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Received: 4 August 2025 Abstract: Hydrocracking is a critical refining technology for upgrading heavy oils,
Revised: 29 August 2025 where catalyst selection and operating condition adjustment are crucial for
Accepted: 28 September 2025 enhancing catalytic performance and product quality. Currently, this matching
Published: 24 October 2025 process relies heavily on the experimental method, which is time-consuming and

resource-intensive. Data-driven methods provide a solution for this problem.
However, the application of data-driven methods demands specialized data science
expertise. This work utilized GPT-4 as an Al assistant to facilitate the development
and interpretation of data-driven models for hydrocracking catalysis, establishing
the relationship between catalyst properties, feedstock characteristics, operating
conditions, and hydrocracking tail oil properties. Gradient-weighted class
activation mapping was employed to identify key factors influencing the properties
of tail oil. Based on the model’s prediction, the impacts of replacing catalysts and
adjusting operating conditions on tail oil properties were explored. The framework
in this study is expected to reduce experimental iterations by 60%, highlighting the
potential of Al in optimizing hydrocracking processes and offering valuable
insights for industrial applications.
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1. Introduction

Hydrocracking, a vital technology in petroleum refining, has the remarkable ability to convert heavy oils into
lighter petroleum products, including light and heavy naphtha, as well as tailings [1]. This process is crucial for
maximizing the value of heavy oils and meeting the increasing energy demand [2]. To obtain the desired
hydrocarbons, one of the key factors is the use of high-performance hydrocracking catalysts [3—7]. To fully utilize
the catalyst’s performance and improve product properties, it is essential to match the catalyst with the feedstock’s
properties and the operating conditions. Currently, this process relies on experiment methods. Researchers have
optimized key parameters of hydrogenation reactions over different catalysts using response surface methodology
and central composite design, significantly enhancing the yield and selectivity of multiple products [8,9].
Unfortunately, this trial-and-error process is inefficient and costly.

Machine learning technology has shown great potential in optimizing catalytic processes. To optimize the
operating conditions of hydrocracking units and improve the target product yield, Peng et al. established an
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interpretable machine learning framework for analyzing their association, which can serve as a valuable reference
for regulation in actual production [10]. Similarly, other researchers have established the relationship between
catalyst structure and hydrocracking reaction performance using machine learning modeling, achieving rapid
prediction of molecular sieve performance and identifying key determinants [11,12]. However, catalyst
performance is mostly measured in terms of conversion or yield [13—15], which lacks the description of product
properties, and there may be interactions between variables such as catalyst properties and operating conditions,
so it is necessary to consider these variables comprehensively and systematically, so that researchers can be aware
of the relationship between feedstocks, catalysts, operating conditions, and product distribution. Additionally,
building data-driven models requires a certain level of specialized domain knowledge and coding skills, which
may pose a significant challenge to researchers and limit broader adoption in industrial settings.

In recent years, artificial intelligence (Al) has been widely applied in the field of chemistry, changing the
traditional mode of scientific research. Al accelerates the process of chemical research by searching chemical space,
improving computational models, and providing support for the automation of experimental methods [16-18]. As a
transformative tool in various fields, large language models (LLMs) have been quite successful in improving research
efficiency. This is evident in applications such as literature data mining [19-21], assisting in robot design [22,23],
and guiding experimental design [24-26]. Among them, prompt engineering explicitly communicates human ideas
to LLMs through well-designed hints, guides LLMs to generate specific output content, and turns ideas into reality
with significant efficiency [27,28], effectively overcomes knowledge gaps from different domains, and allows
researchers to quickly get started without sufficient knowledge of related skills to speed up their research. Despite
these advancements, current research lacks a comprehensive analysis that integrates catalyst properties, operating
conditions, and product characteristics, hindering the further improvement of hydrocracking catalytic processes.

In this study, GPT-4 was used in combination with prompt engineering to assist in the development of neural
network models for hydrocracking catalysts. The models utilized catalyst properties, operating conditions, and
feedstock properties to predict the properties of hydrocracking tail oil. Relevant experimental data were collected
from the laboratory of a Chinese refinery. After data cleaning and augmentation, the neural networks were
constructed with the help of GPT-4 to capture the complex relationships among these factors accurately. The
correlation was then interpreted by Grad-CAM visualization technology to reveal the key influencing factors.
Finally, based on the excellent CNN model, the catalysts and operating conditions were optimized under the
existing combination of conditions. This Al-assisted research on hydrocracking catalysts is expected to provide an
efficient strategy for catalyst design and optimization of operating conditions, thereby improving overall process
efficiency. The related workflow is illustrated in Figure 1.
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Figure 1. Flowchart of the content of this paper.
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2. Methods

2.1. Data Preprocessing

A total of 43 sets of experimental data were collected and organized from the laboratory of a Chinese refinery,
covering four brands of hydrocracking catalysts. To optimize the matching between catalysts, feedstocks, and
operating conditions, a total of 27 features in three categories were selected as input variables based on the
engineering experience, as detailed in Table 1. The properties of tail oil were chosen as the output variables, as
listed in Table 2.

Table 1. Input features of ANNs.

Category Variable Abbreviation Unit
Packing density PPD g/cm®
Si/Al ratio of molecular sieve SAR mol%
Properties of catalyst Unit cell constant of molecular sieve vcc nm
Relative crystallinity of molecular sieve RC %
Molecular sieve content Cus m%
Space velocity N2 h!
Operating conditions Hydrogen.-to—oil volume ratio HOVR -
Reaction temperature Tr °C
Reaction pressure Pr MPa
Density, 20 °C 5 g/cm’
Distillation range, initial boiling point DPhp °C
Distillation range, 10% distillation point DPfy, °C
Distillation range, 30% distillation point DP%y, °C
Distillation range, 50% distillation point DPZy, °C
Distillation range, 70% distillation point DPy, °C
Distillation range, 90% distillation point DP&y, °C
Distillation range, 95% distillation point DPL, °C
Properties of feedstock Carbon residue value CCR m%
Bureau of mines correlation index BMCIF -
Sulfur content Ms m%
Nitrogen content My m%
Carbon content Mc m%
Hydrogen content My m%
Paraffin content Mcu m%
Naphthene content Mcu m%
Aromatic content Mur m%
Gum content Mgy m%

Table 2. Hydrocracking tail oil properties as output features of ANNs.

Variable Abbreviation Unit

Density, 20 °C pTo g/em’
Distillation range, 10% distillation point DP!%, °C
Distillation range, 30% distillation point DPI%, °C
Distillation range, 50% distillation point DPI%, °C
Distillation range, 70% distillation point DPLS, °C
Distillation range, 90% distillation point DPI%, °C

Bureau of mines correlation index BMCI™® -

After deleting the blank values, 27 groups of available data remained, which was a relatively small sample
size. Considering that catalyst parameters such as ppp, SAR, UCC, and RC fluctuate within specific ranges in
industrial production, data augmentation was performed accordingly. Specifically, the ranges of these variables
were determined based on long-term industrial production experience. For each group of experimental data, 20
random points within the determined ranges were selected to represent the catalyst properties. This approach
expanded the original 27 groups of data to 540 data points, which was consistent with the non-uniform nature of
catalyst properties in industrial reactors. The properties of each catalyst brand are detailed in Table 3. The dataset
was then normalized and randomly divided into test and training sets in a 2:8 ratio.
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Table 3. Range of catalyst features.

Brand pep (g/cm?) SAR (mol%) UCC (nm) RC (%) Cus (m%)
A 0.75-0.85 9.0-12.0 2.436-2.440 >85 50
B >0.9 9.0-12.0 2.448-2.453 >95 31
C 0.76-0.86 30-45 2.426-2.431 >92 28.6
D 0.9-1.00 9-14 2.435-2.438 >95 50

2.2. Prompt Engineering

In this study, prompt engineering was designed around five key aspects: role definition, task instruction,
output specification, information supplementation, and interaction requirements. The role definition clarified the
knowledge domains for GPT-4. Detailed and structured task instruction ensured a precise understanding of the
researcher’s intentions. Structured output specification enhanced the robustness and consistency of the results.
Additional information provided necessary details and behavioral constraints. Furthermore, interaction
requirements enabled it to make dynamic adjustments during tasks, preventing erroneous outputs caused by
missing information.

Three types of prompt engineering were designed to address specific tasks in the construction and
interpretation of neural network models in this paper. The first type of prompt engineering facilitated the generation
of MATLAB scripts for training and evaluating neural network models, streamlining the process and ensuring
reproducibility. The second type aided in creating MATLAB scripts for interpreting models using the Grad-CAM
method, facilitating the understanding of the decision-making process of these models. The third type was utilized
for interacting with GPT-4 to debug and refine the generated scripts. The full text of the prompt engineering is
provided in the Supplementary Materials.

2.3. Neural Networks

Three neural networks were employed in this paper.

Backpropagation (BP), proposed by Rumelhart [29], is widely used for regression tasks, specifically
numerical prediction. It consists of two main processes: the forward propagation generates the network output,
while the backward propagation computes the error gradients and updates the weights using gradient descent to
optimize the network’s performance.

The long short-term memory (LSTM) network, introduced by Hochreiter [30], represents an improvement
over traditional recurrent neural network (RNN). It modifies the structure of the hidden layer neurons and
incorporates cell to store long-term information. This architecture enables LSTM to effectively manage long-term
dependencies in sequential data, addressing the vanishing gradient problem that plagues traditional RNN.

LeNet, one of the pioneering convolutional neural networks (CNNs), was introduced by Yann LeCun for
handwritten digit recognition [31]. The convolutional operation in CNN extracts local features to capture the
spatial structure of the data effectively. Subsequently, the pooling operation reduces feature dimensions. This
addresses the issues of excessive parameters, computational complexity, and difficulty in capturing local features
in traditional neural networks for image recognition.

The neural networks were programmed using MATLAB R2023a, and their architectures are illustrated in
Figure 2. All corresponding parameters are listed in Supplementary Materials Table S1. Model performance was
evaluated using three metrics: the coefficient of determination (R?), mean absolute error (MAE), and root mean
square error (RMSE), with corresponding formulas provided in the supporting information.
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Figure 2. Architectures of neural networks used in this paper: (a) BP; (b) LSTM; (¢) CNN.
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2.4. Grad-CAM

Gradient-weighted class activation mapping (Grad-CAM), proposed by Ramprasaath R. Selvaraju [32],
serves as a visualization technique to interpret the decision-making process of CNN. It assigns weights to each
channel by calculating the global average pooling of gradients from the last convolutional layer, which
subsequently generates heatmaps that highlight the most influential regions of the input image for the model’s
predictions. Grad-CAM can be directly applied to any trained CNN model without modifying the network structure
or retraining the model, making it broadly applicable across various CNN architectures.

3. Results

3.1. Response from GPT-4

The prompt engineering was sent to GPT-4, and the corresponding responses are shown in Figure 3 and the
supporting information. When interacting with GPT-4 for debugging, either branch 1 or 2 could be chosen to
provide additional requirements to enhance the program or share runtime error messages for debugging purposes.
Taking the initial script for interpreting CNN model using the Grad-CAM method as an example, as shown in
Figure 3, GPT-4 assumed that the input features were images, whereas the actual CNN model used numerical
matrices. Therefore, branch 1 was selected to provide GPT-4 with specific information about the input variables
and the resulting response is shown in Supplementary Materials Figure S2. By generating the initial script using
the first and second types of prompt engineering and then iteratively debugging with the third type, usable data-
driven modeling scripts were readily available, lowering the technical barrier.

To generate a MATLAB script that accomplishes the tasks you described for using the Grad-CAM method on a CNN model, we will follow these
steps:

1. Load the training set and CNN model from a MATLAB data file. You'll need to ensure the file path and names of the variables in the file are
correctly specified in the script.

2. Execute Grad-CAM for each entry in the training set and for all output features (7 output features as mentioned).

3. Output the Grad-CAM results to a CSV file for each query point and each output feature.

Here’s a MATLAB script template that accomplishes these tasks:

4\ MATLAB

%

function interpret_cnn_with_gradcam() % Process heatmap for output

% Load data and model
load('model_data.mat'); % Ensure 'model_data.mat'
contains 'trainedModel' and 'XTrain'

% Assuming 'XTrain' 1is the training set and 'trained-
Model' 1is the CNN model

% Verify that the model and data are loaded correctly

disp("Model and training set loaded successfully.");

% Prepare the CSV file to store Grad-CAM results

resultsFileName = 'gradcam_results.csv';

writematrix(["Index", "Feature", "Grad-CAM Heatmap
Data"], resultsFileName);

% Execute Grad-CAM for each image and each output
feature

numImages = size(XTrain, 4);

numFeatures = 7; % Update if the number of features
changes

for i = 1:numImages

for j = 1:numFeatures
heatmap = gradcam(trainedModel,

% This example assumes you convert the
heatmap to a string or numerical format that can be saved
to CSV

heatmapData = extractHeatmapData(heatmap);

% Append results to CSV
dataToWrite = [i, j, heatmapDatal;
writematrix(dataToWrite, resultsFileName,
'WriteMode', 'append');
end

end

disp("Grad-CAM analysis completed and results
saved.");
end

function heatmapData = extractHeatmapData(heatmap)

% This function should convert heatmap to a suitable
format for CSV

% Example: Flatten and convert to string

heatmapData = num2str(heatmap(:)');
end

XTrain(:,:,:,i), "OutputFeature", j);
Notes:
« Data and Model Loading: The script assumes the training data (XTrain) and model (trainedModel) are loaded from a file named model_data.mat.
You need to make sure the actual variable names in the .mat file match those used in the script.
« Output Feature Specification: Grad-CAM is applied to each output feature individually. You should check how your model's output layers are
structured to correctly specify the output features in the gradcam function call.
« Heatmap Processing: The function extractHeatmapData should be customized based on how you want to store the heatmap data. The example
provided flattens the heatmap and converts it to a string for CSV storage, but you might need a different approach depending on your analysis
needs.
This script provides a starting point. You may need to adapt the heatmap extraction and data processing parts based on your specific model
structure and output requirements.

Figure 3. GPT-4 response for prompt engineering to assist in generating scripts for interpreting CNN using Grad-CAM.

3.2. Evaluation of Neural Networks

Figure 4 and Table 4 compare the evaluation metrics, including R?, MAE, and RMSE, of three neural network
models. As illustrated in Figure 4a, all three neural network models exhibit remarkable performance on both the
training and testing datasets in terms of the R? metric. The minimum R? values for these networks on both datasets
are observed during the prediction of BMCI™. Specifically, the R? values for BP, LSTM, and CNN on the training
set are 0.9428, 0.9235, and 0.9418, respectively, while on the testing set, they are 0.9276, 0.9125, and 0.9263,
respectively. Notably, all R? values exceed 0.9, indicating high accuracy across datasets.
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Figure 4b,c further demonstrate the performance of the models in terms of the MAE and RMSE. Contrary to
expectations, the prediction performance for BMCI is not the worst among the three models. Instead, the highest
prediction accuracy is achieved when predicting pI§. For BP, LSTM, and CNN, the MAE values on the training
set are 0.0015, 0.0021, and 0.0010, respectively. On the testing set, they are 0.0016, 0.0018, and 0.0012,
respectively. The RMSE values on the training set are 0.0019, 0.0031, and 0.0015, while on the testing set, they
are 0.0020, 0.0026, and 0.0018, respectively. When predicting BMCI™, the three models exhibit relatively low
error values. Specifically, the MAE values for BP, LSTM, and CNN are 0.2361, 0.2822, and 0.2348 on the training
set, and 0.2695, 0.3185, and 0.2747 on the testing set. The RMSE values on the training set are 0.4185, 0.4839,
and 0.4223, respectively. On the testing set, they are 0.4668, 0.5132, and 0.4710, respectively.

Among the five distillation variables of hydrocracking tail oil, the prediction accuracy for DPagy, is the
poorest. For BP, LSTM, and CNN, the MAFE values on the training set are 6.3665, 8.2244, and 2.9499, respectively.
On the testing set, they are 6.0013, 7.0472, and 3.4832, respectively. The RMSE values on the training set are
8.6014, 10.6196, and 4.1233, respectively. On the testing set, they are 8.2653, 9.3681, and 4.6981, respectively.
In contrast, the prediction accuracy for DP1%, is relatively higher. The MAE values on the training set are 3.6763,
3.8202, and 2.6921, respectively. On the testing set, they are 3.9613, 3.4817, and 3.0375, respectively. The RMSE
values on the training set are 4.8593, 4.7343, and 3.7900, respectively. On the testing set, they are 5.0587, 4.3904,
and 4.4353, respectively. Overall, as shown in Figure 4 and S3, the CNN model demonstrates the best performance
among the three models.
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Figure 4. Comparison of neural network performance parameters: (a) R?; (b) MAE; (¢) RMSE.
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Table 4. Comparison of R%, MAE, and RMSE of different models on training and test sets.

Variable Model R*(Train/Test) MAE(Train/Test) RMSE(Train/Test)
BP 0.9874/0.9845 0.0015/0.0016 0.0019/0.0020
plo LSTM 0.9674/0.9728 0.0021/0.0018 0.0031/0.0026
CNN 0.9917/0.9863 0.0010/0.0012 0.0015/0.0018
BP 0.9916/0.9900 4.4204/4.4259 6.1683/6.3035
DP[%, LSTM 0.9913/0.9908 4.6942/4.3110 6.2905/6.0458
CNN 0.9946/0.9931 3.3361/3.5338 4.9464/5.2209
BP 0.9968/0.9956 3.0931/3.3921 3.9279/4.2789
DPI%, LSTM 0.9957/0.9952 3.7213/3.6201 4.5102/4.4614
CNN 0.9968/0.9955 2.6194/2.9519 3.9050/4.3465
BP 0.9947/0.9933 3.8189/4.0403 5.1396/5.3819
DPI%, LSTM 0.9923/0.9934 4.7997/4.1776 6.1959/5.3688
CNN 0.9972/0.9968 2.7542/2.8873 3.7633/3.7165
BP 0.9951/0.9940 3.6763/3.9613 4.8593/5.0587
DPI%, LSTM 0.9953/0.9955 3.8202/3.4817 4.7343/4.3904
CNN 0.9970/0.9954 2.6921/3.0375 3.7900/4.4353
BP 0.9824/0.9830 6.3665/6.0013 8.6014/8.2653
DPIS, LSTM 0.9732/0.9782 8.2244/7.0472 10.6196/9.3681
CNN 0.9960/0.9945 2.9499/3.4832 4.1233/4.6981
BP 0.9428/0.9276 0.2361/0.2695 0.4185/0.4668
BMCI™® LSTM 0.9235/0.9125 0.2822/0.3185 0.4839/0.5132
CNN 0.9418/0.9263 0.2348/0.2747 0.4223/0.4710

3.3. Interpreting CNN with Grad-CAM

Figure 5 presents the Grad-CAM interpretation of the CNN.
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The results indicate that the overall impact of the 27 input features on the seven properties of hydrocracking
tail oil is predominantly positive, with relatively minor negative influences. Notably, the most significant negative
impact is observed for the Mgy on the DP], and DPLY),, reaching approximately —0.1. However, this negative
influence remains small compared to the positive impact of Mgy on these properties Moreover different properties
of hydrocracking tail oil are influenced by distinct primary factors. The p1¢, DP!%,, DP1%,, DPI%,, and DPI3,
are primarily affected by the properties of the feedstock, such as the distillation range, sulfur content, and nitrogen
content. Both pI%, and BMCI'® are mainly influenced by the composition of the feedstock and the properties of
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the catalyst. The detailed primary influencing factors for each output feature are listed in Table 5, which ranks the
input features based on their overall impact on the output features.

Table 5. The main influencing factors of output features.

Output Features Main Influencing Factors
2 DPEoo, DP3oys DProoy DPlooy DPfgp, DPiyos, DPssey, CCR, pgo, BMCIY, Pr, Ty, My, Ms
DPI%, BMCI", CCR, Ms, DP&,., DP&yo,, DPLoos, My, ppp
DPT BMCIF, CCR, MS, MN, Pgo, PR, TR, DPIFép,DPfO%,DP;O%,ngo%,DP%%,DPgS%,
30% HOVR
DPIY, CCR, DPlsy,, BMCIF, DPkyy,, DPloo,, DPEoos, Ms, DPSoo,, DPloy,, DPisp, plo, My, Pr,
(] TR
DPLS, Ppp, SAR, UCC, Mgy, Mg, Mc4, RC

BMCIF, CCR, Ms, DPLyy,, DPLyy,, plo, Pr, DPjgp, Tr, DPloo,, Mcu, Mg,
DPfyo, DPEyoe, Mcy
BMCI™ Mgu, Mar, BUCI', ppp, Mca, CCR, SAR, Ms, My, UCC, Mcyi, Mc, My, DPL,

DPI%,

3.4. Optimization of Catalysts and Operating Conditions

The optimized CNN model can effectively and accurately predict product properties. Therefore, the preferred
CNN model can be applied to optimize, screen and adjust the catalysts and operating conditions in the
hydrocracking reaction. Specifically, we evaluated whether better hydrocracking tail oil properties could be
achieved by either changing the catalyst brand or adjusting the operating conditions in two industrial settings. The
first scene involved selecting an appropriate catalyst before commencing production. As shown in Figure 6a, using
the feedstock and operating conditions associated with catalyst A, we randomly selected five combinations of
catalyst features for catalysts B, C, and D, and the average of the CNN prediction results was taken to represent
the potential tail oil properties for each catalyst grade. This step aimed to determine if replacing catalyst A with
catalysts B, C, or D could yield improved outcomes. The second scene was optimizing operating parameters in
daily production as the catalyst was secured. As shown in Figure 6b, using the feedstock and the same five
combinations of catalyst features associated with catalyst D, we replaced the operating conditions with those from
catalysts A, B, and C, respectively, and again averaged the predicted results from the CNN model to represent the
tail oil properties under these adjusted operating conditions. This analysis assessed whether modifying the
operating conditions could enhance the tail oil properties when using catalyst D.
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of catalyst
Brand A

CNN
Operating Betwork
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Group | Group Il Group Il |
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CNN o

Features of catalyst D Feedstock Network [ d

propenies of i

catalyst D :

[ ]

[ Operating conditions Group Il j

Figure 6. Flowchart of this section for: (a) the question of changing the brand of catalyst; (b) the question of
changing operating conditions.

Figure 7 presents the predicted values for hydrocracking tail oil properties when replacing catalyst A with
catalysts B, C, and D under constant operating conditions and feedstock properties. After changing the catalyst,
the predicted p}J values for condition groups 1, 2, 6, and 7 decrease compared to the experimental values, while
those for condition groups 3, 4, and 5 increase. Lower pI¢ indicates a higher content of light components, making
it more suitable as a feedstock for cracking to ethylene. Overall, catalyst B consistently yield the lowest p
among the three new catalysts in most condition groups. The changes in the 10% to 90% distillation points of
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hydrocracking tail oil after changing the catalyst are shown in Figure 7b—f, while the changes in distillation range
are shown in Figure 7h, calculated using Equation (1).

Distillation range = DP3%, — DPI&, (1)

Overall, except for the results of condition group 4 with all catalysts and condition groups 6 and 7 with
catalyst D, using catalysts B, C, and D generally increases DP]%, and decreases DPI%,, narrowing the distillation
range. The narrower distillation range indicates a higher proportion of light components in the hydrocracking tail
oil, which is more suitable for cracking to ethylene. The changes in the BMCI™ after changing the catalyst are
shown in Figure 7g. Except for the results of condition group 3 with catalysts B and C and condition groups 6 and
7 with catalyst D, using catalysts B, C, and D generally reduces the BMCI™®. Considering the density, distillation
range, and BMCI of hydrocracking tail oil, changing to catalyst B can produce hydrocracking tail oil that is better
suited for cracking to ethylene under the operating conditions and feedstock properties associated with catalyst A.
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Figure 7. The predicted values of CNN for each output feature when changing catalyst brands: (a) p13; (b) DP;
(¢) DPI%,; (d) DPXG,; (e) DPI%,; () DPIS,.; (g) BMCIT®; (h) Distillation range.

Figure 8 illustrates the predicted values for hydrocracking tail oil properties as operating conditions are
varied. The results indicate that the changes in the properties of hydrocracking tail oil resulting from altered
operating conditions are more complex and less consistent. As shown in Figure 8h, only condition groups 2 and 5
result in a narrower distillation range. However, as indicated in Figure 8g, only condition group 5 among these two
can reduce the BMCI™. Figure 8a shows that eight condition groups can reduce the density p3J, while Figure 8g
indicates that twelve condition groups can lessen the BMCI™. These findings suggest that optimizing operating
conditions is more challenging than changing the catalyst brand, and that simply searching for the best conditions
among existing combinations is insufficient to find the optimal operating conditions.

In summary, these analyses not only provide valuable insights into the complex relationship between catalyst
properties, operating conditions, and hydrocracking tail oil properties but also establish a critical foundation for
future quantitative research.
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Figure 8. The predicted values of CNN for each output feature when changing operating conditions: (a) p1?; (b)
DP[,; (¢) DPI%; (d) DPI%.; (e) DPI&,; () DPIS,; (g) BMCI'; (h) Distillation range.

4. Discussion

To conveniently build data-driven models for hydrocracking, Al-assisted training and evaluation of neural
networks were performed through well-designed prompt engineering. Additionally, the Grad-CAM method was
utilized to interpret the CNN model, revealing the specific impacts of different input features on hydrocracking
tail oil.

The industrial experimental data were collected from a Chinese refinery, with catalyst properties, feedstock
properties, and operating conditions selected as input features. The dataset was expanded through random sampling
within the reasonable range of catalyst properties. The CNN model predicted hydrocracking tail oil properties with
the highest accuracy. Based on the CNN model, the effects of changing catalysts and adjusting operating conditions
on the tail oil properties were qualitatively discussed, providing theoretical support for industrial practice.
Although the adjustment of operating conditions somewhat improved the properties of tail oil, the trends of tail oil
properties are more complicated. This is expected to further combine more optimization algorithms and process
knowledge for fine tuning.

Due to limited data, the current model faces a potential risk of overfitting, which may compromise its
predictive accuracy. However, the model still demonstrates the significant potential of Al-assisted catalyst
development and application. The expansion of high-quality data is crucial for model training. In the future, we
will expand the dataset to enhance the accuracy and generalizability of the model, thereby promoting the
optimization of the hydrocracking process.

Supplementary Materials

The additional data and information can be downloaded at: https://media.sciltp.com/articles/others/25102214
23305754/SCE-2508000049-Supplementary-Materials-FC-done.pdf.
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