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ABSTRACT

Catalysis design and reaction condition optimization are considered the heart of many chemical
and petrochemical processes and industries; however, there are still significant challenges in these
fields. Advances in machine learning (ML) have provided researchers with new tools to address
some of these obstacles, offering the ability to predict catalyst behaviour, optimal reaction condi-
tions, and product distributions without the need for extensive laboratory experimentation. In this
contribution, the potential applications of ML in heterogeneous catalysis and photocatalysis are
explored by analysing datasets from different reactions, including Fischer-Tropsch synthesis and
photocatalytic pollutant degradation. First, datasets were collected from literature. After cleaning
and preparing the datasets, they were employed to train and test several models. The best model
for each dataset was selected and applied for optimization.
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Tropsch Synthesis, Photocatalysis

INTRODUCTION

Developing catalysts (heterogeneous and photo-
catalysts) and selecting the optimum reaction conditions
are considerable challenges. In this process, complex
variables need to be addressed, including active material
selection, catalyst structure design, or operating param-
eter optimization [1]. All these tasks require considerable
effort in lab and numerous reaction tests, which are not
only energy- and time-intensive but also costly. Recent
advances in Machine Learning (ML) provide scientists
with powerful tools to model and predict the behavior of
catalysts, optimize reaction conditions, and forecast
product distributions [2]. These methods leverage large
datasets and employ sophisticated algorithms, signifi-
cantly reducing the energy, time, and money spent in la-
boratory research. By using ML to model and optimize the
processes, researchers can now identify patterns, simu-
late complex reactions, and generate previously unat-
tainable insights. ML enables correlation analysis to un-
cover relationships between various parameters and cat-
alyst performance. Predictive models, trained on existing
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data, can forecast the effectiveness of new materials.
Additionally, ML provides data-driven insights that offer
valuable guidance for catalyst design and optimization
[3].

This work introduces a comprehensive framework
unifying various aspects of catalyst development and op-
timization, addressing a significant gap in existing re-
search. The framework’s novelty lies in its holistic ap-
proach, integrating multiple aspects of catalytic pro-
cesses, including catalyst formulation, structure, prepa-
ration, activation, and operating conditions. Unlike previ-
ous studies focusing on individual aspects, this inte-
grated approach provides a more complete understand-
ing of catalyst behavior across diverse catalytic pro-
cesses: environmental pollutant degradation using pho-
tocatalysts, and Fischer-Tropsch Synthesis (FTS) for lig-
uid fuel and jet fuel production, respectively, using heter-
ogeneous catalysts.

1866


https://doi.org/10.69997/sct.135551
mailto:arellano@b-tu.de

-

Data Y]

o

Distribution
and Analysis
Normalization, Feature interaction
Labelling networks (clusters),

Correlation matrices,
(Spearman, Pearson...)
PCA, t-SNE, UMAP

Data
Collection and
Preparation

Box-plot analysis,
Imputation,

Modelling

(—
d

Figure 1. The stages of the applied ML framework.

METHODOLOGY

First the data is collected from literature. The datasets
are categorized based on different features like catalyst
formulation, catalyst characterization, activation, and re-
action conditions with the goal of predicting catalyst per-
formance. To prepare the datasets, the data is cleaned,
labelled, imputed and normalized. Techniques such as
Spearman correlation matrices, dendrograms, pair plots,
and dimensionality reduction methods are applied to un-
cover relationships between descriptors and catalyst
performance. The data is then employed to train and test
several models. Performance metrics such as root mean
square error (RMSE), mean absolute percentage error
(MAPE), Akaike Information Criterion (AIC), and coeffi-
cient of determination (R?) are used to assess model ac-
curacy. Given the non-linear nature of the models, RMSE
was selected as the primary evaluation metric for model
selection, while R2 is reported as a complementary
measure to provide additional context. After selecting the
best model, it is used for optimization to find the optimum
point with the highest catalysis performance. Figure 1 il-
lustrates this framework, and the subsequent subsec-
tions provide a more detailed description of each step in
the process.

Data Collection and Preparation

The three datasets used in this work are for perfluo-
rooctanoic acid (PFOA) degradation with photocatalysis,
FTS for liquid fuel production, and FTS for jet fuel pro-
duction.

Table 1. Number of descriptors and target responses in
the different datasets of three case studies.

Reaction Descriptors Target Responses
PFOA photoca- 9 2

talysis

FTS for liquid 26 2

fuel

FTS for jet fuel 21 2

Shafiee et al. / LAPSE:2025.0452

ML models (ensemble,
regression, neural
networks), SHAP, PDP,
ICE, Trajectory plots

Syst Control Trans 4:1866-1871 (2025)

Model
Optimization

Multi-objective
optimization methods,
Pareto front, Fuzzy
solution, uncertainty
quantification

Feature importance,
optimized reaction
condition and catalyst
design

—~

L

1

The data is manually extracted from literature. The de-
rived data is classified as descriptors and target re-
sponses as mentioned in Table 1. These descriptors are
different parameters describing the catalyst formulation,
catalyst characterization, catalyst activation, and reac-
tion conditions.

The data is prepared using standard methods.
These steps include removing outliers with box-plot anal-
ysis, labeling through label encoding or one hot labeling,
imputing missing data using methods such as Soft Im-
pute, k-nearest neighbours (KNN), etc., and normalizing
to improve data quality.

H O

Data Distribution and Analysis

Cluster analysis and Spearman correlation analysis
were also used to examine the relationship between fea-
tures.

In the datasets with a large number of datapoints,
principal component analysis (PCA) was used to reduce
the dimension of the experimental datasets. PCA
transforms high-dimensional data into a lower-
dimensional space, preserving key patterns and
relationships by identifying directions (principal
components) that capture maximum variance in the data.

Modelling

Several ML algorithms (models) including Random
Forest, CatBoost, Boosted Gradient, Artificial Neural Net-
works (ANN) etc. are used to predict the target re-
sponses. The performance of the models is evaluated
and compared using the performance metrics mentioned
above. Important features were identified using Shapley
Additive Explanations (SHAP) and Partial Dependency Di-
agram (PDP) techniques.

Optimization

The Non-dominated Sorting Genetic Algorithm |l
(NSGA-II) was used for multi-objective optimization to
find the optimum conversion and selectivity as target
responses [4]. This method helps to identify the optimum
points on the Pareto front. Subsequently, a Fuzzy-based
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method selected a balanced solution using membership
functions with parameters [0.2, 0.5, 0.8] from normalized
data. Here, 0.2 sets the minimum acceptable value, 0.5
the ideal target, and 0.8 the upper limit. The solution
maximizing the minimum satisfaction score ensured both
objectives remained strong without trade-offs, aligning
with multi-criteria decision-making [5]. The most
important descriptors for the best solution are
determined and compared with the experimental data.

RESULTS AND DISCUSSION

Photocatalysis of PFOA

The database for the case study of photocatalytical
PFOA degradation consists of 127 datapoints, with two
target responses and nine descriptors. One-hot labeling
is used to convert categorical data to numerical data. For
dealing with missing data, five different imputation meth-
ods were tested like Stochastic Within-Zone (SWZ), Ro-
bust Principal Component Analysis (RPCA), smallest
squares, Automatic JMP imputing and mean Python im-
puting, as well as the removal of these points. Before run-
ning the model, the data is also normalized.

The data distribution shows mostly similar patterns,
yet some unique distributions result from the different
imputation methods. A prominent example (pH) is shown
in Figure 2. Further differences include: The smallest
squares method leads to additional peaks in higher re-
gions for pH and degradation in comparison to SWZ and
RPCA. Automatic JMP and mean Python distributions are
highly similar, with a prominent brooding of pH- and
defluorination-distributions. The mean Python method
shows a distribution for light type and degradation as
similar to the method, where all missing values were re-
moved. Yet, this last method shows the broadest distri-
bution for all descriptors and target responses. Thus, it
can be concluded that the data distribution is biased.
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Figure 2. Data distribution with different imputation
methods.

Pearson correlation analysis reveals that the impu-
tation method plays an important role in the linearity, as
this correlation specifically measures linear relationships
between two variables. It can be noticed that there is
very little linear correlation in this photocatalytic dataset.
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In general, the correlation is more positively linear for the
defluorination (here correlation to treatment time and
pH), which might be attributed to a higher number of
missing values. For degradation, the correlation is mostly
negatively linear, especially for the variables such as cat-
alyst amount, initial PFOA concentration and in some
cases pH.

Spearman correlation analysis is conducted as well.
Compared to Pearson, Spearman reveals fewer negative
correlations overall, indicating that the data has signifi-
cant non-linear relationships not captured by the linear
correlation. Furthermore, for all imputation methods (be-
side of missing value removal) a much stronger negative
correlation between degradation and initial PFOA con-
centration is depicted. This is found for the defluorination
response as well in Automatic JMP, mean Python and re-
moval methods. For SWZ, RPCA and smallest square im-
putations no positive correlations, as in the case with
Pearson, can be found and treatment time shows a highly
negative correlation with defluorination.

The model screening runs 5 times and model opti-
mization is conducted using 10 loops of hyperparameter
optimization (GridSearch). Based on high R? and low
RMSE values. the best result for predicting the degrada-
tion response is achieved with the KNN model (SWZ-im-
putation) and partly with the Neuronal Boosted model
(removal of missing data). The defluorination response is
captured well with the Neuronal Boosted model (SWZ,
RPCA and Automatic JMP imputations).

Best results for the response degradation are ob-
tained with SWZ imputation and the KNN model
(R2=0.843, RMSE=0.004), while the defluorination re-
sponse is captured well by the SWZ imputation and Neu-
ronal Boosted model (R?=0.987, RMSE=0.021), as well as
by Automatic JMP imputation with the Neuronal Boosted
model (R?=0.998, RMSE=0.009). For comparison, with a
simple linear regression model, an average R? of 0.8 for
the defluorination response can be reached (RMSE and
MAE<1, AIC=-2 to 45).
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Figure 3. Feature importance with linear regression
model for defluorination response with different
imputation methods.
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The importance of each feature on the defluorina-
tion response for the linear regression model is shown in
Figure 3, where slight changes can be seen with each im-
putation method. Main features that influence PFOA
defluorination are the pH and the nature of the catalyst
(active phase, base material). Linked to the latter is the
light type. Interestingly, treatment time plays a minor role
in most imputation methods, which highlights the biased
data (only small treatment times reported). Beside of the
latter (due to bias), the results match other publications
on this topic regarding photocatalysis of PFOA [6]. A
more theoretical and compound-based approach for the
defluorination of Per- and Polyfluoroalkyl Substances
(PFAS) has been reported by Raza et al. [7].

FTS for Liquid Fuel Production

A dataset of 96 datapoints is used to model and op-
timize liquid fuel production using FTS. This dataset in-
cludes 26 features consisting of catalyst formulation,
characteristics, and operational conditions. As for the
targets, CO conversion and Cs. selectivity are chosen to
represent the liquid fuel production.

To prepare the dataset, after removing the outliers,
label encoding is used to change the categorical data to
numerical data. Similarly to the previous case study, dif-
ferent methods are used for imputation of the missing
data; among them, automated imputation in JMP has
shown the best performance and is selected for this da-
taset. Then data is normalized for the effect of features
to be comparable.
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Figure 4. Pareto front with Fuzzy-based solution for
normalized CO conversion and Cs. selectivity.

To find the best model for describing the behaviour
of the dataset, 5 different models are tested and com-
pared, including: XGBoost, LightGBM, Gradient Boosting,
CatBoost, and Random Forest. To compare the perfor-
mance of these models, different criteria, described in
the previous sections are used. Among the models, Cat-
Boost had the best performance with R2, MSE, RMSE, and
MAE equal to 0.95, 0.003, 0.057, 0.041, respectively for
CO conversion and 0.88, 0.004, 0.063, 0.035 for Cs. se-
lectivity.
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The CatBoost model is then used for optimization.
The aim was to optimize the CO conversion and Cs. se-
lectivity. The Pareto front with the optimal Fuzzy solution,
as well as the comparison of the best solution and the
real data, are depicted in Figure 4.

Since the data was normalized in the preparation
step, to recover the real data, de-normalization is carried
out. The best Fuzzy solutions for CO conversion and Cs.
selectivity are 76.24 % and 81.89 %, respectively. The
best Fuzzy solution is also compared with the experi-
mental values and the closest point is also detected [8].
The values for these two points are summarised in Table
2.

Table 2. Descriptor values for the best optimum point and
closest real point.

Descriptor Bes.t Closes..t
Solution Real Point
Support ZSM-5 ZSM-5
Active metal Cobalt Iron
Active metal loading (%) 16.66 18.00
H>/CO ratio 2 2
Zeolite SiO2/Al203 ratio 19.31 280.00
Calcination temperature (°C) 371.55 450.00
Calcination time (h) 3.10 8.00
Pore volume (cm?3/g) 0.58 0.17
Meso-pore volume (cm?/g) 0.16 0.13
Reduction temperature (°C) 402.66 420.00
Reduction time (h) 1.84 10.00
Reaction temperature (°C) 241.38 280.00
Reaction pressure (bar) 19.91 19.00
Time on stream (h) 67.78 34.46
Loading of catalyst (g) 1.34 0.50
Cs. selectivity (%) 81.89 78.20
CO conversion (%) 76.24 72.40

Syst Control Trans 4:1866-1871 (2025)

FTS for Jet Fuel Production

To develop a ML method for modelling and optimiz-
ing jet fuel production through FTS, a dataset of 41 data-
points from 10 recent research papers was collected. The
data was manually extracted and included 21 features re-
lated to catalyst formulation and operating conditions.
The model targets included Cs-Cis selectivity and CO
conversion rate.

The data was prepared by removing outliers using
box-plot analysis, imputing missing data with methods
such as Soft Impute and KNN, and normalization to im-
prove data quality. Cluster analysis and correlation matrix
methods were also used to examine the relationship be-
tween features.

Several ML algorithms including Random Forest,
CatBoost, Boosted Gradient, and ANN were evaluated to
predict Cg-Cis selectivity and CO conversion. The Cat-
Boost model showed the best performance using metrics
such as R2?, RMSE, and MAPE. Important features were
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identified using SHAP and PDP techniques.

These analyses showed that the H2/CO ratio, the re-
action temperature, and the catalyst specific surface
area had a significant impact on the selectivity and con-
version rate. For example, higher reduction temperature
and moderate active metal loading led to improved cata-
lyst performance.

The NSGA-II algorithm was used to simultaneously
optimize selectivity and conversion. This method helped
to identify the optimal points on the Pareto front. Then,
the optimal parameters including active metal loading, re-
duction temperature, reaction temperature, and H2/CO
ratio were determined. The results were evaluated using
statistical indices and comparison with experimental
data.

Table 3. Value of the features for best solution point

Parameter Bes.t Closes.t
solution Real Point
Active metal Iron Iron
Promoter Yes Yes
Active metal loading (%) 50.5 100.0
Promoter loading (%) 5 6
Average pore size of catalyst 4.25 4.24
(nm)
Specific surface area of cat- 283.8 14.6
alyst (m?/g)
Specific surface area of sup- 504.0 458.4
port (m?/q)
Acidity of support (umol/g) 1040 465.8
Active metal particle size 12.30 11.44
(nm)
Calcination time (h) 4 4
Calcination temperature (°C) 450 450
Reduction atmosphere H2/CO H2/CO
Reduction time (h) 6.5 10.0
Reduction temperature (°C) 407.5 350.0
Reaction temperature (°C) 265 250
Reaction pressure (bar) 39.45 20.00
Loading of catalyst (g) 1.6 0.5
H2/CO ratio 1.25 2.00
Time on stream (h) 99 60
Cs-Ci6 selectivity (%) 36.86 30.00
CO conversion (%) 49.32 50.00

Statistical analyses showed that properties such as
active metal loading and specific surface area of the cat-
alyst had a significant effect on catalyst performance. For
example, increasing the metal loading by about 15 % in-
creased the selectivity, but loading beyond this value led
to a decrease in performance. In addition, properties
such as support acidity and surface area played a key
role in improving the Cs-C1s selectivity.

The CatBoost model showed the best performance
with an accuracy of R?=0.82 for CO conversion and
Shafiee et al. / LAPSE:2025.0452
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R2=0.84 for Cs-C1s selectivity. This model had higher ac-
curacy than other methods such as Neural Networks and
Random Forests and was able to better analyze the com-
plex relationships between properties and responses.
Also, the use of model interpretability techniques such as
SHAP helped to better understand the effect of the prop-
erties.

The H2/CO ratio had a nonlinear effect on selectivity.
Increasing this ratio to 2 improved the Cs-Cie selectivity,
but higher values produced lighter products. Also, the re-
action temperature between 245 °C and 260 °C provided
the optimal conditions for jet fuel production.

It was found that the specific surface area of the
catalyst and the support acidity played an important role
in increasing the selectivity. Catalysts with mesoporous
structure and moderate acidity performed best. These
features helped to improve the chain reactions and re-
duce light by-products.

Additionally, the Fuzzy satisfaction levels for solu-
tions obtained using a multi-objective genetic algorithm
were evaluated. The optimized parameters achieved a
MSE of 0.015 and an R? of 0.70, indicating high accuracy.
The best compromise solution offered 36.48 % Cs-C1s se-
lectivity, 48.95 % CO conversion, and a Fuzzy satisfac-
tion level of 0.99, suggesting a well-balanced trade-off.
Further refinement used the minimize function from the
SciPy optimization library to match target values of 36.48
% Cg-C1s selectivity and 48.95 % CO conversion. The op-
timized input features, shown in Table 3, closely matched
these targets with predicted values of 36.86 % and 49.32
%, respectively. This accuracy validates the robustness
of the models and the optimization process. The optimal
parameters were identified as a reduction temperature of
407.5 °C, a reaction temperature of 265 °C, a reaction
pressure of 39.45 bar, and a H2/CO ratio of 1.25. These
values provided a balance between selectivity and con-
version. The results obtained were in good agreement
with the experimental data and confirmed the effective-
ness of the applied framework.

CONCLUSIONS

In this work, an applied ML framework is used for
modeling and optimizing different datasets on photo-ca-
talysis and heterogeneous catalysis.

For the photocatalytic degradation of PFOA the im-
portance of data quality is highlighted, as biased data in-
fluenced the efficiency of the modelling procedure. Reli-
able (in-house generated) experimental data for photo-
catalysis is recommended for ML processes. Regardless
of this, the influence of different imputation methods is
presented, which can be considered in future applica-
tions. Additionally, the resulting feature importance for
defluorination is in accordance with recent literature.

Moreover, the applied ML framework provides a
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powerful tool for the rational design of FTS catalysts and
operating conditions to maximize liquid and jet fuel pro-
duction, respectively. For liquid fuels, zeolite SiO2/Al.03
ratio, pore volume, and reaction temperature and pres-
sure are identified as key parameters. In the case of jet
fuel production, H2/CO ratio, temperature, and surface
area are key to jet fuel selectivity. Multi-objective optimi-
zation was used to identify optimal catalysts and FTS op-
erating conditions.

In the case of liquid fuel production, the CatBoost
model is the best model and can predict the dataset sat-
isfactorily. After using this model for optimization, the
best solution for maximizing the CO conversion and Cs.
selectivity are also obtained.

The ML framework not only predicts outcomes but
also guides experimental efforts by identifying key pa-
rameters for catalyst optimization. It reconciles conflict-
ing trends in literature and contributes to the FTS mech-
anism debate. Moreover, for experimentalists, it offers a
practical tool for understanding performance limits, fo-
cusing on achievable improvements, and predicting opti-
mal parameters without extensive trial-and-error.

For the next step, the identified optimal catalysts
with the best optimized solutions will be tested experi-
mentally to check their performance. This can be used
both for model verification/validation and for actual ca-
talysis optimization. For further work, the suggested
framework will also be used for datasets of other cata-
lytic reactions, expanding its applicability and ensuring
robustness in diverse reaction conditions.
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