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ABSTRACT

MACHINE LEARNING ANALYSIS OF PHOTOCATALYTIC
CO2 REDUCTION ON PEROVSKITE MATERIALS

The purpose of this study is to construct a database from the experimental studies about
COz reduction on perovskite materials from published articles, then to extract information
from this dataset to predict CO2 production yields and the bandgap of the perovskites by
using machine learning methods such as decision tree (DT), random forest (RF), gradient
boosting (XGBoost), association rule mining (ARM), and linear regression (LR). By using
Web of Science, relevant articles were examined, and 61 articles were selected for data
extraction; 309 samples with 29 features (14 numerical and 15 categorical) were collected,;
these features included properties of perovskites such as bandgap, elemental information,
and conditions of the experiments such as reaction temperature, phase of reaction collected
as the features. Before the machine learning applications, pre-processing steps were applied
to the dataset for cleaning and organizing. For the missing bandgap values, linear regression
was applied for prediction from the available data. The biased and the highly absent features
were eliminated while the missing values of others were filled with the mod or mean of the
dataset. The ML methods were applied using two separate databases which were for gas and
liquid phase reactions. 133 out of 309 samples with 30 features were used for gas phase
dataset while the remaining 176 samples with 29 features were for liquid phase. 17 missing
band gap values were predicted using linear regression with the R-square and RMSE were
found as 0.75 and 0.36 respectively for validation set. With DT, the accuracy for test set was
obtained 0.76 for gas phase and 0.84 for liquid phase. In the RF predictions, R-square and
RMSE were found to be 0.64 and 24.5, respectively for test set in gas phase while they were
0.49 and 221.0 in liquid phase. Bandgap was the most important feature for gas phase while
the most important feature for the liquid phase was found to be the cocatalyst. Finally, in the
XGBoost, R-square and RMSE for test set in gas phase were 0.65 and 14.75, respectively
and for liquid phases, they were 0.79 and 145.6.



OZET

PEROVSKIT MATERYALLER UZERINDE CO; FOTOKATALITIK
INDIRGENMENIN YAPAY OGRENME YONTEMLER iLE ANALIZi

Bu c¢alismanin amaci, yaymlanmis makalelerde bulunan deneysel c¢alismalardan
perovskit fotokatalizorler iizerinde gerceklesen CO. indirgenmesi ile ilgili bir veri seti
olusturmak ve bu veri set yapay 0grenme yontemleri kullanilarak bilgi ¢ikarmak, toplam
tiretim hizin1 ve perovskitlerin bant araligi tahmin etmektir. Karar agaci (DT), rassal orman
(RF), gredyan arttirma (XGBoost), birliktelik kural ¢ikarimi (ARM) ve dogrusal regresyon
(LR) gibi yapay 6grenme yontemleri kullanilmigtir. Web of Science kullanilarak, bu konuyla
ilgili tiim makaleler incelenmis ve 61 makaleden, 29 tanimlayici 6zelligi olan 309 6rnek
toplanmistir. Makalelerden, bant araligi, elementel bilgiler gibi perovskit 6zellikleri ve
reaksiyon sicakligi, reaksiyonun gerceklestigi faz gibi reaksiyon kosullar1 tanimlayici
ozellik (girdi degiskeni) olarak toplanmistir. Yapay 6grenme yontemlerine gegmeden 6nce
veri seti On analiz adimindan gegirilmis, gereksiz veriler temizlenmis, eksik bilgiler uygun
yontemlerle doldurulmustur. Dogrusal regresyon modeli, eksik bant araliklarini tahmin
etmek icin kullamilmistir. Cok sayisa tanimlayici 6zelligi eksin olan veriler ¢ikartilmus,
digerleri ise ortalama ve mod kullanilarak doldurulmustur Yapay 6grenme yontemleri, gaz
ve s1v1 faz verilerini kapsamak tizere iki farkli veri seti i¢in uygulanmistir. 309 6rnekten 30
tanimlayic1 6zellik igeren 133 tanesi gaz fazi i¢in kullanilirken geri kalan 176 veri noktasi
29 tanimlayic1 oOzellikle birlikte sivi veri setinde yer almistir. Dogrusal regresyon
kullanilarak veri setindeki eksik 17 bant aralig1 diger bant aralig1 verilerinden yararlanilarak
tahmin edilmis, modelin kok ortalama hatanin karesi (RMSE) degerleri gaz ve siv1 fazlarin
dogrulama setleri i¢in sirastyla 0.75 ve 0.36 bulunmustur. DT ile gaz fazi igin test setinde
dogruluk oranmi 0.75, siv1 fazinda ise 0.84 olarak elde edilmistir. RF ile gaz fazi igin test
setinde R? degeri 0.64 ve RMSE degeri 24.5 , s1v1 faz1 i¢in bu degerler 0.49 ve 221.0 olarak
bulunmus; en 6nemli 6zelligin gaz faz i¢in bant araligi iken, s1vi faz igin ko-katalizér oldugu
saptanmistir. XGBoost ile gaz fazi igin test setinde R? ve RMSE degerleri sirasiyla 0.65 ve
14.75 olarak bulunmustur ve bu degerler sivi fazinda 0.79 ve 145.6’dr.
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1. INTRODUCTION

In recent years, the use of coal, oil, and fossil fuels has increased exponentially with
dramatic rise in the population and economic growth; this enormous consumption rate
increases carbon dioxide (CO2) emissions, which contributes to the greenhouse effect,
climate changes and becomes a threat for both humans and the environment. To avoid these
problems, studies for CO> reduction have been continuously increased in recent years. In
addition to more traditional ways of CO- capturing, the new trends such as photocatalytic
reduction, electrocatalytic reduction, biological transformation, and solar-thermal catalytic
reduction have also been extensively studied. These methods are used to convert CO: into
C-based compounds which can be used as used as products. Among all applications,
photocatalytic CO> reduction can be selected as the greener and more promising process (He
etal., 2022).

In CO2 reduction process, breaking the bond between C and O needs a great amount
of energy because of its stability. Photocatalytic reduction is one of the challenging methods
for converting CO»; hoverer, it has clear benefits compared to its alternatives. First, mild
conditions such as room temperature and pressure can be sufficient for photocatalytic
reduction. Second, the unused CO> can be used as the starting carbon source of the process
to obtain clean solar energy. By the photocatalytic reduction, short-chain hydrocarbons are
produced such as CH4, CH3OH, C2He with solar energy to use them as carbon fuels. Finally,
with all these, the carbon dioxide emission could be decreased with the use of alternative
hydrocarbon fuels produced from CO: instead of fossil fuels (Tu et al., 2014).

During the photocatalytic CO> reduction process, multiple variables are considered for
the reaction. The transformation step occurs on the surface named as photocatalyst (or
semiconductor) which accelerates the reaction. This surface also absorbs the light and
creates electrons and the holes to convert the CO». The types of semiconductors are used for
this purpose vary from works to works while the perovskites are among the most preferred
materials due to their easy to modify structures. Perovskites can be inorganic, hybrid

organic-inorganic, double, layered, defect etc. relying on their features (Oku, 2020; Sun et



al.,, 2018; L. Wang et al., 2018). In the studies, machine learning application of

photocatalytic CO- reduction over inorganic perovskites is studied.

As aresearch topic, photocatalytic CO- reduction on perovskites is an increasing trend.
Wu and his group studied on the SrTiOs, which is a common perovskite, by modifying it
and promoting it with cocatalyst to improve the performance. They have been successful in
enhancing the performance of an already good perovskite further by modifications (X. Wu
et al., 2019a). Another titanate type perovskite BaTiOs was studied by Zengeneh and his
group. They also tried to increase the performance of the perovskite by additives. With the
additives, the properties and the performance of the perovskite were increased (Zangeneh et
al., 2020). Shoa studied Photocatalytic CO- reduction on a tantalate, KTaOs, which can be
cubic or octahedral. With the experiments in UV light, the photocatalytic activity of
octahedral crystal structure was found to be better. It was also observed that NiO as a co-
catalyst increased the performance (Shao et al., 2018). The effect of the crystal structure was
also studied by Li and his group; they examined the cubic and orthorhombic NaNbO3 and
obtained better activity with cubic NaNbO3z (P. Li, Ouyang, Xi, et al., 2012). In the study of
Kwak, the performance of a layered perovskite Sr2TiOs was examined. The photocatalytic
activity was tried to increase by the surface modifications, and they have been successful
(Kwak et al., 2017).

With the increasing size of experimental and computational data, it becomes possible
to analyze the results of previous studies by machine learning and extract valuable
information for the future works. Remarkable progress in machine learning methods and
computational tools also contributed to this trend. Indeed, various works involving the
machine learning applications of photocatalysis have been published by various groups
including ours. For example, Odabas1 and Yildirim used ML tools such as decision tree
classification and random forest regression to analyze the performance of perovskite solar
cells from the experimental samples collected from 800 published articles (Odabasi Ozer &
Yildirim, 2019) while Can & Yildirim published a ML work on water splitting over
perovskite semiconductors (Can & Yildirim, 2019). Similarly, Oral et al. analyzed the data
for photoelectrochemical water splitting (Oral et al., 2022) and Saadetnejad and Oral studied

for photocatalytic CO> reduction (Saadetnejad et al., 2022).



In this study, a dataset was constructed by selecting 61 articles from all published
articles until March 2023. 309 experiments were extracted from these articles with various
descriptors. The dataset was separated into two subsets due to the reaction phase because of
the distinct input variable, H.O:COg, which is meaningful for gas phase only; consequently,
29 descriptors were selected for liquid phase dataset and the 30 descriptors were selected for
gas phase dataset. The dataset went through pre-processing steps to make ready for ML
methods while inputs and the outputs correlations were also analyzed. The decision tress,
random forest, gradient boosting, and association rule mining were used to analyze the
dataset and predict the total yield of the CO> reduction reaction. Linear regression was used
to predict the missing bandgap values in the dataset. By the feature importance analysis of

the DT and the RF, the effect of the inputs on the result was also analyzed.

This thesis consists of five chapters. The detailed information and the literature
samples about the photocatalytic CO reduction and the machine learning methods were
given in Literature Survey (Chapter 2). The constructing database and the details about the
modelling were given in Computational Details (Chapter 3). The results of the ML methods
and the database analysis were discussed in the Result and Discussion (Chapter 4). The
conclusion and the recommendation of this work were given in the Conclusion and

Recommendation (Chapter 5).



2. LITERATURE SURVEY

2.1. Photocatalytic CO2 Reduction

In recent years, with the increasing use of the fossil fuel and the industrial
manufacturing, the amount of the CO> in the atmosphere has been increased significantly
resulting various effects such as acid raining, global warming and glacier melting, that
threaten the human health and environment (Sun et al., 2018; Zeng et al., 2018). To reduce
these problems, various precautions such as reducing the use of fossil fuels, changing the
energy resources to renewable sources, and converting CO> to less harmful chemicals
(Kumar et al., 2020).

CO- reduction is used to convert CO; to hydrocarbons through processes such as
biological conversion, electrochemical conversion, thermochemical conversion, and
photocatalytic conversion. Despite the photocatalytic CO> reduction is harder than other
methods, it can help the carbon cycle by converting the CO; into C-based hydrocarbon fuels

which can be an alternative for fossil fuels and reducing air pollution (Tu et al., 2014).

COz is a highly stable molecule; sufficient energy should be applied to break the bonds.
Like photosynthesis, photocatalytic CO2 uses the power of light; a semiconductor is also
needed to absorb solar energy to provide sites for catalytic reactions. The CO2 molecules
converted to the C-based hydrocarbons such as CO, CH3OH, CHs, CH20 etc. like in Figure
2.1 (Kumar et al., 2020; Tu et al., 2014). COz is adsorbed to the surface while the light is
absorbed generating electron and hole pairs. The electrons, with the increased energy, are
transferred from valence band (VB) to conduction band (CB) while holes remain in valance
band. Then the electron is used to reduce CO2 while the hole oxidize water generating
products, which are desorbed form the surface (Ran et al., 2018; Sun et al., 2018). Various
semiconductors like metal oxide, perovskites, metal sulfide, metal-free, and metal nitride are

used for this purpose (L. Wang et al., 2018).
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Figure 2.1. The scheme of photocatalytic CO> reduction. Adopted from (Sun et al., 2018;
Xin et al., 2014)

The semiconductor choice is critical for CO2 reduction efficiency. The bandgap which
is the difference between CB and VB is one of the most important features of
semiconductors. Bandgap is significant for the occurrence of the electrons and hole pairs.
Besides, the reactions of the system take part on the semiconductors while transportation of
the charges also occurs through band gap structure benefits to these reactions. Perovskites
usually have suitable properties for CO, reduction exist in perovskites (C. Huang et al.,
2016).

By the discovery of the CaTiOs mineral, the origin of the perovskite was found, and
the general formula was generated as ABX3 (Reshmi Varma, 2018). The cations are A and
B, and the anions are X. A represents organic or inorganic metals and the X represents
halogens, oxygen, or sulfur but generally oxygen. Due to the common features, perovskites
are grouped as inorganic, hybrid organic-inorganic, double, layered, defect etc. (Can &
Yildirim, 2019; Oku, 2020).



The inorganic perovskites are usually classified according to the B-site; Each element
in B-site represents a group of perovskites like Ce; cerate , Fe; ferrite, Nb; niobate, Ta;

tantalate, Ti; titanate, Zr; zirconate (Kumar et al., 2020).

The synthesis method of perovskite is critical to have the desired properties of the
perovskite; It affects efficiency and other performance measures including the cost.
Hydrothermal, solvothermal, sol-gel, polymer complex, solid-state, molten salt,
sonochemical methods can be examples for perovskite synthesis. With aqueous solutions in
high pressure and temperature, hydrothermal method is used (Xu et al., 2014) while the one
used with other solvents (non-aqueous solutions) is called solvothermal methods, and
utilized in perovskite synthesis (Caruntu et al., 2015). Sol-gel method involves the use of
colloidal solutions as precursor and gelation of the solution (Parida et al., 2010). By polymer
complex precursor is formed from various metal is used for synthesis in polymer complex
method (Phokha et al., 2014). From the reaction of solid materials (solid-state method) in

high temperature, perovskites are also obtained (Yin et al., 2014).

In the study of Nakanishi and his group, NaTaOs was used as the semiconductor to
reduce CO> to CO, H2 and O by using H2O as the electron donor. The experiments were
done under UV light and with Ag cocatalyst in liquid phase. However, NiO, Ni, Cu, Ru, Rh,
Pd and Au were also used as the cocatalyst. The perovskite was synthesized with solid-state
method. Photodeposition, impregnation and liquid-phase reduction were used as the loading
method of cocatalysts. With the cocatalyst, doping effects were analyzed with different
combinations. Mg, Ca, Sr, Ba, and La were used as dopant. The selectivity was affected by
every parameter such as dopant, cocatalyst, cocatalyst amount, loading method etc. in the
experiment. The highest efficiency was obtained with Ag cocatalyst which was loaded as
3% by liquid-phase method and Ba dopant as 95% selectivity of CO (Nakanishi, Lizuka, et
al., 2016).

BaTiO3z was another perovskite which has high potential for CO2 reduction. The
hydrothermal method is used for the synthesis. The reaction occurred under UV light in gas
phase. CO; was reduced to CH3OH, CO, and CHas. The effect of the dopant, Eu, was
measured in different amounts. The dopant amounts affect both the bandgap and the



selectivity; the bandgap decreased, and the selectivity increased with the increasing amount
of dopant (Hwang et al., 2023).

Chen and coworkers worked on barium zirconate as a new photocatalyst. The Pechini
method was used to obtain BaZrOs, and the reaction occurred in liquid phase at room
temperature and pressure under UV light. The effects of cocatalyst and the calcination
temperature were analyzed. 1000 °C, 1100 °C, and 1200 °C were used as the calcination
time while Ru, Cu, Au, Pt, and Ag were tested as the cocatalyst. The highest efficiency was
obtained over 0.3% of Ag photocatalyst calcined at 1000 °C (X. Chen et al., 2015a).

In another work, BaCeOs perovskite was used as the photocatalyst, which was
synthesized by Pechini method. The experiments were done under UV light. The effects of
the cocatalyst, Ag, Au, Pt, CuO, and RuO2 were measured in liquid phase in the room
conditions. The highest efficiency was obtained over Ag cocatalyst. Hence, different
amounts of Ag (0.2%, 0.3%, and 0.5%) were also tested, and the perovskite with 0.3%
cocatalyst had higher efficiency (J. Wang et al., 2015).

Fresho and coworkers studied NaNbOsz, NaTaOs, and the intermediate form
NaNbosTags03 in their article. The perovskites were synthesized with hydrothermal method.
The experiments were done under UV light in gas phase. A dramatic difference in selectivity
was observed between NaNbOs and NaTaOs; NaNbOs performance was significantly
higher. The combined perovskite also showed better performance than tantalate (Fresno et
al., 2021).

In another study, LaFeOs was used as semiconductor because of its low price and
efficiency. It synthesized by sol-gel method. The experiments were done under visible light
in liquid phase. Different modifications, like doping, were performed on the perovskite. The
efficiency was calculated for carbon templated porous LaFeOs, amino-functionalized carbon
templated porous LaFeOs, N-doped LaFeOs, and TiO. coupled N-doped LaFeOs. The
highest efficiency obtained from the last form of the semiconductor. Above semiconductors,

the production yield increased while the bandgap decreased (Humayun et al., 2016).



As an example of layered perovskite, an article reporting CO- reduction over BisTizO12
can be given. In this study, the perovskites were synthesized by molten salt and hydrothermal
method. The experiments were done under visible light and room conditions in liquid phase.
The perovskite which was obtained by molten-salt method showed better performance
because it had higher photocarrier separation efficiency, larger surface area, better

photocurrent response and lower resistance for charge transfer (Jia et al., 2022).

2.2. Machine Learning Methods

In recent years, the big data concept has evolved with the increase of the data
generation in every area of life; from social disciplines to quantitative studies, large amounts
of data already accumulated, and it continues to increase exponentially. Big data concept is
relevant for many areas from biomolecular research, society, security, energy studies etc.
(L’Heureux et al., 2017; Qiu et al., 2016). The knowledge extraction from big data is possible
by latest computer science technologies as well; this is the main reason for the popularity of
the concept. Machine learning is one of the computer science technologies, which has been
improved in recent years, to extract useful information from big data and make important

contributions to various domains (L. Zhou et al., 2017).

User Domain

Machine Learning

Big Data |« Preprocessing |« Learning |« Evaluation

v
A 4

System

Figure 2.2. Machine learning frame on big data adopted from (L. Zhou et al., 2017)

In Figure 2.2., the relation of the big data, machine learning, user, domain, and system

can be seen. Big data gets into machine learning to provide information for system, user, and



domain. The double arrows show that, by the feedback, the ML system is improved, and, in
return, improves the data. Preprocessing is used to organize the big data before learning step;
preprocessing tasks and methods may be different for different ML method. After learning
from the prepared dataset, evaluation step is executed, and the results are obtained (L. Zhou
etal., 2017).

ML replaces some parts of experiments in science gradually because in the past, there
is huge amount of almost experimental data to extract information and trained in an ML
model. With the knowledge from past experiments, new results can be obtained to guide the

new experimental works better.

The ML techniques are quite diverse; new techniques have been developed
continuously based on the needs. These techniques are divided into three main titles as
supervised, unsupervised and reinforcement techniques. Recently, with the increasing in the
data amount, the complexity of the models also rises. Hence, different main titles occurred
as classical machine learning and deep learning. Classical machine learning techniques are
always effective and useful for statistical analysis and information extraction, even deep
learning is improved day by day. Linear regression, logistic regression, decision tree, support
vector machine algorithm, naive Bayes algorithm, KNN algorithm, random forest algorithm,
gradient boosting algorithm, etc. are the examples for classical ML techniques (Bonaccorso,
2017).

As in Figure 2.2., before all ML techniques, preprocessing step should be applied to
raw dataset. The dataset usually has missing values especially when it is collected from the
experimental results. In such cases, the blanks should be filled or removed. If there is not
enough information that results are removed from the dataset. In some cases, the unknown
values of variables can be filled with the mean or the median of the other samples or another
predictive model can be used to predict them. The dataset can be constructed by both
categorical and numerical data. Depending on the machine learning techniques used, the
categorical data stays, or changes to numeric data (1,0) by one-hot encoded algorithm.
Normalization and standardization are another technique for preprocessing. They are applied
to remove the effect of numerical magnitude, fasten the convergence, and remove the

negativity of the outliers. However, it is not necessary for tree-based models. Another
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method is featuring selection. The features (input variables) need to be chosen reasonably.
Hence, after collecting all the samples, the unnecessary features are removed. Another
crucial preprocessing step is shuffling. It is necessary to prevent learning from the sorted

similar samples (Bonaccorso, 2017; J. Huang et al., 2015).

2.2.1. Linear Regression

Linear regression is a common and the simplest data analysis tool. It is used to find
the relationship between dependent and independent variables. The dependent variable is

output, and the independent variables are inputs.
y=a+ fx (2.1)

Equation (2.1) is the general formula. ¥ is the predicted output variable and x is the
input variable. a and g are the coefficients represents the intercept and regression coefficient
respectively. The aim of the linear regression is predicting output values from the
independent values. Hence, the difference between the predicted ¥ value and the observed

y value need to be minimized (Bazdaric et al., 2021; Schneider et al., 2010).

In the basic statistical application, linear regression is used frequently. In their study,
Pino-Mejias and his group compare linear regression with artificial neural network models
on energy use in office buildings to predict heating and cooling demand, energy
consumption and CO2 emissions. Their dataset consists of 77000 cases which are evaluated
over eight features. They obtained better results with linear regression to predict energy
consumption and CO emissions cases when the transformed predictive variables are used.
On the other hand, without being transformed, multilayer perceptron shows much better

accuracy for all topics (Pino-Mejias et al., 2016).

2.2.2. Decision Tree

Basically, a decision tree is an algorithm represented by a graph with tree form
showing the choices to make and their possible outcome. In detail, it is a classification model
(or can be regression model) that represents an iterative division of the analyzed instances.

A decision tree composed of nodes and branches. There is root in each tree which is the first
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node and has no previous node (Age in Figure 2.3.). The nodes which are used to decide to
another node are called the internal nodes (leaves or terminal node) and they split into two
or more branches due to the condition of the inputs. The conditions of the division can also
be seen in Figure 2.3. (Mahesh, 2018; Rokach & Maimon, 2005).

//\

Ge:nder No
Ves / Last\
, Rule ,
7 : %
No Yes

Figure 2.3. Decision tree sample adopted from (Rokach & Maimon, 2005)

Decision tree algorithms are Iterative Dichotomser (ID3), C4.5, C5.0 and
Classification and Regression Trees (CART). In classification problems, ID3 and C4.5
algorithms which were found and developed by Ross Quinlan, respectively concentrate on
classification. (Domor Mienye et al., 2019). In the study of Priyam and his friends, all the
decision tree algorithms are compared over the educational database. With the small
database, C4.5 shows a better performance than ID3 and CART. On the other hand, with the
large dataset, serial algorithms cannot show the same performance and SPRINT and SLIQ
decision tree algorithms are used. Due to such requirements, the decision tree algorithms are

developed (Priyam et al., 2013).
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During the hyperparameter tuning for decision tree algorithms, it is important to
balance the error rate, complexity, and computational power. In a while the error rate
decreases with the increase in model complexity; however, after a point the model starts to
memorize, and the error rate starts to increase. At this point the hyperparameters are chosen
by taking computational power into account. If the performance is not affected by a large
amount, the complexity should be decreased. Tuning the complexity parameter and the

number of nodes is an example for hyperparameter tuning (Mantovani et al., 2018).

In the study of Can et al. the prediction of water solubility in ionic liquids was done
by machine learning algorithms such as decision tree and deep learning (multilayer fully
connected NN). Their dataset, which was computational dataset produced by COSMO-RS
consists of 16137 ionic liquids. The heuristic rules about the ionic liquids were extracted by
the decision tree. By classifying the output into three groups as low, medium, and high
solubility, the effect of the properties on the solubility can be obtained by the classificational
decision tree (Can et al., 2021).

2.2.3. Random Forest

In 2001, random forest (RF) was proposed by L. Breiman as a good machine learning
algorithm which could do both classification and regression. RF can readily adjust to the
non-linear pattern in the data while it can handle the large datasets. Unlike logistic
regression, or linear regression, RF works even when the number of observations is less than
independent variables. RF is a tree-based algorithm where the dataset is divided into two by
using specific criterion until the pre-defined condition is satisfied. Depending on the
predefined condition, the decision tree can do regression or classification. The limitation of
the decision tree is overfitting, which means the model over learns the train dataset and
causes poor performance (i.e., low accuracy) in the test set. Constructing multiple individual
trees by considering only a subset from the observations, like in random forest, is a good
strategy to increase the accuracy of model; RF is one of such ensemble tree-based learning
algorithms. RF works by averaging the predictions from multiple individual trees, each
constructed using bootstrap samples, instead of the original sample (Bonaccorso, 2017;
Schonlau & Zou, 2020).
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For RF, the hyperparameters, which can be changed by the users, must be optimized;
these can be mtry, sample size, replacement, node size, number of trees and splitting rule.
The quantity of candidate variables chosen in each split is the mtry. Sample size represents
the observations number for each tree while replacement is chosen as true if the draw
observation is done with replacement. In the terminal node, the minimum number of
observations is the node size. The number of trees is the quantity of the trees in the forest.
The splitting rule is used for deciding how to split the data at each node during the
construction of the tree for the most effective separation. Optimum model with random forest

is obtained by tuning these hyperparameters (Probst et al., 2019).

In the study of Oral et a. three machine learning algorithms including random forest
were used to analyze dataset with 10,560 samples from 584 experiments in 180 articles. The
experiments were about photoelectrochemical water splitting. Before the machine learning
application, pre-analysis was done with simple descriptive statistics. Association rule mining
(ARM), decision tree (DT), and random forest (RF) were used as ML techniques to find out
the patterns between the samples. The aim was to predict photocurrent density by using 33
features as the inputs with decision tree and to predict the band gap with RF and DT. With
DT model for band gap the training and test accuracy were obtained as 78% and 72%
respectively. These results were 61% and 54% for photocurrent density prediction. With RF,
the root mean square error were obtained as 0.24 and 0.27 for validation and test set

respectively for band gap prediction (Oral et al., 2022).

2.2.4. Gradient Boosting

Ensemble methods such as random forest are highly impactful for improving the
performance of the models. It uses randomization techniques which handle the problems
with different solutions to find out the optimum. With recent technology, gradient boosting
algorithms such as eXtreme Gradient Bosting (XGBoost) (T. Chen & Guestrin, 2016), Light
Gradient Boosting Machine (LightGBM) (Ke et al., 2017), and Categorical Boosting
(CatBoost) (Prokhorenkova et al., 2017) were also developed. These algorithms enhance the

training speed and generalization capacity (Bentéjac et al., 2021).
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Boosting algorithms work by integrating the weak learners into a powerful learner
through an iterative process. It is a regression algorithm that follows the boosting principles.
When the iterative process is not appropriately regulated, the boosting algorithms can have
drawbacks such as overfitting. In such cases, preprocessing of the dataset becomes crucial.
Gradient boosting algorithms can handle numerical data in harmony. The users can tune the
hyperparameters such as learning rate, maximum depth of the tree, the subsampling rate,
number of features for best split and the minimum number of the samples for internal node
splitting (Bentéjac et al., 2021).

In the study of Chen and his group, ML method was used to analyze the
electroreduction of CO». They used extreme gradient boosting regression algorithm (XGBR)
to enable effective exploration of electrocatalysts for CO2 reduction. Their model predicted
the Gibbs free energy change of CO adsorption efficiently and quickly. The dataset was
obtained from the DFT computations with VASP. They studied K-nearest neighbor
regression (KNR), RF, support vector machine (SVM), gradient boosting regression and
XGBR with various amount of training and test data. The best ratio with the data was
obtained by 80% of train and 20% of test set with 0.902 r-square and 0.1652 root mean
squared error (A. Chen et al., 2020).

2.2.5. Association Rule Mining

Data mining is classified as descriptive and prescriptive. Descriptive mining involves
summary or description of the features of the dataset while prescriptive mining involves
analyzing current data to make predictions relying on historical data. Association rules,
classifications and clustering are examples of data mining. Association rule mining (ARM),
which is introduced by Agrawal in 1993 is a widely studied data mining technique; it focuses
on extracting meaningful correlations, frequent patterns, associations within the sets of items
in the databases (Zhao & Bhowmick, 2003).

In ARM method, the rules are described through basic measures such as support,
confidence, and lift. During the association rule mining, two sides are decided as the rules.
These are right-hand-side (RHS) and left-hand-side (LHS). Assume that X is LHS, and Y is
the RHS. The aim is to find the association between LHS and RHS with support, confidence,
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and lift. Support shows the ratio of the number of X in the Y to the whole dataset
(# of the data have both X and Y/# of all data) . Confidence shows the ratio of the number
X in Y to the number of X in the dataset (# of data have both X and Y/# of X in data).
Finally, the lift shows the ratio of the confidence to fraction of Y in the whole dataset
(confidence/fraction of Y to all data) (Zhao & Bhowmick, 2003).

2.2.6. Error Metrics

After training and testing the model, a certain measure is needed to evaluate the
performance of the model; error metrics as R-squared, root mean square error (RMSE), or
mean square error (MSE) are used for this purpose. If the X; assumed as the predicted value
of i" value, the Y; is the actual value and Y is the mean of the true values, the formulas are
shown as follows (Chicco et al., 2021):

1 m
P= >, (2.2)
i=1
m (X, - Y,)?
RP= 1-T———5, (2.3)
i=1(Y - Yi)
1 m
MSE = EZ(Xi ~Y)?, (2.4)
i=1

m
1
RMSE = EZ(XL- —v)2. (2.5)
i=1
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3. COMPUTATIONAL DETAILS

3.1. Constructing Database

In this study, the dataset was constructed from experimental articles from Web of
Science, by using keywords, of “CO2 reduction, perovskite” and ‘“Photocatalytic CO2
reduction, perovskite”. All articles (until March 2023) were examined, and 61 articles were
selected. 309 data were collected in 29 different aspects which contain both input variables

and the output variable. 14 numerical and 15 categorical data were taken from the articles as

in Table 3.1.

Table 3.1. The categorical and the numerical features in the dataset

Categorical Features

Numerical Features

Perovskite x of A
A x of Al/B1
Al/B1 x of B
B x of X
X Dope percentage (%)

Additional material

Cocatalyst percentage (%)

Synthesis method of perovskite

2"Y cocatalyst percentage (%)

Dope

BET surface area (m?g™)

Synthesis method of cocatalyst

Calcination time (h)

Cocatalyst

Calcination temperature (C°)

Synthesis method of 2" cocatalyst

Reaction temperature (C°)

2"d cocatalyst

Reaction pressure (bar)

Light type

Bandgap (eV)

Phase of the reaction

H20:CO2

Crystal structure
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The dataset contains 41 different perovskites. The metal oxide ABX3 perovskite
consists of three sites, A, B and X; they were categorized according to the B-site, and these
categories were used as one of the features of the dataset (as the type of the perovskite). In

Table 3.2., the perovskites are tabulated for each category.

Table 3.2. Perovskites and the category of the perovskite

Type of Perovskite Perovskite
Ferrite BiFeOs, LaFeOs
Niobate KNbO3z, NaNbOs
Tantalate KTaOs, LiTaO3, NaTaOs,
Titanate BaTiOgz, BiTiOgz, CaTiOs, NiTiOs, SrTiOs,

Cao75Ti1.1203, Cai.28Tio.8503, Ca15Ti0.7503
Ba:NbFeOg, BaLasTiz012, Bi2WOs, BisTiz012,
CaLasTi4015, CsCazTazO10, H2SrTaz07,
HCazTaz010, HNb3Os, KNb3zOs, LazTi207,

Layered PbBi2Nb2Qg, Sr2TiO4, Sr3TiO7, Sr3TioON,
Sr3TiFeOs7, SraTiFeON, Sr3TiFeS20N,
SraTiFeSON, SraTiS20N, SrsTizOxo,
SrLasTisO1s5, SITiFeSON
Other BaCeO3, BaZrOs, NaNbosTaos03

In the dataset, 12 A-sites, seven B-sites, five A or B additional sites and one X sites
exist. In Table 3.3., the elements of the sites are given.

Table 3.3. A, B, A1/B1 and X sites of the perovskites

Sites of perovskite Elements
A Ba, Bi, Ca, Cs, H, K, La, Li, Na, Ni, Pb, Sr
B Ce, Fe, Nb, Ta, Ti, W, Zr
Al/Bl Bi, Ca, La, Nb, Sr
X 0
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In addition to the perovskite type, there were also other categorical features as

tabulated in Table 3.4.

Table 3.4. Variable range of the features

Features/Number of features

Variable range

Additional material (2)

Yes, No

Synthesis method of perovskite
(21)

(APC) Adopting polymer complex, (COP)
Chemically oxidative polymerization, (ES)
Electrospinning, FAPO, Flux, GBMR, Generic,
(HT) Hydrothermal, (MPC) Modified polymer
complex, (MS) Molten salt, (PTP) Pechini,
(PC) Polymer complex, (SG) Sol-gel, (SS)
Solid-state, Solution combustion, Solvo-
combustion, Solvothermal, Sonication,
Sonochemistry, Spin-coating, (UT) Ultrasonic

treatment

Dope (16)

Al, B, Fe, Ba, C, Ca, Cr, Cu, Eu, N, S, La, Mg,
N, Sr, None

Synthesis method of cocatalyst

(6)

Chemical reduction, Impregnation, Liquid-
phase reaction, Photodeposition, Precipitation,

None

Cocatalyst (13)

Ag, Au, Cu, Cu0, CuO, Ni, NiO, Pd, Pt, Rh,
Ru, RuO2, None

Synthesis method of 2™
cocatalyst (3)

Impregnation, Photodeposition, None

2" cocatalyst (3) Cu, Rh, None
Light type (2) UV, Visible
Phase of the reaction (2) Liquid, Gas

Crystal Structure (10)

Cubic, Cubic-orthorhombic, Hexagonal,
Monoclinic, Octahedron, Orthorhombic, Plane,

Rhombohedral, Tetragonal, Trigonal
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The range of numerical features varies with phase of reaction. In Table 3.5, the
minimum and the maximum values of the numerical features are given for gas and liquid
phase. The dataset was split into two parts due to the reaction phase. The reaction phase
affects the input variables as well as the product distribution. The ratio of the H2O to CO> is
important for the gas phase to obtain a precise output while it is not relevant for the liquid

phase. The same machine learning tools were implemented on both data subsets.

Table 3.5. Minimum and maximum values of the features for liquid and gas phase

Liquid Phase Gas Phase
Features Min Max Min Max
x of A 1 4 0.75 2
x of Al/B1l 1 4 0.50 2
x of B 1 4 0.50 3
x of X 3 15 3 10
Dope percentage (%) 2 16 0.1 0.5
Cocatalyst percentage (%) 0.1 5 0.1 2.05
2" cocatalyst percentage (%) - - 0.5 0.97
BET surface area (m?g™?) 0.78 | 35854 | 0.1 207
Calcination time (h) 1 24 1 24
Calcination temperature (C°) 120 1200 120 1100
Reaction temperature (C°) 25 35 4 200
Reaction pressure (bar) 0.138 2 1 2
Bandgap (eV) 1.74 4.8 2.06 5.1
H20:CO- - - 0.08 13.8

In the articles, the experimental conditions and materials were different hence the
products of the reactions varied. As the target value of the dataset, the yield of each product
was added. CHgs, O2, CO, Hz, CH20, CH30H, C2HeO, and CHO> were the products of the
reactions in the articles. The output value of the dataset was obtained from the sum of yield
of the products. The input of the datasets is in Table 3.1. as the features and the output of the
datasets is the total yield. The range of the output is 0-8184 umol.g™*.h* for liquid data and
0-654.2 umol.gt.h* for gas data.
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3.2. Modeling

3.2.1. Preprocessing of dataset

The dataset was preprocessed before machine learning analysis. After constructing the
dataset, it was noisy and deficient because the data, which was taken from the various
articles, was not homogenous. It is needed for cleaning and organizing, which is called
preprocessing. Some preprocessing methods are common while some are distinct for each

ML application because different ML methods require different property of the dataset.

At the beginning, the features such as reduction time, reaction medium etc., which
were absent for the majority of the articles were eliminated. Additionally, the biased
variables which existed in another feature were also removed. For a model, the output
variable must be unique; hence, the different type of outputs was eliminated; only total yield
(umol.gt.h'Y) remained. Since the perovskite was used as semi-conductor in the experiments
in this study, the perovskites with different functions were also removed to prevent
complications. After all these eliminations, 309 data points remain as samples of the

database.

Then the empty cells (missing variables) were filled with the mean, mod, or a more
meaningful variable. For example, the missing values of reaction temperature and reaction
pressure were filled with mods of the variables. For the calcination temperature, on the other
hand, it was assumed that if the data is not provided, it usually means that calcination was
performed, which is equivalent to say calcination is done in room temperature”. In such
cases missing value was assumed to be 25 °C. The average of the given values of the
calcination time were used to fill the blank for this feature. For the BET surface area, the
dataset is filtered by crystal structure and the perovskite, and the average from the remaining
data was used to fill the empty cells. For the crystal structure, the Materials Project (MP)
(Jain et al., 2013) was used for this purpose; if a unique structure was given in MP for the
perovskite, it was used; if there are more than one structure and the correct structure is not
known, that data point was also eliminated from the dataset. The ratio of H20 to COz is
crucial for output value, so the blanks were filled with the average of the values which were

obtained from the filter due to the light type and catalyst weight for only gas phase dataset.
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The absent band gap values were determined using linear regression and the available data
as explained in Section 3.2.2. For categorical features, the blanks were filled with “none”
because the feature was not used in the articles as part of the experiment. It means, “none”

was a meaningful property for the ML models.

As mentioned in Section 3.1 a new variable as the type of the perovskite was added
dataset as a feature. Eventually, 29 variables and 30 variables are obtained for liquid and gas
data, respectively. As for the data size, there are 133 samples for gas dataset and 176 samples

for liquid dataset.

The bandgap prediction was done by linear regression. For this, python (Rossum et
al., 1995) was used as the programming language. During the bandgap prediction more
features were extracted from the dataset, and it was not separated for different phases as the
bandgap is the property of the material itself. The type of perovskite, perovskite, A, x of A,
Al/B1, x of A1/B1, B, x of B, X, x of X, additional material, synthesis method of perovskite,
doping used, BET surface area, calcination time, calcination temperature, and crystal
structure were used as the features to predict bandgap. Because python was used, the
categorical data was converted to numerical data by one-hot encoding method. The type of
the data was changed as float. The band gap prediction was done to predict the missing
bandgap values in the dataset. After separation of blank part of the data as the test set, the
shuffling was done to separate the similar data to prevent the bias. Shuffling is crucial for
the ML models to prevent learning from similar data and for this dataset similar data were

in serial because they were taken from the same articles group by group.

The decision tree (DT) was used to deduce rules for high total yield in R language. In
this model, data was separated into gas data and liquid data. The same pre-processing steps
were applied separately. In DT, categorical data and numeric data can be used without
changing. 75% of the data is separated as train set. The numeric output of the train set was
sorted from smallest to largest and split equally as in Table 3.6. The output of the test set
also grouped due to the range from the train set.
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Table 3.6. The range of the groups for output value in liquid and gas set

Group name Liquid set Gas set
Low: C (0.00,8.69] (0.00,1.42]
Medium: B (8.69,143] (1.42,6.70]
High: A (143,2352] (6.70,655]

After that, the numerical values of output were removed, and the categorical values
were added. The dataset was shuffled randomly, 60% of data was separated as train set
while 15% was separated as validation data each time to prevent the learning from the same
part of the data. For each time, one of five (15% of the data) became validation data and the
rest was used for training in a loop (five-fold cross validation) to provide learning from all

data. The testing was done with the optimum model among five models.

For random forest, the dataset was used to predict total yield value in R language. The
categorical data was converted into factor and the numeric data was taken as numeric. The

data was split into 75% of the train set and 25% of test set. The shuffling was done.

For gradient boosting, the categorical data was converted to numeric data by one-hot
encoding. The shuffling was done and 80% of the data was taken as train set and 20% of

data was test set.

In the association rule mining (ARM), the categorical data was taken as factor and the
numeric data was grouped by sorting from smallest to largest and splitting equally into
categorical values. The x of A, x of A1l/B1, x of B, x of X, dope percentage, cocatalyst
percentage, 2" cocatalyst percentage, reaction temperature, and reaction pressure were
separated into two groups. BET surface area, calcination time, and bandgap were separated
into 10 groups. Calcination temperature and H>O: CO2 were separated into nine groups. The
number of groups differ due to the range and the distribution of the numbers for each feature.
All values were taken as factors. The output variable was split into three groups as in decision

tree and taken as factor.
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3.2.2. Linear Regression

The linear regression model was coded in python language in Google Colab. (Bisong,
2019) The library, LinearRegression, from sklearn was used. It was used to predict missing
bandgap values. The dataset was read, and the pre-processing was applied. After one-hot
encoding, the number of samples was 309 and the number of features was 134. The train
data was obtained by removing the rows of empty bandgaps which were used to generate
test set. The number of samples in the train set was 292 while it was 17 for the test set. After
separating the output value from the train set, validation set was obtained from it by 30%.
Because of the simplicity of linear regression, no parameters were changed. R-square, mean

squared error and root mean squared error were obtained.

3.2.3. Decision Tree

The decision tree model was coded in the R language in R Studio. The libraries, rpart
and rattle, were used. The decision tree was used to predict total yield. In decision tree, the
categorical and numeric values were used together. The results were taken for liquid and gas
set separately. 25% of the dataset was split as test set. 60% of the dataset was train set and
15% of the dataset was validation set. Five-fold cross validation was applied, and the
optimum model was used. The optimum minsplit and cp values were determined by testing
all combinations from five to 30 with five differences for minsplit and for cp value, from
0.01 to 0.1 with 0.005. The minsplit and cp values, which gave the highest accuracy were
selected. The test set was also grouped with values of train set. With the best
hyperparameters, the model prediction was done. After prediction, tree and confusion matrix
were obtained. The recall and the precision values for each group of the output were used as

the performance measures.

3.2.4. Random Forest

The random forest model was coded in R language. The library, randomForest, was
used. The random forest was used to predict total yield by regression. In random forest,
categorical and numeric data were used together. 75% of the data was train set while 25%

of it was test set. Because of the small dataset, the ntree was decided as 500. mtry (number
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of variables tried at each split) was five to avoid overfitting. The importance of the features
was calculated, and the graph was obtained. Root mean squared error and R-square were

also calculated as performance measures.

3.2.5. Gradient Boosting

The gradient boosting was coded in R language. The library, xgboost, was used. The
total yield was predicted by regression. The numeric data was used, so one-hot encoding was
done. 80% of data was train set and the rest was test set. To prevent overfitting, nrounds was
decided as 50. The max.depth was decided as two and learning rate was decided as default
value 0.1. Root mean squared error and R-square were calculated as the performance

indicators.

3.2.6. Association Rule Mining

The association rule mining was done in R language. The library, arules, was used.
The relation between the features and the output was obtained. The all features and the output
were grouped. The values, support, confidence, and lift were calculated. The values for
minlen and maxlen were decided as one and two, respectively which provides a rule that
includes only one feature information. 50 rules by left-hand side (LHS) and right-hand side
(RHS) for group A (higher yield) and group C (lower value) were obtained. The ranges and
the name of classes are given in Appendix A.
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4. RESULTS AND DISCUSSION

4.1. Pre-analysis of Database

The dataset should be analyzed to understand its structure and the properties before
the machine learning application is done. The different experimental data were involved in
the dataset, hence the relation between total yield, and the features were examined. Most of
the analysis was done for UV light and visible light separately. For the bubble charts, the y-
axis represents the average yield of the represented feature while the size of the bubbles
represents the number of data that belongs to analyzed feature.

The perovskites were analyzed by their sites. B- site was used to decide the type of
perovskite. In the dataset, there are six categories of perovskite. In Figure 4.1., the average
yield was given depending on the type of perovskite by separating the dataset for the visible
and UV light. For ferrite, the experiments were done only with visible light whereas, for
tantalate and other, only UV light was used. A distinct difference is not observed between
UV and visible light for each category except tantalate. Layered and niobate perovskites
show similar performance due to the light types in their categories. For titanate, the

difference increases slightly.
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Figure 4.1. Average yield based on the type of the perovskite and the light type
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To understand the effect of the reaction phase, the same category was analyzed
separately for liquid and gas phase as in Figure 4.2. The superiority of liquid phase against
the gas phase is quite evident. Tantalate has the highest average performance in liquid phase.

The results belong to the gas phase usually under 100 umol.gcat.h™,

o Liquid o Gas
700 tantalate, 56
600
500 X )
400
300 layered, 46

200 ferrite, 14 \ tltanate, 42

100 other, 18 (
J O S )

- dt er, titanate, 39
100 layered, 57 niobate, 24 ]Iantalate, 12

(@)

Average yield (umolgcat-1h-1)

Type of perovskite

Figure 4.2. Average yield based on the type of the perovskite and the reaction phase

In Figure 4.3., the analysis was done for A-sites of the perovskites. The number of
instances is given near the bubble with the name of the A-site to make the figure easier to
follow. The dashed bubbles represent results under UV light while the others represent
visible light. It is important that the scale of the y-axis is different. The highest performance
is shown by the K and Na (K is higher) in tantalates under UV light. The niobates and the
others show the worst performance while ferrite and the majority of titanate and layered
show an average performance. Sr and Pb in layered, and Ni in titanate have an efficient

performance under visible light.

Additional material is one of the features of the dataset; it has two categories “yes” or
“no”. If an application such as coating, doping, etc. on perovskite was performed, the feature
category was accepted as yes. In Figure 4.4., the additional material increases the
performance in UV light significantly. For the visible light, difference is minor. Hence,
additional materials do not have an important effect on the yield. In the category “no”, the

performance in the visible light is higher than the performance in UV light.
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Figure 4.4. The effect of the additional material to the yield

The amount of doped perovskite in the dataset is small (62 out of 309). In UV light,
Ba (803 umol.gcat’.h?), La (452 umol.gcatt.ht), Sr (418 pmol.gcat®.h'?) and Ca (297.5
umol.gcat®.h?) have efficient average yield. In visible light, on the other hand, the
combination usage of Fe, S and N doped perovskite shows efficiency with 630.5 pumol.gcat”
! h! with four data and with a dopant, N, (194.8 pmol.gcatt.h™) is also efficient. The rest

are under 100 pmol.gcat.ht. The average yield is smaller in visible light for the rest.
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The synthesis method of perovskite is also important for the yield. 21 different
methods exist in the dataset. Adopting polymer complex (APC) has the highest yield in
visible light. In 4 methods, UV light is more effective: hydrothermal (HT), modified polymer
complex (MPC), sol-gel (SG) and solid-state (SS) while the difference is more distinctive
for the solid-state. Solution combustion, solvo-combustion, solvothermal, sonication,
sonochemistry, spin-coating and ultrasonic treatment are named as others because of lack of
efficiency. The number of instances for HT, SS and MPC is higher as they are more common
methods. The HT and SS also have good impact for yield. Pechini (PTP) method is the most
inefficient method for yield under UV light. For visible light, HT seems to be the most
inefficient method. The methods named as others are not used in this evaluation. APC,

electrospinning (ES), and gas bubbling assisted membrane reduction (GBMR) are used only
in visible light for this study.
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Figure 4.5. The average yield due to the synthesis method of perovskite

The co-catalyst is another feature of the dataset. 148 of 309 samples have co-catalyst.
NiO affects the result positively in UV light (1832.8 pmol.gcat™.h? yield on average). In
UV light, co-catalysts are more efficient such as Ru (705.7 umol.gcatt.h™), Ni (688
umol.gcat™.h), Au (295.7 umol.gcat™.h) and Cu (282 pmol.gcat™.h™t). For visible light,
Au (114.2 pmol.gcat®.h™?) and Ru (119.8 pmol.gcatt.h™) give good results. In both types

of lights, Au and Ru are efficient. For UV light, using co-catalyst gives better results than



29

having none. However, in visible light, the co-catalysts, except Au and Ru, do not seem to

improve their efficiency.

In Table 4.6., the effect of the co-catalysts on the most used perovskites is given. The
red ones represent the visible light, and the blue dashed ones represent the UV light. NaTaOs,
BalLasTisO1s5, and SrTiOs are chosen as the most used perovskites in dataset. All co-catalysts
have better effect on NaTaOgz, and BaLasTi4O1s than SrTiOs. NiO has the highest effect on

NaTaOs as the other co-catalysts.
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Figure 4.6. The effect of co-catalyst on the most used perovskite (dashed blue represents

UV, solid represents visible light)

The phase of the reaction is one of the most important features of the dataset, which
was divided into two subsets for the ML models. As shown in Figure 4.7., the results in
liquid phase are higher than those in gas phase. In liquid phase, UV light provides more

efficiency while visible light seems to be better in gas phase.
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In Figure 4.8., the number of instances for synthesis method of perovskite due to the

band gap values is given in three ranges. Highest bandgap values belong to the solid-state

method. For lower band gap values, on the other hand, the ultrasonic treatment method is

better while the hydrothermal method is dominant in the middle range. HT is not the biggest

value for the lower and higher ranges but the number instances in these ranges are also high.

The polymer complex method is also dominant for higher range.
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Figure 4.8. The number of instances of the synthesis method of perovskite in bandgap
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for each perovskite type

In Figure 4.9., the number of the instance for each crystal structure in synthesis method
for each perovskite type can be seen. The largest number of synthesis methods of perovskites
can form cubic structured perovskites. Besides the diversity in crystal structures are high for
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layered type and titanate type perovskites. Orthorhombic crystal structure can be seen in all
types of perovskites while it is most frequently observed in layered perovskites.
Hydrothermal method is also used for all types of perovskites. This method especially results

in orthorhombic structure.

4.2. Feature Effects by Association Rule Mining

The association rule mining was used to determine the rules that explain the relations
between the features and the output variable, which was split into three classes as in Table
3.6. for both gas and liquid phase. In Table 4.1., RHS is class A which represents values
bigger than 6.7 umol.gcat™.h. At LHS, the features of gas phase data are given with relative
classes (see Appendix A).

The parameters, support, confidence, lift, and count express the relations. For the 1%
rule, the number of data that have LHS and RHS is represented by “count” as seven. The
support (# of data have LHS and RHS/# of all data) shows that the fraction of the data
which have LHS and RHS to all gas data is 0.05. The confidence
(# of data have LHS and RHS/# of LHS in data) shows that the fraction of the data which
have LHS and RHS to number of LHS in all data as one which means all the data in LHS
has the RHS. The lift (confidence/fraction of RHS to all data) represents the fraction of
the confidence variable to fraction of RHS to all data. Lift value is higher than one and it
means that the probability is high to having LHS and RHS at the same time. Lift value is
important to decide to use LHS and RHS together. For the 1% rule, it can be said that a sample
with sonication as synthesis method of perovskite has high probability to has high yield
because the lift value is 2.96. For the rest of Table 4.1., the lift value is higher than one

however the efficiency decreases in each step.

Table 4.2. show the association rules for the liquid phase; RHS is class A which
represents values bigger than 143 pmol.gcatt.h™. At LHS, the features of liquid phase data
are given with relative classes (see Appendix A). For the 1% rule in Table 4.2., the count is
34. The support is 0.19. The confidence is 0.79. For the 1% rule, it can be indicated that a

sample with one h calcination time has a high probability to have high yield because the lift
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value is 2.36. For the rest of Table 4.2., the lift value is higher than one, however the

effectivity decreases gradually.

Table 4.1. Association rules with RHS is class A (>6.7 umol.gcat™.h) in gas phase

LHS RHS | Support | Confidence | Lift | Count

{Synthesis.Method.of.Perovskite=
sonication} 0.05 1 2.96 7
{cocatalyst=Ru} 0.05 1 2.96 7
{cocatalyst.method=impregnation} 0.08 0.83 246 | 10
{Bet.Surface.Area..m2g.1.=8} 0.1 0.76 2.26 | 13
{H20.C02=2} CIZSS 0.05 0.7 207 | 7
{Calcination. Temperature..C..=7} 0.1 0.68 202 | 13
{Calcination. Temperature..C..=3} 0.06 0.67 1.97 8
{B=Ti} 0.22 0.66 195 29
{Perovskite=SrTiO3} 0.13 0.65 193 | 17
{A=Sr} 0.13 0.65 1.93 17

Table 4.2. Association rules with RHS is class A (>143 pmol.gcat™.h™?) in liquid phase

LHS RHS | Support | Confidence | Lift | Count
{Calcination.Time..h.=1} 0.19 0.79 2.36 34
{Band.Gap=8} 0.16 0.78 234 | 29
{Dope=Ba} 0.1 0.78 2.33 18
{Synthesis.Method.of.Perovskite=solid-
0.19 0.75 224 | 33
state}
Class
{deope.percentage....=1} A 0.18 0.67 2.01 31
{Calcination. Temperature..C..=4} 0.20 0.61 1.83 35
{cocatalyst.method=liq phase reaction} 0.08 0.61 1.82 14
{Type.of.perovskite=tantalate} 0.19 0.61 1.81 34
{B=Ta} 0.19 0.61 1.81 34
{Perovskite=NaTaO3} 0.16 0.58 1.73 29
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4.3. Band Gap Prediction by Linear Regression

Linear regression was used to predict the band gap values, which were not given in the
reference articles. In Figure 4.10.a, the original bandgap values versus predicted bandgap
values are given for the validation set. R-square, and RMSE are 0.75, and 0.36 for validation
set, respectively. In Figure 4.10.b, the original data versus predicted data is given for train
set in the same model. R-square, and RMSE are 0.97, and 0.11, respectively for the train set.

The learning in this model is good because the range of the result is balanced and there is no

outlier.
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Figure 4.10. The original data versus predicted data for (a) validation set (b) train set

4.4. Decision Tree

The optimal values for minsplit and cp for both gas and liquid test were chosen as five
and 0.015, respectively to obtain the optimal decision tree. In the trees, A, B and C represent

the high, medium, and low yield values, respectively.

For gas phase, the decision tree is given in Figure 4.11. The first division in the tree
was done according to the synthesis method of perovskites. The high values of the output
were decided directly after this separation with the “yes” branch and 16% of the high results
can be predicted with 0.94 accuracy. The second division was done by perovskite. With the
answer “no”, the branch goes to reaction temperature. In case of the reaction temperature is

smaller than 28°C, 23% of the low results are predicted with 0.96 accuracy. In medium
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results, four branching from the top occur and 13% of the medium results are predicted with

0.92 accuracy.
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Figure 4.11. Decision tree for gas phase data while minsplit is five and cp is 0.015
The accuracy, precision and recall are tabulated in Table 4.3. for test and train set in
gas phase and the confusion matrix for the entire data as well as the classes are given in

Table 4.4. and Table 4.5. for testing and training set, respectively.

Table 4.3. Accuracy, precision and recall values of test set and train set for gas phase

Accuracy Precision Recall
Class A: 0.7000 | Class A: 0.7778
Test set 0.7647 | Class B: 0.8889 | Class B: 0.5714
Class C: 0.7333 | Class C: 1.000
Class A: 0.8333 | Class A: 0.9091
Train set 0.8889 | Class B: 0.9032 | Class B: 0.8485
Class C: 0.9375 | Class C: 0.9091
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For the test set, seven of nine A data is predicted as A, one of nine is predicted as B
and one of nine is predicted as C. This shows that the recall is 0.7778. 11 of 11 C data is
predicted as C so the recall is 1.000. At prediction data, three B values are predicted as A so
from 10 A prediction, seven prediction is true. This means the precision is 0.7 as in Table
4.3. For experimental works, precision of A is more important than the recall because
predicting the high value as low causes not to experiment. However, predicting the low value
as high causes experiments with bad results. The accuracy of the test set and train set are
0.7647 and 0.8889, respectively.

Table 4.4. Confusion matrix of the test data for gas phase

Ref
A B C | Total
Pred
A 7 3 0 10
B 1 8 0 9
C 1 3 11 15
Total 9 14 | 11

Table 4.5. Confusion matrix of the train data for gas phase

Ref
A B C | Total
Pred
A 30| 5 1 36
B 1 /28| 2 31
C 2 0 | 30 32
Total 33 1 33|33

The results of feature importance analysis, which show the relative significance of the
features, are given in Figure 4.12. The synthesis method of perovskite seems to be the most
important feature for the model followed by the perovskite. The reaction conditions are also
important for the model. The crystal structure has a minor effect among these features. In
the middle of the figure, the features have similar relative importance. Figure 4.12. maybe
important to decide the features of the future experiments.
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Figure 4.12. The feature importance for gas phase
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Figure 4.13. Decision tree for liquid phase data while minsplit is five and cp is 0.015
For liquid phase, the decision tree is given in Figure 4.13. The first division in the tree

was done based on the perovskite. The branches are synthesis method perovskite for the

answer “yes” and bandgap for the answer “no”. Third step is cocatalyst and with the answer
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“yes”, 27% of high data is predicted with 0.86 accuracy. The 28% of low data is predicted
with 0.95 accuracy when band gap values are higher than 3.2 eV. After four branches, 9%

of B data is predicted with 1.00 accuracy.
The accuracy, precision and recall are tabulated in Table 4.6. for test and train set in
liquid phase and the confusion matrices are given in Table 4.7. and Table 4.8. for testing and

training set, respectively.

Table 4.6. Accuracy, precision and recall values of test set and train set for liquid phase

Accuracy Precision Recall
Class A: 0.8750 | Class A: 1.000
Test set 0.8409 Class B: 1.000 | Class B: 0.6111
Class C: 0.7059 | Class C: 1.000
Class A: 0.8913 | Class A: 0.9318
Train set 0.8712 | Class B: 0.7872 | Class B: 0.8409
Class C: 0.9487 | Class C: 0.8409

For the testing set, 14 of 14 A data is predicted as A. This shows that the recall is
1.000. 12 of 12 C data is predicted as C so the recall is 1.000. At prediction data, two B
values are predicted as A so from 16 A prediction, 14 predictions is true. This means the
precision is 0.8750 as in Table 4.6. At prediction data, 11 predictions are done for B with
1.000 precision. The accuracy values of test data and train data are 0.8409 and 0.8712,

respectively.

Table 4.7. Confusion matrix of the test set for liquid phase

Ref
A B C | Total
Pred
A 14 | 2 0 16
B 0 |11 1] 0 11
C 0 5 | 12 17
Total 14 | 18 | 12
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Table 4.8. Confusion matrix of the train set for liquid phase

Ref
A B C | Total
Pred
A 411 5 ] 0 46
B 3 37| 7 47
C 0 2 | 37 39
Total 44 | 44 | 44

For liquid phase, the perovskite is the most important feature. The property of the
perovskite is the first five values for the decision tree as in Figure 4.14. The atom number of
X in a perovskite compound (x of X) has a minor effect among these features. In the middle

of the figure, the features have similar importance factors group by group.
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Figure 4.14. The feature importance for liquid phase
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4.5. Regression Analysis to Predict the Total Yield

45.1. Random Forest

Random forest regression was used to predict the total production yield; separate
models were developed for gas and liquid phase dataset. The feature importance was
calculated for both cases while the original data versus predicted data for test and train set

was plotted.

In Figure 4.15., the original data is represented in x-axis and the predicted data in y-
axis in test set. The test data comprises 25% of the gas phase dataset (34 of 133 samples)
while the remaining 99 datapoints were used for training. R-square and RMSE are 0.64 and
24.5, respectively. The data values are accumulated under 50 umol.gcat.h? because of the
small range of the gas phase data. In Figure 4.16., the experimental and the predicted data
are given for the training set. The data is accumulated under 200 umol.gcat.h* and there
are two outlier points; the prediction for these points were between 200 umol.gcat™.h* and
300 pmol.gcatt.h't while the original values are between 400-500 umol.gcat.h™t and 600-
700 umol.gcat.ht. Consequently, we can say that the model was not trained to predict the
higher values of outputs because of lack of samples. R-square and RMSE are 0.77 and 47.0,

respectively. The error values are also affected by the outliers negatively.
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Figure 4.15. The original data versus the predicted data in test set for gas phase
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Figure 4.16. The original data versus the predicted data in train set for gas phase

For gas phase dataset, the feature importance figure can be seen in Figure 4.17. In
random forest, the band dap is the most important feature fallowed by the synthesis method
of perovskite; it should be remembered that the synthesis method of perovskite was the most
important feature for decision tree as well; in fact, as can be seen from Figure 4.12. and

Figure 4.17., similar features are important for both methods.

In Figure 4.18., the experimental and the predicted data are given for the test set. R-
square and RMSE are 0.49 and 221, respectively. The test data comprises 25% of the liquid
phase dataset corresponding 44 of 176 samples as the remaining 132 samples were used for
training. The data values are accumulated under 1000 umol.gcat.h™t. However, the range
of samples is larger, and the distribution is more balanced here compared to the gas phase
models. In Figure 4.19., the experimental and the predicted data are given for the training
set as well. This time, the data is accumulated under 2000 pmol.gcat™.h't and there is one
outlier points around 8000 pmol.gcat™.h™t while the prediction for outlier is between 2000
umol.gcat.h* and 4000 pmol.gcat®.h?. R-square and RMSE are 0.77 and 472.5,
respectively. The error values are also affected by the outliers negatively. The random forest
has better results in test set for gas phase than liquid phase. Despite the R-square values of

the train set are the same, in the test set, there is a significant difference.



Band.Gap .
Synthesis.Method. of . Perovskite

Reaction. Temperature..C..
cocat.2.method

cocat.2

cocatalyst

cocatalyst..

cocat.Z..
Reaction.Pressure..bar.
cocatalyst.method
Kerovs ite

Bet.Surface . Area..m2g.1.
Type.of.perovskite
Calcination.Time..h.
Calcination. Temperature..C..
Crystal.stracture

B
Light. Type
HEO.C€2
x.of X

A1.B1

x.of. A1.B1

x.of A

Dope
de?pBe.percenlage. ...

X.0l.5 .
Qddlllonal.male rial

o
o
o
el
o
o
o
o
o
o
o
o
I
0

T T
20000 40000

IncNodePurity

60000

I T
80000

Figure 4.17. Feature importance for gas phase
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Figure 4.18. The original data versus the predicted data in test set for liquid phase
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Figure 4.19. The original data versus the predicted data in train set for liquid phase

For liquid phase dataset, the feature importance figure can be seen in Figure 4.20. In
random forest, cocatalyst is the most important feature to learning. After that, the synthesis
method of cocatalyst is second in the list. As can be remembered, the perovskite was the
most important feature for decision tree as in Figure 4.14. Although similar features are
important for both methods in liquid phase dataset, the order is not as close as in the case of

gas phase dataset.
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Figure 4.20. Feature importance for liquid phase



44

4.5.2. Gradient Boosting

The gradient boosting, which is another regression model to predict the yield, was also
built for the gas phase and liquid phase dataset separately. For both, 80% of the dataset was
train set (27 of 133) while the remaining cases were used for training. In Figure 4.21., the
original data versus predicted data for the testing set were plotted for gas phase. Like random
forest regression as in Figure 4.15., the data samples are accumulated under 50 pmol.gcat”
Lh. The R-square and RMSE are 0.65 and 14.75, respectively. The R-square results of
random forest and gradient boosting are quite close to each other for the testing set while the

gradient boosting result is slightly better.

In Figure 4.22., the experimental versus computed yield plot is presented for the
training; again, the samples are accumulated under 200 pmol.gcat™.h like in random forest;
however, the effect of the outlier (single) is not as strong as that in the random forest. The
R-square and RMSE are 0.95 and 26.5, respectively indicating that the fitness of the model

is also higher than random forest model.
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Figure 4.21. The original data versus predicted data at test set for gas phase
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Figure 4.22. The original data versus predicted data at train set for gas phase
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Figure 4.23. The original data versus predicted data at test set for liquid phase
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In Figure 4.23., the experimental versus predicted data can be observed for the testing
is presented for liquid phase, in which the distribution of the test data is better than the gas
phase. The R-square and RMSE are 0.79 and 145.6, respectively. The fitness of the gradient
boosting model was also better than random forest. The same plot for training is presented
in Figure 4.24, which is quite like that in Figure 4.19 for random forest. However, the
learning performance of gradient boosting is much better than random forest, so the outlier

sample does not affect learning (R-square and RMSE are 0.94 and 232.7, respectively).
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Figure 4.24. The original data versus predicted data at train set for liquid phase



47

5. CONCLUSION AND RECOMMENDATIONS

5.1. Conclusion

In this study, a database was formed from the published articles about CO:
photoreduction on perovskites. 309 data points were collected from 61 experimental papers
which were searched from Web of Science. Due to the reaction phase, ML analysis was
performed for gas and liquid phase separately as the number of descriptors are not the same
(29 and 30 descriptors were selected for liquid and gas phase datasets respectively). First,
the pre-processing was performed to prepare the data for ML analysis. Both datasets were
analyzed using simple descriptive statistics to understand the relations of the inputs and the
output variables. Linear regression was used for bandgap prediction to calculate the bandgap
for the data points to calculate the missing bandgap values from the available data. The total
yield of the CO> reduction reaction, however, was predicted by the random forest, and
gradient boosting algorithms in R language. For deducing the rules for high total yield,
decision tree was used in R. The association between the features and the output was also

examined by association rule mining in R.

In linear regression analysis, 17 missing band gap values were predicted with R-square
of 0.75. Predicted values were placed in the dataset and the other analysis was done with this
form of the dataset. In decision tree analysis, the accuracy for test set was obtained as 0.76
and 0.84 for gas and liquid phase databases, respectively. Feature importance analysis
indicated that the perovskite synthesis method for gas phase and type of perovskite for liquid
phase were the most important features for the DT model. In random forest, RMSE for
testing were found as 24.5 and 221.0 and the most important features were found to be band
gap and co-catalysts for the gas and liquid phase, respectively. With gradient boosting,
RMSE for testing were 14.75 and 145.6 for gas and liquid phase, respectively.

The performance of the gradient boosting algorithm, XGBoost, is better than random
forest. DT deduced the rules for liquid phase better than gas phase. Besides, XGBoost
showed better performance for liquid phase on the other hand RF showed better performance

for gas phase.
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5.2. Recommendations

Finally, with the results of this work and the experience of the study, the
recommendations for the future work can be listed as follows,
e More data can be collected to increase the size of the database. Since the model
will be trained with the larger dataset, the accuracy will increase for test set.
e Other machine learning methods can be applied to this dataset to extract more
information.
e The features of the dataset can be improved by adding more information such as

elemental properties.
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APPENDIX A: THE INPUT AND OUTPUT GROUPS FOR ARM

Table A.1. The range of the groups of ARM for liquid and gas phase

Feature Class Liquid Gas
C (-0.1,9.85] | (-0.1,1.02]
Total yield B (9.85,142] | (1.02,6.2]
A (142,8184] | (6.2,655]
« of A 1 (-0.1,1] (0.749,1]
2 (1,4] (1,2]
x of A1/B1 ° (0101 | 010
1 (0,4] 0,2]
of B 0 (-0.1,1] (0.497,1]
1 (1,4] (1,3]
< of X 0 (-0.1,3] (2.99,3]
1 (3,15] (3,10]
Dope 0 (-0.1,0] (-0.1,0]
percentage 1 (0.16] (0,0.5]
Cocatalyst 0 (-0.1,0.1] (-0.1,0]
percentage
1 (0.1,5] (0,2.05]
2" cocat 0 0 (-0.1,0]
percentage 1 - (0,0.971]
1 (0.422,1.67] | (-0.1,3]
2 (1.67,2.04] | (3,4.04]
3 (2.04,3.7] | (4.04,6.49]
Bet surface 4 (3.7,12] (6.49,17.8]
area 5 (12,20] (17.8,24]
6 (20,25] (24,26.4]
7 (25,359] (26.4,30]
8 - (20,39.8]




9 - (39.8,72.6]
10 - (72.6,207]
1 (0.977,1] 1
2 (1,2] 2
3 (2,4] 3
4 (4,10] 4
Calcination 5 (10,24] 5
time 6 - 6
7 - 8
8 - 10
9 - 20
10 - 24
1 (23.8,310] | (119,150]
2 (310,600] | (150,350]
3 (600,675] | (350,400]
Calcination 4 (675,900] | (400,500]
temp 5 (900,1000] | (500,550]
6 (1000,1100] | (550,600]
7 1(1100,1200] | (600,700]
8 - (700,880]
9 - (880,1100]
Reaction 0 (24.99,25] (3.8,25]
temp 1 (25,35] (25,200]
Reaction 0 (0.136,1] (0.999,1]
pressure 1 (1.2] (1.2]
1 (1.74,2.34] | (2.06,2.26]
2 (2.34,2.9] | (2.26,2.7]
3 (2.932] | (2.7,2.]
Band gap
4 (3.2,3.45] | (2.8,2.9]
5 (3.45,36] | (2.9,3.2]
6 (3.6,3.9] (3.2,3.3]
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7 (3.9,4.05] | (3.3,3.44]

8 (4.054.1] | (3.44,3.75]

9 (4.1,48] | (3.75,4.05]

10 - (4.055.1]

1 - 0.08

2 - 0.1

3 - 0.138

4 - 0.25
H20:C02 5 - 0.33

6 - 2

7 - 4

8 - 9.7

9 - 13.8
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APPENDIX B: ASSOCIATION RULES FOR CLASS C IN ARM

Table B.1. Association rules with RHS is class C (<9.85 umol.gcat™.h™) in liquid phase

LHS RHS | Support | Confidence | Lift | Count
{Perovskite=BaZrO3} 0.06 1 2.98 10
{B=2r} 0.06 1 2.98 10
{Type.of.perovskite=other} 0.1 1 2.98 18
{Synthesis.Method.of.Perovskite=
o 0.1 1 2.98 18
Pechini}
{Perovskite=CaTiO3} 0.08 0.93 2.78 14
{Band.Gap=4} 0.07 0.86 2.56 12
{Bet.Surface.Area..m2g.1.=2} 0.06 0.85 2.52 11
{A=Ca} Class 0.08 0.83 2.48 15
{Calcination. Temperature..C..=5} C 0.1 0.81 2.41 17
{Synthesis.Method.of.Perovskite=
0.07 0.8 2.39 12
flux}
{cocatalyst.method=chemical
_ 0.05 0.75 2.24 9
reduction}
{Calcination. Temperature..C..=1} 0.07 0.72 2.15 13
{Band.Gap=5} 0.07 0.7 2.1 12
{Type.of.perovskite=titanate} 0.16 0.7 2.06 29
{Perovskite=SrTiO3} 0.07 0.67 1.99 12
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Table B.2. Association rules with RHS is class C (<1.02 umol.gcat™.h) in gas phase

LHS RHS | Support | Confidence | Lift | Count
{Synthesis.Method.of.Perovskite=Sol-
gel} 0.05 1 2.96 7
{Type.of .perovskite=tantalate} 0.08 0.92 271 | 11
{B=Ta} 0.13 0.71 2.00| 17
{Calcination.Time..h.=8} 0.11 0.68 202 | 15
{Bet.Surface.Area..m2g.1.=3} 0.06 0.67 1.97 8
{cocatalyst=Ag} 0.05 0.64 1.88 7
{Calcination.Time..h.=10} 0.05 0.64 1.88 7
{Synthesis.Method.of Perovskite=solid- | C1ass
state) C 0.06 0.62 1.82 8
{Bet.Surface.Area..m2g.1.=1} 0.1 0.56 1.67| 13
{Calcination. Temperature..C..=1} 0.05 0.54 1.59 7
{Calcination.Temperature..C..=6} 0.1 0.54 159 | 14
{Band.Gap=8} 0.06 0.53 1.58 8
{cocatalyst.method=photodeposition} 0.12 0.52 152 | 16
{Band.Gap=5} 0.06 0.5 1.48 8
{Bet.Surface.Area..m2g.1.=7} 0.05 0.47 1.38 7




APPENDIX C: ARTICLES INVOLVED IN DATASET

Table C.1. Article involved in datasets

Article

Number Reference
1 (Kwak & Kang, 2015)
2 (H. Zhou et al., 2013)
3 (Kwak & Kang, 2017)
4 (Jiang et al., 2019)
5 (Dasireddy & Likozar, 2022)
6 (X. Wu et al., 2019)
7 (P. Li, Ouyang, Xi, et al., 2012)
8 (Collado et al., 2023)
9 (Hwang et al., 2023)
10 (Vuetal., 2017)
11 (Fresno et al., 2017)
12 (Morais et al., 2021)
13 (Fresno et al., 2021)
14 (Z. Wang et al., 2015)
15 (H. Zhou et al., 2014)
16 (Mateo et al., 2019)
17 (D. Lietal., 2016)
18 (Teramura et al., 2010)
19 (Shi et al., 2015)
20 (Shi et al., 2014)
21 (Y. Wang et al., 2019)
22 (W. Chen et al., 2019)
23 (Kong et al., 2019)
24 (Cao et al., 2018)
25 (Dai et al., 2017)
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26 (Kong et al., 2017)

27 (M. Li, Zhang, et al., 2015)
28 (X. Lietal., 2012)

29 (P. Li, Ouyang, Zhang, et al., 2012)
30 (Paulista et al., 2021)

31 (Murcia-Lopez et al., 2015)
32 (P. Lietal., 2014)

33 (Luo et al., 2018)

34 (J. Wang et al., 2015)

35 (Jeyalakshmi et al., 2018)
36 (Jeyalakshmi et al., 2014)
37 (Imetal., 2017)

38 (Lee etal., 2019)

39 (Jiaetal., 2022)

40 (Yang et al., 2022)

41 (Shao et al., 2018)

42 (Bi et al., 2015)

43 (Zhang et al., 2023)

44 (Kwak et al., 2017)

45 (Humayun et al., 2016)
46 (Praveen Kumar et al., 2022)
47 (lizuka et al., 2011)

48 (Jeyalakshmi et al., 2016)
49 (He etal., 2022)

50 (Khan, Kang, et al., 2022)
51 (Khan, Charles, et al., 2022)
52 (Humayun et al., 2018)
53 (S. Wang et al., 2020)

54 (Yoshida et al., 2015)

55 (Mora-Hernandez et al., 2018)
56 (Nakanishi, lizuka, et al., 2016)
57 (Kumar et al., 2019)
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58 (Dai et al., 2015)
59 (Liang et al., 2015)
60 (X. Chenetal., 2015)
61 (M. Li, Li, et al., 2015)
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