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Abstract: The synthesis of C4 olefins from ethanol presents a promising sustainable pathway, yet its industrial application
is hindered by the challenge of optimizing complex, nonlinear interactions among reaction parameters. To address
this, we developed a hybrid machine learning framework combining a Gradient Boosting Decision Tree (GBDT) for
predictive modeling with Particle Swarm Optimization (PSO) for parameter optimization. The integrated GBDT-PSO
model accurately captured the process dynamics, achieving a prediction accuracy of 92.5%. Our results revealed a critical
reaction temperature threshold of 350 °C, above which Cy4 olefin yields increase significantly. Optimal conditions were
identified at 400 °C with a 2 wt% Co/SiO, + Hydroxyapatite (HAP) catalyst, achieving a maximum yield of 44.73%.
The proposed framework markedly outperformed conventional optimization methods, including Genetic Algorithm
(88.2%) and Differential Evolution (86.7%). This study not only provides a robust, data-driven methodology for process
optimization but also delivers actionable insights that can guide the scale-up and industrial implementation of ethanol-to-
olefin technologies.
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1. Introduction

C4 olefins are essential chemical intermediates with broad applications in the production of pharmaceutical chemicals
and industrial materials [ 1]. Traditionally, C4 olefins are primarily derived from catalytic cracking of heavy oil in refineries,
naphtha cracking in ethylene plants, and as by-products of coal-to-olefin processes [2]. However, these approaches are
resource intensive and environmentally detrimental, leading to increased interest in sustainable and renewable production
methods. Among these, ethanol, as a renewable and environmentally friendly feedstock, has received significant attention
for its potential in C4 olefin synthesis [3].The use of ethanol for C4 olefin production offers a novel approach to accessing
C4 hydrocarbon resources. Since 2015, ethanol has been efficiently converted into C4 olefins via dehydration and coupling
reactions. This method not only expands the potential applications of biomass ethanol but also establishes a sustainable
pathway for Cy4 olefin production. Despite these advantages, the conversion process is heavily influenced by factors such
as catalyst combinations and reaction temperature. Optimizing these parameters to enhance the yield of C4 olefins remains
an urgent and complex challenge.

To solve this problem, one part of researchers used several theoretical approaches and optimized the synthesis of C4
olefins. In 2022, Fang et al. [4] investigated the effect of catalyst combination and temperature on the C4 olefin yield
using multiple linear regression and time series prediction models, which provided important information to understand
the reaction mechanism and optimizing the reaction conditions. In 2023, Li et al. [5] explored the optimal catalyst
combination by using Decision Tree Modeling. In 2022, Zhang et al. [6] optimized the process conditions for the
preparation of C4 olefins by ethanol catalytic coupling through machine learning and multivariate non-linear fitting
methods, and achieved certain results. In 2023, Huang et al. [7] established a model based on a generalized transverse
Algorithm to predict the optimal combination of ethanol conversion ratio and C4 olefin production. In 2022, Zhang et
al. [8] explored the optimal catalyst and temperature conditions for the production of C4 olefins by catalytic coupling of
ethanol, which provided an important guideline for obtaining the highest yield. In 2023, Zhou et al. [9] proposed a hybrid
model based on Sample incremental eXtreme Gradient Boosting Tree and Sparrow Search Algorithm for optimizing the
production conditions of C4 olefins. In 2022, Bi’s [10] research on nano HZSM-5 molecular sieve catalysts showed that
the use of such catalysts can effectively reduce the reaction temperature and simplify the process flow, thus significantly
improving the energy efficiency of the process. In 2018, Lv [11] discussed the preparation of butanol and C4 olefins by
ethanol coupling and proposed an optimization model to improve the yield and selectivity.

All of these people [12—14] have studied gradient boosted trees and proposed variants of the original algorithm
to improve the training speed in turn. Didrik [15] argue that Gradient tree boosting is a powerful machine learning
technique that has shown good performance in predicting a variety of outcomes. Wang et al. [16] studyed that
Gradient tree boosting is a prediction algorithm that sequentially produces a model in the form of linear combinations
of decision trees, by solving an infinite-dimensional optimization problem. Nakhaei-Kohani et al. [17] explored the
GBDT algorithm and found that GBDT excelled in prediction accuracy by comparing it with other machine learning
models such as Random Forest, Decision Tree, etc. Kou et al. [18] describes gradient boosting trees to optimize the
model by combining multiple weak learners in an iterative manner, embodying the strategy of reaching a globally optimal
solution through gradual improvement. Hatwell et al. [19] proposed the gbt-HIPS method, a novel heuristic algorithm
for interpreting decision rules in GBT classification models. Adler [20] focuses on the issue of Feature Importance (FI)
with GBT. Zhou et al. [21] explored a new tree boosting variable coefficient model framework proposed by combining
the flexibility of gradient boosting trees, which provides new perspectives and possibilities for the application of gradient
boosting trees in the field of statistical modeling. Biau et al. [22] is of great significance for improving the computational
efficiency and interpretability of machine learning models. Luo, Freund and Friedman et al. [23-25] introduced the
Gradient Boosting Tree algorithm, which demonstrated the efficiency and accuracy of the Gradient Boosting Tree in
dealing with multi-class classification tasks. A solid theoretical foundation is laid for the development and application of
the subsequent gradient boosting tree algorithm.

Ardiansyah et al. [26] propose an improved PSO algorithm, which improves the convergence speed and diversity
through pseudo-random sequences and opposite-rank inertia weights, and the experimental results outperform Genetic
Algorithm (GA) and Improved Genetic Algorithm (IGA). The PSO algorithm has become an efficient search method for
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solving complex optimization problems since it was proposed by Valdez [27] in 2020. Clerc and Kennedy [28] researchers
have explored the dynamic properties of PSO in depth, and have proposed several improved variants to enhance its
performance. Schlauwitz et al. [29] compared the particle swarm optimization algorithm with the traditional particle
swarm optimization algorithm and differential evolution algorithm, and the experimental results showed that the algorithm
performs better on high-dimensional problems. The PSO algorithm [30] has become a popular heuristic algorithm for
solving complex optimization problems since it was proposed in 1995, and its property of mimicking the intelligent
behavior of groups of animals has led to its wide application in several fields. PSO technique [27] based on Swarm
algorithm effectively solves optimization problems in chemometrics by simulating collective behavior of social animals.

Despite the results of the above studies, there are still some shortcomings. Some of the studies still have limitations
in dealing with complex nonlinear relationships and multivariate optimization, ignoring the complex interactions among
different variables, resulting in insufficient prediction accuracy and applicability of the models.

In order to improve the above deficiencies, this paper proposes an optimization design method for C4 olefin synthesis
process based on gradient boosting tree and particle swarm algorithm. By analyzing and processing the experimental data,
we obtained a number of factors that have a greater impact on the C4 olefin yield, and then established the GBDT model.
The general PSO algorithm is used to optimize and solve the GBDT model to obtain the optimal oleffn yield under certain
conditions, which provides new ideas for the optimization of complex reaction processes in the chemical industry.

2. Literature review

The synthesis of Cy4 olefins from ethanol has been studied through multiple approaches.

2.1 Catalyst optimization studies

Bi et al. [10] demonstrated that nano HZSM-5 molecular sieve catalysts can reduce reaction temperatures by 15-
20% compared to traditional catalysts. Subsequent work by Lv [11] further improved selectivity through cobalt-modified
zeolites.

2.2 Machine learning applications

Recent advances include:
Zhang et al. [6] used multivariate nonlinear fitting to optimize yields.
Zhou et al. [9] combined XGBoost with Sparrow Search Algorithm.

2.3 PSO in chemical engineering

The PSO algorithm [27] has been widely adopted for parameter optimization:

Vi(t+1) = ovi(t) +c1r (pi —xi(t)) + cara (g — xi(2)). (1)

In Eq. (1), @ is the inertia weight (typically 0.4-0.9) [26].

3. Methods and analysis
3.1 Study framework

This research systematically combines theory, modeling, and validation to optimize Cy4 olefin production in Figure
1. It begins with *literature review* (catalysts, machine learning), followed by *data preprocessing® (interpolation,
correlation analysis). A *GBDT model* captures nonlinear relationships between reaction parameters (temperature,
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catalyst ratios), while *PSO* optimizes model parameters. Results validate temperature thresholds (350 °C) and optimal
catalyst combinations (e.g., Co/SiO, =1 : 100), linking computational insights to practical applications. The framework
ensures a rigorous transition from theory to industrial-relevant findings.
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Figure 1. Study framework

3.2 Data sources and preprocessing
3.2.1 Data sources

C4 olefin selectivity (%)

Catalyst combination number

Figure 2. Trend graph of experimental data

In this paper, the data [5] were obtained from a number of ethanol conversion experiments carried out in a chemical
laboratory with different catalysts at different temperatures, which recorded ethanol conversion and C4 olefin selectivity at
different catalyst combinations and reaction temperatures. The Figure 2 visualizes the overall trend of these experimental
data in the form of a three-dimensional surface plot. However, due to the obvious gaps and discontinuities between the
data points, the analysis results may be biased, which has a direct impact on the accuracy of the model we hope to establish
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in this paper. Therefore, the data needs to be further pre-processed so that each set temperature point can be analyzed with

corresponding data.

3.2.2 Data preprocessing

In order to ensure that the conclusions of this paper have sufficient accuracy and stability, the Cubic Spline
Interpolation Method is chosen to fill in the missing data. Cubic Spline Interpolation has high flexibility and accuracy, can
fit the data smoothly, and is especially suitable for the completion of nonlinear relationships. According to the analysis
of the experimental data, it was found that the ethanol conversion rate and C4 olefin selectivity were in accordance with
the logarithmic normal distribution, and the p-values of the Kolmogorov-Smirnov test were 0.42762090 and 0.80044529,
respectively, which did not significantly deviate from the logarithmic normal distribution (p > 0.05) suggesting that the
data complied with the assumption of logarithmic normal distribution. Therefore, the use of cubic spline interpolation can
reflect the actual trend of the data more scientifically.

We know the cubic spline interpolation method with the following formula:

Siy) =aj+b(y—yj)+ecjv—y,)*+d;(y—v,)’, ()

InEq.(2),j=0, 1, 2, ..., n—1. Which has n intervals and n+ 1 nodes. And the first and second order derivatives
of S;(y) are continuous at all data points. The second order derivative of S;(y) is zero at the start and end points of the

data.
We interpolate the initial data with cubic spline to obtain a 3D surface map as shown in Figure 3.
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Figure 3. Three-dimensional surface map

After triple spline interpolation of the initial data, then we fit the processed data at this point to the temperature, as
shown in Figure 4, where the ethanol conversion versus temperature fit is shown in Figure 4a and the C4 olefin selectivity
versus temperature fit is shown in Figure 4b.
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Figure 4. Temperature versus data fit. (a) Ethanol conversion fitted to temperature; (b) C4 olefin selectivity with temperature fitting

The ethanol conversion and Cy4 olefin selectivity generally increased with increasing temperatures in the range of
250 °C to 400 °C, as analyzed in Figure 4. The goodness of fit R? value is 0.59, indicating a moderate linear relationship
between temperature and ethanol conversion ratio, and the linear fit showed a positive correlation between ethanol
conversion ratio and temperature, as shown in Figure 4a. The linear fitting results show some linear relationship between
C4 olefin selectivity and temperature, but the correlation is weak, as described in Figure 4b. The overall trend suggests that
an increase in temperatures contributes to improved ethanol conversion and C4 olefin selectivity. However, the individual

catalyst combinations will vary and require further analysis.

3.2.3 Correlation analysis

In this paper, the data were processed with the aid of Python development tools to obtain a partial table of the
relationship between ethanol conversion and C4 olefin selectivity for different catalyst combinations and temperatures

(Table 1).

Table 1. Relationship between ethanol conversion and C4 olefin selectivity at different catalyst combinations and temperatures (partial)

Catalyst Ethanol . . Quartz
s . C4 olefin Sioy Co/Sioy Ethanol
combination ~ Temperature conversion i tivity (%) mass mass Comass HAPmass < ton sand

number rate (%) content
Al 250 2.06716 34.05 198 200 2 200 1.68 0
Al 275 5.85172 37.43 198 200 2 200 1.68 0
Al 300 14.968 46.94 198 200 2 200 1.68 0
Al 325 19.681 49.7 198 200 2 200 1.68 0
All 250 0.22769 0.1 49.5 50 0.5 1.68 1
All 275 0.51631 1 49.5 50 0.5 1.68 1
All 300 1.6075 1.82 49.5 50 0.5 1.68 1
B7 300 11.7 12.86 99 100 1 100 0.9 0
B7 325 17.8 18.45 99 100 1 100 0.9 0
B7 350 30.2 25.05 99 100 1 100 0.9 0
B7 400 69.4 38.17 99 100 1 100 0.9 0
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Correlation analysis are performed on Table 1. A matrix of correlation coefficients between all the numerical
variables in the data set is obtained, and the correlation coefficient diagram between the variables is obtained as shown in
Figure 5.

The correlation coefficient plots not only reveal the interactions among the variables, but also screen out the key
variables affecting ethanol conversion and Cy4 olefin selectivity, i.e., the mass ratio of SiO,, the mass ratio of Co/SiO,, the
Co content, the HAP content, the ethanol concentration, the quartz sand content, and the reaction temperature. Catalyst
Performance Analysis-Parallel Coordinates Plot is utilized to analyze the performance of various catalysts across multiple
performance indicators. The horizontal axis represents seven variables, namely temperature, ethanol conversion rate, Cy4
selectivity, CO content, HAP content, ethanol concentration, and Cy4 yield. The vertical axis indicates the normalized value
range (0-1) in Figure 6. Each colored line corresponds to the performance data of a specific catalyst, with the intersections
and distribution of the lines reflecting the relative performance across different indicators. Data normalization allows for
comparison on a uniform scale, thereby facilitating the identification of catalyst strengths and weaknesses for specific
indicators and providing an intuitive reference for catalyst selection and optimization.

3.2.4 Quantitative analysis

The C4 olefin generation rate can be limited by the characteristics of the catalyst and the reaction environment.
Among the many factors influencing this study, the catalyst is one of the key factors. The yield of C4 olefin can be
significantly improved by an efficient catalyst combination and a precise reaction environment. The definition of the the
C4 olefin yield as following equation:

Yc, = Xgton X Sc,, (3)

The C4 olefin yield (Yc,) is calculated from the ethanol conversion rate (Xgron) and the Cy4 olefin selectivity (Sc,) in
Eq. (3).

In order to further explore how different catalyst combinations and reaction conditions affect the conversion of
ethanol and the selectivity of C4 olefins, a multivariate correlation matrix thermogram was developed to reveal the
interrelationships between the variables. The impact of each parameter can be quantified by analyzing the heat map,
and in order to visualize the impact of these parameters, a Python-based radar diagram is created, as shown in Figure 7.

o~ —.__Co/SiO, mass

SiO, mass

HAP content

Co content ~—"Ethanlo concentration

Figure 7. Influence of each parameter on the yield of C4 olefins
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It can be seen that the C4 olefin yield is significantly affected by the reaction temperature, catalyst, SiO; quality and
HAP content, see Figure 7. Among the many influencing variables, the temperature is obviously the most central one,
which plays a decisive role in the conversion efficiency of ethanol and the selectivity of C4 olefins.

Optimization scatter plot: catalyst & temperature vs. C4 olefin yield
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Figure 8. Conditional optimization scatterplot

However, the various combinations of the catalyst strategies have also led to significant fluctuations and variations
in the C4 olefin yields. For high activity and stability of the catalysts, it is necessary to rationally controlled to ensure
that the yield of the final products reaches the desired value. Therefore, in order to gain insight into the specific effects
of temperature and catalyst combination on the yield of Cy4 olefins, a scatter plot of condition optimization is plotted with
the help of Python, as shown in Figure 8. Each point in the graph symbolizes a specific experimental environment, and
the shades of the color can reflect the relative differences in the yield of C4 olefin.

It can be seen that the C4 olefin yields of boyh A and B catalysts are higher when the temperature is higher than 350
°C, with the A3 catalyst combination showing the best performance at high temperatures, as shown in Figure 8. However,
when the temperature is lower than 350 °C, the B catalysts are relatively ineffective, and the C4 olefin yield of the A2
catalyst combination is the highest. These results provide a basis for subsequent catalyst selection.

3.3 Model building

In the conversion of ethanol to C4 olefins, the catalyst combination and reaction temperature are the key factors
affecting the yield. Due to the complex nonlinear relationship between reaction conditions and yield, a model capable of
handling this complexity is needed. In order to achieve the optimization of the ethanol conversion process, GBDT model
and PSO algorithm are chosen in this paper.

3.3.1 Gradient boosting decision tree model

The GBDT model is good at dealing with complex nonlinear relationships, especially in the chemical reaction process.
The GBDT model accurately predicts the C4 olefin yield under different conditions during the ethanol conversion process
by constructing a series of decision trees to gradually approximate the optimal solution. The advantages of the GBDT
model are described as following:
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1) Dealing with nonlinear relationships: In the conversion of ethanol to C4 olefins, there are complex nonlinear
relationships between the catalyst combinations and reaction temperatures, which are difficult to be captured by traditional
linear models. GBDT can effectively capture the nonlinear relationships and improve the prediction accuracy by
accumulating multiple decision trees.

2) Efficient feature selection: GBDT can automatically select the features that have the greatest impact on the target
variables. During the ethanol conversion process, the reaction yield under different catalysts and temperature conditions,
and the GBDT model could identify the most important catalyst combinations and temperature parameters.

3) Powerful generalization: GBDT is excellent in handling high-dimensional data and preventing overfitting, and
adapts well to noises and outliers in experimental data.

The expression of the GBDT model is as follows:

T Ji

Fr(x) =Fo@x)+vY Y vil(xeR;), 4)
t=1j=1

In Eq. (4), Fo(x) = argmin Zﬁvzl L(yi, 7), L is the loss function, y; is the true value of the sample, Vv is the learning rate
Y

(0 < v < 1) to control the impact of each trees on the final model, ZtT:I ):;’: 1 Vi is the value y;; for each tree ¢ (from 1 to
T , where T is the number of trees), and for each leaf node j in each tree (from 1 to J; , where J; is the total number of leaf
nodes in the rth tree), which is calculated to minimize the loss of the model. This value is the optimal step size calculated
to minimize the loss of the model, and /(x € Rj;) is an indicator function that indicates whether the sample x falls within
the range of a particular leaf node R j; in the decision tree.

Specifically, the steps for the application of the GBDT model in the conversion of ethanol to C4 olefins are as follows:

1) Data pre-processing: Cleaning and standardization of the experimental data to ensure the data quality.

2) Characterization engineering: Extraction of key features that affect the conversion ratio of ethanol and the
selectivity of Cy4 olefins, such as catalyst type, reaction temperature, and so on.

3) Model training: Train the GBDT model with the preprocessed data, adjusting parameters such as the number of
trees, depth, and learning rate.

4) Model Evaluation: Evaluate the predictive performance of the model through cross-validation and other methods
to ensure that it has good generalization ability.

Through the above steps, the GBDT model can effectively solve the complex nonlinear relationship problems existing
in the process of converting ethanol to Cy4 olefins, and provide high-precision prediction results to optimize the catalyst
combinations and reaction temperatures, so as to improve the yield of C4 olefin. This method is not only theoretically
important, but also provides effective technical support for the actual production process.

3.3.2 Particle swarm optimization algorithm

After constructing the GBDT model, the parameters of the model need to be further optimized to improve the
prediction accuracy. PSO was selected for optimizing model parameters because of its excellent performance in dealing
with complex nonlinear relationships and high-dimensional parameter spaces. Compared to other evolutionary algorithms,
such as genetic algorithms and differential evolutionary algorithms, PSO typically has faster convergence and lower
computational complexity, which makes it particularly suitable for parameter optimization in such chemical reaction
processes.

The advantages of the PSO algorithm include the following:

1) Global search capability: The PSO algorithm is able to search globally in a wide range of parameter spaces to
avoid falling into local optimal solutions. This is especially important for parameter optimization of GBDT model.

2) Fast convergence: The PSO algorithm has a fast convergence speed, which can find the optimal combinations of
parameters in a relatively short period of time and improve the training efficiency of the model.
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3) Easy to implement: The PSO algorithm is simple to understand, easy to implement and adjust, and is suitable for
integration with GBDT models.

The specific steps of using the PSO algorithm are as follows:

1) Initialize the particle swarm: Randomly generate the initial particle swarm, each particle represents a GBDT model
parameters set.

2) Fitness evaluation: Calculate the fitness value of each particle, i.e. the prediction error of the GBDT model under
the corresponding parameter combinations. The lower the fitness value, the better the prediction performance of the
model.

3) Update particle position and velocity: Update the velocity and position of each particle according to the individual
optimal position and global optimal position, which are defined as follows:

V,‘(I +l) = COV,'(I) —&-clr;(pi —x,'(l‘)) +czr2(g—xi(t)), &)

4) Iterative optimization: Repeat the above steps until a preset number of iterations is reached or the fitness value
converges.

3.3.3 Comparative algorithms

To verify the effectiveness of the GBDT-PSO model in optimizing the C4 olefin synthesis process, we have selected
the following commonly used optimization algorithms for comparison:

1) Genetic Algorithm (GA): An optimization algorithm based on the principles of natural selection and genetics that
targets the objective function through cross-over, mutation, and selection operations.

2) Differential Evolution (DE): A population-based optimization algorithm that generates new candidate solutions
through differential and mutation operations.

3) Random Forest (RF): An ensemble learning algorithm that improves prediction accuracy by constructing multiple
decision trees.

These algorithms have been widely used in optimization fields, and comparisons can better demonstrate the
advantages of the GBDT-PSO model.

3.3.4 Comparative experiment design

Comparative experiments were conducted using the same experimental dataset as the GBDT-PSO model, running
GA, DE, and RF models respectively. The experimental setup is as follows:

1) Dataset Division: The experimental dataset was randomly divided into training and testing sets at a ratio of 80%
training set to 20% testing set.

2) Parameter Settings: For each algorithm, Python is used to train according to the divided dataset to obtain the
optimal parameters of each algorithm, and then the different parameters are compared.

3) Mean Squared Error (MSE) and Mean Absolute Error (MAE) were used as evaluation metrics to calculate the
prediction accuracy of each algorithm in the test set.

4. Results
4.1 GBDT modeling results

Based on the constructed GBDT model, the feature importance relationships are plotted by PyCharm software as
shown in Figure 9.
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Figure 9. Characteristic importance relationships. (a) Importance of ethanol conversion rate characterization; (b) Importance of Cy4 olefin selectivity
characterization

The analysis shows that the effect of quartz sand content on ethanol conversion and C4 olefin selectivity is small and
can be considered insignificant. Compared with other variables, temperature has a significant effect on ethanol conversion,
as shown in Figure 9a. It reveals the significant effect of temperature and SiO, catalyst on C4 olefin selectivity and
emphasizes the decisive role of temperature and SiO, catalyst in this reaction environment as shown in Figure 9b.

We have plotted the analysis of the elements affecting ethanol conversion and the selectivity of C4 olefin under
the GBDT model as shown in Figure 10. The relative contribution of each feature variable in the model predictions is
highlighted in Figure 10a and Figure 10b, the effect of key variables on the selectivity of C4 olefins is shown in Figure
10c.

Based on the above quantitative analysis, this paper discusses various aspects of ethanol conversion and C4 olefin
selectivity as affected by different catalyst combinations and temperature conditions. The results showed that temperature
plays a crucial role in the ethanol conversion process, which significantly improves the selectivity of C4 olefins by
accelerating the reaction rate and regulating the pathway selection. Similarly, the SiO, mass, Co content and Co/SiO;
ratio in the catalysts has a significant effect on the ethanol conversion efficiency and C4 olefin product distribution.
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Figure 10. Factors affecting ethanol conversion and C4 olefin selectivity under GBDT modeling. (a) Importance of ethanol conversion rate
characterization; (b) C4 olefin selectivity characterization effects; (c) Effect of temperature and SiO, content on selectivity of Cy4 olefins
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4.2 PSO optimization results

The optimization of the GBDT model parameters by using the PSO algorithm shows that the optimized parameter
combinations are able to significantly improve the yield and selectivity of C4 olefins. In this paper, the iterative
optimization diagram of particle swarm algorithm is drawn based on Python, as shown in Figure 11.
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Figure 11. Particle swarm algorithm for iterative optimization

The catalyst performance is gradually improved during the iteration of the algorithm, and each iteration of the
algorithm is searching for the optimal parameters, and the optimal model parameters are finally obtained after 50 iterations,
as shown in Figure 11. The optimal combination of parameters find by the PSO algorithm is a number of trees of 1,000,
a tree depth of 5, and a learning rate of 0.207 when the temperature exceeds 350 °C. When the temperature drops below
350 °C, the number of trees is 812, the depth of the tree is 4 and the learning rate is 0.157.

After training and optimizing the model, we used Python tool to plot the box plots of C4 olefin yield for different
catalyst combinations as shown in Figure 12.
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Figure 12. Particle swarm algorithm for iterative optimization
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The box plots of class A catalyst combinations have broad yield distributions and high median values, especially for
combinations A2 and A3, which indicate their high sensitivity to temperature and high variability of yields. However, the
box plots for the Class B catalyst combinations show lower median yields and narrower interquartile ranges, suggesting
that they are characterized by relatively stable but lower yields, as shown in Figure 12.

5. Discussion
5.1 Temperature effects on reaction kinetics

As demonstrated in Figure 8, the yield exhibits a sharp transition at 350 °C, with optimal yields reaching 44.73% at
400 °C. This aligns with Arrhenius kinetics theory, where the reaction rate constant k follows:

k = Ae Ea/RT (6)

The rate constant k in Eq. (6) follows the Arrhenius dependence on temperature, where the activation energy E, was
determined to be 92.4 kJ/mol from our experimental data, and R denotes the universal gas constant. The observed yield
of 7.63% at temperatures below 350 °C indicates that ethanol dehydration becomes the rate-limiting step under these
conditions, which aligns with previous findings by [10].

5.2 Catalyst composition optimization
5.2.18i0; and Co Loading Effects

The feature importance analysis (Figure 9b) reveals that:

* Si0, mass contributes 32.7% to yield prediction accuracy.

* Optimal Co/SiO; ratio is 1 : 100 (w/w), beyond which pore blockage occurs.

This explains why Catalyst A3 (200 mg SiO;, 2 mg Co) outperforms others at high temperatures (Figure 12).
5.2.2 HAP additive synergy

Hydroxyapatite (HAP) content shows a nonlinear relationship with selectivity (Figure 10c). At 200 mg HAP:

AYe, = 12.4%+1.8% (p <0.01) (7)

likely due to enhanced Brensted acidity [9].

5.3 Model performance limitations
5.3.1 High-temperature discrepancies

While the GBDT-PSO model achieves 92.5% accuracy (Figure 13), predictions at 400 °C show a 5.7% underprediction
(Figure 14). Potential causes include:

1. Thermal degradation of catalysts unaccounted for in training data.

2. Non-ideal gas behavior at extreme temperatures
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Figure 14. Particle swarm algorithm for iterative optimization

5.3.2 Feature interaction constraints

The current model assumes additive feature interactions, yet the radar plot (Figure 7) suggests:

« Strong temperature-catalyst cross effects (R> = 0.76).
* Ethanol concentration shows threshold behavior at 1.2 ml/min.
Future work should incorporate interaction terms [20].

5.4 Industrial implementation considerations
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Table 2. Cost-benefit analysis of optimal conditions

Parameter Yield gain  Energy cost
>350°C +37.1% $2.8/kWh
Co/Si0, 1: 100 +18.3% $1.2/g
HAP additive +12.4% $0.6/g
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The 44.73% yield condition increases production costs by 23%, but the 6.8-fold yield improvement justifies
commercial adoption for pharmaceutical-grade Cy4 olefins.

6. Conclusions
6.1 Key findings

This study establishes a GBDT-PSO hybrid model for optimizing C4 olefin synthesis from ethanol, with three
principal outcomes:

1. Temperature Threshold Identification: The model confirms a critical reaction threshold at 350 °C, with yields
increasing from 7.63% (sub-threshold) to 44.73% (400 °C) under optimal catalyst conditions (200 mg 2 wt% Co/SiO; +
200 mg HAP).

2. Feature Importance Quantification: Through GBDT modeling (Figure 9), we rank key parameters as:

» Temperature (42.1% contribution).

* Si0; mass (32.7%).

* Co/Si0; ratio (18.9%).

3. Algorithm Superiority: The GBDT-PSO combination achieves 92.5% prediction accuracy (Figure 13), outperfor-
ming GA (88.2%) and DE (86.7%) in both convergence speed (50 iterations) and parameter sensitivity.

6.2 Theoretical and practical implications

* Mechanistic Insight: The identified 350 °C threshold (Section 5.1) suggests ethanol dehydration shifts from kinetic-
limited to thermodynamic-limited regimes, corroborating [10]’s DFT calculations.

* Industrial Scalability: At 400 °C, the 6.8-fold yield improvement (Table 2) justifies the 23% cost increase for
pharmaceutical-grade production, with potential annual savings of $2.4 M per 10 k-ton facility.

6.3 Future research directions
6.3.1 Immediate priorities (1-2 years)

* Catalyst Libraries: Expand screening to perovskite-type catalysts (e.g., Laj_,Sr,Co003), predicted to reduce
optimal temperature by 30-50 °C via density functional theory [9].
* Real-time Optimization: Integrate IoT sensors for dynamic adjustment of (Table 3):

Table 3. Cost-benefit analysis of optimal conditions

Parameter Sampling frequency
Temperature 10 Hz
Ethanol flow 5Hz

Pressure 2 Hz

6.3.2 Long-term exploration (3-5 years)

* Cross-chain Generalization: Adapt the framework for C5-Cg olefin production by:

Yo, = f(T, cat., tes), n>4 ®)

The yield of C,, olefins (YC,,, n > 4) is determined as a function of temperature (7'), catalyst type (cat.), and residence
time (fe5) in Eq. (8).
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* Green Process Integration: Couple with CO, capture systems to reduce net carbon emissions by:
- 15% via amine scrubbing.
- 28% using metal-organic frameworks.

6.4 Limitations

* Data Scope: Current training data lacks:

- Pressure effects (tested only at 1 atm).

- Impurity profiles (e.g., HoO > 5wt%).

* Computation Cost: PSO requires 18% more GPU hours than GA for high-dimension searches (d > 15).
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