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a b s t r a c t

Green ammonia offers a viable hydrogen carrier due to its high energy density, established infra-
structure, and cost-effectiveness. However, the decomposition process for hydrogen production relies
on highly efficient catalysts. This study aims to overcome experimental limitations in catalyst design by
developing a Bayesian optimization-based interpretable ensemble learning framework for multi-
objective optimization of ammonia decomposition catalysts. A dataset covering the intrinsic proper-
ties of catalysts, preparation parameters, and reaction conditions for ammonia decomposition is
constructed to develop six various ensemble learning models. The hyperparameters of these models are
automatically and optimally configured using the Bayesian optimization-based Optuna method. The
results demonstrate the effectiveness of this hyperparameter automatic optimization strategy, as the
average R2 across the six models improved by 0.086 compared to the pre-optimization values. In
particular, the CatBoost model emerges as the optimal model with test R2 > 0.9188. The Shapley additive
explanations reveal the regulatory mechanism of performance by reaction conditions (with a contri-
bution of 48.14%, where temperature and space velocity are dominant) and intrinsic characteristics of
the catalyst (33.79%). The partial dependence plots analyses are further conducted to expound the effect
of these key parameters on the catalytic performance. The optimal model is integrated with the
reference vector guided evolutionary algorithm to minimize the total metal content while maximizing
the space-time yield of hydrogen in ammonia decomposition catalysts. Three newly optimized catalysts
demonstrate superior performance, offering an improved efficiency-cost balance compared to existing
catalysts. External validation with unseen data further confirms the model’s robustness, with prediction
errors <5.06%.
© 2026 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

The global climate change and the increasing demand for en-
ergy have significantly accelerated the need for renewable energy
sources. As an environmentally friendly and sustainable resource,
green hydrogen has garnered widespread attention worldwide.
However, due to its low volumetric energy density and high risks,
the development of an efficient and convenient transportation
carrier remains crucial, posing a major bottleneck to its large-scale

industrial application [1]. In this context, on-site ammonia
decomposition has emerged as a promising solution to address the
challenges of hydrogen storage and transportation, holding sig-
nificant implications for energy transition and environmental
sustainability [2].
Ammonia (NH3), with a hydrogen content of up to 17.6%, serves

as a highly efficient hydrogen carrier. It offers several advantages,
including high energy density, ease of storage and transportation,
existing infrastructure, and carbon-neutral potential [3]. Further-
more, the cost of ammonia from source-to-tank (at 4.50 USD per
gallon of gasoline equivalent) is the lowest among comparable
fuels, being approximately 18% lower than that of methanol and
about 31% lower than that of hydrogen [4]. As the development of
renewable energy continues to gain momentum, the feasibility of
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this solution becomes increasingly evident [5]. In particular, the
concept of “green ammonia” has attracted considerable attention,
further highlighting the potential of ammonia-based hydrogen
transportation to a sustainable energy future [6].
However, despite the growing interest, there remains a signif-

icant gap between the depth of existing research and the practical
application of on-site hydrogen production through ammonia
decomposition [7]. Firstly, the current ammonia decomposition
reaction requires to be carried out at a temperature exceeding
700 ◦C to achieve complete conversion. This is because the acti-
vation energy for the cleavage of the N―H bond and the desorp-
tion of nitrogen is relatively high. Although the decomposition of
ammonia into hydrogen is thermodynamically favorable above
400 ◦C, the reaction kinetics remain sluggish [8]. Such high tem-
peratures will reduce the energy efficiency of on-site hydrogen
production and make it more dangerous. Secondly, since the
decomposition reaction is endothermic, a large amount of energy
input is also required to maintain the reaction conditions [9].
Therefore, given that the storage technology for liquid or solid
ammonia is already mature, the key strategy for large-scale utili-
zation of ammonia as a hydrogen carrier lies in designing and
constructing efficient ammonia decomposition catalysts to lower
the reaction temperature, enhance hydrogen production effi-
ciency, and reduce energy costs.
To this issue, some researchers have proposed planning and

optimization designs for ammonia decomposition from the per-
spectives of size effect, alkalinity adjustment, interaction between
metals and carriers, and alloy effect, based on experimental
methods and tools [6,10,11]. These experimental approaches have
provided valuable insights into the underlying mechanisms and
have proven effective in identifying key factors influencing
ammonia decomposition efficiency. However, despite their suc-
cess, these methods exhibit notable limitations, particularly in
terms of scalability, high cost, and the inability to fully capture the
complex, nonlinear interactions between multiple variables
involved in the ammonia decomposition process [12]. Further-
more, the experimental approaches often require extensive time
and resources to optimize various parameters, making them less
suitable for rapid and large-scale applications [13]. In addition, the
performance evaluation of catalysts involves multiple aspects.
Relying solely on experimental methods makes it difficult to
optimize them simultaneously, often leading to getting stuck in
local optima [14].
To overcome these challenges, there is a growing need for more

advanced approaches, such as machine learning (ML) techniques,
which have shown great potential in optimizing complex pro-
cesses [15,16]. By leveraging ML models, researchers can analyze
large datasets, identify hidden patterns, and predict optimal
operating conditions more efficiently [17]. Machine learning has
the ability to handle the vast number of variables and their in-
teractions, enabling the development of more accurate, real-time
optimization strategies that can accelerate the process of
ammonia decomposition [18]. This shift towards data-driven
methods represents a crucial step toward improving the scalabil-
ity and efficiency of ammonia-based hydrogen carriers in the
context of green energy solutions. For example, Zahrt et al. [17]
successfully achieved highly accurate predictions of enantiose-
lectivities using machine learning, and believed that the ability to
predict selective catalysts could revolutionize how chemists
choose and fine-tune chiral catalysts, shifting the approach from
one driven by empirical methods to one guided by mathematical
models. Guo et al. [19] developed multiple machine learning pre-
diction systems for catalyst performance forecasting. Through a
three-stage modeling comparison, the Gradient Boosting Regres-
sion model, a type of ensemble learning model, was found to

perform the best on the test set. Similarly, when analyzing and
comparing the performance of kernel learning algorithms, neural
network algorithms, and ensemble learning algorithms for pre-
dicting the performance of biomass pyrolysis catalysts, Chen et al.
[20] found that the ensemble learningmodel exhibited the highest
prediction accuracy. Similar trends were also observed for the
processes of supercritical water gasification and photocatalytic
pollutant degradation, where ensemble models demonstrated the
best predictive performance [21,22].
These studies highlight the applicability and superiority of

ensemble learning in catalyst prediction. However, they have not
fully explored the nuances of the various ensemble learning al-
gorithms and their comparative performance across different
catalytic systems. Furthermore, the selection of the best model is
usually based on relatively small specific datasets or certain cat-
alytic systems, which may not generalize well to other complex
catalytic processes, such as ammonia decomposition. Moreover,
the predictive performance of various ensemble learningmodels is
heavily influenced by their hyperparameter configurations. How-
ever, conventional hyperparameter optimization techniques, such
as grid search and random search, tend to be time-intensive and
computationally costly, particularly when applied to complex
catalytic systems involving a large number of variables [23].
Additionally, these methods do not always guarantee the identi-
fication of the optimal set of parameters, as they may fail to effi-
ciently explore the vast search space [24]. Given the computational
cost and potential inefficiency of these traditional approaches,
there is a growing need for automated hyperparameter tuning
strategies. Bayesian optimization, for example, offers a more effi-
cient approach by using probabilistic models to guide the search
process and adaptively focus on the most promising regions of the
hyperparameter space [25]. This method not only reduces the
computational burden but also improves the likelihood of finding
the optimal model parameters [26]. In addition, one of the sig-
nificant challenges with ensemble learning models is the lack of
interpretability [27]. While these models often provide high pre-
dictive accuracy, they do so in a “black-box” manner, which makes
it difficult to understand the underlying reasons behind their
predictions [24]. This lack of transparency is particularly prob-
lematic when it comes to scientific applications like catalyst
optimization, where understanding the rationale behind model
predictions is crucial for making informed decisions about
experimental design and optimization [14]. Therefore, it is crucial
to incorporate interpretability and automated hyperparameter
optimization into ensemble learning algorithms for offering a
more reliable and transparent methodology for catalyst optimi-
zation, especially in complex catalytic processes such as ammonia
decomposition.
To address these issues, this study aims to propose a Bayesian

optimization-based interpretable ensemble learning framework
for the multi-objective optimization design of ammonia decom-
position catalysts. The main contributions of this study are: (a)
Develop an interpretable ensemble learning framework that in-
corporates Bayesian optimization techniques to efficiently search
the hyperparameter space and optimize model performance. (b)
Evaluate the prediction accuracy, generalization capability, and
interpretability of various ensemble learning algorithms to
identify the most effective model for the ammonia decomposition
process; (c) Apply interpretability approaches to elucidate the
model’s decision-making process, quantify the contributions and
interaction mechanisms of input features, and thereby enhance
the understanding of key features that drive catalyst perfor-
mance; and (d) Integrate the preferred ensemble learning model
with a multiobjective optimization algorithm to optimize and
predict ammonia decomposition catalyst by balancing their
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hydrogen production capacity against cost considerations. By
combining the power of Bayesian optimization with interpretable
ensemble models, this research will not only improve predictive
accuracy but also ensure that the insights gained from the model
are actionable and scientifically valuable for real-world
applications.

2. Materials and Methods

An interpretable ensemble learning framework based on
Bayesian optimization is proposed for the multi-objective optimi-
zation design of ammonia decomposition catalysts, as illustrated in
Fig. 1. First, a dataset of ammonia decomposition catalysts is con-
structed for themodeling and optimization of catalyst performance.
This dataset consists of catalyst intrinsic parameters, preparation
conditions, reaction conditions, and targets of the ammonia
decomposition catalysts. Second, feature correlation analysis
methods, such as Pearson correlation and Spearman rank correla-
tion, are employed to identify themost influential features formodel
performance and remove redundant features. Third, various
ensemble learningmodels for ammonia decomposition catalysts are
developed and optimized through an automated hyperparameter
tuning method based on Bayesian optimization. Fourth, the optimal
model, determined through multi-dimensional comparisons, is
explained both globally and locally using Shapley additive explana-
tions (SHAP) and partial dependence analysis. Finally, the optimal
model is integrated with the optimization algorithm to predict and
optimize ammonia decomposition catalysts, aiming to achieve the
highest space-time yield of hydrogenwith minimal cost.

2.1. Construction of the ammonia decomposition dataset

This study analyzes the catalytic conversion of ammonia
through a systematic research methodology. Literature retrieval is
rigorously conducted based on the Web of Science database using
combined keywords (e.g., “ammonia decomposition”, “catalytic
conversion”, “hydrogen production”), followed by a three-tiered
manual screening protocol: (i) initial screening based on titles
and abstracts; (ii) secondary screening for full-text relevance; (iii)
final screening for data integrity. A total of 69 core publications
that met the data extraction criteria are ultimately selected as the
foundation for this research. In this regard, a standardized dataset
containing 1479 records was constructed in this study. All data are
systematically structured using standardized extraction templates
and verified through cross-referencing.
Based on the ammonia decomposition dataset established

through the literature screening process, the catalyst descriptors
are systematically classified catalyst parameters into three distinct
categories based on their functional attributes and disciplinary
relevance: intrinsic catalyst properties, catalyst preparation pa-
rameters, and reaction conditions, as shown in Table 1.
Specifically, intrinsic catalyst properties include chemical

composition (active component, support, and metal loading),
physical structure (specific surface area, crystallite size, pore
volume, pore diameter, and crystallinity), and elemental attri-
butes (atomic radius, electron affinity, and atomic weight). These
features systematically characterize the static attributes of cata-
lysts from the atomic scale to the mesoscopic scale. It should be
noted that in this article, the main active metal is designated as

Fig. 1. Schematic diagram of the proposed interpretable ensemble learning framework based on Bayesian optimization for the multi-objective optimization design of NH3
decomposition catalysts.
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AC1, while the secondary active metal or additive component is
uniformly designated as AC2. This can efficiently and effectively
manage the high heterogeneity of reported data in the literature
and alleviate the potential problem of data sparsity. This method
is widely applied in situations where the role or content of
bimetallic catalysts is difficult to determine. For instance, in some
literature, the second metal is regarded as the active component;
while in others, multiple additives are included, but the stan-
dardized information such as their exact loading amounts, doping
methods, or specific chemical forms is often reported inconsis-
tently. By uniformly categorizing these diverse secondary com-
ponents into the AC2 feature, it can provide a more robust, dense,
and moderately dimensional feature representation for model
training, thereby avoiding the problem of overly high feature
dimension and data sparsity caused by treating each specific
additive as an independent parameter. Catalyst preparation pa-
rameters include the preparation method and the synthesis
conditions for calcination (temperature/time) and reduction
(temperature/time). These parameters enable targeted regulation
of the dynamic structural evolution of the catalyst throughout the
synthesis process by modulating thermodynamic phase trans-
formations during its preparation. Reaction conditions comprise
the reaction temperature and the gas hourly space velocity
(GHSV). The reaction temperature influences the intrinsic reac-
tion rate constant through the Arrhenius equation, whereas the
GHSV affects the surface coverage of reactants by determining
their residence time. These two parameters jointly establish the
macroscopic operational limits of the catalytic system. The
nomenclature and corresponding abbreviations for all dataset
features are detailed in Table 1.

2.2. Feature correlation analysis

Feature correlation analysis is employed to assess the statistical
association between two variables. The Pearson’s correlation co-
efficient (r) and Spearman’s rank correlation coefficient (ρ) are
adopted to quantitatively evaluate the degree of correlation among
features within the dataset. The former assesses the strength and
direction of the linear relationship between two continuous vari-
ables. The latter is a non-parametric statistical method used to
assess the correlation between the ranks or orders of two vari-
ables. Similar to Pearson’s correlation coefficient, Spearman’s
correlation coefficient also ranges from − 1 to 1. However, it is
computed based on the ranks of the variable values rather than
their original magnitudes. These analyses quantitatively reveal
redundancy patterns and identify high-leverage predictors critical
for reaction optimization. Resultant correlation matrices directly
inform feature selection and preprocessing strategies for subse-
quent machine learning workflows.

2.3. Development and automatic optimization of EL model

To identify the optimal predictor for the ammonia decompo-
sition process, six ensemble learning models are systematically
developed and automatically optimized: Categorical Boosting
(CatBoost), Adaptive Boosting (AdaBoost), Light Gradient Boosting
Machine (LGBM), Gradient Boosting Decision Trees (GBDT),
Random Forest (RF), and eXtreme Gradient Boosting (XGB),
respectively.

2.3.1. Development of various ensemble learning models
Accurate prediction of catalytic performance requires accom-

modating diverse relationships within complex datasets. As no
single ensemble learning algorithm universally captures all un-
derlying data patterns, this study strategically selects six repre-
sentative ensemble learning approaches to span key variants of
the gradient boosting framework, adaptive boosting mechanisms,
and parallel ensemble paradigms: CatBoost, AdaBoost, LGBM,
GBDT, RF, and XGB, respectively.
The primary rationale for selecting these six algorithms lies in

their capacity to systematically address complex nonlinear patterns
within the structure-performance relationships of ammonia
decomposition catalysts. For instance, GBDT provides foundational
architecture using additive modeling to iteratively fit residual er-
rors; XGBoost incorporates L2 regularization and second-order
Hessian approximation to navigate bias-variance tradeoffs; LGBM
revolutionizes tree growth via histogram-based feature binning and
depth-constrained leaf-wise expansion to accelerate training pro-
cess [28]; CatBoost specifically addresses categorical features (e.g.,
active metal types) through ordered target encoding and symmetric
tree structures to suppress prediction drift [29]. These four algo-
rithms achieve complementary specializations as variants of
gradient boosting. For adaptive boosting, AdaBoost leverages
exponential loss weighting to dynamically recalibrate instance
importance, constructing error-adaptive classification boundaries
through sequential weak learner fusion [30]. Finally, Random Forest
applies bootstrap aggregation with random subspace sampling to
parallelize decorrelated decision trees, establishing robust baselines
for high-dimensional feature selection [31].

2.3.2. Automatic optimization of hyperparameters
Hyperparameters, as predefined regulatory variables, directly

influence the learning process and structural development of
models during training [32]. Systematic hyperparameter tuning
not only enhances predictive accuracy and generalization capa-
bility but also improves training efficiency and accelerates
convergence [33]. Therefore, the Bayesian optimization-based
Optuna optimizer is proposed to achieve a balanced trade-off
among prediction accuracy, compliance with complex

Table 1
Input and output feature of the ammonia decomposition dataset.

Feature name Unit Feature name Unit

Input Active component (AC) − Reduction time (TR) h
Atomic radius (AR) pm Total metal loading (WT) %
Electron affinity (EA) kJ·mol− 1 Average crystallite size (ACS) nm
Atomic weight (AW) − Catalyst crystallinity index (CCI) −

Carrier (C) − Specific surface area (BET) m2·g− 1

Preparation method (PM) − Catalyst pore volume (V) cm3·g− 1

Calcination temperature (CT) ◦C Average pore diameter (DP) nm
Calcination time (TC) h Reaction temperature (T) ◦C
Reduction temperature (RT) ◦C Gas hourly space velocity (GHSV) ml·h− 1·(g cat)− 1

Output Ammonia conversion (XNH3) % Space-time yield of hydrogen (STYH2) mmol·(g cat)− 1·min− 1
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constraints, and the reduction of risks associated with manual
intervention in this study. This optimizer achieves efficient
hyperparameter search by integrating the Tree-structured Parzen
Estimator (TPE) sampler and Successive Halving Algorithm (SHA)
pruner advantages on the Bayesian optimization based Optuna
framework. The detailed information of the key hyperparameter of
the ML models is listed in Table S1.

2.3.3. Evaluation indicators of various EL models
A dual evaluation framework combining the coefficient of

determination (R2) and root mean square error (RMSE) is estab-
lished to comprehensively evaluate ensemble learning (EL) model
performance. Specifically, R2 quantifies the proportion of variance
in target variables explained by themodel, as formulated in Eq. (1).
RMSEmeasures absolute prediction deviation as the square root of
themean squared residuals, as indicated in Eq. (2). This framework
synergizes an interpretable statistical measure (R2) with a scale-
independent error metric (RMSE) to holistically assess the per-
formance accuracy and limitation of various ensemble learning
models.

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n

∑n

i=1

(yi − ŷi)
2

√
√
√
√ (1)

R2=1 −

∑n

i=1
(ŷi − y)

2

∑n

i=1
(yi − y)

2
(2)

where yi and ŷ refer to the actual observed value of the i-th sample
point and its predicted value by the model.

2.4. Interpretability analysis

The SHapley Additive exPlanations (SHAP) and Partial Depen-
dence Plots (PDPs) analyses are conducted to explore the signifi-
cance of ammonia decomposition catalyst features and the
interaction mechanism at multiple scales. The SHAP method
operates on Shapley values derived from cooperative game theory,
satisfying axiomatic properties of local accuracy, missingness, and
consistency. It constructs an additive feature attribution model to
decompose the model’s predicted value into a linear combination
of the base value and the SHAP values of each feature, thereby
providing interpretable prediction decompositions at the indi-
vidual sample level. Hence, the SHAP quantifies feature contribu-
tions and identifies descriptor-property relationships critical for
catalyst design. Complementarily, the PDP method evaluates
macro-scale reaction effects through conditional expectation. It
quantifies the marginal contribution of independent variables to
model predictions by calculating the conditional expected value of
the target variable under specific feature combinations. This
method can effectively identify nonlinear relationships and syn-
ergistic/antagonistic effects among features. This synergistic
framework establishes a multi-dimension interpretability para-
digm, enabling unprecedented decoding of catalytic reaction net-
works beyond black-box limitations.

2.5. Multi-objective optimization

Space-time yield of hydrogen (STYH2) is a decisive economic
indicator for the design of catalytic reactors since it is directly
related to the production capacity and the cost of hydrogen [34].
However, its improvement usually relies on increasing the loading

of precious metals, which leads to a super linear increase in ma-
terial costs, reactor volume, and energy consumption. Moreover,
while increasing the metal loading can typically enhance the
number of active sites, exceeding a certain threshold may instead
result in issues such as sintering and a decrease in dispersion.
Therefore, this paper proposes the reference vector guided
evolutionary algorithm (RVEA) to optimize the ammonia decom-
position catalyst, aiming to find a new type of highly efficient
catalyst that minimizes the total metal content while maximizing
the space-time yield of hydrogen, as indicated in Eqs. (3)− (5).

Maximize : f1(x)= STYH2 (x) (3)

Minimize : f2(x)=WT(x) (4)

lbi≤ xi ≤ ubi; i = 1;2;…;21 (5)

where x refers to the input features listed in Table 1.
The RVEA algorithm is an advanced multi-objective optimiza-

tion framework based on decomposition strategy, with its core
lying in balancing the convergence and diversity of solutions
through a dynamic reference vector system. This architecture de-
livers salient advantages, such as Enhanced high-dimensional
optimization capability; Theoretically guaranteed diversity main-
tenance; and Adaptive resource allocation [35]. Compared with
the traditional genetic algorithm, RVEA demonstrates significant
advantages in handling multi-objective problems. The former
mainly relies on the crowding distance mechanism to maintain
population diversity. However, when the number of objective di-
mensions increases, the efficiency of the crowding distance in
distinguishing the diversity of solutions significantly decreases,
making it difficult for the algorithm to effectively approach and
cover the entire Pareto front. The RVEA algorithm guides the
search process by introducing uniformly distributed reference
vectors and demonstrates stronger robustness and scalability in
balancing convergence and diversity through scalarization
methods such as Angle Penalized Distance [35]. This strategy
based on reference vectors can maintain the uniform distribution
of solutions more effectively, and it can offer better performance
even when the objective function is not well normalized or the
geometric structure of the Pareto front is complex.
To achieve the minimum metal content while maximizing the

hydrogen generation rate of the ammonia decomposition catalyst,
the optimization process combines the design of catalyst compo-
nents with the optimization of process parameters. The lower limit
(lb) and upper limit (ub) of the 17 input features are taken as the
constraint conditions as shown in Eq. (5). Finally, the Technique for
Order Preference by Similarity to Ideal Solution (TOPSIS) is
employed for analyzing and ranking the results of multi-objective
optimization. As a result, the techno-economically optimal cata-
lyst can be identified by evaluating their relative proximity to ideal
benchmarks.

3. Results and Discussion

3.1. Visualization and analysis of the established ammonia
decomposition dataset

The box plot visually presents the distribution density of each
characteristic parameter and the characteristics of outliers.
Furthermore, it reveals statistically significant distribution differ-
ences among different categories through interquartile range and
outlier distribution, providing an important basis for subsequent
feature correlation analysis. Therefore, box plots are employed to
visualize the distribution of continuous variables in the established
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ammonia decomposition dataset, as shown in Fig. 2(a)− (i). To
prepare the ammonia decomposition catalysts, the calcination
temperatures (CT) are predominantly in the range of 500− 700 ◦C;
while the reduction temperatures (RT) are maintained within the
range of 400− 600 ◦C; and the temperature (T) is mainly distributed
in the range of 400− 600 ◦C, as indicated in Fig. 2(a). The pore vol-
ume (V) is concentrated in the low-value range of 0− 1 cm3·g− 1, as
depicted in Fig. 2(b). The crystallinity index (CCI) mainly falls within

the range of 40-80, as depicted in Fig. 2(c). Corresponding durations
for calcination (TC) not exceeding 5 h;while the reduction durations
(TR) are strictly controlled at 1 to 2 h, as indicated in Fig. 2(d). The
specific surface area (BET) shows a wide distribution from 0 to
200 m2·g− 1, as illustrated in Fig. 2(e). The average crystal grain size
(ACS) is stably distributed within 10− 20 nm; and the average pore
diameter (DP) is mainly distributed within 10− 20 nm, as illustrated
in Fig. 2(f). The gas hourly space velocity (GHSV) shows a wide

Fig. 2. Box plots of the distribution of various input and output features of the established ammonia decomposition catalysts dataset: (a) CT, RT, and T; (b) V; (c) CCI; (d) TC and
TR; (e) BET; (f) ACS and DP; (g) GHSV; (h) WT, and XNH3; and (i) STYH2, respectively.
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distribution from 5000 to 30000 ml·h− 1·(g cat)− 1, as depicted in
Fig. 2(g). The total metal loading (WT) is concentrated in the
range of 0% to 20%; and the ammonia conversion ratio (XNH3) is
concentrated in the intervals of 20% to 80%, as presented in Fig. 2(h).
Under the influence of these input features, the space-time yield of
hydrogen (STYH2) is concentrated in the interval of 0− 20 mmol·(g
cat)− 1·min− 1, as presented in Fig. 2(i).
In addition, the constructed dataset covers a variety of metal-

based catalysts, as shown in Fig. S1. Ni, Ru, and Co account for
significant proportions in themain active components (AC1), being
39.35%, 25.49%, and 20.22%, respectively. This is in line with their
widely studied and applied status in the field of ammonia
decomposition catalysis. Moreover, the AC1 in the dataset also
contains other components with emerging research value such as
Fe (7.10%), Cu (3.38%), and Zn (1.69%), reflecting the broad diversity
in catalyst design. Results also indicates that a large number of
ammonia decomposition catalysts do not contain AC2, while the
few that do mainly include Mo, Co, and K. Therefore, these visu-
alization results of the continuous and categorical variables not
only reveal the distinct distribution characteristics of each feature
but also lay the foundation for building robust and accurate pre-
dictive models of ammonia decomposition process.
To further visually demonstrate the interrelationships among

the features, the Pearson correlation and Spearman rank correla-
tion methods are applied to analyze the numerical features in the
ammonia decomposition dataset, as shown in Fig. 3. The lower left
section presents the results of the Pearson correlation analysis,
while the upper right section displays the findings of the
Spearman rank correlation analysis. Pearson and Spearman cor-
relation coefficients between all feature pairs are below 0.5, except
for the statistically significant association between BET surface
area and pore volume. This high correlation stems from the
intrinsic connection between pore volume and BET surface area in
characterizing the pore structure of materials. Pores are the
fundamental elements that constitute the internal surface area of
materials; an increase in pore volume typically indicates a more
developed or complex internal pore network, which significantly
enhances the available surface area for adsorption. Therefore,
these two parameters jointly and complementarily reflect the
characteristics of the porous structure of materials. However, the

Pearson and Spearman rank correlation coefficients between BET
surface area and pore volume are only 0.69 and 0.71, which indi-
cate only a moderate association and do not imply multi-
collinearity requiring feature elimination. Therefore, all these
input features are used to develop ensemble learning models for
the high-precision screening and optimization of ammonia
decomposition catalysts.

3.2. Determination of the optimal model for ammonia
decomposition catalysts

The optimal model for the ammonia decomposition process is
determined by comparing the R2 and RMSE of these six ensemble-
learning models.

3.2.1. Hyperparameter optimization convergence and global
optimal identification
The hyperparameter configurations for all six ensemble models

are optimized using the Optuna framework, which iteratively ex-
plores predefined parametric spaces through sequential trials.
Each trial evaluates candidate parameters by minimizing the loss
function of RMSE. As shown in Fig. 4(a)− (f), the multi-colored
dispersion points represent the global optimal solutions recor-
ded during the parameter optimization process of eachmodel, and
the spline interpolation curve at the bottom reveals the distribu-
tion pattern of historical loss function values in the iterative space.
After 200 iterations, all models achieved asymptotic convergence
with stabilized RMSE losses, which indicates that the optimization
process has reached a convergent state. Especially, the loss func-
tion values of the CatBoost model are the lowest and stabilize
around 0.22. Moreover, those of the AdaBoost, LGBM, GBDT, RF,
XGB models around 0.35, 0.25, 0.23, 0.38, and 0.25, respectively.
Therefore this convergence behavior confirms Optuna’s efficacy in
locating near-global optima within bounded computational bud-
gets. The optimal hyperparameters of each model are shown in
Table S2.

3.2.2. Analysis of the effectiveness of the automatic
hyperparameter tuning strategy
By comparing the predictive performance before and after

hyperparameter optimization, it can be found that the R2 values of
all models are significantly increased after hyperparameter
adjustment, indicating a notable improvement in the goodness of
fit of themodels, as indicated in Fig. 5(a). In particular, the R2 of the
AdaBoost and GBDTmodels is increased from 0.5692 to 0.8535 and
from 0.8043 to 0.9139, respectively. This significant performance
improvement indicates that the AdaBoostmodel is highly sensitive
to the selection of hyperparameters andmay have been in a clearly
under-optimized state before parameter tuning. Through meticu-
lous fine-tuning, the model’s potential predictive power has been
fully unleashed. Moreover, comparing the changes in RMSE values
of the six models before and after hyperparameter tuning, the
results also prove the effectiveness of the hyperparameter auto-
matic optimization strategy adopted in this study since the
average RMSE of the six models decreased by 2.0677 compared to
before optimization, as indicated in Fig. 5(b). For instance, the
RMSE of the AdaBoost and GBDT are reduced from 15.2117 to
9.1112 and from 10.2773 to 7.1931 compared with that of before
hyperparameter tuning. More results regarding the performance
of the automatic optimization strategy in enhancing the prediction
of the conversion rate and space-time yield of hydrogen of the
ammonia decomposition process are placed in Fig. S2. Therefore,
the proposed Bayesian-based Optuna approach can indeed
significantly enhance the prediction accuracy of the ammonia
decomposition models.

Fig. 3. Heat map of the Pearson correlation and Spearman rank correlation analyses
of the numerical features in the ammonia decomposition dataset.
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3.2.3. Identification of the optimal ensemble learning model
The R2 and RMSE are applied to quantitatively compare the

predictive performance of various ensemble learning models of
the ammonia decomposition process, as shown in Table 2. More-
over, the fitting plot of the true values and the predicted values of
XNH3 and STYH2 is also drawn to visually assess the predictive
performance of each model, as shown in Fig. 6 and Fig. S3.
For the prediction of XNH3, the CatBoost model demonstrates

the best performance, with a testing set R2 value as high as 0.9203
and an RMSE of 6.8618. The scatter plot shows that the data points

are highly concentrated and closely clustered around the y = x
perfect fit line, with the red fitting line almost coinciding with it,
visually demonstrating the model’s outstanding ability to capture
complex nonlinear relationships. This is attributed to its advan-
tages in handling mixed data types and its unique ordered
boosting mechanism. Secondly, the GBDT model has a relatively
high testing set R2 of 0.9089. In contrast, the AdaBoost model has
the poorest prediction performance, with a test set R2 of only
0.8699, and its RMSE is relatively high (5.53). The scatter plot
shows that the data points are relatively scattered, especially at the

Fig. 4. Hyperparameter optimization history curves of various ensemble learning models: (a) CatBoost; (b) AdaBoost; (c) LGBM; (d) GBDT; (e) RF; and (f) XGB.
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two ends of the predicted values, which are significantly deviated
from the y = x line. The red fitting line also has a large deviation.
For the prediction of STYH2, the CatBoost model also demon-

strates outstanding comprehensive performance. Although its test
set R2 (0.9188) is very close to that of the GBDT model
(R2 = 0.9192), the CatBoost model stands out with the lowest
RMSE value (4.4763), indicating its stronger robustness in
providing more accurate predictions and reducing prediction er-
rors. The scatter plot clearly shows that the predicted points of
CatBoost are highly concentrated and closely clustered around the
y= x line, demonstrating an excellent fitting effect. In contrast, the
AdaBoost model still performs the weakest in the prediction of
STYH2, with a test set R

2 of only 0.8523. The scatter plot reveals
obvious dispersion, with the predicted points significantly devi-
ating from the ideal fitting line, especially in the low-value region
where the degree of dispersion is more pronounced. This once
again highlights the limitations of AdaBoost on the current dataset,
resulting in significant prediction bias and insufficient reliability.
In summary, the multi-dimensional evaluation results show

that compared with the other five prediction models, the con-
structed CatBoost model demonstrates the best accuracy in pre-
dicting the two key outputs (XNH3 and STYH2) of the ammonia
decomposition process. This is mainly because CatBoost demon-
strates its unique advantages in handling categorical features.
Compared with other models, CatBoost can natively and robustly
handle categorical features through its unique Ordered Target
Encoding and symmetric tree structure, effectively avoiding the
risks of prediction drift and information leakage. Although
LightGBM also supports native handling of categorical features,
CatBoost’s ordered boosting mechanism provides a more robust
learning method. However, this enhanced robustness sometimes

comes with higher training time, especially when dealing with
large-scale datasets. Considering the scale of the dataset and the
superior predictive performance, this study ultimately selects
CatBoost as the main model for subsequent analysis and
optimization.

3.3. Feature importance analysis based on SHAP

3.3.1. Feature importance analysis of ammonia conversion
Fig. 7(a) clearly presents the ranking of feature importance of

each input feature for the ammonia conversion (XNH3). Among
them, the influence of reaction conditions is the most significant,
accounting for as high as 56.14%; followed by the intrinsic prop-
erties of the catalyst, which accounts for 30.12%; while the impact
of catalyst preparation parameters is relatively small, only ac-
counting for 13.73%. These proportions are the average main effect
contribution rate of the entire reaction condition, catalyst intrinsic
property, and preparation parameter groups calculated based on
SHAP values rather than interaction mechanism importance. In
this regard, it should be noted that the significance of catalyst
preparation parameters (such as the preparation method) is often
reflected indirectly through their interaction with intrinsic prop-
erties (such as catalyst size and specific surface area). Although the
contribution rate of the main effect of this parameter group is
relatively low, it still has a decisive influence on activity by regu-
lating the microstructure of the catalyst.
From the perspective of specific features, the reaction tem-

perature plays a crucial role in the ammonia decomposition pro-
cess, aligning with its endothermic nature. According to Le
Chatelier’s Principle, increasing the temperature shifts the equi-
librium towards the product side, thereby improving ammonia

Table 2
Comprehensive comparison of the prediction performance of six ensemble learning models.

Output Indicator CatBoost GBDT LGBM AdaBoost XGBoost RF

XNH3 R2train 0.9968 0.9962 0.9845 0.9788 0.9948 0.9766
R2test 0.9203 0.9089 0.9061 0.8618 0.9059 0.8820
RMSEtrain 1.9030 2.0767 4.2050 4.9150 2.4354 5.1313
RMSEtest 9.6387 10.3052 10.4592 12.6924 10.4708 11.9171

STYH2 R2train 0.9975 0.9956 0.9862 0.9820 0.9947 0.9777
R2test 0.9188 0.9192 0.9089 0.8451 0.9140 0.8947
RMSEtrain 0.7723 1.0234 1.8135 2.0728 1.1227 2.2360
RMSEtest 4.0032 3.9942 4.2397 5.5300 4.1210 5.3601

Fig. 5. Comparison of performance indicators of various ensemble learning models before and after hyperparameter tuning: (a) R2 and (b) RMSE.
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conversion. Higher temperatures positively influence reaction ki-
netics, speeding up the reaction and allowing it to reach equilib-
rium more quickly. This is consistent with the relationship
between temperature and reaction rate described by the Arrhenius
equation, which shows that a rise in temperature accelerates the
reaction and boosts conversion efficiency, as depicted in Fig. 7(b).
Moreover, high temperature can also effectively promote the
adsorption and activation of ammonia molecules on the catalyst
surface, and overcome the high activation energy required for the

cleavage of N―H bonds and the desorption of N2, thereby driving
the entire catalytic cycle forward [6]. GHSV is the second most
important input feature for ammonia decomposition due to it
directly determines the residence time of reactants on the active
sites of the catalyst. A lower GHSV means a longer contact time,
allowing ammonia molecules more sufficient time to decompose
on the catalyst surface, thereby increasing the conversion rate. A
longer residence time ensures that reactant molecules have suf-
ficient opportunities to fully contact the active sites of the catalyst

Fig. 6. Comparison of the fitting results of the CatBoost ((a), (d)), GBDT ((b), (e)), and AdaBoost ((c), (f)) models on the training and testing sets: (a)− (c) ammonia conversion ratio
and (d)− (f) STYH2 (Those of the rest model are indicated in Fig. S3).
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and undergo effective reactions, thereby enhancing the utilization
rate of the active sites and the conversion efficiency of ammonia
molecules [10]. This is further confirmed on the 10(b) SHAP swarm
plot, where GHSV shows a significant negative correlation with
XNH3. Furthermore, the active component and its atomic radius in
the intrinsic properties of the catalyst, as well as the total metal
loading, are also of great significance for ammonia decomposition.
This is mainly because the type of active component determines
the adsorption strength and electronic interaction between the
catalyst and reactants and products. For instance, metals with
moderate N adsorption strength usually exhibit higher catalytic
activity because they can facilitate the effective cleavage of N―H
bonds without overly binding N atoms [10]. Atomic radius indi-
rectly affects the geometric structure of active sites and steric
hindrance effects. The total metal loading is directly related to the
number of available active sites on the catalyst surface and the
dispersion of metals. Therefore, increasing the metal loading can
provide more catalytic active centers within a certain range by
accelerating the activation and decomposition of ammonia mole-
cules. However, an excessively high loading may lead to sintering
of metal particles or coverage of active sites, which in turn reduces
the catalytic efficiency. Therefore, considering the contributions
and correlations of various features, more efforts should be
devoted to appropriately increasing the reaction temperature and
the total metal loading, as well as reducing the GHSV, in order to
enhance the ammonia conversion ratio.

3.3.2. Feature importance analysis of space-time yield of hydrogen
The feature importance and correlation of each input feature on

the hydrogen generation rate (STYH2) are indicated in Fig. S4(a) and
(b). From the perspective of overall contribution, reaction condi-
tions still play a dominant role, accounting for 42.30%; the intrinsic
properties of the catalyst rank second, with a contribution of
32.99%; the contribution of catalyst preparation parameters is
24.72%. Thus, although the reaction conditions remain important,
their significance has decreased from 56.14% to 42.30% compared
to XNH3. The main reason is that the physical and chemical

processes characterized by XNH3 and STYH2 are different. The for-
mation of XNH3 is mainly controlled by thermodynamic equilib-
rium and intrinsic reaction kinetics. The reaction temperature
directly affects the reaction rate constant through the Arrhenius
equation, and an increase in temperature is conducive to over-
coming the high activation energy barrier of N―H bond cleavage,
promoting the reaction to move towards the product side. GHSV
determines the completion degree of surface reactions by regu-
lating the residence time of reactants at active sites. Therefore, the
contribution of reaction conditions to XNH3 is relatively high. STYH2
is not only determined by the conversion ratio but also strongly
depends on the feedstock flux per unit time and the number of
effective active sites of the catalyst. Although increasing the
temperature can enhance the intrinsic rate, an excessively high
GHSV will shorten the contact time and limit the single-pass
conversion rate, thereby partially offsetting the positive effect of
temperature on STYH2. Furthermore, STYH2 is more susceptible to
the modulation of catalyst structural parameters such as specific
surface area and pore volume, which affect the diffusion of re-
actants and the accessibility of active sites. Therefore, the contri-
bution of reaction conditions relatively decreased (42.30%), while
the intrinsic properties (32.99%) and preparation parameters
(24.72%) significantly increased, demonstrating that STYH2 is more
sensitive to the coupling effect of catalyst structure and operating
conditions than XNH3.
Specifically, the reaction temperature remains the most sig-

nificant factor influencing STYH2, ranking first in its impact. The
SHAP swarm plot further reveals the specific positive correlation
between reaction temperature and STYH2, as shown in Fig. S4(b).
Therefore, appropriately increasing the reaction temperature will
be conducive to enhancing the STYH2. Calcination time follows
closely, as a key parameter in catalyst preparation, directly
affecting the formation of crystal phases, grain size, pore structure,
and the stability and dispersion of active components, thereby
determining the intrinsic activity and hydrogen generation rate of
the catalyst. Moreover, it shows a negative correlation trend,
which means that appropriately lowering the calcination

Fig. 7. Analysis of the influence of input features on XNH3 based on SHAP: (a) ranking of the average SHAP value-based importance of input features and (b) SHAP-based bee swarm
plot.
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temperature will be conducive to improving STYH2. It is because
that appropriately lowering the calcination temperature helps
maintain the high dispersion of active components, suppresses
grain growth and sintering, and forms a pore structure that is more
conducive to the adsorption of reactants and the desorption of
products, thereby optimizing the specific surface area and the
exposure of active sites of the catalyst. Reduction temperature
ranks third, having a significant impact on the formation of active
metal phases, metal dispersion, grain size, and the generation of
surface defects in the catalyst. However, the negative correlation of
reduction temperature indicates that a higher reduction temper-
ature will lead to material sintering, a reduction in active sites and
structural damage, thereby lowering the catalytic performance
and suppressing the hydrogen generation rate. It is due to that
excessively high reduction temperatures will accelerate the
migration and coalescence of metal nanoparticles, leading to se-
vere sintering and ultimately inhibiting the activation of ammonia
and the generation of hydrogen. In addition, the total metal
loading is also an important factor affecting STYH2, as more active
metals mean more active sites participating in the reaction,
thereby increasing the space-time yield of hydrogen per unit time.
Therefore, appropriately raising the reaction temperature and the
total metal loading, while reducing the calcination and reduction
temperatures, could significantly increase the STYH2 of the
ammonia decomposition reaction.

3.4. Analysis of the interaction relation between key features and
targets of ammonia decomposition reaction

To identify the synergistic or antagonistic effects among input
features and outputs, PDP analysis is further utilized to visually
analyze the interaction relationship between the most important
input features determined by SHAP and these outputs.

3.4.1. Effect of key features on ammonia conversion
The effect of the GHSV, the atomic radius of the first active

component, and the total metal loading on the ammonia conver-
sion ratio (XNH3) are shown in Fig. 8(a) and (b). As GHSV increases,
XNH3 generally shows a downward trend, especially when GHSV
exceeds approximately 25200ml·h− 1·(g cat)− 1, XNH3 shows amore
significant decreasing trend, as shown in Fig. 8(a) and (b). This is
mainly due to the significant reduction in the residence time of
reactants at the active sites of the catalyst, which leads to insuf-
ficient decomposition of ammoniamolecules. However, although a
lower GHSV (for example, less than approximately
12600 ml·h− 1·(g cat)− 1) theoretically can achieve a higher con-
version rate, the processing capacity of the catalyst per unit vol-
ume and time is small, and the production capacity of the
equipment cannot be fully utilized, indirectly increasing the
equipment investment cost. The atomic radius of the first active
component shows an overall positive correlation with XNH3. The
influence of the total metal content on the ammonia conversion
ratio is characterized by a significant increase from 5% to 15% and
then stabilizing. Because increasing the metal loading in this
ranges can effectively enhance the density of active sites on the
catalyst surface, promoting the activation and decomposition of
ammonia molecules. However, when the loading exceeds 15%, the
active sitesmay become saturated, and even due to the sintering of
metal particles or the steric hindrance effect between active sites,
the active area may no longer increase significantly. Therefore, a
GHSV range of 12600 to 25200ml·h− 1·(g cat)− 1 and aWT range of
5% to 15% are recommended to achieve a balance between main-
taining a high conversion rate and achieving a high space-time
yield, while also maximizing the conversion ratio.

3.4.2. Effect of key features on space-time yield of hydrogen
The effect of total metal loading (WT), reduction temperature

(RT), and calcination time (TC) on the space-time yield of hydrogen
(STYH2) is indicated in Fig. 9(a) and (b). The STYH2 generally shows
an upward trend with the increase of WT as shown in Fig. 10(a).
Although STYH2 continues to rise after WT exceeds 10%, its growth
rate is significantly lower than the rapid increase of WT within the
range of 0% to 5%. The RT shows a negative correlation with STYH2,
especiallywithin the temperature range of 400 ◦C to 500 ◦C, where
STYH2 drops rapidly. This might be due to the fact that when RT
exceeds a certain temperature (approximately 400 ◦C) and con-
tinues to rise, the excessively high temperature accelerates the
sintering and agglomeration of active metal nanoparticles,
resulting in a significant reduction in the specific surface area of
the catalyst and a decrease in the density of effective active sites.
Fig. 9(b) shows that within the calcination time of 0 to 3 h, a
relatively high STYH2 is maintained; however, further extending
the TC leads to a gradual decline in STYH2. This is mainly due to the
fact that as the TC is prolonged further (especially beyond 6 h), it
exerts a destructive impact on the physical structure (specific
surface area, pore channels, particle size) and chemical composi-
tion/valence state/interaction of the catalyst, thereby causing a
significant decrease in STYH2. Long-term calcination may cause
phase transformation or crystallization of the catalyst support,
thereby reducing its specific surface area and porosity; meanwhile,
the active metal components may undergo excessive oxidation,
grain growth, or even form undesirable solid solutions with the
support. These changes will reduce the effective active sites and
alter their electronic properties, ultimately impairing the perfor-
mance of the catalyst. In summary, response surface analysis
quantitatively reveals the key nonlinear effects of critical prepa-
ration parameters such as total metal loading, reduction temper-
ature, and calcination time on the STYH2. However, these key
parameters should not be too large. For instance, when WT is
within 0% to 10%, RT is between 400 ◦C and 600 ◦C, and TC is within
0− 3 h, it can achieve a high reducibility and structural stability of
the active metal phase as well as a high STYH2.

3.5. Multi-objective optimization ammonia decomposition catalyst

This study conducts multi-objective optimization aimed at
identifying efficient new catalysts for ammonia decomposition,
with the goal of achieving an optimal balance between economic
viability (represented by total metal loading, WT) and hydrogen
production efficiency (STYH2). Although ruthenium-based cata-
lysts have long been regarded as themost activemetal catalysts for
ammonia decomposition, nickel-based and iron-based catalysts
are currently the most commonly used in large-scale industrial
applications. Therefore, this study focuses on the optimization and
comparative evaluation of these three catalyst systems.
As shown in Fig. 10(a)—(c), this study systematically presents

the solution space distribution characteristics and the Pareto
optimal front of these three catalyst systems in themulti-objective
optimization problem. This front clearly represents the inherent
trade-off boundary between total metal loading and space-time
yield of hydrogen, i.e., at a given performance level, further
simultaneous optimization of both parameters is not possible. It
also fully characterizes the distribution pattern of the non-
dominated solution set within the feasible solution space. Based
on the theory of bi-objective optimization, the TOPSIS multi-
criteria decision-making method is employed to perform trade-
off analysis on each Pareto front to determine the optimal solution.
As for the iron-based catalyst, the feasible solution set exhibits

a dense distribution within a broad parameter space of
STYH2 ∈ [30, 90] mmol·(g cat)− 1·min− 1 and WT ∈ [0%, 90%], as
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shown in Fig. 10(a). This indicates that the iron-based catalyst
system has considerable design flexibility and optimization po-
tential. The Pareto optimal frontier reveals that to achieve higher
STYH2 performance, a higher total metal loading is usually
required. Therefore, to achieve a balance between economy and
efficiency by ensuring a high STYH2 while minimizing the WT of
the catalyst as much as possible, the TOPSIS method is used to
conduct a trade-off analysis on the Pareto frontier. The optimal
solution coordinates ultimately identify the predicted Fe-K/MCF-
17 catalyst, with a STYH2 value of 76.02 mmol·(g cat)

− 1·min− 1

and aWTof 3.86%, as the most promising catalyst among the iron-
based catalysts. The detailed information of this predicted catalyst
is shown in Table S3. Fig. 10(b) illustrates the feasible solution set
of nickel-based catalysts is relatively concentrated, mainly within
the range of STYH2 approximately 40 to 75 mmol·(g cat)

− 1·min− 1

and WT from 0% to 14%. Compared with iron-based catalysts, the
overall STYH2 and WT levels of nickel-based catalysts are slightly
lower, and the distribution is more compact. This may reflect the
relatively narrow optimization window for metal loading and
active site regulation of nickel-based catalysts or their inherent
catalytic performance limitations. As a result, the TOPSIS approach
recommends that the predicted Ni/LaAl12O19 catalyst has the
highest catalytic performance among the Ni-based catalyst, with a
STYH2 of 69.61 mmol·(g cat)

− 1·min− 1 and a WTof 6.57%. Similarly,
this study identifies that the Ru-La/NiO is the most promising
catalyst among ruthenium-based catalysts, with a STYH2 of

65.51 mmol·(g cat)− 1·min− 1 and a WT of 0.84%, as shown in
Fig. 10(c). The detailed information of these three optimized cat-
alysts is indicated in Table S3, which provide a clear basis for the
experiment to verify the excellent catalysts obtained through
computational design in this study.
To present the performance of the three predicted catalysts

more intuitively, their performance is compared with the catalysts
in the dataset, as shown in Fig. 10(d). The detailed information of
these reported catalysts is shown in Table S4. As this study aims at
a new type of ammonia decomposition catalyst with a lower total
metal loading (WT) and a higher STYH2, the better the compre-
hensive performance of the catalyst, the closer it will be to the
lower right corner of Fig. 10(d). Therefore, the results clearly show
that the comprehensive performance of these three preferred
catalysts is significantly superior to that of the remaining catalysts
in the database. This strongly demonstrates the reliability and
effectiveness of the multi-objective optimization process adopted
in this paper in discovering high-performance ammonia decom-
position catalysts. However, more experimental characterizations
and tests will be needed, which will be the focus of our next
research.

3.6. External validation with unseen experimental data

The optimized CatBoost model is systematically evaluated and
validated using an independent experimental data to thoroughly

Fig. 8. PDPs of key input features on XNH3: (a) GHSV and AR1, as well as (b) GHSV and WT.

Fig. 9. PDPs of key input features on STYH2: (a) WT and RT as well as (b) TC and RT.
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assess its predictive accuracy, stability, and generalization capa-
bility, as illustrated in Fig. S5(a)—(c). Specifically, experimental
data corresponding to the CoCe-NC catalyst reported by Kang et al.
[36], the Ru/SiO2(SC950) catalyst from Lee& Park [37], and Ni/CeO2
catalyst reported by Zhang et al. [38] are employed as the valida-
tion set. It is important to note that these data are not involved in
any stage of model training, thereby ensuring the objectivity and
reliability of the validation outcomes. The results demonstrate that
the optimized CatBoost model exhibits exceptional predictive
performance, with predictions closely aligning with experimental

trends. Notably, the maximum relative error between the pre-
dicted and measured values across all data points is only 5.06%,
with the majority of errors remaining below 3%. These findings
indicate that the established CatBoost model possesses high ac-
curacy and stability, along with excellent generalization ability.
Despite the promising predictive performance demonstrated

by the optimized CatBoostmodel, its performance relies heavily on
feature representation and selection. Inadequate descriptor sets
may fail to capture critical catalytic mechanisms, thereby limiting
interpretability and physical relevance. To address these

Fig. 10. Multi-objective optimization and performance evaluation of different metal-based catalysts: (a) Fe-based catalysts, (b) Ni-based catalysts, (c) Ru-based catalysts, and (d)
performance comparison between the optimized catalysts and the reported catalysts.
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challenges, future work should prioritize expanding the experi-
mental database to incorporate a broader variety of input features,
catalyst families, and reaction parameters. Additionally, it is
important to incorporate time-dependent parameters and stabil-
ity data into the CatBoost model to address transient behavior and
enhance the practical applicability of its predictions. Ultimately,
sustained collaboration between computational modeling and
experimental validation will be essential to achieve robust and
universally applicable catalyst design frameworks.

4. Conclusions

This study develops a Bayesian optimization-driven interpret-
able ensemble learning framework that advances ammonia
decomposition catalyst design. This framework integrates six
ensemble learning algorithms for effectively avoiding the limita-
tions of a single model. Through an automated hyperparameter
optimization strategy based on Optuna, all models exhibit
asymptotic convergence, and their corresponding loss function
values are significantly reduced. Especially, the CatBoost model,
which demonstrates outstanding prediction accuracy
(R2 = 0.9198), is adopted as the core prediction engine for the
design of ammonia decomposition catalysts. Its prediction mech-
anism is investigated by employing the SHAP and PDP analysis. The
results demonstrate that reaction conditions play a dominant role
in ammonia conversion, accounting for 56.14% of the total impact.
In contrast, for hydrogen space-time yield, although reaction
temperature remains themost influential factor, the importance of
intrinsic catalyst properties (32.99%) and preparation parameters
(24.72%) increases significantly. Finally, the optimal CatBoost
model coupled with the RVEA algorithm is applied for intelligent
search of new and efficient catalysts that achieve a better balance
between catalyst cost and hydrogen space-time yield. Ultimately,
three high-performance ammonia decomposition catalysts with
various metal bases are successfully selected. In addition, external
validation confirms <5.06% prediction error across unseen cata-
lytic systems. Therefore, the proposed framework establishes a
transferable paradigm for low-temperature, energy-efficient
ammonia decomposition that bridges computational design and
sustainable hydrogen production.
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