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Abstract: Cyclohexene is an important raw material in the
production of nylon. Selective hydrogenation of benzene is
a key method for preparing cyclohexene. However, the Ru
catalysts used in current industrial processes still face
challenges, including high metal usage, high process costs,
and low cyclohexene yield. This study utilizes existing
literature data combined with machine learning methods to
analyze the factors influencing benzene conversion,
in the benzene
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cyclohexene selectivity, and yield
hydrogenation to cyclohexene reaction.
predictive models based on XGBoost and Random Forest
algorithms. After analysis, it was found that reaction time,
Ru content, and space velocity are key factors influencing
cyclohexene yield, selectivity, and benzene conversion.
Shapley Additive Explanations (SHAP) analysis and
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contribution of each variable to the reaction outcomes. Additionally, we randomly generated one million variable combinations
using the Dirichlet distribution to attempt to predict high-yield catalyst formulations. This paper provides new insights into the

application of machine learning in heterogeneous catalysis and offers some reference for further research.
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Cyclohexene is an important raw material for nylon
production. Selective hydrogenation of benzene is a key
method for preparing cyclohexene!". Compared to the
partial hydrogenation of benzene to cyclohexane, the
complete hydrogenation of benzene is a thermodynamically
more favorable process (Figure 1). However, the challenge
in this field lies in controlling the kinetics to improve the
yield of cyclohexene. Researchers have gradually enhanced
the selectivity for cyclohexene by modifying catalyst
structures and reaction processes. Although this technology
was industrialized over half a century ago, current industrial
processes still rely on metal salts in aqueous systems, high
Ru loading in the catalysts, and low cyclohexene yield.
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Combined with extensive single-factor experiments,
traditional methods typically reveal patterns by controlling
additives and supports. For benzene hydrogenation, the
yield of cyclohexene increased through continuous attempts
and adjustments to the mechanistic investigations and
catalyst compositions. In 1934, Horiut and colleagues
proposed the stepwise hydrogenation mechanism of partial
benzene hydrogenation by Group VIII metals”. In this
mechanism, adsorbed activated benzene and dissociatively
adsorbed hydrogen proceed through intermediates such as
cyclohexa-1,4-diene and cyclohexene, ultimately producing
cyclohexane. Subsequently, Horiuti et al.” proposed that
the selective hydrogenation of benzene occurs through two
distinct processes. One is the stepwise hydrogenation,
where the m electrons of benzene form a ¢ bond with the
unbonded d electrons of the metal, and hydrogen is
dissociatively adsorbed. The adsorbed benzene and
dissociatively adsorbed hydrogen undergo a stepwise
hydrogenation process, ultimately producing cyclohexane.
The other process involves the direct hydrogenation of
benzene to cyclohexane, where planar benzene, adsorbed
via its large © bond, interacts with six hydrogen atoms to
form a van der Waals-activated complex, leading to the
direct formation of cyclohexane®® ™. Generally, under low-
pressure conditions, the reaction follows the first process,
while under high-pressure reaction conditions, the reaction
favors the second process. Over the past century, various
methods have been attempted to increase the yield of
cyclohexene in benzene hydrogenation reactions, including
experimenting with different supports, adding multiple
additives, altering the size and shape of catalysts, and using
DFT calculations to predict performance!*'?. Through
years of research, the system, which utilizes an aqueous
zinc sulfate additive in combination with a Ru catalyst, has
been shown to improve the selectivity for cyclohexene
occasionally. However, the yield of cyclohexene remains
limited to around 60%.

Machine learning, a crucial tool in the development of
artificial intelligence, has been increasingly applied to
various scientific fields in recent years due to its ability to
uncover patterns and correlations between different datasets
efficiently. In recent years, machine learning has also
attracted the attention of chemical researchers. For instance,
Liu et al.'¥ utilized neural networks based on experimental
data to elucidate the crucial roles of reaction conditions,
pretreatment methods, and post-reaction iron phase
compositions. They demonstrated that controlling the iron
phase ratio and adding appropriate promoters can
effectively suppress methane selectivity. Shi et al.!'¥
utilized extensive literature data and combined machine
learning algorithms, including random forests and extreme
gradient boosting, to successfully build a model for
predicting the yield and selectivity of 1-octene
hydrogenation, which was experimentally validated. Han et
al.l'® utilized machine learning to aid in designing
electrocatalytic materials for high-performance lithium-
sulfur batteries. The review by Jaison et al.l'""! discusses the

application of machine learning in the field of
photocatalysis, with a particular focus on its role in
environmental science. In these fields, machine learning has
demonstrated certain potential and has been applied to solve
problems in catalysis. However, in traditional thermal
catalysis, predicting the conversion, selectivity, and yield by
using machine learning algorithms presents significant
challenges due to the difficulty of quantifying data from
experimental processes and achieving consistency across
datasets. Although there is a wealth of data left by previous
researchers, most of this data is challenging to use as
standard datasets for model building. Additionally, thermal
catalysis reactions tend to have complex conditions and
generally long reaction time, making it difficult to generate
a large amount of data through self-conducted experiments.
Over the years, considerable data have been accumulated
on the partial hydrogenation of benzene to cyclohexane.
Given this context, we aim to utilize the existing
experimental data and employ innovative methods to
analyze the factors influencing the benzene conversion,
selectivity, and yield of cyclohexene in benzene
hydrogenation. Specifically, we selected high-quality data
with a balanced distribution from numerous literature
sources on the hydrogenation of benzene. After organizing
the data into a dataset, we built models using Random
Forest and XGBoost algorithms to predict the conversion,
selectivity, and yield. Additionally, we seek to predict high-
performance catalyst compositions and reaction conditions.

1 Results and discussion

1.1 Construction of databases

Before collecting data, it is essential to identify which
descriptors are easy to standardize and are important for the
reaction. The hydrogenation of benzene has been
extensively studied by numerous researchers over the years,
with some efforts focusing on the addition of less common
additives or supports to regulate the yield of a specific
product. For our purposes, these uncommon factors could
potentially act as interfering variables in the model.
Therefore, by reviewing nearly 50 relevant papers, we
selected those that fully meet the established descriptors and
have a substantial number of data points. This approach
ensures the reliability of the original dataset while
minimizing interference™'” >,

In this study, benzene conversion (x), cyclohexene
selectivity (s) and cyclohexene yield (Y) are defined as
follows:

Xegn, (%) = et ~Meaioon 00 (1)
Heghgin
an,Hg,ﬂ)nncd
Sen, (%) = x 100% (2)
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Yo (%) = 285m0 100% (3)

Neggin

The descriptors encompass 25 factors (Table 1),
including reaction temperature, reaction pressure, reaction
time, preparation method, and catalyst composition, among
others. It should be noted that some catalysts were not
subjected to a reduction process. For these data points, we
set their reduction temperature to 298 K to ensure the
integrity of the dataset. Detailed information on the dataset
is presented in the Supporting Information.

The “Preparation” column in the descriptors, which
records three preparation methods, was one-hot encoded.
The remaining descriptors were standardized and
normalized based on their value ranges and numerical
characteristics. Subsequently, XGBoost® and Random
Forest®?”! models were trained to generate prediction results.
The specific code is documented in the Supporting
Information.

In brief, we first preprocess the dataset as described, then
split it into training and testing sets, with 80% for training
and 20% for testing, using a random seed of 42. We then
perform feature scaling and combine all features.

Table 1 Variable summary of the dataset

Variable Possible values
Input
Benzene/water (mL/mL) 0.175-0.5
Benzene/catalyst (mL/mg) 0.05-0.3846
Pretreatment temperature/K 298-873
Reduction temperature/K 298-573
Hydrogen concentration/mol% 0/5/99.9
Reduction time/h 0-3
Reaction temperature/K 373-453
Reaction time/min 1-720
Reaction pressure/MPa 2-7
SBET/(mZ'gil) 8.4-318
dpore/NM 2.63-42.2
Vyord/ (e ) 0.03-1.05

-1 -1
VHSV/(mL-mg -h ) 0.00058—11.538

Ru/% 0.18-20
Cu/% 0—1.26
Zn0/% 0-97.93
NaOH/% 0-93.26
ZnS0O,/% 0-90.99
AlOOH/% 0—43.68
Si0,/% 0-43.68
TiO,/% 0-97.1
Output

Selectivity/% 0.7-89.3
Yield/% 0.3-60.64
Conversion/% 4.04-98.58

Next, we define the XGBoost regression model using
GridSearchCV for hyperparameter tuning, cross-validation,
and model training, with a separate model trained for each
target variable. Finally, we perform model prediction and
evaluation.

For model evaluation, we use R-squared (R?), Mean
Absolute Error (MAE), and Root Mean Square Error
(RMSE).

R? measures the extent to which the model explains the
variability in the data, representing the correlation between
the predicted and actual values. Its value ranges between [0,
1], with values closer to 1 indicating a better fit. The
calculation formula is as follows:

RZ: ]_Z(y(rue_ypred) (4)

> G =3)

MAE measures the average absolute difference between
predicted and actual values. It is a linear metric that is not
influenced by outliers. A smaller MAE indicates a lower
model’s prediction error, and the model performs better.
The units of MAE are the same as those of the target
variable, which helps in understanding the practical
significance of the error. MAE is less sensitive to outliers
because it does not square the errors. However, it may not
accurately reflect the distribution of errors, as it does not
impose a more significant penalty for larger errors. The
calculation formula is as follows:

1~
MAE =~ 3" s =S (5)

RMSE measures the square root of the average of the
squared differences between the predicted values and the
actual values. RMSE is more sensitive to larger errors
because it squares the differences, meaning larger errors
receive a more significant penalty. A lower RMSE indicates
a more minor prediction error in the model, and the model
performs better. Because of the squaring process, RMSE is
particularly sensitive to significant prediction errors (such
as outliers). The calculation formula is as follows:

1 n
RMSE = \/; Zi:l (ylrue,i - ypred»f)z ( 6 )

1.2 Model building and analysis

The advantage of Random Forest lies in its simplicity,
high robustness, and low risk of overfitting, making it
suitable for rapid model development with small to
medium-sized datasets®”. XGBoost, on the other hand,
offers high prediction accuracy, strong regularization
capabilities, and excellent support for handling missing
values and coefficient datal®***!. Often, a Random Forest can
be quickly trained as a baseline, and then XGBoost can be
tried to achieve even higher performance. We used both
algorithms to predict the target reaction’s conversion,
selectivity, and yield, which were evaluated using R>, MAE
and RMSE (Figure 2).
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Fig.2 Scatter plot of the prediction performance on the Random Forest and XGBoost test set: RF model performance in predicting the
yield of cyclohexene (a), the selectivity of cyclohexene (b), and the conversion of benzene (c), XGBoost performance for cyclohexene
yield (d), selectivity (e), and conversion (f) for benzene hydrogenation over the Ru catalysts

The results show that the overall prediction performance
of XGBoost is better than that of Random Forest (the closer
the blue dots are to the red line, the better the prediction
performance). For the yield of cyclohexene, XGBoost
achieved an R* of 0.87, MAE of 3.19, and RMSE of 4.46;
for selectivity, R* = 0.81, MAE = 5.95, and RMSE =
9.01; and for conversion, R*> = 0.96, MAE = 3.85, and
RMSE = 5.31, indicating that the model has relatively high
accuracy and stability for this task.

In the prediction of selectivity, the prediction errors of
both models are larger than those for conversion and yield,
which may be due to this variable being more influenced by
other hidden factors that the model finds difficult to capture
fully. Conversion is the easiest variable to predict,
indicating that decision trees learn their variation pattern
more readily. XGBoost’s superior performance compared to
Random Forest may be attributed to its ability to
continuously adjust weights and optimize residuals during
training, thereby uncovering deeper relationships in the
dataset and reducing errors.

We use a heatmap to examine which variables have
strong linear relationships and which do not. Since the
heatmap of more than twenty descriptors is quite complex,
it is included in the Supporting Information. Some of the
strong correlations may require explanation. For example,
the strong negative correlation between zinc sulfate and
hydrogen reduction concentration and reduction time may
be due to the fact that systems with a large amount of zinc
sulfate do not require the reduction step in the catalyst
preparation process. The hydrogen reduction time and
concentration in the dataset were recorded as 0 for reactions

that do not require reduction, leading to the high correlation
observed in the heatmap.

Figure 3 presents the SHAP plot analysis and feature
importance analysis for each target variable. These three
target variables are yield, selectivity, and conversion,
respectively. The SHAP plot shows the average
contribution of each feature to the model output (including
both positive and negative effects)™. It captures the
interaction effects between features, while the feature
importance plot indicates the frequency or other simple
metrics on how often a feature is used in decision trees. The
influence of features on the target variable in this model
decreases from top to bottom. The features at the top
typically have the most significant impact on the
prediction outcome. The larger the SHAP value (on the
horizontal axis), the greater the positive contribution of the
feature to predicting the target variable for this data point.
Conversely, a smaller SHAP value indicates a negative
influence.

Figures 3(a) and 3(b) show that the Ru content, in the
range of 0.18% to 20%, significantly impacts both yield and
selectivity. As the Ru content increases, it negatively affects
both the yield and selectivity of cyclohexene in benzene
hydrogenation while having a minor impact on the
conversion rate. The reaction time has a significant effect on
all three target variables. However, the relationship is not
linear and straightforward, because the selective
hydrogenation of benzene to cyclohexene typically
increases initially with time and then gradually decreases,
which is consistent with findings reported in other

literature!-? 1023724
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Fig. 3 SHAP analysis plot for target variables obtained using XGBoost: SHAP summary plot for yield (a), selectivity (b) and
conversion (c) (In each row, blue dots represent samples with lower feature values, while red dots represent higher ones)

The content of ZnSO, in the reaction has a positive
impact on all three target variables, meaning that within the
range of our dataset, the addition of ZnSO, can increase the
yield, selectivity, and conversion rate of the reaction.

VHSV reflects the relationship between the feed flow
rate and the catalyst volume. It is commonly used to
describe the rate at which fluid passes through a catalyst,
especially in gas-solid or liquid-solid catalytic reactions. A
higher VHSV value indicates a larger flow rate per unit
time and a shorter contact time with the catalyst, while a
lower VHSV value means a longer contact time between the
reactants and the catalyst. From the overall trend, low space
velocity has a positive impact. However, the relationship
with selectivity is not simple, although space velocity
significantly influences the reaction’s selectivity. This
situation may be because space velocity is linked to reaction
time.

We can infer several insights from the feature importance
analysis plot provided by XGBoost (Figure 4). For example,
reaction time is the most critical factor for the yield of
cyclohexene, while variations in space velocity, reaction
time, and Ru content are relatively crucial for the selectivity
of cyclohexene. Incorporating insights from the SHAP plot,
it can be concluded that controlling an appropriate reaction
time, maintaining a lower space velocity, limiting Ru
content, and managing the type and ratio of supports and
additives can help improve the cyclohexene selectivity. A
higher pore volume also contributes positively to the
reaction.

The above analysis can guide the development of new
catalysts. We randomly generated variables, setting the
variation ranges for each variable based on the conclusions
obtained earlier. The Dirichlet distribution method was used
to ensure that the total sum of the catalyst components
remained 100%. A total of 1000000 sets of variables were
randomly sampled within the defined range, and these were
input into the trained model to predict several sets of high-
yield values. The input values corresponding to these high-
yield predictions are also presented. In addition, we have
included a section of code (supplementary information) at
the end to allow for manual input of values, which can then
be used to predict the yield. When the key parameters are

set to Ru content = 1.6%, TiO, content =
84.9%, reaction temperature =

content =

13.5%, ZnSO,
413 K, reaction

time = 20 min and reaction pressure = 5.0 MPa, the model
predicts a cyclohexene yield of 60.6%.
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2 Conclusions

This paper collects data from existing literature and uses
XGBoost and Random Forest algorithms to predict and
analyze the yield, selectivity, and conversion of selective
benzene hydrogenation to cyclohexene. SHAP plots and
feature importance analysis indicate that controlling an
appropriate reaction time, maintaining a lower space
velocity, limiting Ru content, and selecting suitable
supports and additives can increase the yield of
cyclohexene. These models are used to predict unexplored
catalyst combinations and reaction conditions. This work
can also serve as a reference for the application of machine
learning in heterogeneous thermal catalysis. At the same
time, it is worth noting that machine learning faces
numerous challenges when predicting complex systems,
such as heterogeneous thermal catalysis. Achieving high-
precision predictions and predicting a reasonable, practical
catalyst system is challenging.

Abbreviations

SHAP Shapley additive explanations

DFT Density functional theory

XGBoost Extreme gradient boosting

Seer Specific surface area determined by the Brunauer-
Emmett-Teller method

dye Average pore diameter

Voore  Total pore volume determined

VHSV  Volumetric hourly space velocity

RF Random forest

R* R-squared

MAE Mean absolute error

RMSE Root mean square error
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