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Abstract. Artificial intelligence methods facilitate data exploration, application, and analysis, 

increasing significantly, including machine learning. Data must be reliable and accessible, 

which places high demands on its acquisition and storage. This complexity is partly due to the 

wide range of lengths and time scales involved in the many different processes. The data in this 

article refer to the materials prepared as nonprecious metal for methanol oxidation in fuel cells 

and sensors. Metal oxides are an alternative for such applications. Important parameters can be 

used to assess the performance of electrocatalysts: These four parameters are related to other 

quantities available as a dataset, namely castelli perovskite. The Castelli perovskite dataset 

contains data conduction band energy level value, heat of formation in eV, Fermi energy level, 

Fermi bandwidth, material, chemical formula, electronic band gap, magnetic moment, crystal 

structure, valence band energy level value). The Castelli perovskite dataset is then connected 

to experimental data through the material's chemical formula. Nonprecious metal oxides 

include 483 materials (electrocatalyst materials). Based on the results of KMeans data 

processing, 483 electrocatalyst materials were grouped into 4 types. Thus, non-noble metal 

oxides can be categorized into 4 types. Correlation data processing shows that the current 

density correlates with the proposed electrocatalyst type. 
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1. Introduction 

The idea is to use the membrane electrode assembly (MEA) design for the sensor in addition to the 

facilities owned by the research center of excellence, Universitas Sriwijaya, and adequate mastery 

of MEA fabrications. Various energy materials called electrocatalysts are pinned to the devices in 

order to have new catalyst materials [1] with superior performance [2]  higher energy density and 

higher energy conversion electrocatalysts for methanol oxidation with high product selectivity and 

maximum performance [3], high efficiency [4] used in energy conversion devices and storage.  
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The manufacture of chemicals, electrochemical conversion, the production of sustainable materials, 

and the transformation of energy systems all require catalysts. [5].  The use of catalysts in energy, 

environmental applications, and industrial processes represents a significant disruptive innovation. 

Mastering catalyst technology requires a deep understanding of physicochemical principles and a 

closer integration of experiments with theoretical frameworks, which are essential for determining 

optimal experimental conditions. Moreover, the growing application of artificial intelligence 

methods enhances data exploration, utilization, and analysis [6]. For this purpose, data must be 

reliable and accessible, which places high demands on its acquisition and storage. 

Machine learning models already have a transformative impact on developing low-cost 

electrocatalysts [7] and one of the most widely used models [8]. Machine learning models for 

faradaic – nonfaradaic processes [9] were applied to predict the performance of electrochemical 

reactions of the materials in direct methanol fuel cells [10]. The community has collected and 

organized experiment data to the large data sets. The sets were reused in design, research, and  

development [11]. A set of the density functional theory calculations help researcher to identify   

electrocatalyst materials for the battery [12]. 

The models have been shown to predict the properties of crystalline materials much faster than 

quantum calculations [13], predict properties that are difficult to access through other computational 

tools [14], and guide the search for new materials [15]. In the modern information paradigm, data 

becomes an object of study called data science [16]. Reliable data is a valuable knowledge resource 

for research and development [17]. Data with its complexity and functionality [18] is the key to 

answering important questions related to it, such as the largest data, the smallest data, data 

distribution, average value, middle value, and relationships between data. 

This article aims to build a data set of the current state of the data infrastructure in electrocatalysis 

of fuel cell and methanol research and propose and discuss solutions and future directions for data 

management, focusing on electrocatalysis experimental data. Approaches and experiences are also 

introduced. The lessons learned from this analysis will apply to other areas of catalysis and, even 

more broadly, to other disciplines in chemistry and physics, and benefits can be derived from mutual 

inspiration. 

2. Methods 
2.1.  Data Description 

The research focused on oxides of non-precious metals that have been functionalized as 

electrocatalysts for methanol oxidation in electrochemical devices. This approach aims to establish 

a relationship between the composition, crystallographic structure, and electrochemical activity of 

various catalytic materials. While single-component electrocatalysts can effectively catalyze 

methanol oxidation, there is a limitation to their use as they conform to the periodic table's 

constraints on materials. Therefore, we are exploring the potential of bi-oxides or tri-oxides as 

electrocatalysts to address the increasing energy demand and achieve the necessary power levels. 

Methanol, as a liquid fuel, offers several advantages, including high energy density, ease of storage, 

and compatibility with existing infrastructure. During the oxidation process at the anode, methanol 

undergoes electrochemical oxidation, producing protons, carbon dioxide, and electrons. The 



generated protons and electrons then participate in reactions at the electrodes, which facilitates the 

overall energy conversion process. 

Understanding the requirements of methanol evolution reactions (MER) and methanol oxidation 

reactions (MOR) is essential for optimizing the design of electrocatalysts and electrodes in direct 

methanol fuel cells (DMFC) and sensors. This knowledge contributes to improved fuel cell 

efficiency and helps address challenges such as catalyst poisoning and the accumulation of 

intermediates. While platinum-based catalysts currently serve as the benchmark for both hydrogen 

evolution reactions (HER) and hydrogen oxidation reactions (HOR), their high cost and 

vulnerability to CO poisoning necessitate the exploration of alternative electrocatalysts that offer 

enhanced activity and durability for methanol oxidation and hydrogen oxidation reactions (HOR). 

2.2.  Descriptor Generation using Matminer 

To complement the experimental data, we systematically generated theoretical descriptors using the 

Matminer Python library [19]. Matminer offers a curated collection of featurizers that transform 

chemical composition and crystallographic information into quantitative descriptors reflecting 

intrinsic materials properties, including elemental attributes, bonding characteristics, and structural 

motifs. This approach enables the integration of experimental observations with theory-informed 

representations, facilitating robust machine learning analysis. The resulting descriptor space 

provides a consistent and physically interpretable framework for exploring correlations between 

composition, structure, and electrocatalytic performance. 

2.3.  Composition-Based Descriptors 

Composition-based descriptors were generated to capture intrinsic chemical information 

independent of long-range crystal order. These descriptors quantify elemental properties such as 

electronegativity, atomic radius, valence electron count, and ionization energy, and are statistically 

aggregated (e.g., mean, maximum, minimum, and variance) according to the material composition. 

Such features provide a compact yet physically meaningful representation of chemical complexity 

and are particularly suitable for systems with compositional disorder, solid solutions, or limited 

crystallographic information. 

The descriptors were employed to encode intrinsic chemical characteristics that govern 

electrocatalytic activity independent of long-range crystal order. These descriptors statistically 

aggregate elemental properties—such as electronegativity, atomic radius, valence electron count, d-

band filling, and ionization energy—according to the material composition. For HER and HOR, 

such features reflect trends in hydrogen binding strength and proton–electron transfer kinetics, while 

for methanol oxidation they capture the chemical propensity for intermediate adsorption and 

tolerance toward CO-like species. In composite catalysts, composition-based descriptors effectively 

represent elemental synergy, dopant effects, and metal–oxide interactions, providing a robust 

chemical fingerprint even when structural heterogeneity or partial amorphicity is present. 

Composition-based descriptors provide a chemistry-driven baseline for HER/HOR and MOR 

activity by encoding elemental properties, whereas structure-based descriptors introduce geometric 

and bonding information that allows machine learning models to distinguish catalysts with similar 

compositions but different active-site architectures and reaction pathways. 



Combining both descriptor types expands the feature space to capture complementary chemical and 

structural signals, thereby enhancing model expressiveness, reducing representation bias, and 

improving predictive performance across diverse electrocatalyst systems. 

2.4.  Data Integration and Processing 

The composition-based and structure-based descriptors were combined with the experimental 

exchange current density, J₀, dataset by matching catalyst names. The merged dataset was then 

cleaned by removing features that had constant or missing values, normalizing numerical features 

when appropriate, and encoding categorical variables. 

The type of electrocatalyst from the list of materials used, for example, Pt, MnO2, NiMo, MoS₂ with 

the measured exchange current density (J₀), Matminer converts the simple text description ("PtRu") 

into a vector of numerical features describing physical and chemical properties, such as: mean and 

range of electronegativity, atomic radii, valence electron configurations, stoichiometry statistics, 

ionic properties, local structural fingerprints or crystal structures. 

Matminer's featurizers were applied to systematically transform raw material information into a 

machine learning–ready dataset for predicting the exchange current density (J₀) of MER/MOR 

electrocatalysts. 

Composition-based featurizers, such as ElementProperty, Stoichiometry, ValenceOrbital, and 

IonProperty, were utilized to generate descriptors that capture elemental averages—including 

electronegativity, atomic radius, and ionization energy—as well as valence-electron configurations, 

oxidation states, and stoichiometric metrics. Additionally, experiment-specific metadata, including 

current density and overpotential, was integrated into the feature matrix to account for operational 

conditions that significantly influence current density and to enhance the intrinsic descriptors. This 

featurization strategy facilitated the creation of a comprehensive, quantitative dataset that combines 

material properties with experimental context, providing a solid foundation for robust machine 

learning model training and interpretability analysis. 

3. Results and Discussion 

3.1. Data mining 

Several important parameters can be used to assess the performance of electrocatalysts, namely (1) 

overpotential, which is the additional voltage required beyond the thermodynamic voltage. This 

additional voltage is used to drive chemical reactions. The general picture is that the electrocatalyst 

is more efficient in driving chemical reactions for low overpotential values. (2) exchange current 

density: a measure of the reaction rate at equilibrium voltage. If the exchange current density is high, 

the catalytic activity is better. (3) Turnover frequency (TOF): The number of catalytic cycles per 

active site per unit time. If the TOF value is high, the electrocatalysis is more efficient. (4) onset 

potential: the minimum voltage at which the catalytic reaction begins. A low onset voltage indicates 

higher activity. 

Some computation and molecular simulation results are stored in a database whose data can be 

reused and analyzed to provide necessary conclusions not previously discussed in previous reports. 



A dataset closely related to electrocatalysis should be mined from Matminer  

(https://hackingmaterials.lbl.gov/matminer) [20].  

Several factors that affect the above parameters are material properties, namely electronic structure, 

area (electrochemistry), electrical conductivity, active sites, surface energy, and morphology; 

reaction environment - consisting of electrolyte pH, electrolyte composition, temperature; stability 

and durability - consisting of corrosion resistance; structural stability, chemical stability; selectivity 

- faradaic efficiency, reaction pathway control; conductive support material. If the performance 

parameters are determined from the measurement results, the influencing factors can be determined 

from the computation results. Computation and molecular simulation are carried out using 

calculation formulas at the ab initio, semi-empirical, density function, and force field levels. 

Matminer is a Python library that mines data on material properties. Matminer has features ready-

to-use datasets (matminer.datasets), covering a wide range of materials data domains used to create 

custom datasets for specific research purposes, such as in this study to study electrocatalysts from 

an online repository (matminer.data_retrieval). 

The datasets module provides a growing collection of materials science datasets that have been 

collected, formatted as pandas data frames, and made available through a unified interface. Loading 

a dataset as a data frame uses pandas and the unified interface with the matminer module name and 

class to load the data into memory. 

 

Matminer's consistently formatted datasets make analyzing and visualizing initial data sets quick 

and easy: 

 

The downloaded data is presented in a data frame format to be processed with miners. featurizers. 

conversions. This module/library has several classes that enrich the meaning of the data being 

processed. This module defines a featurizer that can convert between various data formats. 

Featurizers themselves do not produce features ready for machine learning. Instead, they must be 

used to preprocess the data through standalone transformations or as part of a Pipeline. 

A utility feature to add oxidation states to pymatgen compositions. Oxidation states are determined 

using pymatgen's guess routine. The expected input is a pymatgen.core.composition. Composition 



object. Note that this Featurizer does not produce features ready for machine learning but can be 

applied to preprocess data or as part of a Pipeline. 

Regarding the electrocatalysts, where the relationship between experimental and computational data 

is important, a deeper look at the two datasets is needed. The search results suggest one dataset that 

can be linked to castelli_perovskites. The selection of the data set was based on the availability of 

information that could be linked to the information in the set related to the electrocatalytic 

performance. The following columns are available in Castelli perovskite. A 18,928 perovskites were 

generated by ABX combinatorics, calculating the glibsc band gap and pbe structure, and also 

reporting the absolute band edge positions and heats of formation with the number of entries: 18928 

with the column descriptions as follows 

Table 1. Descriptions of relationship between experimental and computational data 

Column Description 

cbm Conduction band energy level values based on the CBM method 

e_form 
The heat of formation in eV, where the reference state for oxygen is calculated from 

the chemical potential of oxygen in water vapor, not as molecular oxygen. 

fermi 

level 

Energy levels that indicate the relative position of the outermost electrons in relation 

to thermodynamic work, Gibbs free energy. 

fermi 

width 

The width of the fermi band, where the end of the fermi bandwidth is greatly affected 

by temperature. Some of the widths of the end of the band can rise, which means some 

electrons at the valence energy level can rise to the conduction band so that the 

material, previously a semiconductor, can change into a conductor. 

formula Chemical formula of material 

gap 

gllbsc 
The electronic band gap in eV is calculated through the gllbsc function 

gap is 

direct 
Boolean indicator for direct gap 

mu_b Magnetic moment in Bohr magneton units 

structure Crystal structures are represented by the Pymatgen Structure object 

vbm The valence band energy level values are calculated through gllbsc 

 

If we look at the composition of the data set, some quantities are factors that affect the performance 

of the electrocatalyst. The following is data mining carried out on the Castelli data set (Table 2). 



This data set contains several columns that contain information related to the formula (chemical 

formula) of the electrocatalyst material. The table displays a data set with the available columns of. 

factors that affect the performance 

Table 2. The Castelli data set with the available factors that affect the performance 

 

 

In the first mining we filter the data that is the object of this research, namely metal oxides from 

nonprecious metal elements. So that unnecessary elements contained in the alloy structure are set 

aside, namely by using the script attached below and the output 

 

 



Table 3. The output of the script 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The table above has sufficiently filtered the data so that it only contains oxides of nonprecious 

elements. In addition, columns containing unnecessary information also need to be set aside. If there 

were 10 columns previously, the filtering results set aside 5 columns not used in this study. In 

addition, a comparison was used, a data set that only contained oxides of precious metals or their 

alloys. Filtering was carried out using the following script. Nonprecious metal oxides contain a 

filtering script. 

 

filtered = 

asli_df['formula'].str.contains('Pt|Au|Os|Ir|Rh|Pd|Ag|Te|Hg|Tl|Ge|S|Hf|Re|As|F|Y|Ga|In|Rb|N|La|Ta|

Ru') == False  

 

cleaned=df[filtered].drop(["cbm","gap is direct","structure","vbm"], axis=1) 

cleaned.head(500) 

 

 



A script is used to filter noble metal oxides. 

 

Both scripts produce data sets that are stored in Excel files using scripts.  

 

 

 

Screenshot of the table generated from the execution of the script (Table 4). The 

output_castelli_precious.csv file contains 64 columns or 64 types of electrocatalysts from binary 

metal oxides. 



 

Table 4. The output of the executing script that filtering and cleaning data 

 

 

The output_castelli_non_precious_oxide.csv file contains 484 types of electrocatalysts from binary 

metal oxides. Both datasets (files) are then equipped with experimental data and literature [21] 

search results, namely DA (current density) and mu_b (overpotential) which are added in the next 

column in the file. With the existence of the castelli_non_precious_oxide.csv file, preprocessing can 

be carried out on the data set before a model is created to optimize the performance of 

electrocatalysts using binary metal oxides available in the formula column. 

 

The sklearn module is used for data preprocessing, including the electrocatalyst's initial classifier. 

Here is the script used to activate the sklearn module and several other modules, followed by loading 

the processed file. 



 

 

 

The dataset resulting from data mining and measurement results which are experimental data (mu_b 

and DA) are loaded into the application memory for preprocessing and clustering using pandas. 

After being loaded into memory, which means the process can be started, the first check is to check 

the data distribution (Table 5). The data distribution check is done on the FL (fermi level) column, 

e_form (formation energy), mu_b (excess potential), and DA (current density) visualize as 

histograms of each parameters (Figure 1) 

 
 

 



Table 5. The distribution of data after being uploaded to memory 

 

 

 

 

Figure 1. Data distribution histograms for (a) FL, (b) e_form, (c) mu_b and (d) DA  

 



The dataset resulting from data mining and measurement results which are experimental data (mu_b 

and DA) are loaded into the application memory for preprocessing and clustering. 

After being loaded into memory, which means the process standarization can be started by 

performing the data transformation using preprocessing module, i.e. StandarScaler utility class. The 

data transformation  is done on the FL (fermi level) column, e_form (formation energy), mu_b 

(excess potential), and DA (current density) which obtain an array as we can see from Table 6. 

 

Table 6. Array of data transformation on 4 descriptor 

 

 

3.2.  Optimizing and Clustering Data 

Data clustering begins by optimizing the relationship between data, which is 483 rows of data as 

show in Table 6) The first clustering is the relationship between FL (fermi level) and DA (current 

density) using the KMeans method from the sklearn module to determine number of cluster on the 

data (Figure 2). Electrocatalysis technologies play an important role in both fuel cells and sensors. 

For example, fuel cells can be applied to electricity production in DMFC and methanol detection. 

The hydrogen produced by methanol electrolysis can play a role in electrical energy storage, and the 

amount of CO2 and hydrogen in the atmosphere can be directly reduced by the electrochemical 

reduction of methanol. Moreover, these reaction processes can store the energy in chemical bonds, 

thereby improving the convenience of clean energy utilization.  



Developing high-activity and high-stability electrocatalysts, such as metal oxides, is the key to 

realizing high-efficiency and low-cost electrochemical reactions. Thus, searching for practical 

approaches to design promising electrocatalysts is necessary. 

 

Figure 2. Practical approaches to design promising electrocatalysts 

The typical electrocatalytic reaction consists of reactant adsorption, electron transfer, breakage and 

formation of chemical bonds, and product desorption. Moreover, many candidate electrocatalyst 

materials exist, each with a different adsorption capacity for intermediates on various surfaces or 

sites. Multi-scale modeling can be applied to approach variables that affect electrocatalyst 

performances. There are five stages related to the performances in (1) systems-level modeling, 

where we meet factors such as catalyst supporter processing methods, binder availability, test 

environment, current density, over potential; (2) meso-macro macro-level modelings, such as 

electrolyte decompositions, short circuit, nucleation, particles sizes, and shapes; porous structural 

(3) micro-level modeling, such as crack formation, nucleation, the energy of formation (4) atomic 

level modeling solvent polarity, dielectric constant, fermi level, Bohr constant, hydrophobicity. The 

development of catalysts faces difficulties due to complexity.  



 

Figure 3. Clustering of electrocatalyst data using the relationship between FL (Fermi level) and 

DA (current density) using the KMeans class 

 

 

Figure 4. Clustering of binary metal oxide electrocatalysts data, non-precious metal 



The clustering results show that the electrocatalysts can be divided into 4 types resulting from the 

KMeans analysis, where the optimal point of the clustering process occurs at "Number of Clusters" 

= 4. The following plot illustrates the clustering formed by KMeans (Figure 4). 

 

The process is continued to create an optimal model of binary metal oxide electrocatalysts and 

classify electrocatalysts into 4 clusters. In addition, a dataset of metal oxide electrocatalysts is also 

added as a data comparison. The results of the data processing are as in the following Table.7 

Table 7. Optimal model of binary metal oxide electrocatalysts 

 

The classification of 483 electrocatalysts is entered into the kmeans_4 column with details of the 

number of electrocatalysts in each group as follow: 

Table 8. Classification of 483 electrocatalysts 

 

 

3.3.   Data Classification and Correlation 

The data from the data grouping is loaded into memory using the panda's module. Several other 

modules must also be loaded into memory for the classification and data correlation process. 



 

Figure 5.   Data Classification and Correlation 

 

At this stage, sklearn is still used, which provides a special class used for data classification. The 

dataset contains columns with object types, namely containing chemical formula information, so it 

is set aside first. 

 

Figure 6. Chemical formula information 

Correlation between variables can be done using several methods, namely Pearson, Spearman, and 

Kendall. This study used Pearson, which produced the following results. 

Table 9. Pearson correlation between the variables of data set 

 

Correlation determines the closeness of the relationship between two or more different variables, as 

described by the correlation coefficient. The correlation coefficient is a coefficient that describes the 



closeness of the relationship between two or more variables. The size of the correlation coefficient 

does not indicate a causal relationship between two or more variables but only describes the linear 

relationship between them. Correlation analysis is a statistical method used to determine a quantity 

that indicates the strength of the relationship between one variable and another without considering 

whether a particular variable is dependent on the other (Sekaran, 2010). According to Guilford 

(1956), correlation not only facilitates the analysis of linear relationships between variables but can 

also help identify the strength and direction of those relationships. 

The correlation coefficient ranges from -1 < 0 < 1. If r = -1, the correlation is perfectly negative, 

meaning the significant influence of variable X on variable Y is very weak. If r = 1, the correlation 

is perfectly positive, meaning the significant influence of variable X on variable Y is powerful 

(Sudjana, 2005). 

Based on the definition above, Pearson correlation is used to determine the closeness of the 

relationship between the dependent and independent variables. Pearson correlation ranges from -1 

to 1. A positive value indicates a unidirectional and increasing relationship, while a negative value 

indicates a unidirectional and decreasing relationship. The level of closeness can be described as 

follows: 

 

4. Conclusions 

It can be concluded from this research that. 

• Important parameters can be used to assess the performance of electrocatalysts: (1) 

overpotential, (2) current density or completeness (exchange current density), (3) turnover 

frequency (TOF), and (4) onset potential, the minimum voltage at which the actual catalytic 

reaction begins. 

• These four parameters are related to other quantities available as a dataset, namely castelli 

perovskite. The Castelli perovskite dataset contains data cbm (conduction band energy 

level value), e_form (heat of formation in eV), Fermi energy level, Fermi bandwidth, 

material, chemical formula, gap gllbsc (electronic band gap), mu_b (magnetic moment), 

structure (crystal structure), vbm (valence band energy level value). 

• The Castelli perovskite dataset is then connected to experimental data through the 

material's chemical formula. Nonprecious metal oxides include 483 materials 

(electrocatalyst materials).  

• Based on the results of KMeans data processing, 483 electrocatalyst materials were 

grouped into 4 types. Thus, non-noble metal oxides can be categorized into 4 types. 

Correlation data processing shows that the current density correlates with the proposed 

electrocatalyst type. 
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