we identified and
visualized the top ten critical features to our predictions through violin plots, shedding light
on the significant factors that drive the predictive performance. This approach not only
underscores the importance of transparent model interpretation, but also aids researchers
in pinpointing the essential features that govern the prediction of reaction rate constants,
thereby enriching our model’s explanatory power.

3. Results and Discussion
3.1. Effects of the MF Length

In this study, MFs are essential for converting molecular structures into fixed-length
binary vectors, thereby enabling the quantitative assessment of molecular similarities
and differences. This feature is vital for accurately and efficiently modeling molecular
properties. To determine the optimal MF length that balances predictive performance with
computational efficiency in the Morgan type, a preliminary study was undertaken. The R2

of the test set was selected to evaluate the predicting performances; Figure 1 illustrates how
the R2 values were influenced by varying the length of MFs across different models. It was
observed that longer MF lengths typically yield improved predictive performance for the
tested models, except for the DT model. The variability in the performance of the DT model
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can be indicative of overfitting when provided with an increasingly complex feature space, a
known limitation of decision trees. The selection of the optimal MF length was thus guided
by a balance between maximizing predictive accuracy and maintaining computational
efficiency. After evaluating the performance across various lengths, a 3072-bit length was
chosen as the optimal size. This decision was based on its robust performance in enhancing
R2 values across models, without disproportionately increasing computational demands.
While lengths beyond 3072 bits did show some incremental improvements in R2, these
were marginal and did not justify the significantly higher computational costs involved.
Hence, 3072 bits was established as the optimal length for MFs in our study.

Processes 2024, 12, 384  6  of  14 
 

 

3. Results and Discussion 

3.1. Effects of the MF Length 

In this study, MFs are essential for converting molecular structures into fixed-length 

binary vectors, thereby enabling the quantitative assessment of molecular similarities and 

differences. This feature is vital for accurately and efficiently modeling molecular proper-

ties. To determine the optimal MF length that balances predictive performance with com-

putational efficiency in the Morgan type, a preliminary study was undertaken. The R2 of 

the test set was selected to evaluate the predicting performances; Figure 1 illustrates how 

the R2 values were influenced by varying the length of MFs across different models. It was 

observed that longer MF lengths typically yield improved predictive performance for the 

tested models, except  for  the DT model. The variability  in  the performance of  the DT 

model can be indicative of overfitting when provided with an increasingly complex fea-

ture space, a known limitation of decision trees. The selection of the optimal MF length 

was thus guided by a balance between maximizing predictive accuracy and maintaining 

computational efficiency. After evaluating the performance across various lengths, a 3072-

bit length was chosen as the optimal size. This decision was based on its robust perfor-

mance in enhancing R2 values across models, without disproportionately increasing com-

putational demands. While  lengths  beyond  3072  bits did  show  some  incremental  im-

provements in R2, these were marginal and did not justify the significantly higher compu-

tational costs involved. Hence, 3072 bits was established as the optimal length for MFs in 

our study. 

 

Figure 1. Effect of the Morgan fingerprint length on the R2 values of selected machine learning 

models. 

3.2. Internal and External Validation 

The ML models generated R2train values in the range of 0.922~0.988 when using Mor-

gan fingerprints (3072 bits) as features, suggesting good fitting of the training set (Table 

2). To further assess the reliability of the developed models, external validation was per-

formed using R2test as statistical criteria. The R2test was used to measure the correlation be-

tween experimental and predicted logk values; an R2 value of 1 indicated that the regres-

sions perfectly fit the data. In this study, the values ranged from 0.532~0.712. The SVM 

model has the lowest MAE and RMSE on both the training and test sets, which are crucial 

metrics for generalization, showing the smallest average error in the predictions. The re-

sults demonstrate that SVM methods emerge as the top-performing model for this partic-

ular task when using the R2test as the scoring factor. Contrastingly to the SVM model, the 

XGB and GB models yielded R2test values higher than 0.97 and R2test values higher than 0.60. 

Both have small MAE and RMSE numbers in their test sets, which demonstrated a robust 

predicting performance. BR also showed R2train values higher  than 0.98 and R2test values 

Figure 1. Effect of the Morgan fingerprint length on the R2 values of selected machine learning
models.

3.2. Internal and External Validation

The ML models generated R2
train values in the range of 0.922~0.988 when using

Morgan fingerprints (3072 bits) as features, suggesting good fitting of the training set
(Table 2). To further assess the reliability of the developed models, external validation was
performed using R2

test as statistical criteria. The R2
test was used to measure the correlation

between experimental and predicted logk values; an R2 value of 1 indicated that the
regressions perfectly fit the data. In this study, the values ranged from 0.532~0.712. The
SVM model has the lowest MAE and RMSE on both the training and test sets, which are
crucial metrics for generalization, showing the smallest average error in the predictions.
The results demonstrate that SVM methods emerge as the top-performing model for this
particular task when using the R2

test as the scoring factor. Contrastingly to the SVM model,
the XGB and GB models yielded R2

test values higher than 0.97 and R2
test values higher

than 0.60. Both have small MAE and RMSE numbers in their test sets, which demonstrated
a robust predicting performance. BR also showed R2

train values higher than 0.98 and
R2

test values around 0.597; however, when comparing with boosting models, we can see
higher MAE and RMSE results on both the training and test sets. The results revealed that
the ensemble and boosting methods (XGB, BR, GB) consistently outperformed the single
models (DT) on both training and test sets [44]. Previous research also demonstrated that
an ensemble is on generally more accurate than single base models [45].
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Table 2. The performance parameters of machine learning models on training and test sets, using
Morgan fingerprints.

Morgan (3072 Bits)

Models Training Set Test Set

R2 MAE RMSE R2 MAE RMSE

RF 0.949 0.380 0.609 0.577 0.474 0.751
DT 0.922 0.416 0.633 0.532 0.500 0.790

SVM 0.974 0.340 0.547 0.712 0.379 0.620
XGB 0.988 0.338 0.600 0.641 0.404 0.691
BR 0.982 0.392 0.645 0.597 0.449 0.732
GB 0.972 0.348 0.583 0.620 0.429 0.712

Table 2 details the performance parameters of these models; our analysis revealed that
ensemble and boosting methods consistently outperformed single models, aligning with the
existing literature that suggests that ensemble approaches generally achieve higher accuracy
than individual base models. The p-values for each pair of machine learning models, based
on the R2

test values derived from tenfold cross validation, were also calculated. The SVM
model showed a significant difference with the rest of the models (p < 0.05), except for the
gradient boost model (p = 0.032).

When choosing a model for tasks requiring high accuracy and reliability, like pre-
dicting reaction constants, the model should balance between fitting the training data
and generalizing the unseen data. For example, the SVM model’s robust performance
underscores its suitability for complex predictive tasks, where minimizing errors is crucial.
On the other hand, the high R2

train and R2
test scores of the XGB and GB models, combined

with their low error metrics, highlight their potential in capturing the underlying patterns
within the data without overfitting, making them reliable choices for predicting the reaction
constants in varied chemical environments.

The predicted versus experimental logk values are presented in Figure 2; the diagonal
dash represented the r = 1. The scatter being closer to this line indicated a better predicting
performance; contrarily, the scatter far away from the diagonal indicated a bias between
the predicted and experimental values. It is evident that the SVM, XGB, and GB models
exhibit a high concentration of points near the diagonal, indicating a strong correlation
between the predicted and experimental values. This suggests that these models have a
higher predictive accuracy. However, there are some noticeable outliers, particularly in the
DT model, where a few points significantly stray from the line of perfect correlation. These
outliers indicate instances where the DT model failed to predict the logk values accurately,
possibly due to the model’s inability to capture complex patterns within the data.

The results calculated for models built on chemical descriptors are presented in Table 3.
Considering the evaluated performance metrics, XGB and GB models exhibited the highest
R2 scores on both the training and test sets; this is consistent with the results displayed in
Table 2. Specifically, the R2 values exceeded 0.99 on the training set, and 0.8 for the test set,
underscoring a superior predictive performance with chemical descriptors as features.

The GB model, in particular, showcased strong generalization capabilities across the
training and test sets, displaying the lowest error metrics in the test set. Conversely, while
the DT and SVM models perform well on the training set, a marked decrease in performance
on the test set suggests overfitting. In contrast, the XGB model achieves the highest R2 score
on the training set and sustains this high level of performance on the test set, indicative of
its excellent predictive ability with consistently low error rates. The BR model, however,
exhibits the lowest performance on the training set and shows minimal improvement on
the test set; this is indicative of potential underfitting or an inability to capture the dataset’s
complexity adequately. Statistical analyses for each pair of machine learning models based
on the R2

test values derived from tenfold cross validation revealed that the GB model was
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statistically significantly different from the other four models (p < 0.05), only presenting
similarity to the RF model (p = 0.648).
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training and test sets.

Table 3. The performance parameters of machine learning models on training and test sets using
chemical descriptors.

Chemical Descriptors

Models Training Set Test Set

R2 MAE RMSE R2 MAE RMSE

RF 0.957 0.357 0.597 0.806 0.345 0.519
DT 0.955 0.429 0.759 0.724 0.366 0.618

SVM 0.984 0.570 0.849 0.540 0.496 0.799
XGB 0.994 0.346 0.651 0.788 0.309 0.542
BR 0.776 0.526 0.775 0.663 0.491 0.684
GB 0.992 0.329 0.594 0.844 0.275 0.465

In light of these results, the GB and XGB models emerge as the most dependable for
deployment, characterized by high R2 and low error metrics on unseen data, suggesting that
they effectively capture the underlying data patterns without overfitting. Similar research
from Li et al. [46] utilized different types of ML models to predict the net ecosystem carbon
exchange. They also observed that the gradient boosting regression model was more
accurate when compared to the other three models (support vector machine, stochastic
gradient descent, and Bayesian ridge). Dineva et al. compared the ensemble boosting and
bagging models for ground water potential prediction. The results revealed that bagging
models like RF outperformed boosting models [47]. Such findings underscore the necessity
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of choosing the appropriate model based on the specific predictive task at hand, as no
single approach fits all scenarios.

The logk values, as predicted from chemical descriptors verses experimental values,
are presented in Figure 3. In XGB and GB models, the scatters showed high density
proximate to the diagonal, indicating good predicting performances. The RF model shows
a reasonable alignment with the diagonal and has a slightly more dispersed pattern, hinting
at variability in its predictive accuracy. The DT model exhibits a more pronounced spread
of points, which suggests a lesser degree of predictive accuracy when compared to the
XGB and GB models. On the other hand, a notable pattern is observed in the SVM model
plot where the predicted points align vertically along an axis. This alignment is a visual
indicator of poor predictive performance, as the model predictions do not vary with the
changes in the experimental logk values, resulting in a lack of correlation.
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both training and test sets.

The differences between the observed and predicted values, known as residuals, are
plotted against the predicted values in order to assess the performance of machine learning
models [48]. Residual plots were created for gradient boosting models (Figure 4), which
use Morgan fingerprints and chemical descriptors as features, respectively. The residuals
in these models are randomly distributed across all predicted values, indicating effective
prediction performance. When using MFs as features, there is a wider spread of residuals,
especially in predictions ranging from eight to nine. Conversely, when featured as chemical
descriptors, the residuals scatter evenly around the horizontal axis, demonstrating a strong
fit without noticeable systematic errors. Most residuals lie within a −1 to 1 range, reflecting
minor prediction errors, with only a few outliers. Both models show a concentration of
residuals near zero, but the gradient boosting model, which utilizes chemical descriptors,
exhibits a denser clustering around zero, thus signifying greater accuracy.



Processes 2024, 12, 384 10 of 14

Processes 2024, 12, 384  10  of  14 
 

 

effective prediction performance. When using MFs as features, there is a wider spread of 

residuals, especially in predictions ranging from eight to nine. Conversely, when featured 

as chemical descriptors, the residuals scatter evenly around the horizontal axis, demon-

strating a strong fit without noticeable systematic errors. Most residuals lie within a −1 to 

1 range, reflecting minor prediction errors, with only a few outliers. Both models show a 

concentration  of  residuals  near  zero,  but  the  gradient  boosting model, which  utilizes 

chemical descriptors, exhibits a denser clustering around zero, thus signifying greater ac-

curacy. 

 

Figure 4. Residual plots of  (a)  the gradient boosting model established on MFs and  (b) chemical 

descriptors, respectively. (The red dashed lines at residuals equals −1, 0 and 1 respectively repre-

sented reference lines to help evaluate the distribution of residuals in our model.) 

3.3. SHapley Additive exPlanations (SHAP) Analysis 

SHAP analysis is a method developed to interpret machine learning models by quan-

tifying  the  impact of each  feature on the model’s prediction. This approach provides a 

foundation for understanding the contribution of  individual features to predictive out-

comes, offering transparency  in model decision-making processes. In this study, SHAP 

analysis was conducted, as presented in Figure 5. It illustrated a SHAP summary plot for 

GB models which use Morgan fingerprints and chemical descriptors, respectively, which 

quantify the contribution of individual features to the predictive outcomes. Each dot rep-

resents a SHAP value for a feature and an instance; the position on the x-axis indicates the 

impact of that value on the model’s output. Features are ordered vertically by the sum of 

SHAP value magnitudes across all samples, which indicates the overall importance of the 

feature. The color gradient signifies the magnitude and direction of the feature’s effect, 

with one end of the spectrum (blue) representing low feature values, and the other end 

(red) representing high values. A feature’s value that pushes the prediction to the right of 

the mid  line  suggests an  increased  likelihood of  the higher outcome predicted by  the 

model, while a shift to the left indicates a lower outcome. In this study, Morgan finger-

prints of 2897 bits and a chemical feature of SMR_VSA7 were the most impactful features 

effecting the prediction outcome. It offers insights into molecular volume and its potential 

impact on  reactivity and  interaction with biological  targets. Chi3v was  the second  im-

portant chemical feature; it captures the complexity of molecular structures by quantify-

ing the connectivity of atoms within a molecule, which can influence molecular stability 

and reactivity. This is followed by Balaban J, which provides a quantitative insight into 

the molecular complexity, which can affect molecular properties such as reactivity and 

biological activity [37]. SHAP analysis provides insights into the feature importance and 

their individual contributions to the model’s predictive capabilities. The top ten impactful 

chemical descriptors and their description are presented in Table 4. 

Figure 4. Residual plots of (a) the gradient boosting model established on MFs and (b) chemical de-
scriptors, respectively. (The red dashed lines at residuals equals −1, 0 and 1 respectively represented
reference lines to help evaluate the distribution of residuals in our model).

3.3. SHapley Additive exPlanations (SHAP) Analysis

SHAP analysis is a method developed to interpret machine learning models by quan-
tifying the impact of each feature on the model’s prediction. This approach provides a
foundation for understanding the contribution of individual features to predictive out-
comes, offering transparency in model decision-making processes. In this study, SHAP
analysis was conducted, as presented in Figure 5. It illustrated a SHAP summary plot for
GB models which use Morgan fingerprints and chemical descriptors, respectively, which
quantify the contribution of individual features to the predictive outcomes. Each dot repre-
sents a SHAP value for a feature and an instance; the position on the x-axis indicates the
impact of that value on the model’s output. Features are ordered vertically by the sum of
SHAP value magnitudes across all samples, which indicates the overall importance of the
feature. The color gradient signifies the magnitude and direction of the feature’s effect,
with one end of the spectrum (blue) representing low feature values, and the other end
(red) representing high values. A feature’s value that pushes the prediction to the right of
the mid line suggests an increased likelihood of the higher outcome predicted by the model,
while a shift to the left indicates a lower outcome. In this study, Morgan fingerprints of
2897 bits and a chemical feature of SMR_VSA7 were the most impactful features effecting
the prediction outcome. It offers insights into molecular volume and its potential impact on
reactivity and interaction with biological targets. Chi3v was the second important chemical
feature; it captures the complexity of molecular structures by quantifying the connectivity
of atoms within a molecule, which can influence molecular stability and reactivity. This is
followed by Balaban J, which provides a quantitative insight into the molecular complexity,
which can affect molecular properties such as reactivity and biological activity [37]. SHAP
analysis provides insights into the feature importance and their individual contributions to
the model’s predictive capabilities. The top ten impactful chemical descriptors and their
description are presented in Table 4.

To summary, a 3072-bit length was identified as the optimal MF length, balancing the
predictive accuracy with computational efficiency. Ensemble and boosting methods, such as
XGB and GB, consistently outperformed single models, aligning with the literature on the
efficacy of ensemble approaches in achieving higher accuracy. Additionally, SHAP analysis
provided insights into the importance of individual features in the model predictions,
highlighting the significance of specific molecular features like SMR_VSA7 and Chi3v
on the outcome. Comprehensive analysis and significant findings were detailed in the
conclusion section.
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Table 4. The top ten impactful features and their descriptions from SHAP analysis.

Feature Name Description [37]

SMR_VSA7 MOE-type descriptors using MR contributions and surface
area contributions

Chi3v Third-order valence molecular connectivity index for
topology analysis

Balaban J A topological descriptor that quantifies the branching and
complexity of cycles within a molecule’s structure

BCUT2D_MRHI
Burden eigenvalues (BCUT) calculated from a 2D molecular

graph, related to the highest eigenvalue of the molecular
refractivity-weighted connectivity matrix

Slogp_VSA6 Log P partition coefficient, used to understand hydrophobic
or lipophilic properties of the molecule

BCUT2D_MRLOW The lowest eigenvalue of a molecule’s Burden
connectivity matrix

Slogp_VSA1 Volume descriptor for logP partition, smallest value bin

VSA_EState5 Distribution of electronic properties over the
molecular surface

Fpdensitymorgan3 Density of features in a Morgan fingerprint with a radius of 3
RingCount Total number of ring structures present in a molecule

4. Conclusions

This study employed six different machine learning models combined with Morgan
molecular fingerprints and chemical features to develop prediction models for sulfate
radicals-induced oxidation rate constants. The model performances were dependent on
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fingerprint length; for BR, XGB, and GB models, the R2 value slightly decreased and then
increased as the length was extended. For the SVM and RF models, which were not sensitive
to the MF length, the R2 remained relatively stable as the length of the MFs changed. For
Morgan fingerprints, the SVM models demonstrated robust generalization capabilities,
achieving the highest R2 on the test set. For chemical descriptors, the GB and XGB models
emerged as the most reliable for deployment, exhibiting high R2 and low error metrics on
the test data, indicating their effectiveness in capturing the underlying data patterns without
overfitting. Models based on chemical features generally performed better than those based
on Morgan fingerprints. SHAP analysis was conducted, and Morgan fingerprint bit 2897,
along with the descriptor SMR_VSA7, were identified as the dominant features affecting the
prediction performance. This study suggests the practicality of utilizing machine learning
approaches to predict the reaction rate of organic contaminants in response to sulfate
radicals, while also uncovering influential physical/chemical properties related to reaction
rates. It also highlighted the importance of selecting appropriate machine learning models
and features to achieve robust prediction performances.
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