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The electrooxidation of glycerol offers a promising pathway for energy transition and biomass 
valorization, making it a key area of research. This study employs machine learning (ML) to predict 
the onset of glycerol electrooxidation and anodic peak potentials, enhancing the understanding of 
factors influencing these metrics. A dataset derived from 155 research articles includes parameters 
such as pH, electrolyte type, reference electrode, electrode material, current density, and scan rate. 
Fourteen ML algorithms were evaluated, with adaptive boosting (AdaBoost) achieving the best 
performance: root mean square error (RMSE) of 0.117 and coefficient of determination (R2) of 
0.902 for onset potential and RMSE of 0.122 and R2 of 0.870 for anodic peak potential. Explainable 
artificial intelligence (XAI) techniques like Shapley additive explanations (SHAP) analysis 
identified pH, electrolyte type, and electrode properties (e.g., atomic number, electronegativity) 
as key predictors. Replacing elemental features with atomic properties improved performance and 
reduced complexity. This work demonstrates the potential of ML to optimize glycerol oxidation 
and advance alcohol electrooxidation research.

Keywords: machine learning, biomass valorization, glycerol oxidation, energy transition, 
explainable AI

Introduction

The continuous global expansion of the economy 
and population has increased worldwide energy demand. 
Currently, the world energy matrix is sustained by fossil 
fuels coal, natural gas, and oil, which are non-renewable 
sources.1 Petroleum-based fuels are subject to geopolitical 
pressures and are directly associated with climate change, 
such as global warming caused by the burning of these 
fuels and the subsequent emission of carbon dioxide (CO2). 
Given this scenario, substantial efforts in scientific research 
and development have been directed toward the search 
for environmentally sustainable and renewable alternative 
energy sources, such as green hydrogen, renewable 
electricity, and bioenergy.2-5

From this perspective, opportunities for clean energy 
generation from abundantly available chemical substances 
and the use of clean energy for fuel production through 
electrochemical processes have been the focus of significant 
investments.2,6,7 Bioenergy stands out as a promising 

alternative to fossil fuels due to the possibility of waste 
valorization and because it is considered a low-carbon 
emission energy source. Among biomass derivatives, 
glycerol emerges as a platform molecule of great interest.8,9 
Glycerol is a by-product of the biodiesel transesterification 
process, thus significant quantities that exceed the current 
market demand are generated as biodiesel production grows.1

The conversion of this surplus glycerol into energy 
and high-value-added products represents a strategic 
opportunity for transforming the energy matrix and 
valorizing biomass.10 Additionally, its application in direct 
glycerol fuel cells allows for simultaneous electricity 
generation and the production of value-added products, 
maximizing the efficiency of this raw material.3,4,11-13 
Alternatively, glycerol can be used in electrolyzers, 
replacing the oxygen evolution reaction (OER) with 
glycerol oxidation, resulting in a more thermodynamically 
favorable overall reaction.14,15

The electrochemical valorization of glycerol requires 
heterogeneous catalysts that combine efficiency, 
accessibility, and durability, especially for energy 
applications.16,17 This process involves not only the 
catalytic material but also the entire engineering of 
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the electrochemical system and its components. At the 
laboratory scale, variables such as the reference electrode, 
electrolyte, substrate, and pH significantly influence the 
experimental results and the possibilities for industrial 
scale. Nevertheless, catalyst development is largely based 
on trial and error methods, which result in high costs 
of time and resources.2,3 Traditional catalyst discovery 
remains constrained by the high costs of experimental 
screening, where each new material requires synthesis, 
characterization, and testing which does not allow, in some 
cases, a full exploration of chemical possibilities.18,19

In recent decades, computational methods have 
contributed to this process.20-22 However, these methods 
still face fundamental limitations, as density functional 
theory (DFT) calculations cannot efficiently explore the 
entire catalyst composition space in a fast and cost-effective 
manner due to their high computational demands.22-24

In this context, machine learning (ML) emerges as a 
complementary tool to address these challenges, enabling 
the identification of structure-property relationships directly 
from data, whether experimental or derived from DFT 
calculations for various catalytic systems.25

ML algorithms are powerful function approximators 
capable of capturing complex relationships in physical 
systems, provided that sufficient and high-quality data 
is available.20 This approach complements traditional 
computational methods such as DFT: while DFT derives 
properties from fundamental laws of quantum mechanics,22 
ML identifies statistical relationships in experimental and 
theoretical data.25 The synergy between these methods 
has accelerated catalyst discovery, as demonstrated in 
several studies.26-28 When high-quality data is available and 
appropriate algorithms and descriptors are employed, ML 
models can achieve high accuracy and efficiently capture a 
wide range of nonlinear relationships. Rather than replacing 
DFT or experiments, ML serves as a powerful approach 
that integrates and statistically explores vast amounts of 
theoretical and experimental data, opening new frontiers 
in catalyst discovery.26,29

ML models can make accurate predictions, but to 
understand these predictions and their relationships with the 
features of our problem, we can leverage XAI (explainable 
artificial intelligence) methods. These techniques help to 
interpret how different features influence model outputs, 
providing insights in a human-interpretable manner.30 The 
current XAI literature presents a variety of approaches, 
including feature importance analysis (e.g., Shapley 
additive explanations - SHAP and local interpretable 
model-agnostic explanations - LIME),31 surrogate models,32 
and rule-based explanations,33 all of which enhance the 
transparency and interpretability of complex ML models. 

Additionally, XAI methods play a critical role in 
maintaining model performance over time, as they allow 
practitioners to monitor and address issues related to bias, 
fairness, and unexpected behavior, thus ensuring that the 
models remain reliable and aligned with their intended 
purpose.30

To predict how variables in an electrochemical system 
influence the catalytic process, valuable information can be 
obtained through cyclic voltammetry.34 Two fundamental 
parameters for assessing the energy efficiency of an 
electrocatalyst are the onset potential and the oxidation 
peak potential. For oxidation reactions, the onset potential 
corresponds to the lowest potential at which product 
formation is observed at the electrode,35 while the anodic 
peak potentials (oxidation peak potential) indicate the 
potential of maximum oxidation current density. 

An interesting recent example of the application of 
ML in electrochemistry, particularly for predicting alcohol 
oxidation potentials, is presented by von Zuben et al.36 In 
this work, the authors showed a methodology that uses 
information about the electrochemical reaction conditions 
and the characteristics of working electrode to predict 
the onset and anodic peak potentials for electrooxidation 
processes of alcohols. Building on their approach, we 
extended this methodology to predict the oxidation 
potentials for glycerol.

Predicting oxidation potential is a challenging task, 
particularly in catalytic systems, where the influence of the 
catalyst material must be considered. While literature37,38 
often focuses on standard oxidation potentials for organic 
compounds, studies on catalytic systems remain scarce 
due to their inherent complexity of heterogeneous 
electrocatalysis. This complexity arises from both the 
properties of the catalytic material and the interactions 
among experimental factors, making predictive modeling 
especially demanding and underexplored.

Thus, in the following sections, we present the 
methodology used to construct the database, detailing 
the processes of raw data handling required to enable the 
application of machine learning algorithms to predict the 
onset and oxidation potentials of glycerol. Subsequently, 
we discuss the results of 14 different ML algorithms, 
namely: decision tree (DT), random forest (RF), extreme 
gradient boosting (XGBoost), linear regression  (LR), 
gradient boost regression (GBR), Bayesian ridge 
regression (BRR), Gaussian process regression (GPR), 
k-nearest neighbors regression (KNN), least absolute 
shrinkage and selection operator (LASSO), ridge, 
histogram-based gradient boosting (HGB), adaptive 
boosting (Adaboost), Catboost, and artificial neural 
network (ANN). 
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The results are assessed based on XAI methods (feature 
importance and SHAP) to evaluate model insights. The 
evaluation also considers training time, the complexity of 
hyperparameter tuning, and the predictive performance 
of the models (computational cost, generalizability, 
and scalability) for glycerol oxidation potentials across 
various catalysts and experimental conditions. Our 
adopted modeling approach allows for the screening of 
new catalysts, including those containing elements that 
are not present in the original dataset. This is achieved by 
improving how catalysts are described: instead of relying 
solely on categorical encoding (e.g., one-hot encoding) 
as in our previous work,36 the method now represents 
catalysts using continuous attributes derived from intrinsic 
elemental properties, such as atomic number, ionization 
energy, and electron affinity. This choice enables model 
generalization, allowing infrequent elements (such as 
niobium and thallium) or even absent ones (such as calcium 
and scandium) to be tested in predictions.

This approach provides a deeper understanding of 
how the experimental parameters related to oxidation 
potentials, with a particular focus on the top-performing 
models in this study. The focus is on reducing the time and 
resources required, promoting advances in the design of 
new catalysts, while offering a comprehensive perspective 
on these materials.

Methodology

The proposed approach for developing ML models 
to predict the oxidation peak and onset potentials of 
glycerol is illustrated in Figure 1. Initially, a database was 
constructed from literature data. Subsequently, the extracted 
data underwent processing, where parameters from the 
articles were standardized, and any missing information 
was completed. Finally, with the database prepared, feature 
selection was performed, followed by the evaluation of all 
14 models. 

Data collection and preprocessing

A database was created by systematically gathering 
relevant data from scientific literature focused on the 
glycerol electrooxidation. A thorough search was conducted 
in the Scopus database through April 2024. It used the 
combination of keywords: (glycerol OR glycerin*) AND 
(electrooxidation OR oxidation) AND (catalyst OR 
electrocatalyst OR catalysis) AND NOT *photo* AND NOT 
steam AND reform* AND NOT hydrogenolysis)) AND 
PUBYEAR > 2013. This search returned 327 articles of 
interest, of which 155 made up the final database. The articles 

were selected based on their data quality, emphasizing those 
with detailed documentation. Priority was given to studies 
clearly outlining the electrode material, reference electrode, 
anodic peak potentials (oxidation peak potential), onset 
potential values, and experimental conditions. This effort 
yielded a robust dataset with 307 individual entries, each 
capturing a unique electrochemical context for glycerol 
oxidation. These scenarios include various factors such as the 
working electrode used, scan rate, current density, deposited 
materials, pH, electrolytes, and electrolyte concentration. The 
information was extracted from text, tables, and voltammetric 
images. For data that was not listed directly in tables or text, 
but was present exclusively in voltammograms, the open-
source software WebPlotDigitizer 5.2 by Automeris LLC39 
was used to obtain the necessary data.16 

All data preprocessing, analysis and machine learning 
modeling were performed on the Google Colab platform40 
using the Python programming language. Python libraries 
were used including Pandas 2.2 by NumFOCUS, Inc.,41 
Numpy 1.26.4 by NumPy team,42 Scipy 1.13.1 by Scipy 
team,43 Scikit-learn,44 TensorFlow 2.17.0 by Google 
Brain Team,45 and Matplotlib 1.1.1 by The Matplotlib 
development team46 for data handling, numerical 
operations, model implementation, and visualization.

Following data collection and extraction, several 
preprocessing steps were performed. Thirteen different 
substrates were considered in the database: gold (Au), 

Figure 1. The proposed methodology involved the selection of 155 papers. 
From their text, tables, and voltammograms, 307 examples related to 
glycerol oxidation were extracted to build the database. This database 
was then split randomly into training (80%) and testing (20%) sets for 
machine learning model development. Fourteen different algorithms 
were compared to predict the oxidation potential of glycerol. The results 
are assessed based on XAI methods, feature importance and SHAP, to 
evaluate model insights.
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carbon cloath (CC), copper foam (CF), carbon paper (CP),  
fluorine doped-tin oxide (FTO), glassy carbon disc (GCD), 
glassy carbon electrode (GCE), graphite electrode (GE), 
nanoporous stainless steel (NPSS), nickel (Ni), platinum (Pt), 
self-supported catalysts (SELF) and titanium (Ti). When pH 
values were not provided in the literature, they were inferred 
from electrolyte concentrations using the pHCalc python 
library.47 Standardization of all potential to the normal 
hydrogen electrode (NHE) reference was accomplished 
using the equations detailed in the Supplementary 
Information section (SI section). The reference electrodes 
were treated as saturated across all cases due to frequent 
gaps in electrolyte concentration data. 

In academic research,48 optimizing electrodes often 
involves adjusting material concentrations or morphologies. 
In this work, however, we primarily focus on the elemental 
composition of the catalysts (i.e., the deposited materials). 
This focus is based on the following considerations: 
(i) standardizing a substantial number of studies reporting 
catalyst compositions has proven challenging along this 
work; (ii) our main goal is to identify active elemental 
combinations while prioritizing a broader range of catalysts, 
even if this means some loss of precision in capturing small 
concentration-dependent variations, thereby reducing 
experimental trial and error. Thus, our model is better 
aligned with the reality of the available data. Although 
atomic proportions are not explicitly modeled, identifying 
key elements can accelerate catalyst design by narrowing the 
space of possible elemental combinations. Stoichiometric 
adjustments can be addressed in subsequent stages using 
other machine learning paradigms, such as active learning 
and Bayesian optimization, leveraging surrogate models to 
efficiently explore the compositional space.49-52 

Our database encompasses several key pieces of 
information: the DOI (digital object identifier) of the 
paper, year of publication, working electrode (WE) with 
corresponding element specification (WE_(element)), 
deposited material with corresponding element specification 
(deposited_material(elements)), the electrolyte used 
(electrolyte), solution pH (pH), electrolyte concentration 
in molarity (El_conc), onset potential relative to the 
normal hydrogen electrode (onset_pot), oxidation peak 
potential (anodic peak potentials) relative to the normal 
hydrogen electrode (ox_pot), disparity between the 
oxidation potential and onset potential (ox_onset), current 
density achieved at the maximum value of the first peak 
related to glycerol oxidation in mA cm-2 (current_density), 
the reference electrode used (RE), scan rate in mV s-1 
(scan_rate) and the concentration of the analyte in molarity 
(A_concentration). In terms of database notation, features 
beginning with “WE” denote aspects related to the working 

electrode made with the specified element or substrate. For 
more detailed descriptions of the database and explanations 
of the features, please refer to SI section.

Before extracting the models, it was necessary to 
provide the labels and encode for the features. Initially, 
following the literature,53,54 a one-hot encoding was used, 
transforming all obtained data into a binary representation. 
This approach resulted in a total of 72 features, which 
is a considerable number given the small dataset size: 
306 entries. Such a high number of features can lead to 
what is known as the “curse of dimensionality”. The curse 
of dimensionality is a phenomenon where the increasing 
number of features in a dataset exponentially raises the 
sample requirement to capture meaningful relationships 
between points.55 With many dimensions and limited data, 
space becomes sparse, making it challenging to identify 
patterns and generate statistical uncertainties. This often 
leads to overfitting, reducing the ability of the model to 
generalize new data. Thus, certain steps were taken to 
reduce the dimensionality.

The initial approach was inspired by the methodology 
proposed by Jiang et al.56 We observed that, among the 
catalysts present in our database, 7.18% contain only one 
chemical element, 35.95% contain two elements, 37.9% 
contain three elements, and 15.68% contain four elements. 
Therefore, a total of 96.15% of all entries include catalysts 
with four or fewer elements. Based on this analysis, 
we opted to ignore any element beyond the fourth and 
categorized the constituents of each catalyst into four 
classes: E1, E2, E3, and E4. Each element was represented 
by its corresponding atomic number, and in cases where a 
catalyst has fewer than four elements, empty spaces were 
filled with the value zero. For example, a catalyst containing 
platinum, bismuth, and carbon would be represented as 
E1 = 78, E2 = 83, E3 = 6, and E4 = 0, where the zero 
indicates the absence of a fourth element. This approach 
can be found depicted in Figure 2.

This methodology, however, does not account for 
“non-elemental” features. These features represent 
substances or classes of substances that, when processing 
the data, were considered relevant for a more faithful 
description of the composition of the catalysts. These 
features are rGO (reduced graphene oxide), G (graphene), 
CNT  (carbon nanotube), Org (organic compounds 
or polymers) and OH (hydroxide). This reduced the 
dimensionality of the elemental components of the 
catalysts from 43 features to 9. Additionally, to incorporate 
an atomic property of these elements, three new features 
were introduced, namely, E1_av, E2_av, and E3/4_av. 
These features represent the average value between the 
ionization energy (in eV) and electron affinity (in eV) 
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of the constituent elements. For the E3/4_av feature, we 
considered an average of E3_av and E4_av, aiming to 
enhance the ML models performance. For the sake of 
simplicity, these features will be called electronegativities, 
due to their similarity to Mulliken’s electronegativity 
theory, although they do not maintain the rigor of the 
original theory and its details.57

To reduce dimensionality even more, the categorical 
features “RE” and “electrolyte” were encoded numerically. 
Specifically, the electrolytes sulfuric acid (H2SO4), perchloric 
acid (HClO4), borate buffer (represented as Na2B4O7), 
potassium sulfate (K2SO4), sodium hydroxide  (NaOH), 
and potassium hydroxide (KOH) were assigned the 
numerical values 0 through 5, respectively. Similarly, the 
reference electrodes, silver chloride electrode (Ag/AgCl),  
mercury-mercury oxide electrode (Hg/HgO), mercury-
mercurous sulfate electrode (MSE), normal hydrogen 

electrode (NHE), reversible hydrogen electrode (RHE), 
saturated calomel electrode (SCE), and standard hydrogen 
electrode (SHE) were represented by the numerical values 
0 through 6. Thus, a set of 33 features was obtained, which 
was later reduced to 29 features. This reduction was based 
on the manual evaluation of the prediction capability of 
a random forest algorithm without any hyperparameter 
tuning. In this context, the features current_density, 
WE_NPSS (nanoporous stainless steel working electrode), 
WE_Ti (titanium working electrode), and WE_CF (copper 
foam working electrode) were excluded. It is worth 
highlighting that for the design of new materials, it is also 
interesting not to consider the onset values for predicting 
the oxidation peak potential and vice versa, as these values 
are not manipulable but rather characteristics of a material 
to be synthesized. As a result of feature processing, the 
feature dimensionality was reduced from 72 to 29 features. 
Once the relevant features were identified, a variety of 
regression algorithms were evaluated, as previously 
mentioned.

For more detailed descriptions of these features 
approach, please refer to the SI section (Table S2).

Performance of the models

The extensive database of 306 entries was utilized for 
both training and testing the ML models. The algorithms 
were implemented using the Python library scikit-learn. To 
ensure balanced representation, the dataset was stratified 
randomly to maintain proportional distribution between 
the training and test sets. Specifically, 80% of the data 
was allocated for training, while the remaining 20% was 
reserved for testing and evaluation. 

To assess the model-building algorithms, we optimized 
critical hyperparameters, particularly the number of trees 
and nodes, as highlighted in the literature26,27 for decision 
tree-based models. In this study, 5-fold cross-validation was 
used, rotating subsets of training data to simulate a test set 
and assess for underfitting or overfitting. Hyperparameter 
tuning was conducted using grid search and random search 
with 5-fold cross-validation, ensuring optimal model 
performance, accuracy and robustness (consistency across 
diverse datasets/conditions). To evaluate the performance 
of the model, we used four standard metrics: mean squared 
error (MSE), root mean squared error (RMSE), coefficient 
of determination (R2), and training time (in s), with RMSE 
serving as the primary evaluation criterion. Additionally, we 
applied feature importance analysis SHAP to gain insights 
into the models.

A brief description of the regression algorithms and 
interpretation methods applied is provided in the sequence.

Figure 2. The “non-elemental” features approach describes the catalyst 
based on its chemical elements. Each element is further characterized by 
its atomic number, ionization energy, and electron affinity.
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Regression algorithms

(i) Linear regression: identifies a linear relationship 
between the input features and the target variable. This 
algorithm calculates the slope and intercept of the line that 
best fits the data, adjusting the parameters to minimize the 
sum of the squared differences between the observed and 
predicted values.58

(ii) Decision tree: is a supervised learning algorithm 
that splits the data into subsets based on the value of the 
input features. The model is constructed by recursively 
selecting the feature that best splits the data at each node, 
aiming to maximize the homogeneity of the target variable 
within each subset. The process continues until a stopping 
criterion is met at which point the tree assigns a prediction 
for the target variable.59

(iii) Random forest: improves regression models 
by creating an ensemble of decision trees. Each tree is 
constructed using a random subset of the training data 
and features. The process involves recursively splitting 
the data into branches based on specific input feature 
thresholds until a leaf node is reached, which provides 
the final prediction of the tree. At each decision node, the 
algorithm determines whether an input feature surpasses a 
certain threshold value. These splitting divides the data into 
subsets, allowing each tree to capture distinct patterns and 
relationships. The final prediction is obtained by averaging 
the predictions from all the individual trees.60

(iv) XGBoost: is an algorithm that enhances regression 
models by building an ensemble of decision trees, where 
each tree corrects the errors of the previous ones. It uses 
gradient calculations to adjust trees and minimize prediction 
errors. XGBoost also includes regularization to control tree 
complexity and reduce overfitting. It assigns weights to 
trees and samples, prioritizing correcting misclassified 
samples in future iterations. This method creates a strong 
model that balances complexity with accuracy for reliable 
predictions.61,62

(v) Gradient boost regression: is an ensemble technique 
that builds sequential trees, where each new tree aims to 
correct the errors of the previous ones. It optimizes the 
loss function by computing the gradient of the residuals 
and fitting new trees to minimize this error. GBR is highly 
effective for both regression and classification tasks, as it 
leverages the strengths of multiple weak learners to produce 
a strong overall model. Its flexibility, combined with various 
regularization techniques, helps to reduce overfitting.63

(vi) Bayesian ridge regression: Bayesian inference 
applies to linear regression, introducing a prior distribution 
over the model parameters. This prior is updated based on 
the observed data, resulting in a posterior distribution. The 

method adds regularization by assuming that the coefficients 
are random variables with a Gaussian prior, which prevents 
overfitting, especially in cases of multicollinearity. The 
result is a more robust model, especially when the dataset 
is small or noisy.64

(vii) Gaussian process regression: is a non-parametric 
regression method that models the distribution of potential 
functions that could explain the observed data. Instead of 
directly predicting a target value, GPR predicts a distribution 
of possible values, allowing for both the mean prediction and 
uncertainty estimation. This method is particularly useful 
when dealing with noisy or sparse data and provides a flexible 
and probabilistic approach to regression.65

(viii) KNN regression: predictions are made by 
averaging the target values of the k nearest training 
examples to the input. The distance between examples is 
calculated using a metric such as Euclidean distance. The 
algorithm does not make strong assumptions about the data, 
making it useful for nonlinear problems.66

(ix) LASSO: is a linear regression technique that 
applies L1 regularization, which adds a penalty equal to 
the absolute value of the magnitude of the coefficients. 
This penalty forces some coefficients to become exactly 
zero, effectively performing feature selection. LASSO is 
useful when dealing with high-dimensional data and aims 
to balance model complexity with predictive accuracy.67

(x) Ridge regression: is a linear regression method 
that applies L2 regularization, which adds a penalty 
proportional to the square of the magnitude of the 
coefficients. This prevents the model from becoming overly 
complex, particularly in cases of multicollinearity, where 
the independent variables are highly correlated. Ridge 
regression shrinks the coefficients but does not set any of 
them to zero, making it useful for multicollinear datasets.68

(xi) Histogram-based gradient boosting: is a variant 
of gradient boosting that accelerates the learning process 
by discretizing continuous input features into histograms, 
making it more efficient when working with large datasets. 
Instead of evaluating every possible split for continuous 
features, this method calculates potential splits based on 
the histogram bins, significantly reducing the computational 
cost without sacrificing model accuracy.69

(xii) AdaBoost (adaptive boosting): is an ensemble 
method that combines multiple weak learners, typically 
decision stumps (trees with one split), to create a stronger 
predictor. Each subsequent model is trained to focus more 
on examples that were misclassified by previous models. 
The final prediction is a weighted average of all the 
individual model predictions, with models that perform 
better given more weight. AdaBoost is highly effective for 
reducing both bias and variance in models.70
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(xiii) CatBoost: is a gradient boosting algorithm 
specifically designed to handle categorical features 
efficiently, without the need for extensive preprocessing. It 
uses ordered boosting to prevent overfitting and incorporates 
specialized methods for dealing with categorical variables, 
making it particularly useful in situations where the dataset 
contains many such variables. CatBoost is also known for 
its scalability and high performance on large datasets.71

(xiv) Artificial neural network: are inspired by the 
human brain and consist of layers of interconnected 
nodes (neurons) that process input data and adjust their 
weights based on the error of the predictions. These models 
are highly flexible and capable of capturing complex, 
nonlinear relationships in the data. ANNs are trained using 
backpropagation, where the error from the output layer is 
propagated back through the network to update the weights 
and reduce the overall error. This process enables the model 
to learn patterns from data for tasks such as regression, 
classification, and more.72

Model interpretation methods

(i) Feature importance: measures the impact of each 
feature on a model’s predictions. It helps to identify which 
features have the greatest influence on the target variable 
and provides insights into the relationships between the 
input features and the predicted outcome.73,74 This method 
applies to tree-based models (DT, RF, XGBoost, CatBoost, 
AdaBoost, GBR, and HGB).

(ii) SHAP: is a powerful interpretability tool in machine 
learning that explains the contribution of each feature to 
model predictions. SHAP treats each feature as a participant, 
calculating its impact on predictions by comparing how 
altering feature values changes the output, starting from a 
baseline prediction like the average. It evaluates all possible 
feature combinations to assign Shapley values, which 
precisely measure the influence of each feature. SHAP offers 
both global insights into feature importance and detailed 
explanations for individual predictions.75,76

Results and Discussion

Data curation outcomes

Using a compiled database, an in-depth assessment 
was performed to verify the reliability and relevance 
of the collected data. Visualizations, with percentage 
values displayed on the y-axis, highlight the information 
distribution within the database.

Figure 3 displays data on the typical electrochemical 
conditions under which glycerol oxidation reactions are 

conducted. In terms of electrolyte usage (Figure 3a), KOH 
is shown to be the most used, followed by NaOH. This trend 
is reflected in the pH analysis (Figure 3c), where glycerol 
oxidation typically occurs under high pH conditions, 
around pH 13. Regarding the reference electrode, Figure 3b 
indicates the reversible hydrogen electrode (RHE) as the 
standard. This finding supports the standardization of 
electrochemical results, even though the actual reference 
electrode used may vary.

Regarding the electrochemical reaction outcomes, 
Figure 4 illustrates the findings related to onset potential 
(Figure 4a), oxidation (anodic) peak potential (Figure 4b) 
and achieved current density (Figure 4c). For glycerol 
oxidation, the most common peak potential is approximately 
0.1 V, while the onset potential is around –0.2 V. In terms 
of current density, the values do not typically exceed 
50 mA cm-2.

Figure 5 visually represents the elements found in 
electrodes used for glycerol oxidation. Figure 5a presents 
the elements deposited on the substrate, with platinum (Pt) 
being the most common, followed by carbon. It is worth 
noting that carbon also appears very frequently in other 
forms, such as reduced graphene oxide (rGO) and carbon 
nanotubes (CNT). The most used substrate is the glass 
carbon electrode (GCE), as shown in Figure 5b. The 
metal elements used as substrates include nickel (Ni), 
platinum (Pt), gold (Au), and palladium (Pd). Figure 5c 
shows the relationship between the components used to 

Figure 3. Histograms of the analysis for glycerol regarding: (a) electrolyte, 
(b) reference electrode, and (c) pH.
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Figure 6 visually represents the elements found in 
electrodes used for glycerol oxidation. Carbon, in its 
various forms, is the most used element. Additionally, the 
analysis reveals the frequent use of transition metals from 
groups d6, d7, d8, and d9 in the electrodes, with the exclusion 
of elements from the last period of the periodic table.

Machine learning models

In our work, one of the main objectives was to develop 
predictive models that can help us evaluate and design 
new high-performance catalysts for glycerol oxidation. 
This performance is assessed by the onset potential and 
oxidation potential. We chose to evaluate a relatively small 
dataset across a range of different machine learning models, 
highlighting those with the best and worst predictive 
accuracy. Accuracy here stands for how closely the model 
predictions match the experimental data through statistical 
metrics. Ensemble techniques (e.g., RF, AdaBoost) 
demonstrated the highest predictive capability for the 
constructed models employing multiple decision trees to 
improve prediction accuracy. These methods stand out as 
they significantly reduce the risk of overfitting by averaging 
the predictions of numerous models, thus providing more 
stable and generalized results. Moreover, they enhance 
interpretability, allowing us to gain insights into the 
importance of various features. Both methods typically 
require minimal hyperparameter tuning, making them 
more user-friendly compared with other complex models. 

Onset potential predictions

To predict the onset potential, 29 previously presented 
features from the database were used to train the model. The 
same feature set was used for all 14 algorithms employed 
in both studies: onset potential and oxidation (anodic) peak 
potential. Among the 14 algorithms explored, the Adaboost 
algorithm demonstrated superior performance for this 
prediction task, presenting the lowest RMSE, MSE and 

Figure 4. Histograms of the analysis for glycerol regarding: (a) onset 
potential, (b) oxidation potential, and (c) current density.

Figure 5. Representation of the chemical elements in the working 
electrode. Histogram (a) illustrates the order of chemical elements and 
compounds usage; histogram (b) denotes the material of the substrate; 
histogram (c) presents the relationship between the percentage of entries 
and the number of chemical elements present in the working electrodes.

form an electrode, indicating that most electrodes consist 
of three components.

Figure 6. Representation of the chemical elements in WE for glycerol 
oxidation. In the periodic table, the intensity of yellow shading reflects 
the frequency of the presence of each element in the electrode, while 
green indicates elements that are not utilized (adapted from reference 36).
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higher R2 (Figure 7). The model produced the following 
evaluation metrics: MSE = 0.014, RMSE  =  0.118, 
R2 = 0.903.

As shown in Figure 7a, the decision tree-based models 
(DT, RF, XGBoost, CatBoost, AdaBoost, GBR, and HGB) 
exhibit the best R2 and RMSE values. As expected, these 
models are highly effective in capturing complex and 
nonlinear relationships, providing superior performance 
by accounting for the influence of multiple variables on 
the outcomes.

Linear models (LR, LASSO, and ridge) are highly 
efficient due to their short training times, as shown in 
Figure 7b, and minimal need for hyperparameter tuning. 
However, they mainly serve as baselines for capturing linear 
relationships and struggle with nonlinear complexities, 
leading to the poorest performance. Bayesian models (BRR, 
GPR) and instance-based models (KNN) rely on statistical 
principles and proximity metrics, respectively, and often 
require large datasets, which is not the case in this study. 
ANNs, although powerful in modeling intricate patterns, 
are sensitive to data quality and hyperparameter tuning, and 
demand large datasets. Thus, these models also exhibit low 
predictive capability in this context.

It is worth noting that decision tree-based models 
required the longest training times. However, given the 

limited number of features and data, these time differences 
are in the order of seconds, which does not result in 
significant time consumption. While training time is 
reported for completeness, it is not a limiting factor in this 
study, as the primary focus is on prediction accuracy rather 
than speed, especially considering that the experimental 
process remains the true bottleneck.

The relationship between the actual oxidation potential 
values and the corresponding predicted values for the test 
dataset is shown in Figure 8. The predictions that align 
most closely with actual values are concentrated around 
–0.25 V, which are more typical of the dataset (Figure 4a). 
Figure 8b illustrates the feature importance method, where 
the importance of each feature was evaluated based on the 
best-performing model, AdaBoost. It is evident that E1_av 
stands out as the most important feature for the model, 
demonstrating how its inclusion improved the predictions. 
The pH and the difference between onset and oxidation 
potential are the next two most important features, followed 
by the first element of the deposited material (E1) and the 
electrolyte. These “non-elemental” features, such as E1_av, 
E1, E2, E3, E3/4_av, and E4, proved to be significant for 
the model, with their inclusion contributing to the improved 
performance of the models.

Figure 7. Evaluation of algorithms for the onset potential model based 
on RMSE and R2 (a), and the average training time of the algorithms (b).

Figure 8. (a) Relationship between the real values and predicted values for 
the test dataset. (b) Importance of input variables (features) for AdaBoost 
trained to predict oxidation potential. The black bars indicated the standard 
deviation for each feature across 9 decision trees. 
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In Figure 9, the SHAP values are visualized, providing 
insights into how different features impact potential 
prediction values. Through a global interpretation of the 
model, we identified the ten most relevant features for our 
experiments. 

In Figure 9a, it is evident that the five most important 
features identified in Figure 8b remain consistent. A 
stronger impact of E1_av on the model is observed as the 
values of these electronegative elements progressively 
decrease. Similarly, electrolytes with lower values strongly 
influence the model, just as lower pH values do. These 
conclusions are interdependent, as it is well-established 
that oxidation potentials for glycerol are significantly 
worse in acidic environments. In this context, the pH of 
the electrolyte strongly dictates the “range” of the potential 
values, with lower pH values, typically associated with 
acidic electrolytes, exerting a major influence on the model. 
This aligns with the observed trend of higher oxidation and 
onset potential in acidic conditions.

In Figure 10, we can observe the impact of each 
feature on the predicted value for a given instance. In the 
provided example, the initial average prediction for the set 

of reference model is –0.104 V. We can then see how each 
feature contributes to shifting the observed value for the 
onset potential oxidation to the predicted value of –0.306 V 
(which matches exactly with the reported value for this 
instance). Notably, we observe how the electronegativity of 
palladium and the choice of KOH as the electrolyte (basic 
medium) play a significant role in bringing the prediction 
closer to the true value.

Oxidation potential predictions

To predict the oxidation potential, the same process 
used in case of onset potential was applied. Among the 
14 algorithms explored, the AdaBoost model once again 
demonstrated superior performance for this prediction 
task, presenting the lowest RMSE, MSE and higher R2 
(Figure 11a). The model produced the following evaluation 
metrics: MSE = 0.0149, RMSE = 0.1221, and R2 = 0.8705.

The trends observed for the onset potential remain 
consistent for the oxidation potential. Decision tree-based 
models demonstrate superior metrics, whereas linear 
models, KNN, Bayesian models, and ANNs exhibit lower 
predictive performance. As expected, the training time 
follows the same trend, with linear models requiring the 
shortest times and decision tree-based models requiring the 
longest as shown in Figure 11b.

In Figure 12, we once again observe how each feature 
influences the predicted oxidation potential for a given 
instance. In this example, the initial average prediction for 
the set of reference model is 0.21 V. We can then track how 
each feature contributes to shifting this value toward the 
predicted oxidation potential of 0.886 V (which deviates 
from the actual value by –0.03984 V). Notably, the electrolyte 
(H2SO4) emerges as the primary factor driving the increase in 
oxidation potential, aligning with findings in the literature77 

Figure 9. Feature impact in the models according to SHAP values for 
(a) onset potential model using AdaBoost algorithm; (b) oxidation model 
potential using AdaBoost algorithm.

Figure 10. Waterfall plot of SHAP values for a selected instance in the 
dataset, illustrating the contributions of features to the prediction of onset 
oxidation potential using the AdaBoost algorithm.
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on glycerol oxidation. It is also interesting to note that the 
presence of tellurium as the second element, an element 
rarely found in the dataset, contributes to a more accurate 
prediction of the oxidation potential. Additionally, the acidic 
pH plays a significant role in increasing this potential.

Figure 13b illustrates the importance of each feature for 
the AdaBoost model, based on the best results from feature 
importance. Like the onset potential model, the features 

“ox_onset,” “pH,” and “electrolyte” once again showed 
significance. The E1_av feature also proved important, 
highlighting the effectiveness of this approach. The  
A_concentration appears with greater importance compared 
to the onset model; however, the most important features 
remain similar, with some changes in their order of 
importance. In Figure 9b, the SHAP values for the oxidation 
potential model are visualized. In this case, similar trends are 
observed, though with a change in the order of importance of 
the features. Still, trends such as higher pH and electrolyte 
values leading to higher predicted potentials can be seen. 
Conversely, the opposite trend seems to hold true as well. It 
is notable that, for both the onset model (Figure 9a) and the 
oxidation model (Figure 9b), the same features retain their 
greatest importance. However, the El_conc feature, which was 
of high importance for the onset model, is replaced by rGO, 
which showed significant importance in the oxidation model.

Comparison between algorithms

To analyze the algorithms used for the ML models, 
a comparison was established among them, as shown 

Figure 11. Evaluation of algorithms for the oxidation potential model 
based on RMSE and R2 (a), and the average training time of the 
algorithms (b).

Figure 12. Waterfall plot of SHAP values for a selected instance in the 
dataset, illustrating the contributions of features to the prediction of 
oxidation potential using the AdaBoost algorithm.

Figure 13. (a) Relationship between the real values and predicted values 
for the test dataset. (b) Importance of input variables (features) for 
AdaBoost trained to predict oxidation potential. The black bars indicated 
the standard deviation for each feature across 40 decision trees. 
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in Table  1 and Figure 14, aiming to determine which 
algorithms might be better suited for this type of 
electrochemical problem, which involves a relatively small 
database and a high number of features. The comparison 
focused on training time for onset potential prediction 
(Figure 7b), the complexity of hyperparameter tuning 
(where simpler tuning was preferred), and prediction 
accuracy for onset and oxidation potentials based on RMSE 
values. Linear model algorithms tend to offer an easy and 
fast application. However, they produce poor results for 
potential prediction, with errors exceeding 0.259 V. Tree-
based models, though more complex and time-consuming 
to apply, yield excellent results for potential prediction, 

especially AdaBoost and Catboost, with errors lower than 
0.138 V. Bayesian and instance-based models appear to 
perform the worst, requiring significant time and effort to 
apply and delivering poor prediction results with errors 
reaching up to 0.297 V. While neural networks have a 
training time and hyperparameter tuning complexity like 
tree-based models, their prediction error is considerably 
higher.

Conclusions

This study demonstrates the potential of machine 
learning to predict oxidation potentials in glycerol 

Table 1. Comparison between the ML algorithms, showing the training time of the onset models, the RMSE of onset potential prediction, the RMSE of 
the oxidation potential prediction and the complexity of hyperparameter tuning

Type Algorithm
Training 
time / s

Onset 
prediction - 
RMSE / V

Oxidation 
prediction - 
RMSE / V

Hyperparameter tuning complexity

Linear model

LASSO67 0.001544 0.2611 0.2247
few hyperparameters, primarily regularization 

parameters

Ridge68 0.001002 0.2775 0.2307
few hyperparameters, primarily regularization 

parameters

LR58 0.001235 0.2775 0.2352 –

Tree-based model

DT59 0.002676 0.1686 0.1758
include some hyperparameters: maximum depth, 

minimum samples per leaf, and minimum 
samples per split

RF60 0.069370 0.1445 0.1462
include some hyperparameters: maximum depth, 

minimum samples per leaf, minimum samples per split, 
number of trees

XGB61,62 0.031195 0.1546 0.1362
several hyperparameters, including learning 

rate, number of estimators, maximum depth, and 
regularization parameters

CatBoost71 3.053815 0.1363 0.1379
several hyperparameters, including learning 

rate, number of estimators, maximum depth, and 
regularization parameters

GBR63 0.165878 0.1435 0.1410
several hyperparameters, such as number of estimators, 

learning rate, maximum depth of trees, column 
sampling, and subsamples

HGB69 0.188570 0.1553 0.1629
several hyperparameters, including learning 

rate, number of estimators, maximum depth, and 
regularization parameters

AdaBoost70 0.141408 0.1177 0.1221
some hyperparameters, such as number of estimators 

and learning rate

Bayesian model

BRR64 0.001964 0.2478 0.2295
presents hyperparameters related to the prior 

distribution

GPR65 0.110783 0.2433 0.2967
some hyperparameters related to the number of 

estimators and learning rate

Instance-based model KNN35 0.000422 0.2610 0.2599
there is a key hyperparameter: the number of 

neighbors (k)

Neural network ANN72 0.063201 0.2498 0.2302
several hyperparameters, including learning rate, 
number of layers, number of neurons per layer, 

activations functions, and optimization algorithms

RMSE: root mean square error; LR: linear regression; DT: decision tree; RF: random forest; XGBoost: extreme gradient boosting; GBR: gradient boost 
regression; HGB: histogram-based gradient boosting; BRR: Bayesian ridge regression; GPR: Gaussian process regression; KNN: K-nearest neighbors’ 
regression; LASSO: least absolute shrinkage and selection operator; Adaboost: adaptive boosting; ANN: artificial neural network.
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electrooxidation reactions. Using a comprehensive dataset 
compiled from 155 research articles, we trained 14 different 
machine learning models. The AdaBoost model achieved 
the best performance, with an RMSE of 0.118 and R2 of 
0.9 for onset potential prediction, and an RMSE of 0.122 
and R2 of 0.87 for oxidation potential prediction.

To enhance model interpretability, we applied feature 
importance and SHAP analyses, identifying variables 
such as pH, electrolyte type, and electrode properties as 
the most significant for predicting oxidation potentials. 
Previous work17 used elemental representations as features, 
which resulted in many features. Notably, we adopted 
a non-elemental representation approach, replacing 
individual elemental features with atomic number 
and electronegativity values. This approach not only 
reduced the feature count but also improved prediction 
accuracy, underscoring its efficiency for machine learning 
applications in electrochemistry.

These findings highlight the capacity of the machine 
learning to accelerate research in electrocatalysis, 
aiding in the optimization of catalysts for glycerol 

electrooxidation. This work underscores the importance 
of computational tools in advancing biomass valorization, 
where glycerol can be transformed into high-value-added 
products, supporting a transition to a more sustainable 
energy landscape.

Finally, this study lays the groundwork for future 
research by exploring machine learning applications across 
other electrochemical systems. Expanding this approach 
to additional features and developing even more robust 
models holds potential for revolutionary advancements 
in electrocatalysis, guiding both the discovery of new 
materials and the optimization of electrochemical processes 
for diverse applications.

Although our models perform well, ensuring 
generalizability to unseen compositions requires larger 
datasets and the adoption of new machine learning 
paradigms, such as active learning, which can iteratively 
expand data coverage.

Supplementary Information

Supplementary data is available free of charge at  
http://jbcs.sbq.org.br as PDF file.
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https://github.com/cypr1ss/machine-learning-algorithms-for-

predicting-the-oxidation-potential-of-glycerol.git.
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