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ABSTRACT 
 

 

MACHINE LEARNING ANALYSIS OF DATA COLLECTED FROM 

PUBLISHED LITERATURE ON PHOTOCATALYTIC REFORMING 

OF GLYCEROL 

 

 

In this thesis, the aim is to extract knowledge from the data that was collected from 

published literature about photocatalytic reforming of glycerol. 791 data points were 

collected from 93 articles. This data was cleaned, organized, and prepared for the machine 

learning methods. Random forest and ANN (Artificial Neural Network) were used as 

machine learning techniques. By using them, the models for band gap and hydrogen 

production rates were constructed. Cross validation was applied to all models to prevent 

overfitting. For hydrogen production rate model, the missing values for band gap were filled 

with the predicted values of ANN of band gap. In random forest, feature importance was 

determined and the variables with the highest effect on the result were found. For band gap, 

the most important variables were weight percent of cocatalyst, percent of semiconductor 

and calcination temperature and duration. For hydrogen production rate, the most significant 

variables were photocatalyst load, band gap, glycerol concentration, weight percent of 

cocatalyst and pH. In random forest, the best model was determined by changing test/train 

split and k values in k-fold cross validation for various tree number and number of samples 

in a leaf node. For band gap model, 0.25 test/train split and 4-fold with 41 trees and 1 sample 

was the best model with RMSE (Root Mean Square Error) of 0.234 and R-squared of 0.73. 

For hydrogen production rate model, 0.25 test/train split and 5-fold with 81 trees and 2 

samples was the best model with RMSE of 1.09 x 104 and R-squared value of 0.71. For 

ANN, test/train split ratio, k value for k-fold cross validation, the number of neurons and 

activation function were changed to find the best model. For band gap, 52 neurons and ReLU 

function gave the best model with RMSE of 0.282 and R-squared value of 0.70 with 0.3 

test/train split and 4-fold cross validation. For hydrogen production rate model, 0.25 

test/train split ratio, 7-fold cross validation, 63 neurons and ReLU function gave the best 

model with RMSE of 1.47 x 104 and R-squared value of 0.60.  
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1. INTRODUCTION 
 

 

The energy demand increases tremendously with the growing population, increasing 

use of energy and concerns for global warming and environmental protection; as a result of 

this, the need for alternative fuels becomes quite significant and obvious to see. Biofuels are 

clean, environmentally friendly, and efficient renewable energy sources [1]; for instance, 

biodiesel is one of the most common biofuels. It can be produced from biomass with a 

significant amount of glycerol as byproduct. 

 

The biodiesel industry is growing every single day [2]. Glycerol can be used in 

different industries such as pharmaceuticals, cosmetics, food industry and many others. 

However, the growth in biodiesel industry may cause the over-production of [3]. It is 

expected in future that the excess glycerol will be a significant ecological problem if it is not 

utilized in an effective and environmentally friendly manner. Thus, various technologies for 

the utilization of glycerol have been investigated in recent years [1].  

 

Glycerol can be converted into valuable products such as hydrogen, dihydroxyacetone, 

lactic acid, ethylene glycol, glyceraldehyde, glyceric acid, hydroxypyruvic acid, tartronic 

acid, oxalic acid, and formic acid [4,5]. To obtain these value-added products, various 

methods such as carboxylation, oxidation, hydrolysis, esterification, transesterification, 

pyrolysis, and etherification can be used [3]. The number of publications about the 

conversion of glycerol into hydrogen and value-added products increase continuously [5].  

 

Hydrogen is a clean, storable, efficient, and environmentally friendly fuel. Mostly, it 

is obtained from fossil fuels such as natural gas and coal [6]. With a promising technology, 

hydrogen can be obtained from glycerol; for instance, the photocatalytic reforming of 

glycerol can convert solar energy into chemical energy through producing hydrogen [7].  

 

In photocatalytic reforming of glycerol, semiconductors with a cocatalyst are used; in 

some studies, semiconductor composites which include more than one semiconductor are 

also utilized. The variables such as semiconductor and cocatalyst types, crystalline structure, 

preparation method of semiconductor, preparation method of photocatalyst, calcination 
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temperature, calcination time, and weight percent of cocatalyst affects the performance of 

the process [5]. 

 

In general, TiO2 based semiconductors are used in photocatalytic reforming of glycerol 

since TiO2 is cost effective, nontoxic, photoactive, stable, and accessible. The crystal 

structure of TiO2 can affect the hydrogen production rate. It can be anatase, rutile, brookite, 

or the combination of them. Mostly, anatase-rutile structure is used in the studies since it has 

high photocatalytic efficiency [5]. 

 

Also, there are other semiconductors such as ZnO, CdS, g-C3N4, La0.2Na0.98TaO3 that 

are used in photocatalytic reforming. Mostly, semiconductors are prepared by sol-gel and 

hydrothermal methods. To increase the photocatalytic activity, cocatalysts are deposited on 

semiconductors mostly by photodeposition method. In general, noble metals are used as 

cocatalyst [5]. 

 

Since the research on photocatalytic reforming on glycerol increases, it is possible to 

collect large amount of data from literature, and analyze using machine learning techniques, 

which use statistics, mathematics, and computer programming to reveal the patterns inside 

data and construct models [8]. There are different machine learning functions such as 

classification, regression, clustering, association, etc. [9], and these functions can be 

performed using various techniques such as decision trees, random forest, and artificial 

neural networks.  For instance, decision trees are one of the most popular classification and 

regression techniques; the rules used to classify the data can be extracted and used for future 

works to decide the experimental conditions [10]. Additionally, random forest, which is the 

combination of decision trees, can be used for more accurate predictions [11]. Another 

method for machine learning is artificial neural networks (ANN). It imitates the function of 

the human brain, and it can learn, analyze, and adapt to a changing environment [12]. 

 

In this thesis, the data for photocatalytic reforming of glycerol was collected, and a 

dataset was created from the publications between 2005 and 2022 in Web of Science. First, 

the dataset was cleaned, organized, and prepared for machine learning algorithms. Then, the 

models for band gap and hydrogen production rate were constructed by implementing 

random forest, and artificial neural network algorithms with this dataset. The model 
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performances for random forest and artificial neural network were measured by root mean 

square error (RMSE). With these algorithms, the effects of variables on band gap values and 

hydrogen production rates were investigated. 

 

This thesis is comprised of 5 chapters. In Literature Survey (Chapter 2), the 

photocatalytic reforming of glycerol and machine learning methods were reviewed. In 

Computational Details (Chapter 3), the creation of the database and the construction of 

models were explained. In Results and Discussion (Chapter 4), the results were discussed 

briefly. In the end, the conclusions of this study were presented in Conclusion and 

Recommendations (Chapter 5). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



4 
 

2. LITERATURE REVIEW 
 

 

2.1. Photocatalytic Reforming of Glycerol 

 

2.1.1. Glycerol and Its Importance 

 

With growing population and increasing energy consumption and growing concern for 

environment has been increasing tremendously leading to a search for new energy resources 

as alternative to fossil fuels. Biofuels are among the most efficient, clean, and 

environmentally friendly, renewable energy sources [1], and biodiesel is one of the most 

commonly studied biofuels. The biodiesel industry expands every day; in 2018, 36.8 million 

liters of biodiesel was produced, and it is estimated to be 44 million liters production in 2027 

[2]. 

 

During the conversion of biomass to biodiesel, glycerol is produced as the major 

byproduct; hence, the growth of biodiesel industry will cause immense glycerol production 

[3]. Excess glycerol is expected to create serious problems for the disposal or utilization. 

Since glycerol disposal is costly, wasteful, and not ecofriendly, its utilization has been 

investigated extensively in recent years [1]. Limited amount of glycerol can be used in 

various industries such as cosmetics, pharmaceutical, food industry and many others [3]. The 

remaining can be converted into value-added products such as hydrogen, dihydroxyacetone, 

lactic acid, ethylene glycol, glyceraldehyde, glyceric acid, hydroxypyruvic acid, tartronic 

acid, oxalic acid, and formic acid [4,5]. There are some methods to convert glycerol to value-

added products by catalytic conversion processes such as carboxylation, oxidation, 

hydrolysis, esterification, transesterification, pyrolysis, and etherification [3]. 

 

There is an increasing interest in conversion of glycerol into hydrogen and other value-

added products. Since the growth in biodiesel industry causes excess glycerol, the utilization 

of glycerol becomes significant. In Figure 2.1, the number of published articles in literature 

is given in terms of years. Research on hydrogen conversion is more popular than other 

value-added products whose production process is more complicated [5]. 
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Figure 2.1. Published literature of conversion of glycerol into hydrogen and value-added 

products [5]. 

 

Hydrogen is a clean, storable, efficient, and environmentally friendly fuel. It exists in 

hydrocarbons, water and biomass. Hydrogen is mostly produced from fossil fuels such as 

natural gas and coal [6]. Hydrogen can be also obtained by photocatalytic reforming of 

glycerol which is a promising technology that converts solar energy into chemical energy. 

At atmospheric conditions, 1 mol of glycerol is converted to 7 moles of H2 [7]. Chemical 

reactions for hydrogen production from glycerol are given in Figure 2.2. 

 

 

 

Figure 2.2. Chemical reactions for hydrogen production from glycerol. 

 

2.1.2. Photocatalytic Reforming of Glycerol 

 

Photocatalytic reforming of glycerol is a feasible technology, which can convert solar 

energy into chemical energy. It is a process between photooxidation and photocatalytic water 

splitting. In water splitting, H2 and O2 are produced under appropriate conditions by using 

photocatalyst. It is an endergonic reaction. In photooxidation, if the same photocatalyst is 

used in a solution which involves organic substance such as glycerol, oxidation would appear 

directly under aerobic conditions. Photocatalytic reforming is between these two reactions, 

which takes place in the presence of an organic substance and absence of oxygen. In Figure 
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2.3, photocatalytic reforming between photooxidation and photocatalytic water splitting is 

given [13]. 

 

 

 

Figure 2.3. Biomass reforming, biomass oxidation and water splitting representation [13]. 

 

In photocatalytic reforming of glycerol, solid semiconductors, as pristine form or 

dopped with some elements, are used together with a cocatalyst. Semiconductor composites, 

which are composed of more than one semiconductor, are also used in some studies. There 

are various parameters that affect the comparison such as semiconductor and cocatalyst 

types, crystalline structure, preparation method of semiconductor, preparation method of 

photocatalyst, calcination temperature, calcination time, and weight percent of cocatalyst 

that deposited on semiconductor [5].  

 

In literature, the interest in photocatalytic reforming of glycerol increases every day. 

There are various studies about this topic. One of them is the study of Estahbanati et al. in 

2020. In the study of them, an extensive review of different experiments for hydrogen 

production with photocatalytic reforming of glycerol was provided. Most of the experiments 

were conducted by using TiO2 as semiconductor and noble metals cocatalyst. Also, they 

reviewed the production of other valuable products by using photocatalytic reforming of 

glycerol [5].  
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Kumar et al. uses TiO2 as semiconductor and noble metal as cocatalyst as well. In their 

study, the effects of photocatalyst load, weight percent of cocatalyst and concentration of 

glycerol on hydrogen production rate were investigated [14]. In Tahir and Faj

TiO2 was used with another semiconductor as composite. In this study, the effect of pH was 

also investigated [15]. Like these studies, generally, TiO2 is used as semiconductor in the 

literature with cocatalyst or another semiconductor. 

 

2.1.3. TiO2-based Photocatalysts 

 

In general, TiO2 based photocatalysts are used in the literature. TiO2 is advantageous 

in many aspects. It is cost efficient, nontoxic, photoactive, thermally stable and accessible. 

TiO2 can be found in different crystal structures such as anatase, rutile and brookite [5]. 

Anatase and rutile structures have smaller band gaps and particle radius rather than brookite. 

The band gap and surface area of anatase is larger than rutile structure [16]. Anatase structure 

has higher photocatalytic activity. By heating metastable anatase phase to high temperature, 

thermodynamically stable rutile phase is obtained. Mixed phase of anatase and rutile 

improved photocatalytic efficiency. P25, which is comprised of 80% anatase and 20% rutile 

phases, is the most common photocatalyst used in photocatalytic reforming. It has high 

photocatalytic efficiency under solar light due to the existence of anatase and rutile phases 

[5]. 

 

2.1.4. Other Photocatalysts and Details 

 

There are other semiconductors such as ZnO, CdS, g-C3N4, La0.2Na0.98TaO3 that are 

used in photocatalytic reforming of glycerol in recent years. The most common photocatalyst 

preparation methods are sol-gel and hydrothermal methods in the literature. There are also 

other methods such as hydrolysis, modified sol-gel, ionothermal, etc. Calcination 

temperature and duration play a significant role in photocatalyst preparation. In general, 350 

  for calcination temperature and 2  5 h for calcination duration are used. 

Preparation method and calcination temperature affect the structure of semiconductor which 

can be nanoparticle, nanotube, nanorod, nanosphere or hallow sphere [5]. 
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By deposition of cocatalyst, the activity of photocatalyst increases. Reactions occur at 

the border between cocatalyst and semiconductor. Mostly, noble metals are used as 

cocatalyst in literature. Pt is the most common cocatalyst in photocatalytic reforming of 

glycerol. Additionally, Cu, Au, Ag, Ni and Pd are also used frequently, and they have 

positive effects in photocatalytic activity. Cu is the second most commonly used cocatalyst 

probably because the noble metals are costlier. The common deposition methods of 

cocatalysts on semiconductors are photodeposition, impregnation, and chemical synthesis 

[5]. 

 

In addition, composite semiconductors are used for photocatalytic reforming. 

Composite semiconductors are comprised of more than one semiconductor. The efficiency 

of photocatalyst improves with the composition of semiconductors [17]. The stability of 

composite semiconductors is better than single semiconductors. In photocatalytic reforming 

of glycerol, nanocomposites seem to be promising alternatives even though there are limited 

number of studies in literature [5]. 

 

2.2. Machine Learning 

 

2.2.1. Machine Learning Methods 

 

In recent years, the interest in machine learning has increased continuously. Large 

amounts of data accumulated in literature for every field can be organized, analyzed, and 

modeled by using machine learning techniques. Machine learning uses statistics, 

mathematics, and computer programming to see the patterns in data and construct models to 

make predictions or to extract rules [8]. It aims to create computer programs which can learn 

from data. Larger datasets are more suitable to be analyzed with machine learning algorithms 

efficiently [9]. 

 

Machine learning techniques can be grouped into two categories as supervised and 

unsupervised learning techniques. The main difference between these two categories is 

supervised learning uses labeled data which has a relation between input and output 

variables. Classification and regression are examples of supervised learning. On the other 
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hand, clustering and association are examples for unsupervised learning which use unlabeled 

datasets [9]. 

 

Classification is one of the supervised techniques of machine learning. The aim of 

classification is splitting the data into classes by using the output variable. The output 

variable should be categorical or suitable to be categorical. There are some classification 

techniques such as k-nearest neighbor algorithm, decision trees, support vector machines, 

artificial neural network, etc. [9]. 

 

Regression is another type of supervised learning. Regression determines the relation 

between independent and dependent variables. Basically, regression indicates the change of 

dependent variable based on the independent variables. Linear regression and logistic 

regression are the types of regression [18]. Linear regression is used for estimation of 

continuous dependent variables by using independent variables. The aim is to find the line 

that minimizes the error for each point. Logistic regression is similar to linear regression. 

The main difference between these two methods is that dependent variable in logistic 

regression is not continuous. It can be discrete or categorical [18]. There are also other 

methods like artificial neural networks, random forest, support vector machines.  

 

Clustering is one of the unsupervised learning algorithms of machine learning. The 

purpose of clustering is grouping the data based on the similarities in variables. In a cluster, 

the members are similar to each other, but they are different from the other clusters [9]. 

 

Machine learning techniques can be applied to different studies. For instance, 

algorithms can be used for photocatalytic and photoelectrochemical reactions in various 

publications [9]. In the study of Oral et al. in 2020, machine learning tools were applied to 

photoelectrochemical water splitting [19]. Additionally, tools can be used for the systems 

such as solar cells and biofuels. In the study of Y lmaz , machine learning 

methods in perovskite solar cells were reviewed [20]. In the study of Odaba , 

they also studied the analysis of perovskite solar cells by using machine learning techniques 

[21]. 
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2.2.2. Random Forests 

 

Random forest is an algorithm that combines the series of decision trees. Random 

forest provides high accuracy for classification and regression. It is one of the most common 

machine learning methods [22]. Random forest algorithm works better than linear regression 

with categorical and nonlinear data. Additionally, random forest estimates the error rate 

more accurately than decision trees because the error rate converges with the increasing 

number of trees [11]. 

 

2.2.3. Artificial Neural Network 

 

Artificial neural networks (ANN) are basically imitating the function of the human 

brain. As the human brain, it can learn, analyze, and adapt to a changing environment. The 

human brain is comprised of neurons and neural networks. Neurons receive signal and 

transfer this signal to other neurons. Also, in ANN, there are nodes that are connected to 

each other as human neural system. The neurons in ANN imitate the behavior of neurons in 

the human brain [23]. 

 

There are different types of ANN such as multi-layer feed-forward perceptron 

network, probabilistic neural network, recurrent networks, etc. The most common type is 

multi-layer feed-forward perceptron network that is comprised of an input layer, hidden 

layers and an output layer. Inputs are received by input layer, passes through hidden layers 

to output layer. Output is received as a response of ANN from output layer [23]. The layers 

are connected with weights. By using a training dataset, weights are optimized and used for 

estimation of the output of a new input variable [12]. 

 

To construct a network model, the number of hidden layers, the number of neurons, 

activation function and learning rate should be optimized by repeating the training 

procedure. Specifying the number of neurons in hidden layers is important to determine the 

design of the neural network. If there are few neurons in hidden layers, it will cause under-

fitting and if there are too many neurons, it will cause over-fitting. Under-fitting causes 

inaccuracy to identify signals in a complex dataset. Over-fitting causes insufficient training 

for all neurons in hidden layers since there is limited information in the training set [12]. 
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ANN has the ability to reveal non-linear relations. To construct ANN model, there are 

some main components such as inputs, weights, and outputs. Inputs which are represented 

as  are received by neurons from the external environment or other neurons. The 

received signal is modified by weight, which is represented as , is a vector 

of synaptic weights. The interception or threshold of a neuron is called as bias and 

represented as . The equation of the net input is given as [24] 

 (2.1) 

 

The net input determines the activation of the neuron. The activation of the neuron 

depends on the activation function. The equation for the activation function is given as [24] 

 (2.2) 

 

In the above equation,  represents the activation function. If the activation function 

is a unit step, the output is 1 for the net input which is greater than 0. Else, the output will be 

0. There are other activation functions such as liner, sigmoid, hyperbolic tangent, etc. [24]. 

 

In Figure 2.4, the general artificial neural network model is given [24]. 

 

 

 

Figure 2.4. The model of ANN [24]. 
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The backpropagation algorithm is used to improve the performance of the neural 

network by reducing the error from the output. This algorithm is used for training by an 

iterative method. It is suitable for large datasets. The backpropagation method includes feed-

forward of input training pattern, calculation of error and adjustment of weights [25]. 

 

The backpropagation algorithm adjusts the weights until error becomes insignificant. 

Error can be calculated as  

 (2.3) 

 

In this equation,  represents the loss function,  represents the target value and  

represents the output value and  is the error. The loss function is used to optimize weights 

[24]. 
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3. COMPUTATIONAL DETAILS 
 

 

3.1. Data Collection 

 

In this thesis, the aim was to extract knowledge from published literature for 

photocatalytic reforming of glycerol using machine learning. For these 150 articles, which 

were published between 2007 and 2022 about photocatalytic reforming of glycerol, and 

selected with relevance search in Web of Science database were reviewed. While 

constructing the database, 93 of 150 articles were used since the remaining articles were not 

suitable for data extraction; 791 data points were taken from these 93 articles. In dataset, the 

type of semiconductor and cocatalyst, weight percent of cocatalyst, structure and form of the 

semiconductor, preparation methods, calcination temperature and duration, light type, 

experimental conditions such as solution volume, reaction temperature, band gap were 

entered as descriptors (input variables) while the hydrogen production rate were taken as 

output variable: the band gap was also used as output variable for the models developed to 

predict the bandgap from other structural properties.. Python was used for analyzing and 

modeling the dataset. The categorical variables such as preparation methods for 

semiconductor and photocatalyst, form of photocatalyst were converted to numeric variables 

by using one hot encoding in Python library. For the photocatalysts that are not calcinated, 

and calcination duration was taken as 3 hours as 

the average value of the variable. The details of the dataset are given in Table 3.1. 

 

Initially, the dataset was analyzed in Excel as pre-analysis before machine learning 

application. By using bubble graphs and scatter plots, the effects of variables on band gap 

and H2 production rate were investigated. As a result of this analysis, some of the variables 

such as power of light, type of light, and solution volume were found to be ineffective on 

band gap and H2 production rate. Then the data is divided into two groups. One of these two 

groups is organized according to the band gap and the variables that are effective on this 

property. Another group is constructed for H2 production rate with the relevant variables.  
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In Table 3.1, the variables that are used to construct the database and their ranges are 

given. 

 

Table 3.1. Input variables of database. 

Input Variables Ranges for numeric or sub-categories for categoric variables 

Semiconductor 

AC, Ag2O, Bi2O3, Cd1-xZnxS, CdS, CNT, CS, Cu0.02Ti0.98O2, 

Cu2O, CuFe2O4, CuO, CuO1-x, CuS, FCNT, Fe2O3, g-C3N4, GO, 

Graphene, hex-CdS, In0.5WO3, In2O3, La0.2Na0.98TaO3, 

Montmorillonite, N719, Ni-Ni(OH)2, Ni(OH)2, NiO, NiOx, 

PbTiO3, PdS, PHPT, PRC1, PRC2, PRC3, rGO, SrAl2O4,  TiO2, 

Zn2TiO4, ZnO, ZnO- -Al2O3 

Co-catalyst 
Ag, Ag-QD, Au, Co, CP-1, Cr, Cu, Fe, La, N, Nd2O3, Ni, Pd, Pt, 

SnCl2 

Semiconductor 

Preparation Method 

Chemical Synthesis, Hydrolysis, Hydrothermal, Impregnation, 

Precipitation, Sol-Gel 

Calcination 

Temperature 

(Semiconductor) 

300-700 Celsius 

Calcination Time 

(Semiconductor) 
0-8 hours 

Photocatalyst 

Preparation Method 

Chemical Synthesis, Hydrothermal, Impregnation, Ionothermal, 

Molten Salt Synthesis, Photodeposition, Precipitation, Sol-Gel, 

Solid State Dispersion 

Calcination 

Temperature 

(Photocatalyst) 

200- sius 
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Table 3.1. Input variables of database (cont.). 

Input Variables Ranges for numeric or sub-categories for categoric variables 

Calcination Time 

(Photocatalyst) 
0-5 hours 

Light Type Fluorescent, Halogen, Hg, Hg-Xe, LED, Solar, UV lamp, Xe 

Power 3-500 W 

Filter 300-768 nm 

pH 0 - 14 

Crystal. Structure of 

Semiconductor 
Anatase, Rutile, Brookite 

Band Gap (eV) 1.51 - 4.69  

 

3.2. Random Forest 

 

To construct a predictive model, random forest was used. In Python, random forest 

models were created by scikit-learn and pandas libraries [26, 27]. Initially, the dataset was 

read from an Excel file. The columns were filled with Nothing for the categorical variables 

if there were no usage of them. Then, one hot encoding was applied to the categorical 

variables such as semiconductor and cocatalyst, form of semiconductor, light, and 

preparation methods of semiconductor and photocatalyst. By using one hot encoding, these 

categorical variables were converted to numerical variables.  

 

There were some missing values in the variables of the dataset such as photocatalyst 

load, glycerol concentration, and weight percent of cocatalyst, etc. Since these missing 

values were significant for the sake of model performance, they were filled with the average 

mean of the training sets of these variables. The details of training and test sets were given 

in the following paragraphs.  
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In band gap, there were some missing variables. The band gap model was constructed 

by using the existing band gap values as output variables. After the model was constructed, 

these missing variables were predicted. The predicted band gap values were used in 

hydrogen production rate model as input variables.  

 

Standardization was applied to the variables since their ranges were quite different 

from each other. For instance, the range of weight percent of cocatalyst was between 0 to 50 

but the range of calcination temperature was between 25 to 1000. During the analyses, this 

difference could affect the importance of the variables. Thus, the variables were normalized. 

StandardScaler was used for standardizing the variables [26].  

 

After all these preparation steps, the dataset was ready for modeling. First of all, the 

dataset was divided by train_test_split in Python [26]. With test_size, the size of testing data 

was found, and this testing data was put aside for testing after model was constructed [26]. 

K-fold cross validation was applied to the remaining part. The training dataset was divided 

into k folds. One of them was called as validation set and the remaining k-1 sets were training 

sets. The model was constructed by using training set and validation set was tested by using 

this model. This process was repeated for k times and error was found for each time. At the 

end, average error was calculated.  The train and test split ratio and k of the k-fold cross 

validation were determined by analyzing different split ratios and k values for different 

number of trees and various number of samples in the leaf node. The test/train split ratio was 

changed between 20% to 30%. The k value was changed to 3, 4, 5, 7 and 10. The number of 

trees was changed between 1 to 300 by 5. The sample number of a leaf was changed between 

1 to 5. The model with the lowest root mean square error (RMSE) for validation was chosen 

and tested with the testing data. The equation of RMSE is given as [28] 

 (3.1) 

 (3.2) 

 

In Equation 3.1 and 3.2,  is error for each step which is calculated by predicted value 

 and target value . RMSE is calculated by addition of each error where  is the number 

of experiments [28,29]. 
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The most significant variables were determined. Feature_importances_ function can 

determine the important variables for a model [26]. For band gap model, semiconductor and 

cocatalyst types, structure of semiconductor, calcination temperature and duration, and 

weight percent of cocatalyst are the examples of the most important features. For hydrogen 

production rate model, photocatalyst load, band gap, glycerol concentration were the most 

important variables. For band gap models, 2nd cocatalyst and percent ratio of cocatalysts 

were eliminated. Additionally, preparation methods for semiconductor and cocatalyst were 

eliminated as well since there were a lot of missing information. For hydrogen production 

rate, form of the semiconductor was also eliminated.  After determining the important 

features, the model was reconstructed with these variables. The differences between both 

models were given in the Results & Discussion section. 

 

3.3. Artificial Neural Network 

 

Artificial Neural Network was used to construct a predictive model for band gap and 

hydrogen production rate.  In Python, artificial neural networks were constructed by numpy 

and tensorflow libraries [30,31]. 

 

The variables were prepared for modeling as in the previous section. One hot encoding, 

normalization and feature importance were implemented. Validation was applied for various 

test/train split ratios and k values. Additionally, the neuron numbers were analyzed for the 

range between 2 to 100 by 5. Linear, sigmoid, tanh and ReLU (Rectified Linear Unit) 

functions were taken as activation functions. In a Python loop, all of these variables were 

tried. For the values which can create model with the lowest RMSE were chosen. 
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4. RESULTS AND DISCUSSION 
 

 

4.1. Pre-analysis of Dataset 

 

Before the machine learning modeling, the general structure of the dataset will be 

described with the activities performed to prepare the data for machine learning analysis. 

Initially, the inappropriate data, which have no information about the hydrogen production 

rate (target variable) was eliminated. After that, the missing information in the input 

variables was completed if it is possible such as filling the missing values with the mean of 

training set of the corresponding variable or some other value that may reflect the physical 

situation better. For example, the missing calcination temperature usually refers to the case 

that the semiconductor/photocatalyst was not calcined. Hence, it was meaningful to take 

room temperature ( ) as calcination temperature. In such cases, the calcination time was 

taken as 3 hours, which is average in dataset. There were other missing values for significant 

variables such as preparation methods of semiconductors and photocatalysts, weight percent 

of cocatalyst, photocatalyst load, and band gap. For preparation method, if there was lack of 

information and the method could not be categorized under a specific method, it was 

assumed as chemical synthesis.  The missing bandgap values, however, were handled with 

a completely different approach because some of the information related to semiconductor 

can be used to predict bandgap as well. Hence, a model was constructed to predict the 

unknown band gaps from the known values in the dataset. Then the predicted values were 

used to complete the dataset so that the predicted values can be used, with the values already 

in the dataset for the prediction of hydrogen production rate.  

 

The most commonly used semiconductors in the dataset are presented in Table 4.1 

with the total number in the dataset. The semiconductors whose total number in the dataset 

is small, were put into the group of others. As it can be seen from Table 4.1, the most 

commonly used semiconductor is TiO2 with 69%. The remaining 23% of the dataset is 

mainly composed of ZnO, g-C3N4, La0.2Na0.98TaO3, CdS and SrAl2O4 while the others 

constitute the remaining 8% of data. 
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Table 4.1. The number of common semiconductors. 

Semiconductor Type Total Number in the Dataset 

TiO2 551 

ZnO 69 

g-C3N4 47 

La0.2Na0.98TaO3 27 

CdS 25 

SrAl2O4 14 

Others 62 

 

After specifying the most commonly used semiconductors, the most frequently utilized 

cocatalyst-semiconductor pairs were determined. As the TiO2 is the most common 

semiconductor, the photocatalysts involving TiO2 and Pt is also the most common pair as 

expected; Pt, which has a high photocatalytic activity as cocatalyst, is used in almost 40% 

of total data. Noble metals such as Pt, Ag, and Au are also frequently used as cocatalyst since 

they have high activity even at low temperature and they are more stable [27]. However, 

since the cost of noble metals is high, the second most used cocatalyst is Cu, which can 

enhance the photocatalytic activity and is appropriate for electron transfer like noble metals 

[33]. 

 

Table 4.2. The number of common photocatalysts. 

Photocatalyst Total Number in the Dataset 

Pt- TiO2 198 

Cu- TiO2 65 

Ni- TiO2 33 

Ag- TiO2 32 

Au- TiO2 28 

Others 154 

 

The preparation methods of semiconductors and photocatalyst are also influential for 

the performance. In Table 4.3, the frequency of the preparation methods is given while the 

methods used to load the cocatalyst on semiconductor surface are given in Table 4.4. If there 

is lack of information for preparation method, it is written under chemical synthesis. Since 
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there was a lot of missing information filled with a general method, preparation methods 

were not taken into account during modeling. 

 

Table 4.3. Preparation method for semiconductors. 

Preparation Method Total Number in the Dataset 

Chemical Synthesis 484 

Hydrolysis 7 

Hydrothermal 153 

Impregnation 32 

 1 

Precipitation 18 

Sol-gel 104 

 

For semiconductors, the most commonly used preparation method is hydrothermal 

treatment while, the most used method for photocatalyst preparation is photodeposition. 

Impregnation is also used quite frequently to load the cocatalyst on semiconductor surface.  

 

Table 4.4. Preparation method of photocatalysts. 

Preparation Method Total Number in the Dataset 

Chemical Synthesis 76 

Hydrothermal 70 

Impregnation 194 

Ionothermal 3 

Molten Salt Synthesis 2 

Photodeposition 242 

Precipitation 93 

Sol-gel 81 

Solid State Dispersion 39 

 

The calcination temperature and time used during semiconductors or photocatalysts 

preparation also have significant effects on catalytic performance. For the data that does not 

include information about the 
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calcination time is taken as 3 hours. The range of calcination temperature and duration for 

both semiconductors and photocatalysts are given in Table 4.5.

Table 4.5. Calcination temperature and time ranges.

Type Time Range (h)

Semiconductor 25 700 0 8

Photocatalyst 25 1000 0 5

The distribution of calcination temperature used for the preparation of semiconductors 

and photocatalysts, which refer to semiconductor+cocatalyst after cocatalyst loading, are 

presented Figure 4.1 and 4.2, respectively.

Figure 4.1. The distribution of calcination temperature of semiconductors.

For the photocatalysts that contain TiO2 as semiconductor, which is the larger portion 

of the dataset, the crystal structure has an important effect on the results of experiments. 

Table 4.6 presents the frequency of data containing various crystal structures of TiO2. In 

general, anatase-rutile structure is preferred since it improves photocatalytic efficiency.
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Figure 4.2. The distribution of calcination temperature of photocatalysts.

Table 4.6. Crystal structure of TiO2-based photocatalysts.

Crystal Structure Total Number in the Dataset

Anatase 194

Rutile 5

Brookite 2

Anatase-Rutile 355

Anatase-Brookite 25

Anatase-Rutile-Brookite 5

Another important variable is the light type. H2 production may vary under different 

UV and visible light irradiation. On the other hand, the lamp type does not seem to have 

significant effects as it was discussed later in more details. The distribution of data according 

to the light and lamp types used in experiments is given in Table 4.7.

Another important variable is the weight percent of cocatalyst in a photocatalyst. The 

range of the weight percent changes between 0 and 50. The trend in the weight percentage

use is given in Figure 4.3 against hydrogen production rate. Surprisingly, hydrogen 

production decreases if the cocatalyst loading is higher than a certain limit. 
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Table 4.7. Light and lamp types of the experiments.

Light Type Lamp Type Total Number in the Dataset

UV

Fluorescent 9

Hg 230

LED 17

UV Lamp 62

Xe 28

Visible

Fluorescent 1

Hg-Xe 26

LED 1

Solar 200

Xe 225

Figure 4.3. Weight percent of cocatalyst vs H2 production rate.

Similar to the weight percentage of cocatalyst, the amount of photocatalyst used per 

volume also has similar effects on H2 production, which is higher at the low photocatalyst 

loading probably due to better efficiency of photocatalyst in absorbing irradiation.
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Figure 4.4. Photocatalyst load vs H2 production rate.

The effects of glycerol concentration on hydrogen production also have the same trend

as presented in Figure 4.5; the hydrogen production is generally higher in lower glycerol 

concentration (below 20%).

Figure 4.5. Glycerol concentration vs H2 production rate.
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Table 4.8. Reaction temperature of the experiments. 

 Total Number in the Dataset 

5 3 

10 4 

15 3 

24 4 

25 499 

30 57 

40 21 

50 7 

60 14 

80 14 

 

The temperature, pH and solution volume are the other variables that are also adjusted 

to improve the hydrogen production rate; the distribution of temperature and pH are 

presented in Table 4.8 and 4.9, respectively. In general, the experiments take place under 

ambient conditions while the most commonly used pH range was 6-7.  The range of solution 

volume is also changed between 5 ml to 1200 ml; however, there is no significant effect of 

solution volume on H2 production rate. 

 

To sum up, some variables that are given in the dataset have significant effects on H2 

production rate while some semiconductor/ photocatalyst related variables also affect the 

band gap. While constructing the models, the significance of the variables was considered 

according to the above analyses. For band gap models, the types of semiconductors and 

cocatalysts, the structure of the photocatalysts, weight percentage of cocatalysts, preparation 

methods, calcination time and duration are used due to their effects on band gap value. For 

H2 production rate models, on the other hand, the operational variables (except lamp type, 

solution volume, power of the light source and light intensity, which have no significant 

effects on H2 production) were also used.  
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Table 4.9. pH values of the experiments. 

pH Total Number in the Dataset 

0  2 14 

2  3 2 

3  4 20 

4  5 15 

5  6 23 

6  7 128 

7  8 7 

8  9 2 

9  10 17 

10  11 11 

11  12 8 

 

4.2. Analysis of Band Gap Models 

 

To construct a band gap model, two different machine learning techniques were used. 

Random forest and artificial neural network methods give significant results. In the 

following sections, the details of each method and results were given. Also, the results were 

discussed.  

 

4.2.1. Random Forest Model 

  

After all preparation and optimization steps, the results for random forest were given 

in the following part. For random forest model of band gap, 0.25 test/train split ratio, 4-fold 

cross validation, 41 trees and 1 sample in a leaf node were used as a result of Python. 

According to these parameters, R-square and root mean square error were calculated. 

Initially, these variables are used to construct model by using the original dataset that the 

preparation was explained in Section 3.2. The model was constructed by the training set and 

this constructed model was tested by the validation set. In Figures 4.7 and 4.9, predicted and 

experimental values were compared for the results of validation set. After that, the model 

was tested with the test set that was separated from the dataset at the first step. In Figures 

4.8 and 4.10, the results of test set were given. As it can be understood from these Figures, 
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the constructed model gave the similar results for both validation and test sets, which 

explained the model performance was good. 

 

Feature importance was applied during these steps, and the most effective features 

were determined as explained in Section 3.2. As a result of feature importance, second 

cocatalyst and the percentage of cocatalyst in cocatalyst composite were eliminated. The 

most important variables were the weight percent of cocatalyst, percentage of 

semiconductor, and calcination temperature. In Figure 4.6, the most significant variables 

were given.  

 

In Figures 4.7, 4.8, 4.9 and 4.10, the effect of feature importance was determined. In 

Figures 4.7 and 4.8, the results were given without using feature importance (i.e. using all 

input variables). In Figures 4.9 and 4.10, the results were given for the dataset which feature 

importance was applied, and unimportant features was eliminated. By using the most 

important variables in the model, the performance of model was increased since the least 

effective variables were eliminated. In Table 4.10, the fitness results for both models were 

given, and it can be seen that the model which was constructed by using only the significant 

variables gave better results with higher R2 and lower RMSE values. Feature importance 

affects the model performance in a positive way. With the elimination of insignificant 

variables, the performance of the model was improved. Thus, R-squared value was 

increased, and root mean square error was decreased. 

 

It can be said that determining the important variable in the dataset is effective for the 

model performance. With the models that are constructed with significant variables, better 

results can be obtained in terms of R-squared and Root Mean Square Error values. Also, the 

same result can be seen in Figure 4.7, 4.8 and Figure 4.9, 4.10 The results are much closer 

to the trendline in Figures 4.9 and 4.10, the model with significant variables.  
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Figure 4.6. The significance of variables for band gap model. 

 

 

 

Figure 4.7. The comparison of validation set results for random forest model of band gap 

with original variables for 41 trees and 1 sample in the leaf node. 
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Figure 4.8. The comparison of test set results for random forest model of band gap with 

original variables for 41 trees and 1 sample in the leaf node. 

 

 

 

Figure 4.9. The comparison of validation set results for random forest model of band gap 

with the most effective variables for 41 trees and 1 sample in the leaf node. 
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Figure 4.10. The comparison of test set results for random forest model of band gap with 

the most effective variables for 41 trees and 1 sample in the leaf node. 

 

Table 4.10. The R2 and RMSE results of random forest models constructed with all 

variables and significant variables. 

Results R2 RMSE 

Results of validation set with all variables (Figure 4.7) 0.77 0.216 

Results of test set with all variables (Figure 4.8) 0.68 0.305 

Results of validation set with significant variables (Figure 4.9) 0.83 0.206 

Results of test set with significant variables (Figure 4.10) 0.73 0.234 

 

4.2.2. Artificial Neural Network Model 

 

In Artificial Neural Network model, the results for each combination were collected 

and the best model was determined. It was found as 0.3 test/train split ratio, 4-fold cross 

validation, 52 neuron numbers and ReLU activation function gave the best model with the 

highest R-squared value and minimum Root Mean Square Error.  
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Figure 4.11. The comparison of validation set results for ANN model of band gap with the 

most effective variables for 52 neurons and ReLU as activation function. 

 

 

 

Figure 4.12. The comparison of test set results for ANN model of band gap with the most 

effective variables for 52 neurons and ReLU as activation function. 
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Like in the random forest model, the validation set, and test set gave similar results. 

The validation set result was slightly better than test set result since the model was 

constructed by using the training set of cross validation. 

 

Table 4.11. The R2 and RMSE result of ANN model with 52 neurons & ReLU as 

activation function. 

Results R2 RMSE 

Validation set results for significant variables (Figure 4.11) 0.80 0.223 

Test set results for significant variables (Figure 4.12) 0.70 0.282 

 

The neuron number was chosen as 52 because the lower neuron numbers cause 

underfitting and higher neuron numbers cause overfitting. Underfitting causes inaccuracy to 

identify signals in a complex dataset and overfitting causes insufficient training for all 

neurons in hidden layer because there is limited information in the training set. 

 

By using the above model with 52 neurons and Rectified Linear Unit activation 

function, the missing values in the output were predicted. It is a very significant step for the 

remaining parts of this thesis. For hydrogen production rate model, these predicted band gap 

values were used to construct the model. The predicted values of band gap were kept in an 

Excel file to fill the missing values in the dataset for further analysis. 

 

4.3. Analysis of Hydrogen Production Rate Models 

 

Two different machine learning techniques were used for hydrogen production rate as 

well. The results for random forest and artificial neural network methods were given below.  

 

4.3.1. Random Forest Model 

 

The best model with highest R-squared and lowest RMSE was obtained for 81 trees 

and 2 samples in a leaf node. 0.25 test/train split ratio, 5-fold cross validation gave the best 

model. 
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As it can be seen, tree numbers of band gap model and hydrogen production rate model 

are quite different. Since there are more variables in hydrogen production rate model, the 

number of trees is higher than the band gap model. 

 

Like in the band gap model, the effect of feature importance was investigated in 

hydrogen production rate model as well. In Figure 4.13, the most significant variables were 

given. As it can be seen from Figure 4.13, photocatalyst load, band gap, glycerol 

concentration, weight percent of cocatalyst, pH, calcination temperature, weight percent of 

semiconductor were the most significant variables. The percent of cocatalyst, second 

cocatalyst and the form of the photocatalyst were not effective as these variables. Thus, these 

variables were eliminated. The difference between the models, which were constructed by 

using all variables and by using the only significant variables were given in Figures 4.14- 

4.15 and 4.16-4.17 respectively. 

 

In hydrogen production rate models, the validation and test set results were compared 

as well. In Figures 4.14 and 4.16, the results for validation set which were constructed by 

using all variables and by using the significant variables were given, respectively. In Figures 

4.15 and 4.17, test set results were given. Validation set results were slightly better than the 

test set results since the size of validation set was slightly smaller than the size of test set. 

 

In hydrogen production rate model, since the range for hydrogen production rate was 

larger than band gap, a specific area was given in Figures 4.14, 4.15, 4.16, 4.17, 4.18 and 

see the 

distribution better.  

 

As it can be seen from both the graphs and the table, feature importance affects the 

results significantly. The model constructed with the most effective variables gives better 

results in terms of R-square and Root Mean Square Error values.  
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Figure 4.13. The significance of variables for hydrogen production rate model. 

 

 

 

Figure 4.14. The comparison of validation set results for random forest model of hydrogen 

production rate with original variables for 81 trees and 2 samples in the leaf node. 
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Figure 4.15. The comparison of test set results for random forest model of hydrogen 

production rate with original variables for 81 trees and 2 samples in the leaf node. 

 

 

 

Figure 4.16. The comparison of validation set results for random forest model of hydrogen 

production rate with the most effective variables for 81 trees and 2 samples in the leaf 

node. 
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Figure 4.17. The comparison of test set results for random forest model of hydrogen 

production rate with the most effective variables for 81 trees and 2 samples in the leaf 

node. 

 

Table 4.12. The RMSE results of random forest model with 81 trees and 2 samples in the 

leaf node. 

Model R2 RMSE 

Validation set results for all variables (Figure 4.14) 0.76 1.07 x 104 

Test set results for all variables (Figure 4.15) 0.68 1.27 x 104 

Validation set results for significant variables (Figure 4.16) 0.80 9.57 x 104 

Test set results for significant variables (Figure 4.17) 0.71 1.09 x 104 

 

In hydrogen production rate model, RMSE value range is different from band gap 

model. The reason behind this difference is band gap values are changing between 1.5 and 

4.6 eV. However, hydrogen production rate values are changing between 0.1 and 300,000 
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4.3.2. Artificial Neural Network Model 

 

In artificial neural network model, the neuron number and activation function were 

found in a Python loop to determine the best model with the lowest RMSE and highest R-

squared value. The best model was obtained from ReLU function with 63 neuron numbers 

by using 0.25 test/train split ratio and 4-fold cross validation.  

 

Like in the previous Figures, validation and test set results were compared in artificial 

neural network model of hydrogen production rate. The results were quite similar to each 

other. 

 

 

 

Figure 4.18. The comparison of validation set results for ANN model of hydrogen 

production rate with the most effective variables for 63 neurons and ReLU function. 

 

While constructing ANN model for hydrogen production rate, more variables were 

used than ANN model of band gap. It affected the number of neurons for the models. The 

reason for using higher number of neurons in ANN model of hydrogen production rate is 

higher number of variables that are used during modeling. 
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Figure 4.19. The comparison of test set results for ANN model of hydrogen production rate 

with the most effective variables for 63 neurons and ReLU function. 

 

Table 4.13. The RMSE result of ANN model with 63 neurons and ReLU activation 

function. 

Model R2 RMSE 

Validation set results for all variables (Figure 4.18) 0.70 1.18 x 104 

Test set results for all variables (Figure 4.19) 0.60 1.47 x 104 

 

In conclusion, there were 4 models that were constructed, random forest model for 

band gap, ANN model for band gap, random forest model for hydrogen production rate and 

ANN model for hydrogen production rate. For each model, the best option was found by 

using a Python loop. For random forest models, the optimum tree number and sample 

number in a leaf node were determined. For ANN models, the optimum neuron number and 

activation function were found. By using these values, the best models with low Root Mean 

Square Errors were calculated. The calculated values were given in Table 4.15, as a 

summary. 
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Table 4.14. The R2 and RMSE results of all models. 

Model R2 RMSE 

Results of validation set with all variables for RF band gap model 

(Figure 4.7) 
0.77 0.216 

Results of test set with all variables for RF band gap model (Figure 

4.8) 
0.68 0.305 

Results of validation set with significant variables for RF band gap 

model (Figure 4.9) 
0.83 0.206 

Results of test set with significant variables for RF band gap model 

(Figure 4.10) 
0.73 0.234 

Validation set results for significant variables for ANN band gap 

model (Figure 4.11) 
0.80 0.223 

Test set results for significant variables for ANN band gap model 

(Figure 4.12) 
0.70 0.282 

Validation set results for all variables for RF hydrogen production 

rate model (Figure 4.14) 
0.76 1.07 x 104 

Test set results for all variables for RF hydrogen production rate 

model (Figure 4.15) 
0.68 1.27 x 104 

Validation set results for significant variables for RF hydrogen 

production rate model (Figure 4.16) 
0.80 9.57 x 104 

Test set results for significant variables for RF hydrogen production 

rate model (Figure 4.17) 
0.71 1.09 x 104 

Validation set results for all variables for ANN hydrogen production 

rate model (Figure 4.18) 
0.70 1.18 x 104 

Test set results for all variables for ANN hydrogen production rate 

model (Figure 4.19) 
0.60 1.47 x 104 
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5. CONCLUSION AND RECOMMENDATIONS 
 

 

5.1. Conclusion 

 

The aim of this thesis is to extract knowledge from published literature about 

photocatalytic reforming of glycerol. Approximately 150 articles, which were published 

between 2007 and 2022, were reviewed on Web of Science. While constructing the database, 

93 of 150 articles were used since the remaining part was not appropriate for the aim of this 

thesis. In these 93 articles, 791 data points were collected. In dataset, semiconductor, 

cocatalyst, weight percent of cocatalyst, structure and form of the photocatalyst, preparation 

methods, calcination temperature and duration, light type, experimental conditions such as 

solution volume, reaction temperature, band gap and hydrogen production rate were given. 

Python was used for analyzing and modeling the dataset. Band gap and hydrogen production 

rate were analyzed in separate parts. Random forest and artificial neural network models 

were used with k-fold cross validation. R-square and Root Mean Square Error were used as 

the measure of model performance.  

 

In band gap model, Random Forest method was used to construct the model. In a 

Python loop, the number of trees were changed between 1 to 300 by 5. Also, the minimum 

sample in a leaf node was changed between 1 to 5. For each combination, the results were 

collected by changing test/train split ratio into the range of 20-30%, and k value for k-fold 

cross validation between 3, 4, 5, 7, and 10. The model with the best performance was 

determined. 0.25 test/train split ratio, 4-fold cross validation, 41 trees with 1 sample in a leaf 

node gave the best result with the lowest RMSE and highest R-squared value. Feature 

importance was applied to the dataset and the results were given in Figure 4.6. The most 

important variables were determined as weight percent of cocatalyst, percent of 

semiconductor and calcination temperature and duration. The least important variables were 

eliminated which were the second cocatalyst and the weight percent of cocatalyst in 

cocatalyst composite.  
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In ANN model of band gap, the hidden layer number is chosen between 1 to 5.  To 

find the best model, different neuron numbers and different activation functions were 

analyzed by changing test/train split ratio into the range of 20-30%, and k value for k-fold 

cross validation between 3, 4, 5, 7, and 10. The number of neurons was changed between 2 

to 100. Linear, sigmoid, tanh and rectified linear unit (ReLU) functions were used as 

activation function. For each combination, RMSE values were calculated. The model with 

the lowest Root Mean Square Error and highest R-squared value was chosen as the best 

model. 0.3 test/train split ratio, 4-fold cross validation, 52 neuron number and ReLU 

activation function gave the best result.  

 

The missing values in band gap was predicted by using artificial neural network model. 

These predicted values were used in hydrogen production rate model. The other missing 

values were filled with the average mean of the training set of the corresponding variable 

like the previous analyses. 

 

In random forest model of hydrogen production rate, the best model was obtained in a 

Python loop by changing the number of trees and number of samples in a leaf node. The 

range for the number of trees was taken between 1 to 300. The range of the number of 

samples in a leaf node was taken as 1 to 5. For each combination, R-squared value and Root 

Mean Square Error were calculated by changing test/train split ratio into the range of 20-

30%, and k value for k-fold cross validation between 3, 4, 5, 7, and 10. The best model was 

constructed with 0.25 test/train split ratio, 5-fold cross validation, 81 trees and 2 samples in 

a leaf node.  

 

In hydrogen production rate model, the significant variables were determined by using 

feature importance as well. In Figure 4.13, photocatalyst load, band gap, glycerol 

concentration, weight percent of cocatalyst, pH, calcination temperature were the most 

effective variables on the model. The least important variables such as the second cocatalyst, 

the percent of cocatalyst in a cocatalyst composite and the form of the photocatalyst were 

eliminated.  
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For both band gap and hydrogen production rate models, the model performance 

increases with the use of effective variables only and the model with the most significant 

variables becomes more successful to predict the output. 

 

In ANN model of hydrogen production, different numbers of neuron and different 

activation functions were analyzed as well to find the best model. The number of neurons 

was changed between 2 to 100. Linear, sigmoid, tanh and rectified linear unit (ReLU) 

functions were used as activation function. For each combination, R-squared and RMSE 

values were calculated by changing test/train split ratio into the range of 20-30%, and k value 

for k-fold cross validation between 3, 4, 5, 7, and 10. The model with the lowest Root Mean 

Square Error and highest R-squared value was chosen as the best model. 63 neuron number 

and ReLU activation function gave the best result with 0.25 test/train split ratio and 4-fold 

cross validation. 

 

5.2. Recommendations 

 

The better models can be obtained with the following recommendations: 

 

 More data can be used to construct the models. The model performance will increase 

with the increasing amount of data. 

 

 Different machine learning methods can be used to compare the results. The 

prediction of output can be developed with other machine learning techniques.  
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