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Abstract

The development of advanced optoelectronic materials constitutes a pivotal frontier in modern energy and
communication technologies, facilitating critical energy-photon-electron interconversion processes that underpin
sustainable energy infrastructures and high-performance electronic devices. However, the discovery and
optimization of novel optoelectronic materials face substantial hurdles arising from complicated structure-property
interdependencies, prohibitive development costs, and protracted innovation cycles. Conventional empirical
approaches and computational simulations usually exhibit limited efficacy in addressing the escalating demands for
materials with superior stability, economic viability, and customizable electronic properties. The integration of
machine learning (ML) with high-throughput screening has emerged as a transformative strategy to address these
challenges. By rapidly processing large multidimensional datasets and predicting critical material properties such
as electronic structure, thermodynamic stability, and charge transport behaviors, ML offers unprecedented
capabilities in the efficient and rational design of high-performance optoelectronic materials. This review provides a
comprehensive overview of cutting-edge ML-driven methodologies in efficient optoelectronic materials discovery
with emphasis on critical workflows, data integration strategies, and model frameworks. We also discuss the
challenges and prospects for ML applications, particularly in data standardization, model interpretability and
closed-loop experimental validation. We further propose the potential of artificial intelligence and autonomous
laboratories to build a powerful discovery pipeline to advance the development of high-performance optoelectronic
materials.
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INTRODUCTION

With the advancement of technology, optoelectronic materials have become increasingly important across
various fields due to their unique and efficient energy-photon-electron conversion properties. These
materials are fundamental to innovations in energy conversion, display technologies, environmental
remediation, and information processing. Their diverse applications drive the development of efficient, eco-
friendly, and intelligent systems"*. As shown in Figure 1, optoelectronic materials can efficiently
interconvert energy, photons, and electrons, playing a crucial role in multiple domains. First, these materials
have extensive applications in solar cells, facilitating solar energy conversion into clean electricity*”. For
example, perovskite solar cells achieve high optoelectronic conversion efficiency and offer low cost and
simple fabrication advantages, revealing tremendous commercial potential*”. Additionally, optoelectronic
materials are equally crucial in light-emitting devices, such as light emitting diodes (LEDs) and organic light
emitting diodes (OLEDs)"*". These devices provide essential support for modern display and lighting
technologies by efficiently converting photon-electron interconversion. In photocatalysis, optoelectronic
materials drive redox reactions by absorbing light energy, enabling applications in environmental
purification and clean energy synthesis"". For instance, photocatalytic materials can decompose water and
remove organic pollutants under light irradiation, thus offering novel solutions for environmental
remediation and energy storage">’. Moreover, photodetectors represent another critical application of
optoelectronic materials. With high sensitivity to light signals, they play an indispensable role in
communications and medical imaging"*. By swiftly responding to light signals and converting them into
electrical signals, photodetectors provide robust technological support for information transmission and
processing">'*. Therefore, optoelectronic materials exhibit vast application potential in clean energy
conversion, display technologies, environmental purification, and information technology. Their diverse
functionalities make them indispensable materials in advancing modern technology, meeting the demand
for efficient, green, and intelligent solutions across a broad range of fields.

In enhancing the performance of optoelectronic materials, precise control over their electronic structures
and achieving a balance between stability and cost-effectiveness are crucial. However, optoelectronic devices
commonly face multifaceted challenges, including structural and environmental instability, inefficiencies in
interfacial engineering, and performance bottleneck!”*. Addressing these multifaceted challenges demands
advanced materials design, precise interface engineering, and integrated ML-driven workflows to accelerate
the identification, optimization, and experimental validation of next-generation optoelectronic
materials”"*?. The evolution of scientific research paradigms has progressed from empirical science and
theoretical science to computational science and data-driven science, as shown in Figure 2A. Traditional
methods for discovering new materials, such as empirical, theoretical, and density functional theory (DFT)-
based methods, have long held a significant position in materials science”***. However, these methods have
limitations, including long development cycles, low efficiency, and high costs, making it challenging to meet

[23,24

the demands of modern, rapidly advancing material science®*. With significant advances in
computational power and numerical algorithms, data-driven science has emerged as a new research
paradigm for rationalizing novel optoelectronic materials®”. This paradigm emphasizes discovering
scientific laws by analyzing large datasets and fully utilizing technologies such as machine learning (ML) to
process complex data sets. Unlike traditional methods, data-driven science integrates knowledge from
multiple disciplines, including computer science, statistics, mathematics, and engineering, and is an
important branch of artificial intelligence (AI)***”. Through ML techniques, computer algorithms can
automatically improve and adapt based on experience, enabling computers to make decisions and learn. ML
can leverage vast amounts of data and complex algorithms to accurately predict the properties and
behaviors of materials”' . Recent studies highlight how the integration of ML and Al is transforming
materials discovery by enabling faster, more efficient, and autonomous prediction, design, and synthesis of
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Figure 1. Application of optoelectronic materials.

advanced functional materials*. Currently, we are in the fourth paradigm, dominated by data science, but
the arrival of the fifth paradigm is inevitable. The fifth paradigm will fully integrate AI technologies,
ushering in a new era of intelligent research. This paradigm will not only rely on big data and computer
simulations but will also deeply integrate ML and Al to promote the automation and intelligence of
scientific research, addressing challenges faced by traditional methods, especially in problems involving high
computational complexity and uncertainty.

In this review, we briefly discuss the successful applications of high-throughput (HT) screening and ML in
optoelectronic materials. Section “Overview of HT and ML” primarily introduces the basic workflow of ML
in materials science and some fundamental ML algorithms. Section “HT and ML of optoelectronic
materials” covers the application of HT methods in optoelectronic materials and the practical use of ML
techniques in exploring electronic properties, stability, optimization of optoelectronic performance, and the
design of novel optoelectronic semiconductors. Section “Summary and outlook” addresses the current
challenges and opportunities in applying ML to the design and discovery of optoelectronic materials and
provides some insights into the future development of this field.



Page 4 of 31 Shu et al. J. Mater. Inf. 2025, 5, 36 | https://dx.doi.org/10.20517/jmi.2025.13

A 1%t Paradigm B Data preparation Feature engineering
g@ ﬁo C9mputat|onal data 20 & ® Feature extraction
= o s High-throughput data v Element features
I 2 ===~ Literature data ROA Structural features

e e

Empirical science —J/ | @ Experimental data v e ® Feature construction
25t Paradigm Experimental synthetic data
Literature data

Bl

® Feature selection

’ﬂ" ® Database data &lrt:r ]\:::]:':::‘ods
== a2\ Experimental: COD CSD ICSD o mothods
Theoretical science Computational: AFLOW MP C2DB OQMD EEAthre NN Chmce
3st Paradigm
£ Data Feature Model selection Model evaluation
preparation engineering and training and optimization
Computational science . o
p 4 Paradiem Model selection and training Model evaluation and optimization
eg O Grlaiestmrath ® Cross Validation ® MAE MSE RMSE R?
0@ ® Ensemble learning models ® Hyperparameters ® AUCROC
> ® Deep learning models
Data-driven science 2
. = .
5% Paradigm — = z
— z z
2 z
- tput I E E =~y
. . . nye . output layer
Artificial intelligence science = [ 7 .7 7 F inputlayer — e T

Figure 2. (A) The development of scientific research paradigms; (B) General workflow of ML in material design. From data preparation
to feature engineering to model selection and training, and finally to model evaluation and optimization. ML: Machine learning.

OVERVIEW OF HT AND ML

High throughput computation

HT technology is an advanced method capable of analyzing many samples in a short period. Its core lies in
simultaneously processing a vast number of samples, thereby significantly improving the efficiency of data
collection and processing . In recent years, with the rapid development of computational capabilities, HT
computational materials design has become an effective approach for discovering new functional materials.
This method is widely used in various materials fields, including optoelectronic materials®**,
thermoelectric materials**, topological insulators>*), and magnetic materials“**. HT computation
utilizes first-principles calculations to establish large-scale databases from which potential candidate
materials are selected under predefined constraints. This selection process relies on material descriptors
accurately capturing the properties required for specific target applications. The construction of these
descriptors directly influences the reliability of the screening outcomes, as they must establish a precise
quantitative relationship between the intrinsic material properties and their macroscopic performance. This
data-driven research and development approach, particularly in the high-precision prediction of critical
parameters in optoelectronic materials, provides a breakthrough technological pathway for developing next-
generation high-performance optoelectronic devices.

ML workflow

With the advancement of the Materials Genome Initiative, the importance of ML in materials science is
steadily increasing**”. ML has become a powerful tool for designing and screening high-performance
materials. It can reveal quantitative structure-property relationships between the physical and chemical
properties of new materials and their atomic parameters, chemical compositions, process parameters, and
other factors. Once a relational model between the data is successfully constructed, the relationship model
can be used to predict the performance of the designed materials. These predictions can then be validated
through synthesis and characterization, thereby screening for high-performance materials'**'. The general
process of using ML for materials design is illustrated in Figure 2B, where data collection, feature
engineering, model selection and training, model validation and optimization are the most important steps.
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Data preparation
Data preparation is a crucial step in the ML process, as the quality and relevance of the data directly impact
the model performance and accuracy™”. Data for ML models can be obtained through various methods,

4, experimental data®”, and database data®”. While

including literature mining"*”, computational data
accurate data from literature or DFT calculations is highly valuable, it is often limited in quantity.
Conversely, databases can quickly provide large volumes of data, though specific materials may not always
be included. Experimental databases such as the Cambridge Structural Database (CSD)"", the Inorganic
Crystal Structure Database (ICSD)", PubChem, and the Crystallography Open Database (COD)*! offer
essential structural data for ML studies. For example, the ICSD contains over 240,000 crystal structures of
inorganic compounds. Key computational databases include AFLOW'*", the Materials Project (MP)*”, the
Computational 2D Materials Database (C2DB)'*”, and the Open Quantum Materials Database (OQMD)'*,

which provide computed properties such as optimized structures, electronic band structures, and densities
of states, supporting efficient ML predictions. MP alone includes ~144,000 inorganic compounds and
~63,000 molecules. These resources are invaluable for advancing material predictions through ML. After
acquiring the data, the initial step is to assess its quality to determine its suitability for building a ML model.
This assessment involves checking the representativeness of the samples, identifying outliers or erroneous
samples, ensuring consistent parameters for sample labels, and verifying that the distribution of label values
is balanced and close to a normal distribution. Following the quality assessment, data cleaning is essential to
remove noise, errors, and inconsistencies, ensuring the quality and reliability of data. To handle missing
values, one can either delete samples or features with missing values or use interpolation methods (such as
mean, median, or regression) to fill in the gaps. Normalizing and standardizing the data is crucial to
eliminate scale differences between features, ensuring comparability and consistency across the dataset.
These preprocessing steps are fundamental to prepare the data for effective ML, leading to more robust and
accurate models.

Feature engineering

Feature engineering is a preprocessing step in ML, referring to the process of transforming raw data into
features that better represent the underlying problem, thereby improving the predictive performance of the
model. It aids in representing the underlying problem to the predictive model more effectively, thus
enhancing the accuracy of the model on unseen data. Predictive models consist of predictor variables and
outcome variables, and the feature engineering process selects the most useful predictor variables for the
model. Feature engineering in ML primarily includes feature extraction, construction, and selection. Feature
extraction is the process of extracting useful information from raw data. The methods for feature extraction
vary depending on the type of data. For instance, extracting information about crystal elements, atomic
positions, atomic interactions, and local structures can help the model understand material properties™ >/,
Feature construction involves creating new features through linear combinations of the original features to
provide richer information and improve the model performance. Effective feature construction requires a
deep understanding of the data and applying domain knowledge to innovate”. In practical ML tasks, it is
often necessary to repeatedly train ML models to evaluate the effectiveness of the current set of features and
iterate through the three stages of feature engineering. Feature selection is selecting the most relevant subset
of features from the original feature set by removing redundant, irrelevant, or noisy features. The goal is to
choose the features with the highest predictive power from the original set***. Common feature selection
methods include filter methods””, wrapper methods”", and embedded methods'™.

Model selection and training

Before building a ML model, it is essential to clearly define the type of addressed task and select the most
suitable model from multiple candidates for the specific problem. Different types of ML tasks, such as
regression, classification, and clustering, may correspond to different model selection strategies. There is
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usually no one universal best ML algorithm for materials research. The selection of an appropriate model
based on the available data and the prior knowledge and assumptions related to the specific research
problem. Each algorithm has its advantages and is suitable for different types of problems. It is critical to
select the appropriate model based on the specific characteristics of the dataset and the problem. This
requires a comprehensive understanding of material properties and their relationship to system variables
and parameters” ", ML can be divided into supervised, unsupervised, semi-supervised, and reinforcement
learning”*””. Among these, supervised learning is the most widely applied method in ML. Its primary goal is
to predict new input data by learning the mapping relationship between input features and known target
variables. Supervised learning tasks can be divided into two main categories: regression and classification".
Additionally, ML models can be divided into three major categories based on their complexity and
structure: shallow learning models, ensemble learning models, and deep learning models.

Shallow learning models

Shallow learning models are relatively simple ML algorithms typically used when the data is simple, and the
relationships between features and target variables are linear or uncomplicated. Compared to more complex
models such as deep learning networks, shallow learning models are computationally less expensive and
easier to interpret, making them particularly useful when dealing with small datasets or when model
interpretability is crucial. Linear regression is a common shallow learning model that predicts continuous
values based on the assumption of a linear relationship between input features and the target variable. The
mathematical representation of a linear regression model is given by:

Y=R+Bx+fx,+e (1)

where y is the predicted value, g, is the intercept, 8, ..., B, are the coefficients, x,, ..., x, are the input
features, and ¢ is the error term. While it performs well when there is a simple linear relationship between
features and the target, its prediction performance may be limited when the data contains nonlinear
patterns or complex relationships. Logistic regression” is commonly used for binary classification tasks.
The logistic regression model is defined as:

1
_ oot AmtByny) @)

P(y=1|X)="

where P(y = 1|X) is the probability that the dependent variable y equals 1 given the input features x. The
coefficients g, are estimated to maximize the likelihood of the observed data. Logistic regression model “P”
provide probabilities for classification, making it simple, efficient, and easy to interpret. However, it assumes
that the decision boundary between classes is linear, which may not work well for complex nonlinear data.
Support vector machines (SVM)"™ are suitable for classification and regression tasks, particularly with high-
dimensional data. For a binary classification problem, the decision boundary is determined by:

f(x)=sign(w-x+b) (3)

among them, f(x) is the predicted category, w is the weight vector, b is the input feature vector, x is the bias
(or intercept), and - represents the dot product of the vectors. SVM tries to find an optimal hyperplane to
separate different classes, and with the use of kernel tricks, it can handle nonlinear decision boundaries.
Although SVM is powerful in many scenarios, it is sensitive to the selection of hyperparameters and can be
computationally expensive, especially for large datasets. K-nearest neighbors (KNN)"*' is a non-parametric
algorithm that makes predictions based on the proximity of data points. It is used for both classification and
regression tasks. It is intuitive and easy to implement, especially when data has clear clusters. However,
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KNN can be computationally expensive during prediction as it requires storing all training data, and it is
sensitive to the scale of the data and the choice of distance metric. Naive Bayes™ is widely used in text
classification and spam detection tasks. It is based on Bayes’ theorem and assumes conditional
independence among features. While simple and efficient, it may not perform well if the assumption of
feature independence is not realistic in many real-world datasets. Overall, shallow learning models are
highly effective when the data is simple, clean, or when a simple and interpretable model is required.
However, they often struggle with complex, high-dimensional, or nonlinear data, making more powerful
methods such as ensemble learning or deep learning models necessary.

Ensemble learning models

Ensemble learning models combine multiple base models (also known as weak learners) to create a more
powerful and accurate predictive model. These methods are based on the idea that combining the
predictions of several models can outperform any individual model. By aggregating the predictions from
various base models, ensemble methods reduce the risk of overfitting and improve the model’s overall
accuracy'™. There are two main types of ensemble learning techniques: bagging and boosting. Bagging,
which stands for bootstrap aggregating, includes models such as random forests and bagging trees'***.

These models are used for classification, regression, and other predictive tasks, particularly concerning high
model variance. Bagging works by training multiple models on different subsets of the data and combining
their predictions, which helps to reduce overfitting and increases the robustness of the model. However, if
the base model is weak, the method can still suffer from high bias, and training multiple models can be
computationally expensive. On the other hand, boosting methods such as gradient boosting machines
(GBM)™, AdaBoost"™”, and XGBoost® are widely used for solving complex classification and regression
problems, especially in competitive ML settings. Boosting works by sequentially correcting the errors made
by previous models, often leading to high performance even in challenging tasks. It effectively addresses
both bias and variance, but it can become prone to overfitting if the number of iterations is too large or if
the model is not properly regularized. Another ensemble technique, Stacking®®, involves combining
predictions from multiple different models, where each model contributes its unique strengths to the overall
prediction task. This method leverages the diversity of multiple models to create a more powerful predictive
model. While stacking can provide excellent results, it is computationally expensive and requires careful
selection and combination of the models. Ensemble methods are highly powerful because they harness the
diversity of different base models to reduce errors and bias. These techniques are particularly effective when
dealing with noisy, imbalanced, or complex data and are widely used in both research and industry for their
ability to deliver top-tier predictive performance.

Deep learning models

Deep learning models are a powerful class of ML algorithms composed of multiple layers that transform
input features into output predictions. These models are particularly well-suited for capturing complex,
hierarchical data representations, enabling them to model intricate relationships that simpler algorithms
may overlook™*?. However, deep learning models typically require large amounts of labeled data and
substantial computational resources, making them ideal for applications in fields that deal with big data. In
the context of optoelectronic materials, deep learning can be leveraged to model the complex relationships
between material properties and performance, which is critical for accelerating material discovery and
design. One of the most common types of deep learning models is artificial neural networks (ANN)™.
ANN is highly flexible and powerful, capable of modeling complex, nonlinear relationships in data.
However, ANN requires large labeled datasets for training, and the computational cost can be significant.
Additionally, without proper regularization, ANN can be prone to overfitting, particularly when working
with limited data or insufficient diversity in material properties. Another type of deep learning model is the
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convolutional neural network (CNN)", which is commonly used for image processing, object detection,
and spatial data analysis. CNN excels at automatically learning hierarchical feature representations from raw
data, making them particularly effective for tasks in materials science that involve complex spatial
structures, such as analyzing material microstructures or predicting material properties from images. While
CNN requires large labeled datasets and substantial computational power, its ability to reduce the need for
manual feature extraction is invaluable in material science applications. Recurrent neural network (RNN)"!
is designed to handle sequential data and is ideal for time-dependent tasks such as time series forecasting. In
optoelectronic materials, RNN could be used to model the temporal evolution of material properties under
varying conditions, such as light exposure or electrical stress. However, training RNN can be challenging,
especially when dealing with long sequences, due to issues such as vanishing gradients. Generative
adversarial networks (GAN)"" have gained prominence for their ability to generate realistic synthetic data,
which is useful for augmenting datasets in material science. GAN can help create new material designs by
generating plausible material configurations based on learned data distributions. However, GAN is
challenging to train and can suffer from instability or mode collapse, which may hinder their effectiveness
in practical applications. Recently, Transformer-based architectures have revolutionized deep learning,
particularly in natural language processing (NLP) and sequence modeling”*. These architectures excel in
handling long-range dependencies, which can be advantageous in materials science for predicting complex
relationships between different material properties or performance over time. Transformers are highly
scalable and flexible, making them an exciting avenue for developing advanced models in optoelectronic
material design. They hold the potential to improve predictive modeling, accelerate the discovery of new
materials, and optimize material performance. Despite their computational cost, Transformer-based models
are increasingly becoming central to many cutting-edge AI applications, and their potential in materials
science is beginning to be realized.

Before a model can be used for prediction, it should be able to adjust its parameters automatically to
improve performance. During model training, an independent dataset is often used to validate the training
results and detect potential overfitting. The validation set, which usually accounts for about 10% of the
available data, monitors the training process, helps select hyperparameters, and prevents overfitting. After
training the model, an external dataset (test set) is used to evaluate the generalization ability of the model.
This test set, comprising about 10% of the available data, is critical for assessing the performance of the
"l The training,
validation, and testing process in practical applications often repeats multiple times to optimize the model

model on unseen data, thereby providing an unbiased evaluation of its predictive ability'

performance. This process is known as model iteration or model optimization. Through repeated iterations,
the best model parameters and structure can be identified, thereby enhancing the predictive and
generalization capabilities of the model.

Model evaluation and optimization

Upon completion of model training, evaluating the model is a crucial step to ensure its practical
effectiveness. The purpose of evaluation is to measure the predictive performance of the model, including its
accuracy and error*'*”, The following are common methods for model evaluation and optimization.

Cross-validation (CV)!"”: CV is a widely used model evaluation technique to prevent overfitting. Common
CV methods include k-fold and leave-one-out CV. In k-fold CV, the dataset is divided into k subsets; the
model is trained on k-1 subsets and validated on the remaining one. This process is repeated k times, with
each subset used once as the validation set. The final evaluation result is the average of the k-validation
results. Leave-one-out CV uses one sample as the validation set, and the remaining as the training set each
time. Although this method is computationally expensive, it is particularly effective for small datasets.
Bootstrap sampling"*": Bootstrap sampling is a statistical resampling method that involves repeatedly
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sampling with replacement from the dataset. The bootstrap method assesses statistical properties such as
variance, confidence intervals, and bias. It is especially useful for small and imbalanced datasets and can be
combined with ML algorithms to provide more accurate predictions. Holdout method””: The Holdout
method randomly divides the dataset into training, validation, and test sets. The model training on the
training set, hyperparameters are tuned on the validation set, and its performance is finally evaluated on the
test set. The holdout method is simple and intuitive but requires a sufficiently large dataset to avoid random
evaluation results.

The performance metrics used in different ML models (e.g., classification, regression) vary. For
classification models, performance metrics include accuracy, precision, recall, F1 score, receiver operating
characteristic (ROC) curve, and area under the curve (AUC)"*>'*. The confusion matrix is also commonly
used to evaluate classification models, comparing actual and predicted classes””. For regression models,
performance metrics include root mean square error (RMSE), mean absolute error (MAE), mean squared
error (MSE), and the coefficient of determination (R*)". These metrics measure the difference between
predicted and actual values, assessing the model accuracy and reliability. Ultimately, model performance
should be evaluated using the test set. The test set must be entirely independent of the training and
validation sets to ensure genuine model performance on unseen data. The test set selection should avoid
overlapping with training data to prevent the model from encountering learned samples during testing,
which could result in falsely high performance. Additionally, the test set should be sufficiently large and
randomly selected to ensure the evaluation results are representative and reliable!**'*.

In addition to testing on an independent dataset, model performance can be further enhanced through
hyperparameter tuning. Hyperparameters (such as the learning rate, regularization strength, number of
hidden layers in neural networks, and the number of trees in ensemble methods)"'”, unlike model
parameters, are not learned during training but rather set prior to the learning process, significantly
impacting the model accuracy and generalization. Hyperparameter tuning involves systematically searching
for the optimal combination of hyperparameters to maximize model performance. Common methods for
hyperparameter tuning include Grid Search™, an exhaustive approach that evaluates every possible
combination within a predefined set of hyperparameter values. Although computationally intensive, grid
search can be effective for smaller search spaces. Random Search””), rather than evaluating all combinations,
random search randomly selects combinations, making it more efficient for large search spaces and often
yielding satisfactory results with fewer trials. An enhancement to this approach is Hyperband"'?, which
dynamically allocates resources to promising configurations while employing early stopping for less
promising ones. This combination effectively allows Hyperband to explore large search spaces, often
achieving competitive results with fewer evaluations than traditional random search methods. Bayesian
Optimization (BO)""* uses probabilistic models to predict promising hyperparameter combinations,
iteratively refining the search based on previous evaluations. BO is efficient and often yields better results
than exhaustive methods for complex models.

By fine-tuning hyperparameters, models can balance bias and variance optimally, minimizing overfitting or
underfitting and improving training and test data performance. The final model, selected after
hyperparameter tuning, is evaluated on the independent test set to confirm its predictive power and
generalizability.
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HT AND ML OF OPTOELECTRONIC MATERIALS

HT techniques of optoelectronic materials

HT computational screening has revolutionized the search for and optimization of materials in
optoelectronic applications, offering a rapid, cost-effective alternative to traditional experimental methods.
HT methods provide critical insights into the complex relationships between structural characteristics and
electronic properties by enabling the simulation and evaluation of large datasets. In recent years, HT
screening has shown great promise across various material classes, including two-dimensional (2D)
materials, perovskite materials, and traditional IT1[-V semiconductors"'*"**. These materials exhibit excellent
optoelectronic properties and are widely applied in solar cells, light-emitting devices, photocatalytic, and
photodetectors, supporting advancements in renewable energy technologies"'**"”.. With the integration of
ML and data-driven approaches, HT screening provides a powerful pathway for exploring these material
systems, uncovering novel compositions, and accelerating the rational design of next-generation
optoelectronic devices.

Exploring the potential of 2D materials for photocatalytic applications, Gao et al. applied HT computational
screening to identify 2D polar materials capable of efficient water splitting"*. Figure 3A shows a workflow
for HT inverse design of photocatalysts, with two main steps: Step 1 (Inverse Design) and Step 2 (HT DFT
Calculations). Step 1: Inverse design for 2D polar water-splitting photocatalyst candidates using C2DB
database materials. Key criteria include high stability, non-magnetism, out-of-plane polarity (dipz >
0.001 e-A/unit cell), and a DFT-calculated band gap (0.1 to 2.5 eV). After filtering and manual selection, they
identified the candidate materials. Step 2: HT DFT calculations involve screening band alignment (Ep <
-5.67 eV, Eqpy > -4.44 eV) and reaction free energy (AGyr, AGopr < 0). The final calculation confirmed that
the 2D polar materials are suitable for photocatalytic water splitting, and the schematic diagram of
photocatalytic water splitting is presented in Figure 3B. Under light irradiation, photogenerated electrons
and holes move in opposite directions under the action of the internal electric field and accumulate on
different surfaces. Energetically, electrons jump from the valence band (VB) to the conduction band (CB)
after photoexcitation, and the electrons and holes in the CB and VB catalyze hydrogen evolution reaction
(HER) and oxygen evolution reaction (OER), respectively. The blue and red bars represent the CB and VB,
while the dotted lines represent the CBM and VBM. The researchers finally identified specific materials with
optimal electronic properties for water splitting, where the inherent polar properties of the materials
promote charge separation, thereby improving photocatalytic efficiency. This study demonstrates the ability
of HT screening to identify promising candidate materials by evaluating electronic structure and energy
band arrangement, thereby advancing the field of photocatalytic materials for sustainable energy
production. Focusing on photovoltaic (PV) potential in materials typically overlooked for thin-film PV,
Kangsabanik ef al. introduced a HT method to evaluate indirect bandgap semiconductors*'). Their study
developed a computationally efficient approach to model phonon-assisted absorption, a critical factor for
indirect bandgap materials. A schematic diagram of the method is illustrated in Figure 3C, including the
process of phonon-assisted optical absorption and the computational workflow for evaluating direct and
indirect bandgap semiconductor PV performance parameters. By simplifying the modeling process with T'-
point phonons, they successfully screened 127 binary compounds, revealing 28 promising candidates, of
which 20 are indirect bandgap materials. These findings highlight previously untapped PV potential in
materials such as TiS,, CdP,, and BaP,, which exhibit favorable properties, including low recombination
rates and high carrier mobility, essential for efficient charge separation and transport in PV devices. By
including phonon-assisted absorption calculations, Kangsabanik et al. broadened the scope of HT screening
to encompass more complex material classes, offering insight into the latent optoelectronic advantages of
indirect bandgap materials"”". Their work suggests that such materials, often overlooked, could significantly
expand the options for efficient, stable materials in thin-film PV, marking a new direction for sustainable
energy technology.
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To further explore structural diversity in optoelectronics, Jiang et al. conducted HT computational
screening to explore oxide double perovskites (A,B'B"O,) for applications in optoelectronics and
photocatalysis, emphasizing these materials’ structural flexibility and compositional diversity"*. As shown
in Figure 4A, using first-principles DFT calculations, the team evaluated 2018 potential candidates based on
stability and electronic properties. Through stability screening and phase diagram analysis, they identified
138 perovskites across three common crystallographic phases, with 21 being stable and 14 previously
unreported. The selected candidates exhibited quasi-direct bandgaps, balanced electrons, hole effective
masses, and strong optical absorptions, all favorable for optoelectronic and photocatalytic applications.
Their work expands the library of perovskite materials and provides a methodical approach to screening
large, chemically complex datasets for novel material discovery in energy applications. Additionally,
expanding the application of HT modeling to device design, Tang et al. showcased the application of HT
optoelectrical modeling to optimize the power generation density (PGD) of bifacial tandem solar cells"*”). In
Figure 4B, a schematic representation of this HT optoelectronic modeling and screening workflow
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illustrates the process for identifying optimal tandem cell configurations, providing a visual summary of
how to maximize PGD across a wide parameter space. Tang and colleagues developed a HT modeling
approach capable of simulating hundreds of thousands of combinations of device variables, including
thicknesses and bandgaps of the active layers, under various lighting conditions. Their findings
demonstrated that a bifacial perovskite/Cu(In, Ga)Se, tandem cell with optimized parameters could achieve
a PGD exceeding 495 W/m®* under high albedo (reflectivity) conditions, outperforming traditional
monofacial configurations. The four-terminal configuration, in particular, achieved remarkable
improvements in power output by leveraging the bifacial design to capture light from both front and rear
sides, thus maximizing energy conversion efficiency. This study demonstrates the economic and practical
value of combining tandem and bifacial strategies, especially in high albedo environments such as snowy
areas, where the increased reflected light significantly boosts power output.
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Together, these studies underscore the transformative impact of HT screening in advancing optoelectronic
materials research. By refining and optimizing materials at multiple stages of the design process, HT
methods enable researchers to systematically explore electronic and structural parameters, thus providing a
pathway for accelerated innovation in PV, photocatalytic, and solar cell applications. HT screening enriches
the material landscape for optoelectronics and supports the development of scalable, efficient solutions for
sustainable energy technologies.

Predicting optoelectronic properties

Accurate prediction of optoelectronic properties is crucial for advancing materials used in solar cells, light-
emitting devices, photocatalytic materials, and photodetectors. Leveraging HT computational screening and
ML has expanded the ability of researchers to evaluate materials across vast chemical and structural
landscapes'>*'**!. This section explores recent advancements in ML-enabled predictive models focusing on
crucial properties such as band gap tuning, band alignment, and charge carrier dynamics.

To enhance the understanding of impurity effects on conductivity, Mannodi-Kanakkithodi et al. developed
an ML approach to predict impurity energy levels in Cd-based chalcogenides, a crucial factor for controlling
conductivity in optoelectronic applications**. As shown in Figure 5A, they used a DFT dataset to train
regression models to predict impurity formation enthalpies and charge transition levels across different Cd-
based compounds. This approach allowed for high-accuracy predictions of impurity effects in CdS, CdSe,
and CdTe, enabling quick screening of impurity atoms that affect the Fermi level and conductivity type. The
model successfully generalized various mixed anion compositions, demonstrating its power in guiding
material design for tailored optoelectronic properties. Building on this concept of material property
optimization, Wang et al. tackled the challenge of consistent and high-accuracy band gap prediction in
perovskites, a class with extensive compositional diversity"””. They developed a robust band gap predictor
through a ML model trained on a rigorously compiled dataset of band gaps verified by quasi-particle self-
consistent GW calculations. Figure 5B provides a detailed depiction of the accuracy of the ML model in
predicting the band gaps of perovskites. The figure compares the model predicted band gap with the
reference DSH band gap values, evaluating the accuracy and robustness of the model in both the training
and testing datasets. The model demonstrates low deviation in both datasets, characterized by MSE and an
R* value exceeding 98%, indicating high predictive accuracy and generalizability across various perovskite
compositions. Furthermore, the model effectively predicts band gap in single perovskite structures and
shows excellent accuracy in double perovskite structures. This model demonstrated high transferability
across 15,659 single and double perovskite compositions, identifying 14 lead-free perovskites with band
gaps in the ideal range for PV applications, including MASnBr, and FA,InBiBr,. These materials exhibit
direct band gaps, low effective masses, and minimal exciton binding energies, improving charge separation
and light absorption efficiencies. Thus, the model broadens the perovskite material space and provides a
reliable tool for discovering efficient, non-toxic PV materials.

Further extending the predictive capabilities of ML, Kim et al. explored the use of B-site alloying in metal
halide perovskites (MHPs), focusing on their stability and band gap properties"*"; the schematic workflow
of the study is shown in Figure 5C, given the structural and chemical instability of lead-based perovskites,
employed CNNs to analyze 41,400 B-site-alloyed MHP configurations, simulating each with DFT and
estimating stability based on decomposition energy and band gap type. The validation results of the trained
crystal graph convolutional neural networks (CGCNN) model are also shown in Figure 5C. The parity plots
show the relationship between the decomposition energy (AH,.,) and bandgap predictions predicted by
CGCNN and the DFT calculated values, with very high MAE and R® values, indicating very high prediction
accuracy. Also shown are the confusion matrix and key classification metrics (accuracy = 0.96, precision =
0.84, recall = 0.90, and F1 score = 0.87), validating the model performance in distinguishing between indirect
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Figure 5. (A) Parity plots are shown for predictive models trained using 90% of the CdTe + CdSe + CdS dataset as the training set, with
performances shown for the training, test and out-of-sample points using the elemental and unit cell defect descriptors. Copyright 2020,
Springer Nature, Reproduced with permissionmé];(B) Performance of the developed model for band gap estimation. Copyright 2024,
American Chemical Society, Reproduced with permission”””; (C) Schematic workflow of the present study and parity plot between
CGCNN-predicted and DFT (PBESol)-calculated. Copyright 2024, Springer Nature, Reproduced with permission””®. CGCNN: Crystal
graph convolutional neural network; DFT: density functional theory.

and non-indirect bandgap materials. By examining the band structure, the study identified CsGe,,,,.S1, 4,1,
and CsGe,,:Pb,.,,:5n,,.Br, as leading candidates for single-junction and tandem solar cells, respectively.
This validation confirms that the CGCNN model can accurately predict decomposition energy and
bandgap, making it a valuable tool for HT screening of MHP compositions for stability and electronic

properties.

In another approach, Mahal et al. focused on predicting band alignment types in 2D hybrid perovskites,
known for their environmental stability and unique quantum-well-like structures [Figure 6A]"*). Using ML
classifiers trained on molecular and elemental descriptors, they categorized perovskites into specific band
alignment types: I, I, IT,, and II,, directly influencing device suitability. For instance, type I alignments
favor devices with localized exciton transitions. In contrast, type II structures, which separate carrier
populations across the organic and inorganic layers, are optimal for PV applications due to extended carrier
lifetimes. The work of Nayak et al. provides a systematic classification framework for 2D hybrid perovskites,
enabling the rapid identification of materials with the necessary band alignments for specific optoelectronic
functions!. This classification is particularly valuable for selecting perovskites with optimized charge
separation and carrier recombination characteristics. Complementing these ML-driven predictions, Nayak
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et al. explored the role of A-site cations in influencing charge carrier dynamics within vacancy-ordered
halide perovskites (VOHPs)"". Using non-adiabatic molecular dynamics and ML to analyze electron-
phonon coupling, they examined VOHPs with different A-site cations [e.g., Cs, Rb, and methylammonium
(MA)] to observe how these choices impact carrier lifetimes. In particular, Figure 6B provides a detailed
view of the effect of these cations on the lattice dynamics and the resulting impact on nonradiative
recombination rates, while Figure 6C showcases the influence on carrier lifetimes in VOHPs with different
cation compositions. Their findings indicate that inorganic cations such as Cs and Rb suppress lattice
dynamics, reducing nonradiative recombination and, consequently, longer carrier lifetimes. Conversely,
organic cations such as MA amplify lattice fluctuations, increasing recombination rates and decreasing
carrier lifetimes. This study underscores the importance of structural dynamics in controlling
optoelectronic performance and suggests pathways for designing VOHPs with extended carrier lifetimes for
more efficient, sustainable devices.

Together, these studies demonstrate the transformative role of HT screening and ML in accelerating the
discovery and optimization of optoelectronic materials. By improving the prediction of key properties such
as band gap, band alignment, and charge carrier dynamics, these models are paving the way for the
development of high-performance, sustainable materials for next-generation optoelectronic devices.
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Assessing the stability of optoelectronic materials

The stability of optoelectronic materials is a critical factor for their long-term performance and durability,
particularly in applications such as PV devices and catalysis, where material degradation over time can
significantly affect efficiency and sustainability. Accurately predicting the stability of materials is essential
for designing durable devices and ensuring their practical viability"*****. Recent developments in ML have
provided powerful tools for predicting the stability of optoelectronic materials"*>"**. This section reviews
recent advancements in ML-based stability prediction models, highlighting their ability to enhance material
screening and guide the development of stable, high-performance materials. In recent studies, Bartel et al.

proposed an improved tolerance factor t to more accurately predict the stability of perovskite structures,
addressing the limitations of the traditional Goldschmidt tolerance factor**. Based on simple geometric
relationships, the Goldschmidt factor is somewhat effective for predicting the stability of oxide perovskites,
but performs inadequately in screening complex materials, especially halide-containing perovskites. To
overcome these limitations, Bartel and colleagues applied the sure independence screening and sparsifying
operator (SISSO) method to develop a new one-dimensional descriptor t, incorporating information about
ionic radii and oxidation states. This significantly enhances prediction accuracy, achieving a 92% success
rate for the oxide, fluoride, and chloride perovskites dataset, demonstrating superior performance in
structural screening compared to the Goldschmidt factor. Figure 7A assesses the performance of t in
predicting perovskite stability, illustrating the model accuracy across different chemical combinations and
its applicability to halide perovskites. Notably, the improved t factor classifies perovskite stability and
provides a continuous stability probability estimate P(z). By applying Platt scaling, Bartel et al. transformed
the model output into continuous probability values, allowing greater adaptability across various perovskite
types'**. Figure 7B shows a stability map for predicted double perovskites, with the lower triangle depicting
stability probabilities for Cs,BB'Cl, compounds and the upper triangle showing La,BB'O, compounds. These
probability maps, generated from Platt-scaled P(r) values, use color gradients to indicate the likelihood of
forming stable perovskite structures across different ion combinations, highlighting potential stability. This
probability estimate provides researchers with an efficient screening tool for exploring potential perovskite
materials across broader chemical spaces. Additionally, extensive experimental validation enabled the model
to predict the stability of 23,314 potential double perovskites, providing a prioritized material list for further
investigation. This predictive approach lays a solid theoretical foundation for the functional design and
application of perovskite materials, with significant implications for their development in fields such as PVs
and electrocatalysis.

Building on the advancements in stability prediction by Bartel et al., Gu et al. introduced a novel approach
focused on the synthesizability of perovskite materials based on a graph convolutional neural network
(GCNN) combined with positive-unlabeled (PU) learning, addressing the limitations of traditional methods
¢l Traditional stability prediction models, such as
convex hull energy calculations, primarily assess the thermodynamic stability of materials but are less

in predicting the practical synthesizability of materials!'

effective at predicting synthesizability under experimental conditions. To overcome this limitation, Gu and
colleagues pre-trained the GCNN model on actual synthesis data from the MP database and then applied it
to a perovskite-specific dataset™*. Using transfer learning, the model achieved significantly improved
synthesizability prediction accuracy across different perovskite structures, achieving a true positive rate of
95.7%. Figure 7C illustrates the model prediction accuracy and data distribution, highlighting the enhanced
performance of the GCNN and PU learning combination in identifying experimentally synthesized
materials as positive samples. Furthermore, the model demonstrated its effectiveness in predicting virtual
perovskites, identifying 179 out of 11,964 virtual perovskite candidates as having potential synthesizability
based on the model-generated crystal-likeness (CL). Figure 7D compares the GCNN model with screening
results based on the Goldschmidt rule. The lower left triangle in this figure presents synthesizability scores
for ABO, perovskite compounds, with a green gradient indicating synthesizability likelihood (deeper green
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Figure 7. (A) Assessing the performance of the improved tolerance factor t and the map of predicted double perovskite oxides and
halides; (B) Map of predicted double perovskite oxides and halides. Lower triangle: Probability of forming a stable perovskite with the
formula Cs,BB'Cl, as predicted by t. Upper triangle: Probability of forming a stable perovskite with the formula La,BB'O, as predicted by
1. Copyright 2019, American Association for the Advancement of Science, Reproduced with permission™™>; (C) Model accuracy and

data distribution, model validation; (D) Synthesizability of ABO, perovskite compounds for the model (lower left triangle) and
Goldschmidt-rule-based screening (upper right triangle). Copyright 2022, Springer Nature, Reproduced with permission™™®".

reflects higher synthesizability probability). The upper right triangle shows the Goldschmidt-rule-based
screening results, where green marks indicate compounds that pass the screening criteria. This comparison
reveals that the GCNN model can identify a broader range of perovskite structures with synthesizability
potential, especially for perovskites with covalent bonds, halides, and anti-perovskites, highlighting a scope
and flexibility beyond the limits of the Goldschmidt rule. The model exhibits considerable potential for
screening perovskites with diverse bonding characteristics and structural types, particularly for applications
in PV and solid electrolytes. This model provides a valuable tool for exploring novel materials with potential
experimental realizability.

These studies collectively contribute to the growing field of stability and synthesizability prediction by
demonstrating the effectiveness of ML models in broadening optoelectronic materials screening capabilities,
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potentially enhancing the discovery of stable and high-performing materials.

Optimizing optoelectronic performance

The optimization of optoelectronic performance in semiconductor materials is essential for enhancing the
efficiency and applicability of these materials in optoelectronic and related applications. The optimization of
optoelectronic performance can directly influence the energy conversion efficiency, response speed, and
stability of devices, thereby determining the overall performance of optoelectronic components**. To
address the challenge of pinpointing high-efficiency optoelectronic materials, Cai et al. employed a ML
model combined with HT screening to identify high-performance 2D PV candidates from a database of
187,093 inorganic crystal structures"*. Through classification-based ML algorithms, their model filtered
2DPV candidates based on features correlated with high PV conversion efficiency, such as the packing
factor (P;), which emerged as a primary indicator of PV potential. Figure 8A categorizes the selected 2DPV
candidates according to structural prototypes, illustrating that those materials with specific space groups
(e.g.,P3m1) tend to exhibit favorable PV properties. Moreover, three materials - Sb,Se,Te, Sb,Te,, and Bi,Se,
- were highlighted for their high conversion efficiencies, making them promising candidates for PV
applications. This approach demonstrates the power of ML-assisted HT screening in identifying structurally
promising candidates for further development, showcasing how structure-related features can serve as
indicators for enhanced optoelectronic performance. Building upon this ML optimization approach, Liu
et al. introduced a BO framework with knowledge constraints to optimize the fabrication conditions for
perovskite solar cells using rapid spray plasma processing (RSPP)"*". The BO framework incorporated
observations as probabilistic constraints to focus the parameter search on high-quality films. Their method
achieved a 5-round, 18.5% power conversion efficiency with fewer than 100 process conditions through this
iterative optimization approach. Figure 8B outlines this sequential optimization process, mapping the
relationship between process parameters and efficiency improvements across successive rounds.
Additionally, Figure 8C provides a detailed visualization of process conditions and predicted efficiency
correlations, highlighting critical variable interdependencies that inform experimental adjustments, such as
the alignment of spray flow rates and substrate speed. This framework highlights the advantage of
integrating sequential learning with empirical knowledge, allowing researchers to efficiently navigate
complex parameter spaces and optimize fabrication conditions for maximum efficiency gains.

Designing novel optoelectronic materials

The design of novel optoelectronic materials is crucial for the continued advancement of optoelectronic
applications. As the demand for materials with enhanced performance, stability, and environmental
sustainability increases, researchers are turning to innovative approaches to identify and develop novel

4,141

materials with optimized properties'*’. Recent studies demonstrate that ML and HT screening are
invaluable tools for accelerating material discovery, enabling the efficient exploration of vast chemical
spaces to uncover materials with desirable characteristics for next-generation applications**'*. To initiate
the exploration of new optoelectronic materials, Ma et al. employed a HT ML framework to screen for
potential 2D PV materials within the family of octahedral oxyhalides (OOHs)"*!. By training ML algorithms
on structural and electronic properties from DFT data, the model evaluated a dataset of 5,000 OOH
compounds, ultimately identifying six candidate materials with optimal band gaps and high electron
mobilities suitable for PV applications. Figure 9A visualizes the model workflow, highlighting the multi-
stage screening process and the structural attributes of top-performing candidates, such as Bi,Se,Br,.
Expanding the scope of material discovery, Jin et al. applied ensemble ML techniques to explore the
compositional space of all-inorganic, lead-free perovskites, which address concerns over toxicity and
stability associated with traditional lead-based perovskites"*. By developing a physics-inspired
multicomponent neural network, they screened nearly 12 million AA'BBX, X' compositions. Figure 9B
illustrates the band gap prediction accuracy achieved through this ensemble model, showing the close
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Figure 8. (A) 2D PV structural prototypes based on space group and calculated maximum efficiencies of 26 2D PV candidates as a
function of absorber thickness. Copyright 2020, American Chemical Society, Reproduced with permission™™”;(B) Schematic of
sequential learning optimization of perovskite solar cells with probabilistic constraints; (C) Visualization of the process-efficiency
relation based on the trained regression models. Copyright 2022, Elsevier, Reproduced with permission™*°’.2D: Two-dimensional; PV:
photovoltaic.

correlation between predicted and DFT calculated values. The figure also displays a detailed screening
workflow, ultimately narrowing down thousands of candidates to a select group with optimal stability and
electronic properties.

In another targeted exploration of material classes, Wang et al. implemented a ML framework designed to
expedite the discovery of stable spinel materials with direct band gaps, essential for advanced optoelectronic
applications"*. Figure 10A illustrates the detailed scheme of the target-driven approach. This includes the
initial selection of A-, B-, and X-site elements, followed by data generation based on the combinations of
these elements and a preliminary filter using the tolerance factor. Next, the process involves feature
engineering and the application of ML techniques. Finally, crystal structure calculations, electronic structure
analysis, and thermodynamic stability evaluations of the selected candidates are performed using DFT.
Ultimately, the researchers used the XGBoost algorithm to screen 3,880 potential spinel compositions,
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narrowing down to eight promising candidates demonstrating optimal direct band gaps and thermal
stability under ambient conditions. This selection process was specifically targeted toward identifying
materials with applicability in energy systems, such as CaAl,O, and CaGa,S,. Another work focuses on
Haeckelite structures, characterized by their unique square-octagonal frameworks and potential applications
in various technological domains. Alibagheri et al. introduced an ML-based approach for identifying
synthesizable Haeckelite structures, a distinctive class known for their square-octagonal framework!"*". This
study evaluated 1,083 candidate Haeckelite structures by analyzing formation energy, phase stability, and
electronic bandgap properties to identify structures with optimal stability and optoelectronic characteristics.
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Figure 10B details the effect of formation energy on stability predictions, showing the prediction results with
formation energy as a descriptor, demonstrating how it improves the model accuracy in predicting the
stability of various Haeckelite configurations. And the distribution of the 13 Haeckelite compounds is
identified as stable within the output space, while providing a comparison with regression results when
formation energy is excluded as a descriptor. Figure 10C presents the predicted bandgap values for the
screened Haeckelite compounds, highlighting those within an ideal range for optoelectronic applications.
Additionally, it displays a heatmap generated using Shapley Additive exPlanations (SHAP) values, which
assesses the relative impact of each feature on the bandgap prediction. Key descriptors, including d-electron
fraction and atomic radius, proved influential, confirming the robustness of the RFR model in selecting
Haeckelite structures with desirable electronic properties. As a result, the study identified 13 Haeckelite
structures with excellent stability and suitable bandgaps, which are highly compatible with optoelectronic
applications. These structures exhibit phase stability and promising electron mobilities and absorption
coefficients, making them strong candidates for optoelectronic devices where efficient light absorption and
charge transport are crucial.

Further expanding on structural diversity, Li et al. focused on hybrid heterostructure semiconductors
(HHSs) by combining ML and HT screening to identify hybrid organic-inorganic semiconductor
superlattices with desirable optoelectronic properties"*”. Targeting organic-inorganic semiconductor
superlattices, the model screened over 200 structural variants to analyze their thermodynamic stability,
electronic structures, and optoelectronic characteristics. Through this approach, 96 HHS candidates were
identified with stable band gaps and efficient carrier mobility, attributes ideal for PV applications. As
depicted in Figure 11A and B, hybrid organic-inorganic semiconductors are structurally classified into Type
I (hybrid ion-substituting semiconductors) and Type II (hybrid heterostructured semiconductors). The
model predictions, comparing the formation energies (Ey,,) of these structures, demonstrated high
prediction accuracy, providing a strong framework for material discovery and optimization in advanced
optoelectronic applications. Meanwhile, Chen et al. examined double hybrid organic-inorganic perovskites
(DHOIPs) by integrating ML and HT screening to identify candidates for solar energy applications"*. By
integrating ML with HT screening, the study assessed a vast pool of 78,400 DHOIP candidates based on
critical criteria: charge neutrality, stability, non-toxicity, and bandgap suitability. This ML-driven
framework is depicted in Figure 11C, which outlines the sequential screening and refinement process used
to filter down the candidate pool, enabling the systematic identification of perovskites with desirable
bandgap ranges tailored for solar cells. The ML model employed in this study incorporated specific
structural features, notably the anisotropic shapes of organic cations, which significantly enhanced the
prediction accuracy for optoelectronic properties. As a result, the model was capable of accurately screening
perovskite structures that balanced electronic properties with physical stability. Ultimately, the approach
narrowed the initial candidates to a promising list of 19 DHOIPs. These shortlisted compounds were further
validated through DFT, which confirmed their stability and suitability as PV materials.

To develop more efficient, stable, and sustainable next-generation optoelectronic materials, Chen et al.
developed a comprehensive data-driven platform to support the discovery and exploration of 2D HOIPs""*".,
Figure 12A illustrates the detailed ML workflow, encompassing stages from data collection and feature
engineering to model selection, training, and final prediction. This structured ML pipeline enables accurate
assessments of structure-property relationships by incorporating relevant descriptors that expand beyond
conventional classifications. Figure 12B showcases the platform’s extensive database, structured around
geometric descriptors and an ML model, offering a powerful 2D HOIPs exploration tool. This platform
addresses limitations in traditional classification methods for structure-property relationships by integrating
structural descriptors, known as structure factors (SFs), into the ML framework. This platform integrates
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capabilities for searching, downloading, analyzing, and predicting material properties online, providing
valuable resources for further research into HOIPs and other related fields, particularly in energy and PV
applications. The model developed a database of 304,920 HOIP structures through this approach, utilizing
geometric descriptors to precisely predict electronic and structural properties. This innovative data-driven
approach broadens the scope of HOIP materials and establishes a scalable model for discovering materials
with enhanced stability and optoelectronic performance.

To provide a comprehensive overview of the evolution of ML applications in optoelectronic materials
discovery, we have summarized the ML studies discussed above in chronological order, as presented in
Table 1. This timeline illustrates the progression from early implementations utilizing simple descriptors
and regression models to more sophisticated approaches, including CNNs, GNNs, BO, and integrated ML
pipelines. This progress highlights the increasing sophistication and integration of ML methods in the field,
which improves the efficiency and accuracy of the material discovery process. Each study collectively
advances our understanding of ML-driven HT approaches to transform discovery for sustainable, high-
performance optoelectronic materials. Together, they underscore a cohesive strategy: leveraging predictive
models and rigorous validation methods to streamline the development of next-generation materials
essential for future energy solutions.

SUMMARY AND OUTLOOK

We highlight the substantial advancements achieved through HT screening and ML techniques in
discovering and optimizing optoelectronic materials. By integrating computational power with predictive
algorithms, ML has successfully accelerated the identification of candidates with optimized properties for
applications in solar cells, light-emitting devices, photocatalytic materials, and photodetectors, marking a
transformative shift from traditional experimental approaches. HT methods now enable the rapid
assessment of extensive chemical and structural spaces, allowing systematic exploration of parameters that
define key optoelectronic properties. In particular, the application of ML models has enhanced predictive
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accuracy in areas such as band gap tuning, thermal stability, charge carrier dynamics, and synthesizability,
offering significant insights into complex materials with targeted optoelectronic performance.

Firstly, a key challenge in applying ML to optoelectronic materials lies in the dataset limitations, as the data
for materials are often sparse, heterogeneous, and lacking in standardization. As noted in previous research,
inconsistent data quality can hamper ML model training, leading to unreliable predictions. To overcome
this challenge, future efforts should focus on establishing standardized databases, which are crucial for
property prediction. Improving data quality and quantity will lead to more accurate predictions, creating a
positive feedback loop where high-quality data further refine ML model performance.

Secondly, current ML methods face limitations regarding interpretability and generalization. Although
effective for prediction, many ML models operate as “black boxes”, making it difficult to understand the
influence of individual features on material properties. Enhancing model transparency through feature
importance analyses and interpretive tools, such as SHAP values, can help bridge this gap, providing
insights into how model predictions relate to physical properties. Furthermore, incorporating domain
expertise in materials science can further improve the accuracy and interpretability of ML models. For
instance, understanding the fundamental impact of key properties, such as bandgap, carrier mobility,
exciton binding energy, dielectric constant, and light absorption coefficient enables the selection of more
physically meaningful descriptors, thereby guiding models toward more reliable and scientific predictions.

Thirdly, predicting the optoelectronic performance of materials, such as band gaps, charge transport, and
stability, is inherently complex due to many influencing factors, including composition, crystal structure,
and defect states. ML models have shown promise in handling these multi-parameter challenges by
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Table 1. A year-by-year comparison of ML studies, highlighting the types of materials investigated, the ML models employed, and
the key results

Year Material type ML models Key results Ref.

2019 Perovskite oxides/halides SISSO T factor 92% stability prediction accuracy [135]

2019 2D OOHs GBR Several candidates with excellent bandgap/mobility have [144]
been identified

2020 Cd-based RFR Accurately predict impurity formation enthalpy and [139]

chalcogenides charge transition levels

2020 2D inorganic crystal GBC Developed HT and ML methods to identify 2DPV [126]
candidate materials

2021 Spinel XGBoost Successfully screened out 8 spinels [146]

2022 Perovskite GCNN A model is proposed to evaluate the synthesizability of [136]
perovskites

2022 Hybrid heterostructured semiconductors GBRT 96 stable HHSs were found [148]

2022 DHOIPs A-GBR 19 promising DHOIPs were screened [149]

2022 Perovskite BO Achieved 18.5% power conversion efficiency [140]

2023 2D hybrid Organic-inorganic lead-halide XGBR Develop a 2D HOIPs exploration platform [150]

perovskites
2023 All-inorganic lead-free perovskites Multi-component neural 34 lead-free AABBX,X; identified [145]
network

2023 2D hybrid perovskites Bagging classifier Accurate classification of type I/l band alignment [129]

2024 Multi-element MHPs CGCNN Achieved high prediction accuracy in stability and band [128]
gap

2024 Perovskites SISSO Developing a universal ML descriptor [127]

2024 Haeckelite structures RFR and CNN Identified 13 stable Haeckelite configurations with ideal [147]
band gaps

2024 Lead-free VOHPs Unsupervised ML Revealed the influence of A-site cations on carrier [1301]

lifetimes

ML: Machine learning; SISSO: sure independence screening and sparsifying operator; 2D: two-dimensional; OOHs: octahedral oxyhalides; GBR:
gradient boosting regressor; RFR: random forest regressor; GBC: gradient boosting classifier; HT: high-throughput; PV: photovoltaic; GCNN: graph
convolutional neural network; GBRT: gradient boosting regression trees; HHSs: hybrid heterostructure semiconductors; DHOIPs: double hybrid
organic-inorganic perovskites; BO: Bayesian Optimization; XGBR: XGBoost regressor; HOIPs: hybrid organic-inorganic perovskites; MHPs: metal
halide perovskites; CGCNN: crystal graph convolutional neural network; CNN: convolutional neural network; VOHPs: vacancy-ordered halide
perovskites.

efficiently exploring large compositional spaces and optimizing for specific properties. These features are
particularly advantageous for identifying high-performance candidate materials with ideal energy band
alignment and environmental stability. Future advances may include combining ML predictions with
experimental feedback to enable more precise tuning to optimize material properties.

Finally, while ML models excel at identifying statistical correlations within data, their lack of direct physical
interpretation can limit their ability to predict mechanisms accurately. Unlike traditional physics-based
models, ML models are not inherently bound by the laws of physics, which restricts their applicability in
certain contexts. Combining ML techniques with first-principles methods or physics-driven models could
enhance the predictive accuracy and physical validity of ML outcomes, fostering a balanced approach that
leverages the strengths of both paradigms.

Looking ahead, the integration of Al and ML techniques has revolutionized materials research. The shift
from traditional experimental approaches to HT screening and ML-driven prediction has allowed
researchers to rapidly assess vast chemical and structural spaces, enabling the systematic exploration of key
parameters that influence optoelectronic properties. AI-driven ML methods have proven particularly
effective in predicting material properties"*". For instance, DeepMind of Google developed GNoME, a
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GNN-based model trained on data from the MP, which predicted over 380,000 new stable materials,
significantly expanding the known crystalline materials landscape**. Furthermore, autonomous A-Lab of
Lawrence Berkeley National Laboratory synthesized 41 out of 58 Al-predicted materials within 17 days,
demonstrating the potential of combining AI-driven predictions with automated synthesis'*. Notably,
generative models such as MatterGen have emerged as powerful tools in materials design. MatterGen
employs a diffusion-based generative process to create stable and diverse inorganic crystals across the
periodic table. It can be fine-tuned to target specific property constraints, enabling the generation of
materials with desired chemistry, symmetry, and electronic properties™*. These developments underscore
the transformative impact of ML in accelerating the discovery and optimization of optoelectronic materials.
The convergence of AI with autonomous laboratory platforms, capable of performing automated material
synthesis and characterization, will enable the rapid development of materials with superior efficiency,
stability, and sustainability"*"*”. This integrated approach will accelerate the design of next-generation
optoelectronic devices, helping to meet the growing demand for energy-efficient technologies. Advances in
dataset standardization, model interpretability, and AI frameworks will play a pivotal role in shaping the
future of materials innovation.

In summary, ML transforms optoelectronic material design by offering rapid, high-accuracy predictions
across vast chemical spaces. Continued advancements in dataset standardization, model interpretability,
property-specific tuning, and hybrid ML-physics frameworks will foster a new generation of optoelectronic
materials optimized for efficiency, stability, and sustainability. The integration of ML with experimental and
AT holds promise for accelerating material innovation, ultimately contributing to developing next-
generation optoelectronic devices that meet the increasing demands for energy-efficient technologies.
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