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Abstract
Chemical vapor deposition (CVD) is widely used for the preparation of sili-
con carbide (SiC) coatings. The growth of controllable SiC coatings at desired
efficiencies is of critical importance in industrial production. In this study, we
developed a multi-source data-driven model to predict the deposition rate of
CVD-SiC coatings. To address the challenge of missing values in the training
data, we introduced a simulation-based filling (SBF) method. The correlation
between parameters and the deposition rate was analyzed using machine learn-
ing (ML) techniques. Our results demonstrate that leveraging a multi-source
dataset reduces the prediction error from 12% to 3% and improves the general-
izability beyond boundary conditions. Comprehensive Sobol sensitivity analysis
quantitatively confirmed temperature as the dominant parameter, accounting for
63% of output variance directly and 78% when including interactions. The incor-
poration ofmulti-source dataset improves the accuracy and robustness of theML
model, which also is beneficial in optimization efficiency. The framework pre-
sented here highlights the potential of data-driven approaches for guiding the
CVD-SiC process, offering a novel perspective for future research.
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1 INTRODUCTION

Silicon carbide (SiC), a third-generation semiconductor
material, exhibits considerable potential use in power
electronic devices and the aerospace industry due to its
exceptional thermal conductivity, electronmobility, break-
down voltage, and chemical stability.1–5 The capability of
SiC to maintain performance under extreme conditions,
such as high temperatures and corrosive environments,
significantly enhances the reliability and efficiency of

components in demanding applications.6–9 To fully lever-
age these remarkable properties, it is crucial to produce
high-quality SiC coatings and films.
Chemical vapor deposition (CVD) has become the

preferred method for preparing SiC due to its abil-
ity to provide uniformity, high purity, and precise
stoichiometry control.10,11 Zhao et al.12 prepared a con-
trollable SiC coating on carbon fiber (CF) through low-
pressure chemical vapor deposition (LPCVD), which
significantly reinforced hydroxyapatite (HA) composites
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(SiC-CF/HA). When 0.5 wt% of SiC-CF was added, the
bending strength increased to 28.4 MPa, nearly three
times that of pure HA sintered under identical condi-
tions. Wen et al.13 showed that CVD-SiC coating played
a crucial role in enhancing the flexural strength of PIP-
C/SiC composites. In the absence of coating, PIP-C/SiC
composites lost 29.2% of their mass, retaining only 6.74%
of the original flexural strength. In contrast, the coated
composites retained 10.2% of their mass and 23.4% of
their flexural strength. Zhan et al.14 conducted mechan-
ical tests on continuous silicon carbide fiber-reinforced
silicon carbide ceramic (SiCf/SiC) composite tubes, with
and without external CVD-SiC coatings, using a C-shaped
annular specimen geometry. They concluded that CVD-
SiC coatings and the interface between the coatings and
the SiCf/SiC composites effectively protect the composites,
improving annular tensile strength and maintaining the
integrity of the wound tube. Baux et al.15 reported that
pure and dense CVD-SiC coatings substantially improve
the mechanical strength, oxidation resistance, and ther-
mal diffusivity of the material applied in solar receivers.
However, the CVD process often involves long process-
ing times and high production costs, creating significant
challenges in process optimization and reproducibility.16,17
These limitations stem from the process’s inherent com-
plexity, where multiple variables—such as temperature,
pressure, and gas flow rates—interact in intricate ways
to influence the final product’s characteristics.18,19 Given
these challenges, there is a pressing need for more effi-
cient and reliable methods to optimize the SiC deposition
process.
Multi-physics field simulation promotes enhanced CVD

process efficiency and product quality. Bijjargi et al.20
presented a detailed 3D model consisting of the com-
pressive transport models and the reaction mechanism to
investigate the SiC film growth over a fuel combustion
nozzle in the commercial hot-wall CVD reactor. Ogawa
et al.21 reported a computational fluid dynamics (CFD)
simulation of CVD-SiC in the CH3SiCl3/H2 system, and
the MTS decomposition model was coupled with the SiC
growth model. Their coupled model successfully repro-
duced multiple datasets through validation studies. Cao
et al.22 optimized the CVD process by CFD simulation.
The effects of graphite plate placement, diameter, depo-
sition temperature, reaction gas flow, and graphite plate
rotational speed on the deposition rate, deposition unifor-
mity, surface morphology, and cross-section morphology
of the SiC coating were thoroughly studied. Zou et al.23
investigated an industrial-scale multi-substrate CVD reac-
tor for producing coated glass products using a porous
media-based modeling approach. The simulation results
showed that the gas reactant mixing in the reactor could
be improved by implementing a top-injection scheme,

introducing natural convection, and redistributing the sub-
strate surfaces. However, multi-physics field simulations
are computationally expensive and often rely on expert
knowledge. Therefore, developing a simple yet effective
model for process optimization is crucial.
Machine learning (ML) excels at uncovering complex

patterns and relationships within large datasets, and the
trained model can be employed for the parameter opti-
mization, making it especially suitable for the analysis and
optimization of processes like CVD.24,25 Kimaev et al.26
used trained artificial neural networks (ANNs) to model
the roughness and growth rate of thin films produced by
CVD, achieving orders-of-magnitude computational sav-
ings. Rajak et al.27 applied offline reinforcement learning
(RL) to predict optimal synthesis schedules for monolayer
CVD-MoS2. The RL agent, trained on 10,000 computa-
tional synthesis simulations, learned the threshold temper-
atures and chemical potentials for the onset of chemical
reactions after and predicted previously unknown synthe-
sis schedules that successfully produced well-sulfidized
crystalline, phase-pure MoS2. Xu et al.28 implemented
supervised ML for the CVD synthesis of high-quality
quasi-1D few-layered WTe2 nanoribbons, demonstrating
the effectiveness of ML in guiding the synthesis of 1D
nanostructures. Tang et al.29 developed a classification
MLmodel for chemical-vapor-grownMoS2 that optimized
synthesis conditions to achieve a higher success rate. A
major challenge in applying ML to CVD processes is
the scarcity of comprehensive training data, which can
hinder the development of accurate and reliable pre-
dictive models. Costine et al.30 manually constructed a
database from literature data on MoS2 thin films grown
via CVD. ML techniques were then applied to extract
underlying trends from the data, facilitating the formation
of MoS2 monolayers. To overcome the challenge of lim-
ited data, a multi-source approach to data collection was
adopted.
The theoretical foundation for applying ML to mate-

rials processing prediction tasks relies on the principle
that material behavior follows physical laws that create
recognizable patterns in experimental data. While tradi-
tional physics-based modeling requires explicit formula-
tion of these laws, data-driven approaches can implicitly
extract these patterns without requiring complete mech-
anistic understanding. The efficacy of such approaches
depends critically on data representativeness, feature
selection validity, and model architectural suitability. In
CVD processes specifically, the complex interplay between
transport phenomena, reaction kinetics, and thermody-
namics creates multidimensional parameter spaces that
are particularly amenable toML exploration, provided suf-
ficient data quality and domain-knowledge-guided feature
engineering are implemented.
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This work utilizes a multi-source, data-driven ML
approach to explore the complex relationship between the
process parameters and the deposition rate of CVD-SiC.
The training data were sourced from a combination of lit-
erature data and numerical simulation outcomes based on
a limited set of experimental data. To address the missing
values of literature data, we introduced a simulation-
based filling (SBF) method. After feature engineering,
model training, and hyperparameter optimization, a ML
model capable of target prediction was developed. Fea-
ture importance was extracted from the trained model,
which can be further applied for mechanistic analy-
sis and process optimization of CVD-SiC. The multi-
source data-driven ML model combines the accuracy of
numerical simulation with the efficiency and robustness
of ML, providing new insights into the exploration of
CVD-SiC.

2 DATASET

The process parameters can be broadly classified into
precursor, reactor, substrate, and growth parameters
(Figure 1A). These parameters collectively describe the
entire CVD process and can serve as inputs for an ML
model. As an efficient data analysis method, ML plays an
increasingly important role in contemporary research. The
accuracy of aMLmodel depends on the quantity and qual-
ity of the training data. However, the prohibitive costs and
extended time scale of CVD-SiC experiments have resulted
in a lack of sufficient training data, posing a significant
obstacle to the development of ML-based data analysis
model.
To address the aforementioned challenges, a multi-

source dataset was constructed (Figure 1B). A total
of 3345 data points were extracted from open-source
literature.31–68 Given the inherent variability in research
content and experimental equipment, the presence of
missing features is inevitable. Incomplete features can
degrade model performance, making this another issue
that needs to be addressed. To tackle this issue, we
proposed a simulation-based filling (SBF)method formiss-
ing value imputation. The implementation steps are as
follows:

1. conducting typical CVD-SiC experiments to obtain
experimental data;

2. modelling of CVD-SiC reactor and optimiza-
tion of model parameters based on experimental
data;

3. parametric scanning of the model to obtain simulation
data with complete features;

4. missing value filling based on simulation data.

2.1 Experiment

Honeycomb graphite blocks with a diameter of 20mm and
a thickness of 10mmwere employed as the deposition sub-
strate. The blocks were polished, ultrasonically cleaned,
and dried before use. MTS was selected as the source gas,
with H2 as the carrier gas, and Ar as the diluent. MTS was
then heated and vaporized into the reaction chamber with
H2. The reaction chamber was cylindrical in shape, with
dimensions of Φin42 × Φout46 × 60 mm. The deposition
temperature varied from 1573 to 1673 K, pressure from 6 to
24 kPa, and α from 5 to 20. The reactor equipment diagram
of CVD is shown in Figure 2.

2.2 Multi-physics simulation

The epitaxial growth of SiC is a complex process that
exhibits a dependence on various factors, including the
temperature, flow, and chemical reaction. Consequently,
a multi-physics simulation was conducted, employ-
ing a thermal-fluid-chemical model and the following
equations: continuity, momentum, energy, and species
transport.
The continuity equation and momentum equation are

as follows:

∇ ⋅ (𝜌𝒖) = 0 (1)

𝜌 (𝒖 ⋅ ∇)𝒖

= −∇𝑝 + ∇ ⋅

[
𝜇
(
∇𝒖 + (∇𝒖)

𝑇
)
−

2

3
𝜇 (∇ ⋅ 𝒖) 𝑰

]
+ 𝑭

(2)

where ρ is the mass density, u is the gas mixture velocity,
p is the total fluid pressure, μ is the dynamic viscosity, I is
the unit tensor, and F represents the gravity.
The energy equation is expressed as follows:

𝜌𝐶𝑝𝒖 ⋅ ∇𝑇 + ∇ ⋅ 𝑞 = 𝑄 (3)

𝑞 = (−𝑘∇𝑇) (4)

where Cp is the fluid heat capacity, T is the deposition
temperature of the fluid, q is the Fourier heat conduction,
k is the thermal conductivity, and Q is the internal heat
source term, including reaction heat, radiant heat, and
other user-defined terms.
Species transport equation can be expressed as follows:

∇ ⋅ 𝑗𝑖 + (𝒖 ⋅ ∇) 𝑐𝑖 = 𝑅𝑖 (5)

𝑗𝑖 = −𝐷𝑖∇𝑐𝑖 (6)
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F IGURE 1 (A) Schematic of the chemical vapor deposition (CVD) process; (B) establishment of multi-source dataset.

where Di, ∇ci, and Ri represent the diffusion coefficient,
molar concentration, and reaction rate of gas component i,
respectively.
The density of themixed gas is expressed by the ideal gas

equation:

𝜌 =
𝑃𝑀

𝑅𝑇
(7)

𝑀 =

𝑁∑
𝑖=1

𝑥𝑖𝑀𝑖 (8)

whereM is the molar mass of the mixed gas.

At the substrate–gas interface, we implemented com-
prehensive boundary conditions to accurately capture
the physical phenomena. For momentum transport, a
no-slip wall condition (u = 0, v = 0) was imposed.
For species transport, we applied a flux boundary con-
dition coupling surface reactions with bulk diffusion:
−𝐷𝑖∇ 𝑐𝑖 = 𝑅𝑖 , where 𝑅𝑖 represents the temperature-
dependent surface reaction rate. To ensure accurate res-
olution of the steep thermal and concentration gradients
near the substrate surface, we employed boundary layer
mesh refinement validated through grid independence
studies.
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F IGURE 2 Chemical vapor deposition (CVD) reactor
equipment diagram.

2.3 Imputation

A variety of imputation methods were employed to
address missing values, including simple imputation, mul-
tiple imputation by chained equations (MICE),69–71 lin-
ear regression imputation,72 K-Nearest Neighbor (KNN)
regression imputation,73 and random forest regression
imputation.74
In the case of simple imputation, missing values are

filled using measures of central tendency, such as the
mean,median, ormode.MICE is a Bayesian-basedmethod
that employs a series of iterative predictive models to
impute missing values. In this approach, each iteration
uses the remaining variables in the dataset to estimate
the variable with missing values, continuing until con-
vergence. Linear regression imputation addresses missing
values by creating a linear combination of features, aim-
ing to minimize the error between imputed and actual
values through the identification of an optimal line or
plane/hyperplane. KNN regression imputation calculates
the distances between the sample in the descriptor hyper-
space and the training data, determining the target value
as the average of the k-nearest neighbors. Random forest
regression imputation constructs multiple decision trees,
which are then aggregated through weighted averaging to
determine the final target value. It should be noted that
regression-based imputation methods are only effective
when a complete feature dataset is available.

The statistical validity of each imputation method was
carefully evaluated. Among iterative methods, MICE was
implemented with 300 iterations to ensure convergence,
given the moderate dataset size and our feature engineer-
ing approach. The error propagation between imputation
methods and subsequent modeling was systematically
analyzed through a comparative evaluation matrix of all
63 possible combinations (7 imputation methods × 9
training models), with performance assessed via fivefold
cross-validation to ensure robust evaluation.

3 MACHINE LEARNING

In addition to the previously mentioned regression
methods—linear regression,75 KNN regression, and ran-
dom forest regression, several other commonly used
regression algorithms were employed in this study.76,77
One such method is support vector regression (SVR),78
which constructs a model of minimal complexity by
introducing the ε-insensitive loss function. This approach
ensures that the most prediction errors fall within the
ε-range, focusing only on errors that exceed this thresh-
old. Ensemble learning methods such as AdaBoost and
gradient boosting decision trees (GBDTs) are widely used
to enhance the accuracy of regression tasks.79 AdaBoost
works by adjusting the weights of samples, enabling sub-
sequent models to concentrate more on difficult-to-predict
samples, ultimately combining multiple weak learners
into a strong learner. In contrast, GBDT employs a gra-
dient boosting strategy, where decision tree incrementally
fits the residuals of the previous models, and the results
of all trees are weighted collectively to yield the final
prediction. Both methods aim to generate more pow-
erful models by augmenting weak learners to improve
regression accuracy. Neural networks (NNs),70 with their
multi-layer architecture comprising input, hidden, and
output layers, automatically learn complex nonlinear rela-
tionships between input features and output values. By
using forward propagation to calculate predictions and
evaluating errors with a loss function, NNs adjust weights
through backpropagation and gradient descent. This itera-
tive optimization process minimizes errors, facilitating the
efficient prediction of continuous target values.
For handling potential collinearity between input

parameters, particularly between gas flow rates, we
implemented method-specific approaches. Linear models
utilized regularization techniques (Ridge and Lasso) to
mitigate multicollinearity effects. NN models incorpo-
rated Dropout layers to prevent overfitting to potentially
collinear features. Tree-based models naturally mitigate
collinearity concerns through their splitting mechanisms
that implicitly perform feature selection.

 15512916, 2025, 9, D
ow

nloaded from
 https://ceram

ics.onlinelibrary.w
iley.com

/doi/10.1111/jace.20616 by South C
hina U

niversity O
f T

echnology, W
iley O

nline L
ibrary on [21/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



LIU et al. 6 of 17

TABLE 1 The models employed for training and their
hyper-parameters.

Model Hyper-parameters
Ridge “alpha”: (1e-2, 1e3)
Lasso “alpha”: (1e-2, 1e2)
RandomForestRegressor “n_estimators”: (10, 200),

“max_features”: [“sqrt”,
“log2”, None],
“max_depth”: (3, 20),
“min_samples_split”: (2, 11),
“min_samples_leaf”: (1, 5)

SVR “C”: (1e-1, 1e2),
“kernel”: [“rbf”, “linear”],
“gamma”: (1e-4, 1e0)

KNeighborsRegressor “n_neighbors”: (1, 20),
“weights”: [“uniform”,
“distance”],
“p”: [1, 2] # Manhattan or
Euclidean distance

AdaBoostRegressor “n_estimators”: (50, 300),
“learning_rate”: (1e-3, 1),
“loss”: [“linear”, “square”,
“exponential”]

GradientBoostingRegressor “n_estimators”: (50, 300),
“learning_rate”: (1e-3, 1),
“max_depth”: (3, 15),
“subsample”: (0.5, 1),
“min_samples_split”: (2, 21),
“min_samples_leaf”: (1, 11)

PyTorchRegressor “hidden_dim”: (16, 256),
“hidden_layers”: (1, 5),
“activation”: [“relu”, “tanh”],
“optimizer”: [“adam”,
“rmsprop”],
“learning_rate”: (1e-4, 1e-2),
“batch_size”: (16, 256),
“epochs”: (2000, 4000)

The selection of hyperparameters, including maximum
depth, learning rate, and network architecture, directly
affects model performance. Hyperparameter optimization
helps identify the optimal configuration that maximizes
the model’s learning potential. A systematic search and
adjustment of the hyperparameters can effectively miti-
gate overfitting and underfitting, thereby enhancing the
model’s generalization capacity and improving its pre-
dictive accuracy. In this study, hyperparameter optimiza-
tion was conducted via random search, which involves
constructing models based on randomly sampled com-
binations of hyperparameters across the hyperparameter
space. The models employed for training and their hyper-
parameters are shown in Table 1.
The dataset is randomly shuffled before splitting to

ensure a more uniform distribution of data points. This

step helps mitigate the impact of any inherent biases or
non-uniform patterns in the dataset. After shuffling, the
dataset is split into training, validation, and test sets using
a random partitioning method. To further enhance the
robustness of the model evaluation, cross-validation is
employed. In cross-validation, the dataset is divided into
multiple folds (e.g., five-fold), and the model is trained
and validated iteratively on different subsets of the data.
This approach provides a more reliable estimate of the
model’s performance by reducing the influence of any
specific data split and ensuring that the evaluation is
representative of the entire dataset. By combining ran-
dom shuffling, random partitioning, and cross-validation,
the process significantly reduces the risk of non-uniform
data distribution affecting the model’s performance and
generalizability.
A total of 50 training iterations were conducted, with the

results evaluated using five-fold cross-validation to assess
the model performance. Mean absolute percentage error
(MAPE) and rootmean square error (MSE)were employed
to assess the closeness of prediction values and measured
values.

MAPE =
100

𝑛

𝑁∑
𝑖=1

|𝐸𝑖 − 𝑃𝑖|
𝐸𝑖

(9)

RMSE =

√√√√100

𝑛

𝑁∑
𝑖=1

(𝐸𝑖 − 𝑃𝑖)
2 (10)

where Ei is the measured experimental value, Pi indicates
the ML model predicted result, and n refers to the total
number of sample points.
Parameter analysis was conducted using the Mantel test

and SHapley Additive exPlanations (SHAP). The Mantel
test is a statistical method used to determine if there is a
non-randomassociation between two sets of variables.80–83
This test involves the following steps:

1. construct distance matrices for each of the two sets of
variables;

2. compute the correlation between these distance matri-
ces using Pearson’s correlation coefficient or Spear-
man’s rank correlation coefficient;

3. randomly shuffle the row and column labels of one dis-
tance matrix and recalculate the correlation with the
other matrix. Repeat this process multiple times to gen-
erate a distribution of correlation coefficients under
random conditions;

4. compare the original correlation coefficient (from
step 2) with the distribution of random correla-
tion coefficients. If the original coefficient is signifi-
cantly higher than most of the random coefficients
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(Mantel’s p< 0.05), it indicates a significant association
between the two distance matrices.

SHAP is a game theory-basedmethodused to explain the
contributions of individual features to the predictions of an
ML model.84–87 The basic idea of SHAP is to use Shapley
values to quantify the impact of each feature on the out-
put of the model. A positive SHAP value indicates that the
feature has a positive influence on the prediction, while a
negative SHAP value indicates a negative influence. The
SHAP value Φ𝑖 of a feature 𝑥𝑖 can be calculated using the
following formula:

Φ𝑖 =
∑

𝑆⊆𝑁[𝑖]

|𝑆|! (|𝑁| − |𝑆| − 1)!|𝑁|! [𝑓 (𝑆 ∪ {𝑖}) − 𝑓 (𝑆)] (11)

where N is the set of all features and 𝑓(𝑆) is the predicted
value of the model on a subset S.
Inverse parameter optimization (IPO) in this study

focuses on identifying optimal input parameters to max-
imize the predicted output of a pre-trained ML model,
reversing the conventional predictive modeling work-
flow. Unlike forward prediction models, IPO searches the
input parameter space for combinations that optimize
deposition rate. The selected model, chosen through R2-
based evaluation, ensures robust predictive performance.
The algorithm incorporates dynamic iteration scaling that
increases search intensity when performance improves by
over 70% and stagnation detection, with termination cri-
teria set at either reaching a maximum iteration or 10
consecutive iterations without significant improvement. A
random search strategy is employed over gradient-based
methods due to its ability to handle mixed continuous and
discrete parameters, avoid local maxima in non-convex
optimization through stochastic sampling, maintain com-
patibility with black-box models, and eliminate gradient
computation challenges, ensuring stability and flexibility
across diverse model architectures.

4 RESULTS AND DISCUSSION

The distribution of target data (deposition rate in log scale)
for the original dataset is shown in Figure 3. The his-
togram demonstrates a skewed distribution with the mean
(24.19) greater than the median (6.25), confirming the
right-skewed nature of the data. The standard deviations
and extreme values indicate considerable variability, sug-
gesting a more dispersed distribution. The Kernel Density
Estimation (KDE) curve and the cumulative distribution
function both indicate that the target data aremore densely
populated in the low value region (to the left), indicating
that the majority of data points are clustered at smaller

deposition rates. However, a few higher outliers raise the
mean values.
The training results obtained using different regression

models after simple imputation (mean,mode, andmedian)
are presented in Figure 4. The model evaluation metrics
are the R2 values after fivefold cross-validation. As shown
in the figure, the training results can be grouped into three
categories: the first category is random forest, KNN, GBDT
and NN, with R2 values around 0.8; the second category
includes SVR and AdaBoost, with R2 values below 0.6;
and the last category consists of linear regression, ridge
regression, Lasso regression, with R2 values below 0.4. The
simple imputation strategy has a relatively minor impact
on the ultimate performance of the model. The model that
demonstrated superior performance was the NN model
with mode imputation, which exhibited an R2 value of
0.783.
The deposition rate was predicted using the NN with

mode imputation, and subsequently fitted to the experi-
mental values. The resulting fit is presented in Figure 5,
which shows an R2 value of 0.7986 and MAPE of 12%.
The relatively high error highlights the limitations of
simple imputation. While simple imputation is computa-
tionally straightforward, it often overlooks the true distri-
butional characteristics, which can reduce variability and,
in turn, degrade model performance. Furthermore, sim-
ple imputation is insufficient for capturing the correlations
between variables, particularly inmultivariate analyses. To
optimize the imputation process, we proposed SBF (see
Section 2.3 for details).
Figure 6 shows the concentration distribution of the key

reactants under typical experimental conditions. Follow-
ing the transfer of the input gas through the distribution
plate, a uniform concentration distribution is achieved.
The MTS is then conveyed along the flow direction by the
combined effects of fluid convection and material diffu-
sion, with continuous decomposition and generation of
intermediate substances. The gas-phase and surface reac-
tion model employed for the reactor model is presented in
Table 2.
The selection of this simplified four-reaction mecha-

nism was based on comprehensive analysis of dominant
pathways in CVD-SiC formation. While MTS decomposi-
tion generates numerous intermediate products, including
C2H4 and SiCl2 as key species efficiently captures the
primary reaction kinetics while maintaining computa-
tional tractability. The pre-exponential factors and acti-
vation energies were initially estimated from literature
data and subsequently optimized through iterative valida-
tion against experimental deposition rates until the overall
error was reduced below 15%. This simplified approach
prioritizes computational efficiency while preserving pre-
dictive accuracy for the deposition rate. However, it is
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LIU et al. 8 of 17

F IGURE 3 Distribution of target data.

TABLE 2 Gas phase and surface reaction.

No. Reaction A (s−1 or m3/(mol∙s) n E (kJ∙mol−1)
1 CH3SiCl3 => CH3 + SiCl3 7.63E14 0 2.9E5
2 2SiCl3 + H2 => 2SiCl2 + 2HCl 3E9 0 2E5
3 2CH3 => C2H4 + H2 8E11 0 8.5E4
4 C2H4 + 2SiCl2 => 2SiC(ads) + 4HCl 1.53E5 0 3.5E5

important to acknowledge the limitations of this simpli-
fication, which may include reduced ability to predict
detailedmicrostructural evolution, incomplete representa-
tion of minor reaction pathways that could become signif-
icant under extreme processing conditions, and potential
inaccuracies in modeling transient phenomena. Neverthe-
less, for the target application of predicting deposition
rates under typical processing conditions, these limitations
have minimal impact on the model’s overall predictive
capability.
The intermediate gas concentration in Figure 6 exhibits

greater variability of the substance in the region of the
substrate. One reason for this is that the presence of the
substrate hinders the transport of gases, leading to lower
concentrations of substances on surfaces distant from the
inlet. The other factor is the surface reaction. As illus-

trated in Figure 1A, intermediate gases such as C2H4 and
SiCl2 undergo a series of processes on the surface of the
substrate, including adsorption, migration, reaction, and
desorption. The control mechanisms of these processes
vary under different conditions, resulting in the deple-
tion of intermediate gases and a significant concentration
gradient.
The deposition rate simulation data obtained from the

optimized multi-physics field simulation model exhibited
a strong correlation with experimental observations under
typical boundary conditions, with an R2 value of 0.9735
and MAPE of 4% (Figure 7). The simulation was then
refined in the data-sparse region to generate additional
data with complete features. The following experimental
parameters were simulated: temperature in 1173–1573 K,
pressure in 6–12 kPa, and α in 6–15. A total of 320 data with
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9 of 17 LIU et al.

F IGURE 4 R2 of training model with simple imputation.

F IGURE 5 Goodness of fit between experimental value and
predicted values by neural network (NN) with mode imputation.

feature completeness were generated. Missing values were
imputed using a variety of regression strategies based on
the complete feature set. The performance of the training
model is presented in Figure 8.
The fit of each training model to the dataset was

enhanced following model-based imputation, as depicted
in Figure 8. The best model was the GBDT model with
random forest imputation, which achieved an R2 value of
0.9853 and a reducedMAPE of 3%. Its fit to the experimen-
tal data is shown in Figure 9, with an improved R2 value of
0.9899.
The training dataset is composed of simulation data and

literature data. The boundary conditions of the simulation
data (Csimulation) are subordinate to those of the litera-

F IGURE 6 Concentration distribution in reactor model of (A)
C2H4; (B) SiCl2 at T = 1373 K, P = 12 kPa, α = 10, and QMTS = 100
sccm.

ture data (Cliterature), where Csimulation belongs to Cliterature
(𝐶simulation ⊆ 𝐶literature). To validate the robustness of the
predictive model, we compared the performance of the
model beyond the boundary conditions of the multi-
physics simulation (complement ofCsimulation inCliterature).
Figure 10 presents a comparison of the fits with and
without the introduction of simulation data beyond the
boundary conditions of the multi-physics simulation. As
illustrated, the R2 beyond the boundary conditions also
exhibits an improvement to 0.9746 after the incorporation
of the simulation data, which suggests an enhancement in
model robustness.
To rigorously evaluate model robustness, we conducted

a comprehensive sensitivity analysis using Sobol indices
to quantify parameter influence on deposition rate predic-
tions. Temperature emerged as the dominant parameter
(S1= 0.63, ST= 0.78), directly accounting for 63% of output
variance and explaining 78% when including interactions.
Secondary parameters like residence time (S1 = 0.07,
ST = 0.10) and Qmts (S1 = 0.06, ST = 0.16) showed
amplified influence through interactions, while param-
eters including pressure, substrate position, Qtotal, and
reactor length collectively contributed less than 10% to out-
put uncertainty. This analysis confirms that our model
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LIU et al. 10 of 17

F IGURE 7 Goodness of fit between experimental and
predicted values by reactor model.

correctly captures the physical dominance of temperature
in the CVD-SiC process.
To further validate prediction reliability, we statis-

tically analyzed model residuals. The systematic error
(bias) was 0.0342, indicating a negligible tendency to
slightly overestimate deposition rates. The random error
was 0.7974, demonstrating low variability in predictions.
Normality of residuals was confirmed through multiple
statistical tests (Shapiro–Wilk, Kolmogorov–Smirnov, and
Anderson–Darling), with all p-values exceeding the 0.05
significance threshold.
Model-based imputation offers significant advantages

over simple imputation methods, particularly in four key
areas: accuracy, generalization ability, robustness, and
interpretability. First, regression models can capture the
intricate relationships between data points by fittingmath-
ematical equations, allowing for amore accurate represen-
tation of the non-linear characteristics of the data. Second,
these models exhibit improved generalization capabili-
ties, maintaining high prediction accuracy when applied
to new, unseen data. Furthermore, regression models can
effectively reduce the impact of noise and outliers through
regularization techniques, resulting in greater robustness.
Finally, model-based imputation enhances interpretabil-
ity, as the underlying relationships between features are
more transparent compared to simple imputation meth-
ods. These advantages arise from the regression model’s
capacity to adaptively modify its parameters to accommo-
date the complexities of the data. This flexibility enables
a more in-depth and thorough data analysis through
mathematical modeling. It is evident that model-based
imputation is a more appropriate and effective approach
in scenarios that necessitate high accuracy, robust gener-

alization capabilities, and a comprehensive understanding
of the underlying mechanisms of the data.
Figure 11 presents the Mantel test of CVD-SiC process

parameters. The heat map visually illustrates the corre-
lation between distinct features, with lines indicating the
correlation between individual parameters and the depo-
sition rate. As shown in the heat map, there is a strong
correlation between QH2 (sccm), Qdiluent (sccm) and
Qtotal (sccm). In the CVD process, the gas flow rate is
typically optimized to achieve specific deposition condi-
tions, stabilizing the ratio of the component gases and
thereby creating a high degree of correlation. The p-value
(Mental’s p) is to determine whether the r-value correla-
tion coefficient is statistically significant. A p-value less
than 0.05 indicates a strong correlation between the two
variables, making the r-value significant. Parameters that
are statistically significant with respect to the deposition
rate are denoted by orange lines, with the line thick-
ness representing the strength of the correlation. This
finding was further confirmed by the subsequent feature
analysis.
To elucidate the influence of each parameter on the

deposition rate in the CVD process, a comprehensive
investigation was conducted to examine the distinct con-
tribution of each variable and its intricate impact on the
model. Figures 12 and 13 illustrate the feature impor-
tance and SHAP plots of CVD-SiC, respectively. Both
plots indicate that temperature is the primary influenc-
ing factor. In the SHAP plot, the temperature parameter
shows a transition from a positive to a negative influence
as the temperatures increases. This illustrates the non-
linear relationship between temperature and deposition
rate, highlighting the importance of temperature fluctu-
ation in the CVD-SiC process. At lower temperatures, a
moderate increase facilitates the nucleation and growth of
SiC crystals while reducing impurities and defects, thereby
benefiting the deposition. Temperature is thus considered
a beneficial factor in this phase. Elevated temperatures
often lead to an increase in by-products, impurities, and
defects, which hinder nucleation and reduce the coat-
ing quality. This shift from a positive to a negative effect
underscores the importance of precise temperature con-
trol when optimizing reaction parameters, as extremes
in temperature can have detrimental effects on coating
deposition.
The residence time describes the time that the reactive

gas flows over the surface of the substrate and is calculated
as follows:

𝜏 =
𝑉

𝑄
⋅
𝑇0

𝑇
⋅
𝑃

𝑃0
(12)

where V is the effective volume (V = 𝜋𝑟2 ⋅ 𝐿) and L
is the substrate position; Q is the reaction gas flow;

 15512916, 2025, 9, D
ow

nloaded from
 https://ceram

ics.onlinelibrary.w
iley.com

/doi/10.1111/jace.20616 by South C
hina U

niversity O
f T

echnology, W
iley O

nline L
ibrary on [21/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



11 of 17 LIU et al.

F IGURE 8 R2 of training model with model-based imputation.

F IGURE 9 Goodness of fit between experimental values and
predicted values by gradient boosting decision tree (GBDT) with
random forest imputation.

T, P are the reaction temperature and total pressure,
respectively; T0 = 298 K; and P0 = 101 kPa. The residence
time is dependent on a number of factors, including the
substrate position, the rate of gas flow, temperature, and
pressure. Variations in residence time result in different
extents of chemical reactions, leading to a different com-

F IGURE 10 Goodness of fit between data and predicted
values beyond the boundary conditions of the multi-physics
simulation.

position and concentration of species in the gas phase.
Consequently, the effective reactive species and their con-
centrations in the formed material are also altered, which
ultimately impacts the properties of the preparedmaterial.
In light of the above, residence time can also be defined as
“effective reaction time”.
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LIU et al. 12 of 17

F IGURE 11 Mantel test of chemical vapor deposition-silicon carbide (CVD-SiC) process parameters.

F IGURE 1 2 Feature importance of chemical vapor deposition-silicon carbide (CVD-SiC) process parameters.

In multiphysics simulations, a laminar flow assump-
tion was applied to the fluid. The data were fitted using
the binning method.88 The code implements an adap-
tive polynomial regression framework with three core

components: (1) An adaptive binning preprocessor that
dynamically segments data into spatial bins (default = 50
bins) to compute mean values, effectively filtering high-
frequency noise while preserving underlying trends; (2)

 15512916, 2025, 9, D
ow

nloaded from
 https://ceram

ics.onlinelibrary.w
iley.com

/doi/10.1111/jace.20616 by South C
hina U

niversity O
f T

echnology, W
iley O

nline L
ibrary on [21/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



13 of 17 LIU et al.

F IGURE 13 SHapley Additive exPlanations (SHAP) of chemical vapor deposition-silicon carbide (CVD-SiC) process parameters.

a polynomial feature generator that systematically con-
structs polynomial terms up to specified degrees (tested
up to 30th order), coupled with rigorous data quality
checks including length validation and NAN detection; (3)
a model evaluator that quantifies goodness-of-fit through
R2 metrics and generates comparative visualizations of
polynomial order effects. The systematic testing across
degrees 1–30 reveals optimal model complexity through
R2 maximization, with results automatically exported to
structured Excel reports. This implementation particu-
larly addresses overfitting through spatial regularization
via binning rather than conventional mathematical regu-
larizationmethods. The variation ofR2 with themaximum
degree of the polynomial is shown below.
The results demonstrate a nonlinear relationship

between polynomial degree (max degree) and model per-
formance (R2). Initially, R2 increases with higher degree,
peaking at degree 12 (Figure 14), indicating improved fit
with added complexity. Beyond this point, R2 declines
gradually (e.g., 0.686 at degree 12 → 0.232 at degree 30),
suggesting overfitting where the model captures noise
rather than the underlying trend. Minor fluctuations
(e.g., temporary R2 increases at degrees 16 and 20) may
reflect localized data patterns but do not alter the overall

F IGURE 14 Variation of R2 with the maximum degree of the
polynomial.

downward trajectory. Optimal performance balances
complexity and generalization, with degree 12 achieving
the highest R2. Further increasing complexity harms
predictive power, emphasizing the need for regularization
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F IGURE 15 The fitting of residence time and deposition rate with 12-degree polynomial.

or early stopping in high-degree polynomial models. The
coefficients of the polynomial (𝑅 =

∑12

i=1
ai 𝜏i) with a

max degree of 12 are listed in Figure 15, where R denotes
deposition rate (µm/h) and τ denotes residence time (s).
An increase in pressure within the reaction chamber

reduces the average distance between reactant molecules,
leading to a higher frequency of collisions. This typi-
cally enhances the reaction rate. However, as pressure
increases, there is also a rise in the accumulation of reac-
tion by-products. If the deposition process is controlled
by a surface chemical reaction, the Langmuir isother-
mal adsorption principle (𝜃𝑖 = 𝐾𝑖 ⋅ 𝜃 ⋅ 𝑃𝑖) suggests that an
increase in total pressure will elevate the concentration of
reactants, the amount of reactive material adsorbed on the
substrate surface, and the deposition rate. However, once
the active adsorption sites on the substrate surface become
saturated, the concentration of reactants no longer affects
the deposition rate, which then remains constant.
Moreover, the positions of the substrate within the

heating zone can result in the formation of concentra-
tion gradients and temperature gradients. A larger surface
area may lead to concentration gradients on the substrate,
especially when the reactant supply is limited, resulting
in non-uniform film thickness. A smaller reactor radius
promotes a more uniform flow, temperature, and concen-
tration field. In contrast, reactor length and substrate shape
have a lesser impact on the deposition rate.
The model’s performance was further evaluated across

different substrate geometries and positions to assess its
generalizability. For geometries, prediction errors were
as follows: circular (2.43%), rectangular (2.91%), square

(2.86%), and nozzle (3.36%), showing slightly better perfor-
mance for simpler geometries. Across substrate positions,
errors were consistently low: 2 cm (2.68%), 3 cm (3.03%),
4 cm (2.92%), and 5 cm (2.19%). The model performed
exceptionally well in the kinetic-to-mass-transport transi-
tion region (1473–1573K), achieving an R2 of 0.9910 and
MAPE of 2.86%. This demonstrates the model’s robustness
across varying process conditions, though further opti-
mization could improve predictions for complex geome-
tries like nozzles.

5 CONCLUSIONS

In this study, the potential of artificial intelligence in the
context of the CVD-SiC process was explored using ML.
A multi-source dataset was compiled by combining liter-
ature data, numerical simulation outcomes, which were
fitted with experimental results. Using this dataset, a data-
driven ML model was developed to predict the deposition
rate of CVD-SiC coatings. The incorporation of simulation
data enhances the precision and robustness of ML mod-
els. The SBF method reduced the prediction error from
12% to 3%. Global sensitivity analysis revealed tempera-
ture as the dominant parameter, accounting for 63% of
output variance directly and 78% when including inter-
actions, providing quantitative validation of experimental
observations in CVD-SiC processing.
Beyond deposition rate prediction, the established com-

putational framework provides a foundation for future
work on predicting and optimizing additional coating
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15 of 17 LIU et al.

properties. While the current implementation focuses on
deposition rate, themethodology can be extended to incor-
porate coating uniformity,microstructure, andmechanical
properties as multi-objective optimization targets. This
multi-source data-driven model offers forward guidance
for experiments, helping reduce exploration costs and
enhance efficiency.
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