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Abstract

The Oxygen Evolution Reaction (OER) is a fundamental process in electrochemical water splitting, playing
a crucial role in sustainable hydrogen production. However, its intrinsically sluggish kinetics, involving
complex four-electron transfer steps, remain a major bottleneck for efficient energy conversion. In recent
years, Machine Learning (ML) has emerged as a powerful approach to accelerate catalyst discovery by
enabling data-driven prediction of OER activity and reducing reliance on costly experimental and density
functional theory (DFT) calculations. This review systematically summarizes recent advances in ML-
assisted OER research, focusing on key aspects including dataset construction, descriptor engineering,
model development, and performance evaluation. Various ML techniques, ranging from traditional
algorithms such as Random Forest and Support Vector Machines to advanced deep learning approaches,
are critically discussed in the context of catalyst screening and activity prediction. Particular attention is
given to the role of physicochemical descriptors, including adsorption energies and electronic structure
parameters, in governing model performance and interpretability. Furthermore, this review highlights
current challenges, such as data scarcity, lack of standardization, and limited model generalization, and
discusses emerging trends, including active learning, explainable Al, and integration with high-throughput
simulations. By providing a comprehensive overview, this work aims to guide future research toward the
development of robust, interpretable, and scalable ML frameworks for accelerating the discovery of
efficient OER catalysts.
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1. INTRODUCTION

The global transition toward sustainable and low-carbon energy systems has intensified interest in
hydrogen as a clean energy carrier. Among various hydrogen production technologies, electrochemical
water splitting has emerged as a promising and environmentally friendly approach. In this process, the
Oxygen Evolution Reaction (OER) plays a critical role as the anodic half-reaction. However, OER suffers
from intrinsically sluggish kinetics due to its complex four-electron transfer mechanism, inresulting to high
overpotentials and reduced overall efficiency. Consequently, the development of highly active, stable, and
cost-effective OER catalysts remains a central challenge in energy research [1].

Traditionally, the discovery and optimization of OER catalysts have relied on experimental trial-and-
error approaches and first-principles calculations such as density functional theory (DFT). While these
methods provide valuable insights into catalytic mechanisms and reaction energetics, they are often time-
consuming and computationally expensive, particularly when exploring large chemical spaces. Descriptor-
based approaches, including adsorption free energies of reaction intermediates (e.g., OH*, O*, and OOH*),
have been widely used to understand catalytic activity; however, scaling relations among these
intermediates impose fundamental limitations on catalyst performance [2].

In recent years, Machine Learning (ML) has emerged as a transformative paradigm in materials
science, enabling data-driven discovery and accelerated screening of functional materials. By learning
complex nonlinear relationships between material descriptors and catalytic performance, ML models can
significantly reduce the need for exhaustive experiments and high-throughput DFT calculations. A wide
range of ML techniques, including regression models, ensemble learning methods, and deep neural
networks, have been successfully applied to predict OER activity, identify promising catalyst candidates,
and uncover hidden structure—property relationships [3].

Despite these advances, several challenges remain in applying ML to OER research. These include
limited availability of high-quality, standardized datasets, inconsistent descriptor selection, and the lack of
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interpretability and generalizability of ML models across different material systems. Furthermore,
integrating ML with domain knowledge, such as electrochemical theory and surface science, remains an
open research area that warrants further exploration [4].

Given the rapid growth of this interdisciplinary field, a comprehensive and critical review is necessary
to consolidate existing knowledge and identify future research directions. Therefore, this paper aims to
systematically review recent progress in ML-assisted prediction of OER activity, focusing on key
components, including data acquisition, feature engineering, model development, and evaluation strategies.
Additionally, emerging trends, including explainable artificial intelligence, active learning, and hybrid
physics-informed ML approaches, are discussed to provide insights into next-generation catalyst discovery
frameworks.

2. FUNDAMENTAL CONCEPTS
2.1 Mechanism of Oxygen Evolution Reaction (OER)

The Oxygen Evolution Reaction (OER) is a multi-step electrochemical process involving four proton-
coupled electron transfer (PCET) steps. It typically occurs on the surface of electrocatalysts in alkaline or
acidic environments and can be described through a sequence of adsorbed intermediates: Formation of
hydroxyl intermediate (OH*); Conversion to adsorbed oxygen (O*); Formation of hydroperoxyl (OOH¥*);
and Release of molecular oxygen (O:) [5].

The overall reaction pathway is governed by the adsorption energetics of these intermediates. Due to
the complexity of this four-electron process, OER exhibits sluggish kinetics, requiring significant
overpotential (1) to proceed at practical rates. The rate-determining step (RDS) is often associated with the
formation of OOH*, which has a high energy barrier [6].

2.2 Overpotential and Activity Metrics

A key performance indicator for OER catalysts is the overpotential (1), defined as the additional
potential required beyond the thermodynamic equilibrium potential (1.23 V vs. RHE) to drive the reaction.
Important evaluation metrics include: Overpotential at a given current density (e.g., n@10 mA/cm?); Tafel
slope (reaction kinetics); Turnover frequency (TOF); and Stability and durability. Lower overpotential
indicates higher catalytic efficiency, making it the primary target variable in most ML-based OER studies.

2.3 Descriptor-Based Catalyst Design

The rational design of OER catalysts relies heavily on identifying meaningful physicochemical
descriptors that correlate with catalytic activity. Among the most widely used descriptors are: Adsorption
free energies: AG_{OH}, AG_{O}, AG_{OOH}; d-band center: Reflects the electronic structure of
transition metals; Metal-oxygen bond strength; Surface coordination environment; Electronegativity and
oxidation states. These descriptors are often derived from Density Functional Theory (DFT) calculations
and serve as input features for ML models.

2.4 Scaling Relationships and Limitations

A major challenge in OER catalyst design arises from scaling relationships between adsorption
energies of intermediates. For example: AG_{OOH} is linearly correlated with AG_{OH}. This limits the
independent optimization of reaction steps. As a result, even the best catalysts are constrained by a
theoretical minimum overpotential (~0.37 V), which gives rise to the well-known volcano plot relationship
based on the Sabatier Principle. This intrinsic limitation motivates the use of advanced approaches,
including: Breaking scaling relations via novel materials (e.g., heterostructures); Exploring multi-site
catalysis; and Leveraging ML to identify non-intuitive descriptor combinations.

2.5 Relevance to Machine Learning

The descriptor-based framework provides a natural bridge to Machine Learning applications. In ML-
assisted OER studies: Descriptors act as input features; Overpotential serves as the target variable; and
Models learn nonlinear relationships beyond traditional scaling laws. This enables Rapid screening of large
material spaces, Identification of hidden patterns, and Prediction of high-performance catalysts without
exhaustive simulations [7].

3. MACHINE LEARNING TECHNIQUES
3.1 Conventional Machine Learning Models

The integration of ML into OER research has significantly accelerated catalyst discovery by enabling
data-driven prediction of catalytic activity. This section categorizes and critically reviews the major ML
approaches applied in OER studies, including conventional models, ensemble methods, deep learning, and
emerging paradigms. Conventional ML algorithms have been widely adopted due to their simplicity,
interpretability, and relatively low data requirements. Commonly used models include: Linear Regression
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(LR), Support Vector Machine (SVM), and k-Nearest Neighbors (k-NN). These models are typically
applied to predict OER overpotential based on handcrafted descriptors such as adsorption energies and
electronic structure parameters. Strengths: Easy to implement; Interpretable relationships; Effective for
small datasets. Limitations: Limited ability to capture complex nonlinear interactions; performance is
highly dependent on feature engineering [8].

3.2 Ensemble Learning Approaches

Ensemble methods have demonstrated superior performance in many OER studies by combining
multiple weak learners to improve prediction accuracy. Popular techniques: Random Forest (RF); Gradient
Boosting (GB, XGBoost, LightGBM). These models are particularly effective in handling nonlinear
relationships and feature interactions. Key advantages: High predictive accuracy; Robust to noise and
overfitting; Built-in feature importance analysis. In many reported studies, Random Forest consistently
achieves high R? values (>0.9) in predicting overpotential, making it one of the most reliable baseline
models [9].

3.3 Deep Learning Models

Deep learning approaches have gained increasing attention for their ability to automatically learn
representations from raw data. Common architectures include Artificial Neural Networks (ANNSs),
Convolutional Neural Networks (CNNs), and Graph Neural Networks (GNNs), such as CGCNN. Unlike
traditional models, deep learning can learn features directly from atomic structures; capture complex spatial
and electronic relationships, and reduce reliance on manual descriptor design. Challenges: require large
datasets, are computationally intensive, and Have Limited interpretability [10].

3.4 Descriptor Engineering and Feature Representation

Feature engineering remains a critical component in ML-based OER prediction. Types of descriptors:
Physics-based descriptors: adsorption energies, d-band center; Composition-based descriptors: elemental
properties; and Structure-based descriptors: coordination number, lattice parameters. Recent advances
include: Automated feature extraction, Feature selection using SHAP and permutation importance,
Dimensionality reduction (PCA, t-SNE). The quality and relevance of descriptors directly influence model
performance and generalizability [11].

3.5 Model Evaluation and Validation

To ensure reliability, ML models in OER studies are evaluated using the Coefficient of Determination
(R?), Mean Absolute Error (MAE), and Root Mean Square Error (RMSE). Best practices include: Cross-
validation (k-fold)e, External test sets, and Avoidance of data leakage. However, many studies still lack
standardized evaluation protocols, making it difficult to benchmark models across datasets [12].

3.6 Emerging Trends in ML for OER

Recent developments show a shift toward more advanced and intelligent frameworks: Explainable Al
(XAI) to improve the interpretability of ML predictions; Active Learning to iteratively select the most
informative data points; Transfer Learning to leverage knowledge from related systems; and Physics-
informed ML to integrate domain knowledge into models. These approaches aim to overcome current
limitations and enhance model reliability in real-world applications. Despite significant progress, most ML
models for OER remain data-limited and descriptor-dependent, which constrains their extrapolation
capability. Future research should prioritize: large, standardized datasets; integration of physics-based
constraints; and robust validation across diverse material classes [13].

4. CHALLENGES AND FUTURE PERSPECTIVES

Despite the rapid advancement of ML in OER research, several critical challenges remain that hinder
its full potential in catalyst discovery. Addressing these limitations is essential for developing robust,
generalizable, and practically applicable ML frameworks.
4.1 Data Scarcity and Quality Issues

One of the most significant bottlenecks in ML-assisted OER research is the limited availability of high-
quality and standardized datasets. Most existing datasets are Small in size, heterogeneous in format, and
derived from different computational settings (e.g., varying DFT parameters). This lack of consistency
introduces bias and reduces model generalizability. Moreover, experimental data are often scarce, further
limiting real-world validation. Future direction: Development of large-scale, open, and standardized OER
databases; Integration of experimental and computational datasets; Adoption of FAIR (Findable,
Accessible, Interoperable, Reusable) data principles [14].

4.2 Descriptor Dependency and Feature Engineering Limitations
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Current ML models heavily rely on handcrafted descriptors such as adsorption energies and electronic
structure parameters. While these descriptors are physically meaningful, they introduce several limitations:
Dependence on prior domain knowledge, Computational cost for descriptor generation (e.g., DFT), and
limited transferability across material systems. Future direction: Descriptor-free approaches using deep
learning (e.g., GNN); Automated feature learning from raw structural data; Hybrid descriptors combining
physics-based and data-driven features [15].

4.3 Model Interpretability and Explainability

Many high-performing ML models, particularly deep learning models, function as “black boxes,”
making it difficult to interpret their predictions. This lack of transparency limits trust and adoption in
scientific research. Future direction: XAl methods such as SHAP and LIME; Development of interpretable
ML models aligned with physical laws; and linking ML outputs with catalytic theory (e.g., reaction
mechanisms, scaling relations) [16].

4.4 Generalization and Transferability

Most ML models are trained on specific datasets and often fail to generalize to unseen material classes.
This issue is particularly critical in OER, where materials span diverse chemical and structural spaces.
Future direction: Transfer learning across different catalyst families; Domain adaptation techniques; and
Benchmarking across multiple datasets [17]-[19].

4.5 Breaking Scaling Relationships

As discussed earlier, scaling relationships impose fundamental limitations on OER performance, as
described by the Sabatier Principle. Most ML models implicitly learn these constraints rather than
overcoming them. Future direction: ML-guided discovery of materials that deviate from scaling relations;
Exploration of multi-site and bifunctional catalysts; and Integration of ML with quantum simulations to
identify unconventional pathways [20]-[24].

4.6 Integration with Advanced Computational Techniques

The next generation of OER research will likely involve tight integration between ML and advanced
computational/experimental techniques. Emerging paradigms include: Active Learning: Iterative model
improvement with minimal data; High-throughput screening: ML-guided exploration of large chemical
spaces; Autonomous laboratories: Closed-loop experimentation with Al control; Quantum-enhanced ML:
Leveraging quantum computing for complex systems [25]-[27].

4.7 Toward Real-World Deployment

Despite promising results, most ML models remain at the theoretical or computational level, with
limited experimental validation. Future direction: Bridging the gap between ML predictions and
experimental synthesis; Developing deployable ML tools for materials scientists; Collaboration between
data scientists and experimental researchers. Current ML-assisted OER research is still largely predictive
rather than prescriptive. That is, models can identify promising candidates but often fail to provide
actionable insights for catalyst design. The future of this field lies in transitioning toward decision-making
frameworks that integrate ML predictions with mechanistic understanding and experimental feasibility
[28]-[30].

5. CONCLUSION

This review provides a comprehensive overview of the application of Machine Learning to the prediction
and discovery of Oxygen Evolution Reaction catalysts. By systematically analyzing recent developments
in dataset construction, descriptor engineering, model design, and evaluation strategies, it is evident that
ML has significantly accelerated catalyst screening and enabled deeper insights into structure—property
relationships. However, key challenges, including data limitations, descriptor dependency, model
interpretability, and generalization, continue to restrict broader applicability. Addressing these issues
requires integrating advanced ML techniques, standardized datasets, and domain knowledge from
electrochemistry and materials science. Looking forward, emerging approaches such as explainable Al,
active learning, and physics-informed machine learning are expected to play a pivotal role in overcoming
current limitations. Ultimately, the convergence of ML, high-throughput simulations, and experimental
validation will pave the way for the rational design of next-generation OER catalysts, advancing sustainable
energy technologies.
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