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Abstract. CO2 conversion to methanol via thermocatalytic hydrogenation is one of the viable
alternatives to address climate change problem while producing a valuable industrial product.
However, this comes with a challenge, i.e., predicting the performance of catalytic systems. In this
work, we present a data-driven study to predict the performance of Cu-based catalyst based on a
compiled dataset consisting of 15 features obtained from experiment data. Furthermore, we
implement feature selection techniques such as univariate, RFE, and XGBoost to investigate how the
performance of the prediction model changes with varied number of features. The results show that
features selected by RFE method yields the best performance with 7 number of features, capable of
even outperforms the baseline model in terms of accuracy and feasibilty. This suggests that feature
selection technique is relevant in terms of constructing a machine learning model for predicting
methanol production via CO2 thermocatalytic hydrogenation.

Introduction

Conversion of CO2 gas into low-carbon fuels such as methanol (CH30H) is one potential solution to
reduce the concentration of this gas in the atmosphere while also decreasing reliance on fossil fuels.
Consequently, this process is a crucial aspect of the transition to clean energy and green economy
[1,2]. One effective option for optimizing this conversion process is through the use of catalyst.
Catalysts can direct and accelerate the rate of chemical reactions, therefore enhancing the production
yield of CH3OH [3,4]. Traditionally, research on the role of catalysts in this conversion has been
conducted using experimental methods such as impregnation and coprecipitation [3] as well as
computational approaches (density functional theory and molecular dynamics [4]). However,
evaluating the performance of a catalyst, whether experimentally or computationally, often involves
significant costs, time, and resources, especially when multiple catalyst candidates are considered.
Although recent studies have discovered a variety of catalysts [5,6] relevant to CH3OH production,
challenges persist in identifying and optimizing the most suitable catalysts for specific reactions [7-
9]. Traditional experimental methods for catalyst discovery often require long periods of time, high
costs, and significant resource investment [7-13]. In this regards, machine learning (ML) offers a new
option to accelerate catalyst design by analyzing large and complex datasets, thereby uncovering
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patterns and relationships that may not be apparent through experimental approaches. Indeed,
previous study by Suvarna et al. [2] reports how the utilization of ML techniques is capable of
predicting the performance of CH30OH production catalyst. These predictive capabilities can thus
significantly reduce the time, cost, and resources needed for experimental validation.

Despite the advancements in ML-based catalyst design, one of the interesting challenges is feature
selection [14]. In the context of ML, feature selection refers to the process of identifying the most
relevant input variables (features) that contribute to the predictive accuracy of the model. For CO2
conversion to CH30OH, a variety of features can influence the CH30H yield [2], including catalyst
composition, reaction conditions (temperature, pressure), support materials, surface area, and
electronic properties. The sheer number of potential features introduces complexity, and not all
features carry equal importance for predicting catalytic performance. Using irrelevant or redundant
features can lead to overfitting, reduced model interpretability, and increased computational costs.
Feature selection techniques are thus vital for improving model performance and making the
predictions more interpretable, which is crucial for scientific insights and practical applications.
Effective feature selection can help identify the key parameters that truly drive the CO2 conversion
efficiency, facilitating the design of better catalysts and optimizing reaction conditions. In the context
of CO:2 conversion to methanol, feature selection helps in pinpointing the most influential factors
among a wide range of catalyst characteristics and reaction variables, enabling the development of a
more efficient and tailored catalytic system.

In this study, we implement feature selection techniques to evaluate and select the most important
features for predicting the efficiency of CO:2 conversion to methanol. We will employ several
approaches such as filtering, wrapper, and embedded approach. By comparing the selected features
across different techniques, we aim to uncover the relation of feature selection to the performance of
the ML for predicting CO2-to-CH30H conversion.

Methodology
Dataset

This study constructs a dataset of Cu-based catalysts CO2 hydrogenation from the available
literature [2]. The original dataset is then pre-processed by selecting data that correspond to the Cu-
based catalyst only. We then perform normalization and remove any outliers from the constructed
data. Lastly, we remove some features that consist of missing value and/or NaN. The final dataset
consists of 15 features (Table 1)which describes the 3 aspects of the experiment environment. First,
the properties of the catalyst are represented by 7 features (X1-X7), e.g. Cu content, type of supports,
its molecular weights, the type of promoter, and the promoter content. Secondly, The synthesis
conditions are represented by calcination temperature (X8) and calcination duration (X9). Lastly, the
reaction conditions are represented by the surface area of the catalyst (X10), the ratio of H2/CO:2 feed
(X11), Gasly Hour Space Velocity (X12), the amount of the catalyst used in the experiment (X13),
pressure (X14), and reaction temperature (X15). The performance of the catalyst, which is the target
of this dataset, is the CH3OH space-time yield.

Table 1. The feature index and its corresponding feature

Index  Corresponding Index Corresponding Index Corresponding
Feature Feature Feature
X1  Amount of Cu X6 Type of promoter X11 H2/CO2
X2  Type of support 1 X7 Promoter 1 loading X12 GHSV
X3 MW of support 1 X8 Calcination temperature X13 Catalyst amount
X4  Type of support 2 X9 Calcination duration X14 Pressure

X5 MW of support 2 X10  SBET X15 Temperature
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Machine learning model

The model that is discussed in this study employs ML technique based on extreme gradient boost
(XGB) method. The optimum parameters used for XGB is taken from the previous study [2]. We
implement univariate, RFE, and the embedded XGB technique to represent each the filtering,
wrapper, and embedded approaches for the feature selection. The selected feature amounts are
established at 25%, 50%, and 75% of the initial features, corresponding to 3, 7, and 11 features,
respectively. The workflow of this model is illustrated in Figure 1.

Initial
Dataset [2]

Preprocessing

R Data Split ) ) Evaluation
Cu-based ) - Machine Learning
catalyst only *  80% Training Model * RMSE
L * 20% Testing Feature Selection +« R2
* Normalization

. * Univariate
* Removing l . REE
outliers . XGBoost

Fig. 1. The workflow that is used in this study

Model performance is assessed by utilizing reliable metrics such as the coefficient of determination
(R?) and root mean square error (RMSE). The feasibility of the model is indicated by the value of R?
close to 1. RMSE is used to calculate the difference between actual and predicted values. As the
RMSE value decreases, the prediction error also decreases. A reduced statistical error indicates a
better predictive model; thus, the metric is used to evaluate the accuracy of the model.

Result and Discussion

We begin the discussion with evaluating the performance of the prediction model without any
feature selection implemented so as to establish a baseline for our study. As shown in Table 2, the
performance of the prediction model is already accurate as-is, with the RMSE value close to 0. The
feasibility of the model is also considerably good, with R? value very close to 1.

Table 2. The baseline for the prediction model

Baseline RMSE R2
Without feature selection 0.108 0.931

Table 3. The performance of each model after treated with feature selection method

Feature ~25% of the initial ~50% of the initial ~75% of the initial
selection features features features
technique (3 features) (7 features) (11 features)
RMSE R2 RMSE R2 RMSE R2

Univariate 0.198 0.766 0.139 0.883 0.120 0.914
RFE 0.199 0.763 0.090 0.952 0.111 0.926

XGBoost 0.196 0.770 0.105 0.934 0.130 0.898
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Table 3 shows the performance of each model after treated with feature selection method. We
observe that the performance of each of the model worsens when we reduce the number of features
to 3. In this case, the model that utilizes features selected via XGBoost method prevails only slightly
over the other two methods. After the number of features is increased to 7, it is apparent that the
general performance of each of the model is improved. The model with XGBoost feature selection
method shows a remarkable improvement that is roughly similar with our baseline. However, the
model with features selected via RFE method especially yields the best performance as it even
outperforms the baseline in terms of accuracy and feasibility. Interestingly, the performance of
models treated with RFE and XGBoost seems to be slightly reduced as more features are added. In
this case, the performance of the model with RFE feature selection is more or less on par with our
baseline.

Additionally, we can see how the model treated with univariate performs better as more features
are included. On the contrary, it is interesting to see how the performance of the model treated with
each RFE and XGBoost is peaked when using 7 features. We are currently investigating further how
the performance of the model changes with more varied number of features. Finally, this result
suggests that utilizing feature selection can indeed give us a better performing model.

Table 4. List of the features selected for each method. The features that are not
appeared in the 3 selection methods are listed inside the parentheses.

Method Features Selected
25% of features (3 features) case
Univariate X8, X12, (X14)
RFE X8, X12, (X13)
XGBoost X8, (X14), X12
50% of features (7 features) case
Univariate X1, (X6), X8, X12, X13, X14, X15
RFE X1, X8, (X9), X12, X13, X14, X15
XGBoost X8, X14, X12, X13, (X9), X1, X15
75% of features (11 features) case
Univariate X1, X3, (X5), X6, (X7), X8, (X10), X12, X13, X14, X15
RFE X1, X3, (X5), X6, X8, (X9), (X10), X12, X13, X14, X15
XGBoost X8, X14, X12, X13, (X9), X1, X15, (X7), X3, (X4), X6

We then examine the selected features by each method to check whether it holds a physical meaning.
The features selected by each method are shown in Table 4. In case of 3 selected features, we can see
that the most common feature included by all methods are X8 and X12 which correspond to
calcination temperature and the gas hourly space velocity, respectively. Previous study reports that
gas hourly space velocity is indeed the most important feature to determine the space-time yield of
CH3O0H [2]. In case of 7 selected features, we could see that our best performing model (RFE) utilizes
features that are exactly the same as the ones selected by XGBoost method. Additionally, RFE also
captures 3 most important features that affect CH3OH yield according to [2], e.g X12 (gas hourly
space velocity), X14 (reaction pressure), and X1 (metal (Cu) content). It should be noted that in our
case, there are some selected features that are deemed to be the least important by the previous study
[2] such as X8 (calcination temperature) and X9 (calcination duration).
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Conclusion

In this work, we present a data-driven study to develop a model to predict the methanol yield via CO2
thermocatalytic hydrogenation. We implement features selection model to investigate how the
performance of the prediction model is affected by the number of features. The results show that
feature selection is capable of affecting the accuracy and feasibility of the prediction model. The
prediction model that utilizes features selected via RFE method shows the best performance and even
outperforms the baseline with as little as 7 features. Another important finding is that RFE could
capture 3 most important features that affect CH3OH yield while suggesting new features. Further
study to check how the performance of the prediction model varies with respect to the number of
features is still ongoing.
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