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With the global increase in energy demand and environmental awareness, it has 
become crucial to develop new types of energy materials that are efficient, stable 
and environmentally friendly. Lead-free perovskite materials have garnered 
attention due to their unique crystal structure (ABX3) and photoelectric 
properties, particularly demonstrating great potential for applications such as 
photovoltaics, photodetectors, catalysis, and display lighting. However, the lead 
toxicity of traditional lead-containing perovskite materials limits their large-
scale commercialization. Therefore, the research on stable and non-toxic 
lead-free perovskite materials has become a current hot topic in scientific 
research. In recent years, artificial intelligence technology has brought about 
a transformation in the study of perovskite materials. This review focuses on 
the application of AI in lead-free perovskite research, including data collection, 
preprocessing, feature extraction, model training and prediction, reverse design 
and experimental verification. This paper aims to leverage AI technologies 
to drive data-informed and inverse-designed discovery processes, thereby 
improving the efficiency and success rate of lead-free perovskite materials 
screening, development, and performance optimization.

KEYWORDS

artificial intelligence, lead-free perovskite materials, data-driven design, performance 
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 1 Introduction

 1.1 Background of the study

Global energy demands and environmental concerns drive the need for efficient, 
stable, and eco-friendly energy materials. Perovskites (ABX3, where A = organic/inorganic 
cation, B = metal cation, X = halogen anion) exhibit exceptional optoelectronic 
properties—high absorption, carrier mobility, tunable bandgap—making them promising 
for diverse applications (Figure 1). In photovoltaics, they offer high efficiency and low-
cost processing (Zhang et al., 2025). For catalysis, they enable environmental purification 
and chemical synthesis (Singh et al., 2025; Irshad et al., 2022; Yoshida et al., 2014). 
PeLEDs show potential in displays/lighting due to high luminescence and colour purity 
(Chen et al., 2024a; Liu Y. et al., 2025), while perovskite photodetectors excel in optical 
communication and imaging (Liang et al., 2025; Ma Y. et al., 2025; Wang X. et al., 2024). 
Their optical gain supports laser applications (Shi et al., 2025; Guan et al., 2025), and
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FIGURE 1
Application areas of perovskite materials.

high carrier mobility enables flexible transistors (Yu et al., 2018; 
Dong et al., 2021; Yang et al., 2024). Resistive/ferroelectric 
memories (Guo et al., 2023; Di et al., 2021), sensors 
(Pathak et al., 2025), actuators (Li et al., 2022), energy harvesters 
(Mangi et al., 2025), and X-ray detectors (via heavy-element 
compositions) (Jiang et al., 2022a) further highlight their versatility. 
However, the Pb2+ in traditional lead-based perovskites (such 
as FAPbI3 and MAPbI3) has significant biological toxicity and 
environmental accumulation. During their production, application, 
and disposal, they may leak into soil and water bodies, causing 
long-term harm to ecosystems (Ma X. T. et al., 2025). Furthermore, 
they may cause irreversible damage to the human nervous and 
hematopoietic systems (Leccisi and Fthenakis, 2024), which 
is a critical issue that seriously hinders commercialisation 
(Maietta et al., 2025). To address this, the researchers developed 
a multi-component lead-free alternative system. The structures 
and photovoltaic properties of the bismuth (Bi)-based derivatives 
(such as Cs3Bi2I9) are similar to those of lead-based substances, and 
are considered one of the most promising candidates. However, 
it should be noted that some compounds may have toxicity 
issues (Maietta et al., 2025; Lang et al., 2024). The tin (Sn) based 
system (such as FASnI3) has a bandgap close to the ideal value for 
photovoltaics, and it has lower toxicity (Liu T. H. et al., 2025). Sb-
based derivatives (such as Cs3Sb2I9) exhibit excellent photostability 
and low defect density, making them important supplementary 
materials in the field of photoelectric detection (Tang et al., 2021). 
Researches on these lead-free systems provide important directions 
for the environmentally friendly applications of perovskite materials.

Traditional experimental methods for perovskite development 
are time-consuming and costly, while high-precision computational 
approaches suffer from high computational demands. Both struggle 
to efficiently explore perovskite chemical space, slowing research 
and development process. Despite the broad application prospects 
of perovskite materials, they currently face challenges such as 
a fragmented technological path, ambiguous predictive models, 
and low screening efficiency. This paper reviews the research 
progress to assist in technological breakthroughs. The structure 

is as follows: the first section highlights that the development of 
materials is constrained by lead toxicity and inefficient research 
and development, elucidating the role of artificial intelligence 
(AI) and its pathways; the second section introduces experimental 
databases of perovskite materials, high-throughput computational 
databases, as well as literature mining and multiscale computational 
techniques; sections three to five systematically outline feature 
extraction pathways and bottlenecks, detail machine learning 
predictive models and their applications, and elaborate on the cost 
reduction and efficiency improvement role of screening methods; 
the sixth section provides an overview of predictive research 
practices in seven major applications; the seventh section analyzes 
current model issues and forecasts technological advancements; the 
final section summarizes the transition of the role of AI, emphasizing 
interdisciplinary value and clarifying future directions.

Machine learning (ML) and high-throughput computing 
address these limitations by enabling rapid virtual screening 
and property prediction before experimentation (Alam and 
Prasad, 2025). AI integrates the Design-Build-Test-Learn (DBTL) 
cycle into a closed loop: it accelerates material design via predictive 
modeling, automates synthesis, streamlines characterization, 
and iteratively improves performance through feedback. For 
instance, Omidvar et al. (2024) used ML and automation to expedite 
perovskite discovery for wireless sensors, reducing errors. AI-driven 
high-throughput techniques thus accelerate both material discovery 
and industrial-scale development. 

1.2 Significance of the study

Significant progress has been made in perovskite materials 
research (e.g., References (Mao and Xiang, 2025; Chen et al., 2023; 
Chen J. L. et al., 2022)). However, dedicated studies on lead-
free perovskites remain insufficient. This study focuses exclusively 
on lead-free perovskites, delving into the compatibility between 
their material properties and machine learning methodologies. 
As shown in Figure 2, the system presents the typical workflow flow 
of material machine learning. It aims to address challenges such 
as multi-objective coupling and data scarcity, providing theoretical 
and practical guidance for the development of environmentally 
friendly perovskites. This research employs multiple methodologies 
including semi-supervised learning and transfer learning—to 
balance performance, cost, and stability requirements, thereby 
highlighting the necessity of this investigation.

Artificial intelligence (AI) offers novel approaches for 
perovskite research and development: rapid prediction of 
material stability through data modelling and high-throughput 
screening (Zhao et al., 2021). Siad et al. (2024) confirmed 
the exceptional thermal stability of the K2NaInX6 double 
perovskite via DFT. Wu et al. (2024) achieved precise bandgap 
prediction by integrating experimental and DFT data through 
transfer learning. The combination of AI and DFT can also predict 
defect transition energies. Future integration with automated 
platforms will drive on-demand perovskite design, accelerating 
commercialisation in optoelectronics and photovoltaics.

In recent years, the potential of data-driven and model-driven 
fusion approaches has become increasingly evident. The framework 
developed by Cheng et al. (2025), integrating feature engineering 
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FIGURE 2
The general workflow in materials machine learning.

with active learning, enhances the accuracy of performance 
prediction. This advances research and development from a trial-
and-error approach towards rational design, accelerating material 
discovery while offering novel pathways for elucidating structure-
function relationships. 

1.3 Outline the technology pathway for AI 
in perovskite research

In the field of perovskite research, the application of AI 
technology encompasses the entire process, including data 
collection, preprocessing, feature selection and extraction, model 
training and prediction, inverse design, experimental validation, 
and feedback. The AI-driven perovskite development process 
integrates multi-source data and extracts key electronic/crystal 
features through statistical analysis. ML models then correlate these 
features with performance metrics, optimized via cross-validation. 
For inverse design, genetic algorithms (Yang J. et al., 2023) and 
generative AI create novel crystal structures meeting target 

specifications. Automated high-throughput experiments validate 
AI-designed materials, with experimental feedback continuously 
improving models, forming a closed-loop research and development 
system that accelerates discovery from data to deployment. 

2 Perovskite materials database

In order to solve the problem of data dispersion in the research of 
perovskite materials, this section introduces experimental databases 
and high-throughput computing databases, and combines literature 
mining techniques with multiscale computational methods to 
provide key technical support for the performance prediction of 
such materials and the development of new materials. 

2.1 Experimental database

Building a comprehensive and efficient perovskite materials 
database is crucial for materials research, property prediction, and 
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TABLE 1  Database of commonly used materials.

Name URL Data type

The perovskite database project (PDP) https://perovskitedatabase.com/ Exp.

Springer materials https://materials.springer.com/ Comp. and Exp.

Materials project (MP) https://next-gen.materialsproject.org/ Comp.

Computational materials repository (CMR) https://cmr.fysik.dtu.dk Comp.

Materials platform for data science (MPDS) https://mpds.io Comp. and Exp.

The inorganic crystal structure database (ICSD) https://icsd.nist.gov/ Exp.

Automatic FLOW for materials discovery (AFLOW) http://aflowlib.org/ Comp.

application development. The database integrates experimental 
data, computational data, and literature information, providing 
researchers with rich resources to accelerate the discovery 
and optimisation of new materials. Table 1 lists commonly 
used databases for perovskite materials. The Inorganic Crystal 
Structure Database (ICSD) is the largest database of experimental 
inorganic crystal structures, with over 240,000 entries covering cell 
parameters, synthesis conditions, etc., useful for structural analysis, 
synthesis optimization, and theoretical validation. The Packet 
Crystal Photovoltaic Materials Database (PCPMD) compiles over 
20,000 data points on packet-crystal solar cells for material screening 
and comparison. The Inclusion Database, developed by Springer 
Materials and Duke University, provides detailed information on 
organic-inorganic hybrid inclusion photomaterials, aiding material 
property analysis and new material development. The Materials 
Platform for Data Science (MPDS), featuring the PAULING FILE 
database, aggregates data on over one million inorganic materials, 
offers search and analysis tools, and leverages machine learning and 
ab initio simulation for data-driven materials design.

2.2 High-throughput computational 
database

Key materials databases support perovskite research: (1) 
The Materials Genome Project provides experimental and 
high-throughput computational data including crystal/band 
structures; (2) Automatic Flow for Materials Discovery (AFLOW) 
automates large-scale calculations for structural optimization, 
elastic properties, and stability analysis; (3) The Technical University 
of Denmark’s Computational Materials Repository (open-source, 
Creative Commons licensed) stores electronic structure data 
spanning structural, electronic, elastic, thermodynamic, magnetic 
and optical properties, with web/Python interfaces for retrieval and 
analysis, supporting materials design, multiscale simulation and 
machine learning applications. 

2.3 Literature mining and structured data

Perovskite research leverages extensive literature from 
databases (Web of Science, Scopus, CNKI) and preprint platforms. 

Effective retrieval requires strategic keyword selection, Boolean 
operators, and quality filters (journal impact factors, author 
credentials). Natural language processing (NLP) techniques 
enable automated extraction of research articles via web 
crawlers for text mining. Figure 3 outlines a complete 
machine learning workflow, covering literature review, text 
preprocessing, feature extraction, model training, deployment, 
and final result visualization and analysis. Zhang J. et al. (2024) 
developed an advanced entity recognition method combining 
MatBERT embeddings, Convolutional Neural Networks 
(CNN) feature extraction, and Conditional Random Fields 
(CRF) decoding, achieving 1%–6% performance gains. This 
approach successfully identified 2,389 key entities from 
perovskite literature, significantly enhancing knowledge
extraction efficiency.

2.4 Multi-scale computational methods for 
training data generation

To overcome the limitations of Density Functional Theory 
(DFT) in describing specific properties such as band gaps 
and optical absorption, multi-scale computational methods are 
increasingly being applied to generate diverse, high-quality 
training data for machine learning models. These methods 
integrate different theoretical levels, achieving a balance between 
accuracy and computational cost, and are optimised for 
specific property prediction tasks. Table 2 summarises the 
theoretical levels corresponding to different computational 
methods and their advantages in terms of machine learning
training data.

3 Feature extraction

Feature extraction is the key link between material properties 
and performance. Leveraging data science and AI, it has become 
central to accelerating material development. There are currently 
five major technical paths. This section outlines the core aspects 
and bottlenecks, providing references for perovskite research and 
development. 
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FIGURE 3
Natural language processing (NLP) technology flowchart.

TABLE 2  Common computational methods in the field of materials calculation.

Computational method Theory type Advantages for ML training data

DFT First-principles Balances accuracy and efficiency; large existing datasets

GW approximation Many-body perturbation theory Corrects DFT bandgap underestimation

Time-dependent DFT (TD-DFT) Excited-state DFT Captures excited-state properties; lower cost than GW

Density functional tight binding (DFTB) Semi-empirical tight binding 10–100x faster than DFT

Reactive force field (ReaxFF) Classical force field Handles reactive processes over ns scales

Variational/Diffusion quantum Monte Carlo (VQMC/DQMC) Wave-function-based ab initio Near-experimental accuracy; small datasets

3.1 Feature extraction based on database 
and computational tools

Feature extraction from materials databases accelerates 
perovskite discovery by providing critical structural and 
electronic property data. ML tools and DFT calculations enable 
efficient extraction of key descriptors like lattice parameters 
and band structures (Hashimoto et al., 2025; Dean et al., 2021; 
Ward et al., 2018). Xue (Chen et al., 2024b) demonstrated this 
approach using 6,380 perovskites from Materials Project, generating 
300 descriptors via Matminer for bandgap prediction. While 
enabling high-throughput analysis of large datasets, challenges 
include data quality control, computational costs, and the 
need for feature selection to prevent overfitting from excessive
descriptors. 

3.2 Statistical and machine learning 
oriented feature extraction

Statistical and machine learning-based feature extraction plays 
a vital role in materials science by identifying performance-critical 
descriptors and reducing dimensionality. Methods like correlation 
analysis and Recursive Feature Elimination (RFE) enable efficient 
feature selection. As shown in Figure 4, a high-performance 
classification model based on molecular features is proposed. 
This model is improved based on relevant references (Zhao and 
Wang, 2022) and is specifically designed for the precise classification 

of the deformability and stability of perovskite materials. In 
Figures 4a–f, the performance differences of models corresponding 
to different numbers of features (21, 16, and 17) are demonstrated 
in the confusion matrix, confirming that by removing redundant 
features, the model still maintains a low false positive rate (0-1). 
This indicates that feature dimensionality reduction can prevent 
overfitting and enhance the generalization ability of the model. 
Li et al. (2018) demonstrated this by predicting perovskite oxide 
stability using just 70 of 791 features. Similarly, Pilania et al. (2016) 
identified 16 key descriptors from 47 for double perovskite bandgap 
prediction using Lasso regression. While these approaches enhance 
model efficiency and interpretability, challenges remain: reduced 
features may lose physicochemical meaning, improper selection 
risks overfitting, and computational complexity increases with 
dataset size.

3.3 Feature extraction with chemical and 
physical properties as the basis

The extraction of perovskite features is centred on the chemical 
composition and is divided into three aspects: the elemental level 
collects atomic weights, radii, valence electrons, electronegativity, 
etc., to reveal the bonding and electronic structure; the structural 
level extracts the tolerance factors, bond lengths, bond angles, lattice 
constants, and octahedral aberrations to correlate the bandgap 
and carrier behaviours; and the thermodynamic level calculates 
enthalpies, entropies, free energies, and defect energies to assess 
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FIGURE 4
Confusion matrixes (a–c) and ROC curves (d–f) for the perovskite formability prediction models trained with 21, 16, and 17 features, respectively. 
Feature importance of the 21 features in predicting the (g) formability and (h) stability of perovskites. (i) Pearson correlation coefficients between the 21 
features. Reprinted with permission from ref (Zhao and Wang, 2022).

the phase stability and synthesis feasibility. The three types of 
features collaborate to construct three-dimensional descriptors to 
support cross-scale performance prediction. Figures 4g,h displays 
the ranking of the importance of 21 features. This indicates that 
elemental-level features have a decisive impact on the stability of 
chemical bonds, while structural-level features affect the integrity 
of the crystal structure. Both types of features jointly influence the 
formation energy and stability of perovskite. Thoppil and Alankar 
(2022) evaluated the predictive capability and stability of features 
by collecting physical properties, thermodynamic parameters, and 
other relevant data. This method is comprehensive, has clear physical 
significance, and is easy to extend, providing a theoretical basis 
for the prediction and improvement of material characteristics. 
However, it also faces challenges, such as high computational costs 
and difficulties in obtaining certain property data. 

3.4 Feature processing under clustering 
and dimensionality reduction techniques

Clustering and dimensionality reduction-based feature 
processing methods utilize cluster analysis and dimensionality 

reduction techniques to process feature data. Cluster analysis is 
used to group feature data by clustering algorithms to reduce 
multicollinearity among features and reveal implicit patterns. 
Meanwhile, Principal Component Analysis (PCA) and other 
dimensionality reduction techniques are employed to reduce 
the dimensionality of high-dimensional feature data, which 
significantly reduces feature dimensionality, thereby facilitating 
model visualization and improving training efficiency.

Bhattacharya and Roy (2023) downsampled the data using 
Local Feature Analysis (LFA) and PCA to analyze the underlying 
structures and features, which in turn revealed similarities and 
differences between different chalcocite materials. Jin et al. (2025) 
developed a Transformer-based ct-UAE method to predict 
the properties of perovskite materials. They used the UMAP 
algorithm to reduce the dimensionality, mapping high-dimensional 
atomic embeddings into a two-dimensional space, and then 
classified them into three categories using the K-means algorithm. 
The advantages of ct-UAE include significant dimensionality 
reduction, deeper pattern understanding, and improved model 
interpretability. However, challenges include interpreting 
clustering results, information loss, and parameter selection
complexity. 
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3.5 Machine learning model-driven feature 
extraction

ML models are employed to extract features and automatically 
identify those that are most relevant to the performance of a 
target. This process is carried out using the internal mechanisms 
of Random Forest (RF) (Tang et al., 2020) and deep learning 
models, such as Convolutional Neural Networks (CNNs) 
(Khozeimeh et al., 2022). RF can analyze the importance of features 
and select the key ones that significantly influence the predicted 
target. In contrast, deep learning models can directly extract 
features from materials’ structural data to facilitate structural 
classification or performance prediction. Zhao et al. (2022) 
evaluated ML models for predicting halogenated perovskite 
stability and bandgaps, finding nonlinear integrated models 
achieved excellent accuracy while revealing structure-property 
relationships. Li X. et al. (2019) developed a CNN screening model 
using Magpie features, successfully identifying novel perovskites 
from 21,316 hypothetical structures. While offering advantages 
like automated feature extraction and improved accuracy, 
these approaches face challenges including model complexity, 
interpretability limitations, and overfitting risks with limited
training data.

In summary, ML models can achieve efficient extraction of 
key features of perovskite materials through feature importance 
analysis or direct modelling of structured data, laying the 
foundation for subsequent performance predictions. Figure 4i 
displays the Pearson correlation matrix, indicating a weak 
correlation between the tolerance factor and octahedral 
distortion. Including these two structural features as descriptors 
helps avoid feature redundancy and ensures complementary 
information. To further clarify the relationship between the 
various feature engineering methods discussed above and the 
machine learning models, as well as the target predictive 
attributes, a clear framework of ‘features-models-applications’ 
is provided for the construction of subsequent predictive 
models. Table 3 systematically summarises the core feature 
engineering techniques, types of input features, compatible 
machine learning methods, and corresponding target attributes 
involved in data-driven research on lead-free perovskite materials. 
This will serve as an important reference for Section 4, 
which elaborates on the principles and applications of various 
predictive models.

4 Predictive model of perovskite 
materials

Machine learning, through its data processing capabilities, 
offers effective methods for predicting performance and designing 
the structure of perovskite materials. Predictive models are 
categorised into four types: supervised learning, semi-supervised 
learning, unsupervised learning, and transfer learning. This chapter 
provides a detailed introduction to the principles, advantages, 
and applications of these models. 

4.1 Supervised learning model

4.1.1 Regression model
As the most basic method in regression analysis, the linear 

regression model assumes a linear relationship between input 
features and the target variables, and uses Ordinary Least Squares 
(OLS) to minimize the sum of squared errors to fit the model 
(Fitrianto and Xin, 2022). This method is effective for predicting 
specific performance parameters of perovskite materials that are 
linearly correlated, such as density (Kusuma et al., 2025). Figure 5 
shows the basic process of supervised machine learning: the dataset 
is divided into training and testing parts, and the algorithm builds a 
model using the training data and evaluates the model’s performance 
using the testing data.

Ridge Regression (RR) is an optimization of linear regression 
that addresses overfitting when features are highly correlated with 
each other by adding an L2 regularisation term to the loss function 
(Hastie, 2020). The method enhances the model’s stability by 
penalizing the sum of squares of the model coefficients. When 
predicting the properties of perovskites, RR can effectively enhance 
the model’s generalization ability if the number of features is 
significant and multicollinearity exists. Li R. et al. (2021) predicted 
the thermodynamic stability, crystal volume and oxygen vacancy 
formation energy of perovskite materials by the RR method. The 
results show that the RR method performs best in predicting 
thermodynamic stability. Bayesian Ridge Regression (BRR) 
combines Bayesian statistics and ridge regression, introducing L2 
regularisation (Hogg and Villar, 2021), to assess model parameter 
distributions within a Bayesian framework. It provides uncertainty 
estimates and is suitable for probabilistic analysis. Tao et al. (2021) 
used models such as Gradient Boosting Regression (GBR) and 
Random Forest (RF), with elements’ electronegativity and atomic 
radius as characteristics, to predict the band gaps of ABX3 type 
and double perovskite materials. They screened materials that 
met the requirements of solar cells (1.7–3.0eV), and some of the 
models had an R2 value of over 0.85. Yang et al. (2021) used the 
SVR model to predict perovskite bandgaps and screened out oxide 
double perovskites suitable for photovoltaic applications from a 
large number of virtual samples. Random Forest Regression (RFR) 
enhances prediction accuracy through ensemble decision trees, 
reducing overfitting risks via inherent randomness (Breiman, 2001). 
Its robustness with high-dimensional data makes it ideal for 
perovskite property prediction. Zhang J. et al. (2023) applied RFR 
to 1,306 double perovskite bandgaps, identifying bulk modulus, 
superconducting temperature, and cation electronegativity as key 
determinants. Similarly, Sharma et al. (2023) demonstrated RFR’s 
effectiveness in predicting formation energies and band gaps of 
sulfur-doped perovskites, successfully identifying optimal doped 
compounds for photovoltaic applications. The method excels in 
handling complex feature spaces while maintaining interpretability 
of critical performance drivers. Gradient Boosting Regression 
(GBR) is a learning method based on gradient boosting that 
improves prediction accuracy by gradually introducing new models. 
It optimises the model by minimising the loss function and 
fits a new model to the residuals in each iteration to enhance 
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TABLE 3  Application of machine learning methods in material property-related tasks.

Input features ML methods Target attributes

Bandgap energy; grain size; interface trap density Random forest (RF); BP neural network; gradient 
boosting tree (GBR)

Power conversion efficiency (PCE)

Toleration factor (t); oxygen octahedral factor (μ); the 
number of d orbital electrons of B-site ions; polarity of 
organic cations

Support vector regression (SVR); multi-layer 
perceptron (MLP)

Thermodynamic stability; optical band gap (Eg)

The ionic radius of A; electronegativity of B-type ions; 
halogen element ratio

XGBoost; LightGBM Carrier mobility (μe/μh); defect state density (Nt)

Perovskite XRD diffraction pattern; topological 
information of the crystal structure

Convolutional neural network (CNN); graph neural 
networks (GNN)

Relative crystallinity; phase transition temperature

Humidity stability test data; decay rate of PCE after 
ultraviolet aging

Logistic regression (LR); random forest classifier Long-term stability

Crystal structure; element composition ratio; crystal 
field splitting energy

Gaussian process regression (GPR) Magnetic properties

Spectral characteristics Principal component regression (PCR) Elemental chemical state; impurity content

FIGURE 5
Supervised learning model technology in perovskite material 
prediction.

predictive power. GBR excels at handling complex datasets, non-
linear relationships, and large-scale data (Friedman, 2001). Extreme 
Gradient Boosting (XGBoost) is an optimized gradient-boosting 
algorithm that enhances performance by introducing regularization 
terms and optimizing the tree structure. It performs well in 
large-scale data processing and automatic handling of missing 
values. Touati et al. (2024) classified the crystal structures of 

381 halide and oxide perovskites using XGBoost, achieving an 
accuracy rate of 76.62%. Gaussian Process Regression (GPR) is a 
probabilistic model that assumes the relationships between data 
points (Henderson et al., 2023) based on Gaussian distribution, 
which is modeled through covariance calculations. The advantage 
of GPR lies in its ability to estimate and predict uncertainties 
while minimizing assumptions about data distribution. Artificial 
Neural Network (ANN) is a method that mimics the human 
brain by simulating the connection structure of human brain 
neurons. Processing complex nonlinear data through multi-layer 
networks shows strong adaptability (Katsikioti, 2024; Kumar and 
Sivamani, 2021). Rahman et al. (2025) combined high-throughput 
synthesis, high-resolution spectroscopy techniques and machine 
learning, not only efficiently synthesizing perovskites with multiple 
chemical compositions but also accurately predicting their chemical 
compositions using optical data. This research offers a novel method 
for screening and optimizing perovskite materials. The Lasso model 
is used for feature selection and regression analysis. By incorporating 
an L1 regularization term, it achieves sparse solutions, which reduces 
model complexity and enhances interpretability (Ueno et al., 2021). 
In materials science, it helps predict the thermoelectric properties 
of perovskite and supports the design and optimization of new 
materials.

For bandgap prediction, a property where DFT typically 
underestimates values by 0.5–1.0 eV, hybrid ML models 
integrating high-level computational data have shown significant 
improvements. Guo and Lin (2021) used four machine learning 
algorithms, including random forest and ridge regression, to build 
models. The results showed that the random forest model had the 
best predictive performance; this model can effectively capture the 
nonlinear relationship between the band gap, the highest occupied 
energy level (hoe_b1), and the cubic phase structure, providing 
support for the efficient development of perovskite photovoltaic 
materials. The optimised model reduced the band gap prediction 
error for lead-free perovskites (e.g., Cs2AgBiBr6) from 0.48 eV 
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to 0.19 eV, matching experimental measurements. Li and Wang 
(2024) generated 1,200 TD-DFT optical absorption spectra for 
hybrid organic-inorganic perovskites (HOIPs) with different A-site 
cations. This dataset was used to train a CNN model for predicting 
absorption edge wavelengths, achieving a root-mean-square error 
(RMSE) of 5 nm—far better than models trained on DFT. 

4.1.2 Classification model
Logistic regression is a type of generalized linear model mainly 

used in binary classification problems. It uses the Sigmoid function 
to map the output of linear regression to the (0,1) range for 
classification, where a probability value close to 1 indicates a positive 
class classification and a value close to 0 indicates a negative 
class classification. In the research of perovskite materials, the 
logistic regression model uses the material properties as input to 
predict the probability of the material having specific attributes, 
providing a preliminary screening tool for experimental research, 
and can predict the thermodynamic stability of the material 
(Zhu et al., 2024; Sun and Yin, 2017), and whether it has an ideal 
bandgap range.

RF is an ensemble learning method that constructs multiple 
decision trees and integrates their results. As shown in Figure 6, 
this is a schematic of the RF classification process. This method 
improves classification accuracy and stability by integrating multiple 
weak classifiers. It can be used to predict material properties and 
evaluate feature importance. Sudha Priyanga et al. (2022) used the 
random forest algorithm to predict the bandgap characteristics of 
perovskite oxides, considering multiple factors, and trained the 
model on a computationally generated dataset. The results showed 
that the algorithm achieved an accuracy rate of approximately 91%, 
outperforming other models.

As shown in Figure 7a, the support vector machine (SVM) is a 
classification model that operates under the principle of maximizing 
intervals to find an optimal hyperplane that differentiates 
between various data classes (Tharwat, 2020). When the data 
is linearly separable, SVM determines this optimal hyperplane 
by maximizing the margin between the classes. If the data is 
not linearly separable, SVM employs a kernel function to map 
the data into a higher-dimensional space, allowing for linear 
separation. SVM is commonly used in the evaluation of perovskite 
materials, particularly for predicting properties such as bandgaps 
(Yang C. et al., 2023), formation energies. Although SVM is effective 
for both high-dimensional and small sample data, it is sensitive to 
the choice of kernel function and requires careful parameter tuning. 
Additionally, it has higher computational complexity compared 
to some other models. As shown in Figure 7b, Decision Trees 
(DTs) utilize hierarchical splitting based on features to classify 
data. Jacobs et al. (2024) employed a Random Forest (ensemble 
DT) model to predict catalytic properties using computationally 
efficient features. This approach screened >19 million perovskites, 
successfully identifying cost-effective, stable, and high-performance 
candidates. DT methods enable rapid property prediction while 
maintaining interpretability through their tree-based structure. 
Neural networks (NNs) consist of multiple neurons that learn 
features and patterns of data by interconnecting and adjusting the 
weights of input, hidden, and output layers (Figure 7c). Various 
neural network architectures, such as Multi-layer Perceptron 
(MLP), Convolutional Neural Network (CNN), and Recurrent 

Neural Network (RNN) (Tena et al., 2021; Benidis et al., 2022), 
compute outputs through forward propagation and optimize 
weights via backpropagation to minimize the loss function. Sun 
(Sun and Yuan, 2023) constructed the Crystal Graph and Chemical 
Restriction Attention-based Network (CGCR-ABNET) model 
using transfer learning, which effectively predicted the bandgap of 
materials. Xie and Grossman (2018a) successfully used the Crystal 
Graph Convolutional Neural Network (CGCNN) framework 
to predict the total formation energy of perovskite crystals. Its 
performance was similar to the error between the calculated DFT 
value and the experimental value, indicating that the model has 
high accuracy.

K-Nearest Neighbors (KNN) is an instance-based learning 
method that identifies the K nearest sample points, known as 
nearest neighbors, by calculating the distance between a new sample 
and those in the training set (Figure 7d). The classification of 
the new sample is determined based on the categories of these 
nearest neighbors, often through a voting process. This model is 
simple to implement, does not require a predetermined training 
phase, and performs well with small datasets. However, it is 
computationally intensive when dealing with large-scale and high-
dimensional data and is more sensitive to noise and outliers
in the data.

XGBoost is an integrated learning method based on gradient-
boosting technology (Figure 7e). It effectively addresses the 
overfitting problem commonly found in traditional gradient-
boosting algorithms and enhances computational efficiency 
by optimizing the objective function and incorporating 
regularization terms. Chen M. et al. (2024) applied both ML 
and the Shapley Additive Explanations (SHAP) method to 
train an XGBoost model to predict the formation energy of
perovskite materials.

Adaptive Boosting (AdaBoost) is an ensemble learning 
technique that operates within the Boosting framework. It trains 
multiple weak classifiers iteratively and integrates them into a 
single strong classifier. During each iteration, AdaBoost adjusts 
the weights of the samples based on those that were misclassified in 
the previous round. It merges the results of the weak classifiers 
using a weighted voting mechanism to form the final strong 
classifier. Hayee et al. (2016) applied AdaBoost to predict the 
bandgap of perovskite materials. They trained the model by 
incorporating chemical and crystal structure characteristics, along 
with experimental data. The results indicated that AdaBoost 
performed well in predicting the bandgap.

Light Gradient Boosting Machine (LightGBM) is an efficient 
gradient-boosting decision tree algorithm that enhances model 
accuracy by constructing multiple decision trees (Figure 7f). 
It accelerates the search for feature segmentation points using 
a histogram algorithm and employs a policy optimization 
tree construction based on leaf nodes. In addition, LightGBM 
also introduces gradient one-sided sampling (GOSS) and 
exclusive feature bundling (EFB) to enhance computational 
speed further. Wang J. et al. (2024) applied the LightGBM algorithm 
to construct a prediction model for predicting the thermodynamic 
phase stability of organic-inorganic hybrid perovskite materials. The 
model prediction results are interpreted using SHAP value analysis 
to identify the main features that affect the thermodynamic phase 
stability of perovskites. 
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FIGURE 6
Random Forest algorithm for classification.

FIGURE 7
Schematic representation of the principles of the classification algorithm for (a) SVM (Sudha Priyanga et al., 2022). (b) DT (Sun and Yuan, 2023). (c) NNs 
(Yang C. et al., 2023; Jacobs et al., 2024). (d) KNN (Zhang, 2022). (e) XGBoost (Chen M. et al., 2024). (f) LightGBM (Wang J. et al., 2024).
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FIGURE 8
Flowchart of Graph SSL algorithm.

4.2 Semi-supervised learning

Self-training (Amini et al., 2023) begins by training an initial 
model using a small amount of labeled perovskite material data. The 
model then predicts outcomes for the unlabeled data and retrains 
itself by incorporating unlabeled data that it predicts with high 
confidence into the labeled dataset. By continually iterating this 
process, the model’s performance and generalization are improved. 
Co-training (Tao et al., 2021) involves the construction of two 
different classifiers or models that learn from different features or 
perspectives on the perovskite material data. These two classifiers 
cooperate during the training process, alternately using each 
other’s predictions to extend the labeled dataset, thus continuously 
improving their respective performance. Figure 8 outlines an 
end-to-end graph-based learning process. Graph Semi-supervised 
Learning (Gu et al., 2022) (Graph SSL) represents perovskite 
material data as a graph structure, with nodes representing material 
samples and edges indicating similarities or correlations between 
samples. The unlabeled nodes are labeled by propagating the 
information from the labeled nodes in the graph. This approach 
enables the effective utilization of a large amount of unlabeled 
data while fully exploiting the intrinsic connections and similarities 
among perovskite materials. The unsupervised closed loop is 
illustrated in Figure 8.

4.3 Unsupervised learning

As shown in Figure 9, an end-to-end unsupervised machine-
learning workflow from raw material data to new material design. 
Using K-Means cluster analysis, data related to perovskite materials, 
including their constituent elements, structural parameters, and 
performance indexes, can be clustered (Laufer et al., 2023). 
Jiang et al. (2024) employed K-Means clustering to preprocess the 
data, which enhanced the accuracy of performance predictions for 
perovskite oxides in the oxygen evolution reaction. Saha et al. (2021) 
applied a cohesive hierarchical clustering algorithm to screen 
compounds with potential for photovoltaic applications from a 
dataset containing 540 halide double perovskites. The Density-based 
Spatial Clustering of Applications with Noise (DBSCAN) clustering 

algorithm is well-suited for analyzing data on perovskite materials 
with complex distributions. It can automatically detect irregular 
clusters, making it effective for identifying clustering structures 
even in the presence of noise and outliers (Ghezelbash et al., 2025). 
t-distributed Stochastic Neighbor Embedding (t-SNE) is frequently 
used to visualize high-dimensional data related to perovskite 
materials. It transforms high-dimensional data into two-
dimensional or three-dimensional spaces, allowing similar data 
points to cluster together while making it easier to distinguish 
between different data points (Cai and Ma, 2022). The complex data 
related to perovskite materials were simplified using PCA, which 
helps in extracting the principal components (Boubchir et al., 2022). 
PCA can transform a perovskite dataset containing elemental 
composition, structural information and performance parameters 
into several principal components, which can explain most of 
the variance of the data. Raihan et al. (2023) applied PCA to 
three materials science datasets, reducing multiple features to two 
principal components to facilitate intuitive analysis and visualization 
of the patterns and relationships within the datasets.

4.4 Transfer learning

The core advantage of transfer learning lies in leveraging large-
scale related datasets to pre-train a source model, which can 
then be fine-tuned to adapt to small sample perovskite data. This 
approach enables accurate and efficient predictions of the physical 
properties of materials, conserving computational resources and 
enhancing the model’s generalisation ability. In the prediction of 
the stability of perovskite oxides, Li Y. et al. (2023) constructed 
a framework by combining a ‘centre-environment’ feature model 
with deep neural networks. After pre-training and fine-tuning 
with a small amount of data, the model’s prediction accuracy 
significantly improved, successfully screening 1,314 types of stable 
perovskite structures, thereby validating its effectiveness in small-
sample material screening.

Furthermore, low-level computational methods such as DFTB 
and ReaxFF are crucial in addressing the issue of data scarcity, 
particularly the DFTB method. By comparing with DFT calculations 
and experimental data, Vicent-Luna et al. (2021) selected 18 ABX3
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FIGURE 9
The application of unsupervised learning in material exploration.

type metal halide perovskites (MHPs) as the research objects 
and systematically evaluated the performance of the GFN1-xTB 
method in calculating the structures, electronic and vibrational 
properties of MHPs, verified its applicability as an efficient 
alternative to DFT, and pointed out the limitations that need
to be optimized. 

5 Screening of excellent performance 
perovskite candidates

With the development of computational and intelligent 
technologies, efficient theoretical screening strategies have become 
crucial. This chapter will elaborate on four core screening 
methods: structural descriptor methods, DFT calculations, high-
throughput computations, and machine learning—discussing 
their principles, advantages and disadvantages, and
application examples. 

5.1 Structure descriptor method

5.1.1 Element substitution
The method of investigating the properties of new materials 

by changing the elements at specific positions in the perovskite 
structure is known as the elemental substitution method. The 
advantage is that new material combinations can be generated 
quickly based on known perovskite structures, and potential 
materials can be initially screened using theoretical calculations. 
Jacobsson et al. (2015) have found that Sr can be a suitable candidate, 
and replacing Pb in perovskites with Sr does not alter the properties 
of Pb, given the nearly identical ionic radii of Sr2+ and Pb2+. This 
substitution does not change the crystal structure of the material, 
and the stability of CH3NH3SrI3 is higher than that of CH3NH3PbI3. 
In addition, Tian et al. (2025) proposed a divalent cation substitution 

strategy that can alleviate the ionic migration problem while limiting 
phase separation. It was shown that the above problem in wide 
bandgap perovskites could be significantly suppressed by partially 
replacing cations at the A-site with methylene diammonium cations 
(MDA2+). 

5.1.2 Tolerance factor
Tolerance Factor (TF) serves as a parameter to assess the stability 

of perovskite structures. The value of the tolerance factor ranges 
from 0 to 1. In general, the stability of the perovskite structure is 
better when t is closer to 1. By calculating the tolerance factor for 
different material combinations, a preliminary assessment of the 
structural stability of the material can be made. Turnley et al. (2024) 
proposed a new three-step screening process, which consists 
of an initial screening based on octahedral factors, a modified 
tolerance factor screening and a screening for electronegativity
differences. 

5.1.3 Octahedral factors
The octahedral factor (μ) measures the degree of size matching 

between B-site ions and X-site ions. Typically, μ value close 
to 1 indicates that the B-site ions are better embedded in the 
octahedron composed of X-site ions, which enhances the stability 
of the perovskite structure. The structural stability after B-site ion 
replacement can be predicted using the octahedral factor. Recent 
studies have screened 760 Cs2B2+B’2+X6 double perovskite using 
high-throughput methods, which include tolerance factor screening, 
optical property calculation, and correction for heterozygous 
generalized function (Li M. et al., 2023). Kumar et al. (2008) found 
that by analyzing 173 ABO3 perovskites, the octahedral factor is 
of equal importance to the TF and proposed a two-dimensional 
empirical structure map method based on the octahedral factor 
and the tolerance factor for predicting the formation ability of 
perovskite-type oxides. 
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5.2 Density functional theory calculation

Density functional theory (DFT) calculation methods, based 
on quantum mechanics, are widely used in the study of electronic 
structure in materials. DFT calculations can be leveraged to 
predict the stability and optoelectronic properties of perovskites by 
calculating parameters such as the energy band structure, density 
of states, and total energy (Lu et al., 2021) and to screen out 
candidate materials with excellent properties. Its advantage is that 
it can provide accurate theoretical predictions and help researchers 
understand the physicochemical properties of materials in depth. 
However, the computational cost is relatively high, so it is mainly 
used for the accurate analysis of a small number of candidate 
materials. Islam and Hossain (2020) investigated the structural, 
optical, electronic and mechanical properties of CsSnCl3 perovskites 
under different hydrostatic pressures by DFT calculations. It was 
found that the absorption edge of CsSnCl3 shifted to the low-energy 
region with increasing pressure, and its absorbance, conductivity, 
and dielectric constant increased. The DFT calculations provide a 
crucial theoretical foundation for the study of perovskite materials. 

5.3 High-throughput calculations

High-throughput computing combines computational 
simulation and data processing to utilize large-scale computations 
for screening materials based on specific properties. In the screening 
of perovskite materials, high-throughput computing utilizes an 
automated computational process that can rapidly process data 
from vast material combinations to screen candidates with superior 
properties quickly. The advantage of this technique is its speed 
in processing large amounts of data, which improves screening 
efficiency. However, it faces the difficulties of computational 
accuracy and complexity of data processing. 

5.4 Machine learning approach

Over the past several years, ML techniques have gained 
increasing popularity in materials science. By constructing datasets 
and training ML models, one can quickly predict the properties 
of perovskite material, thereby screening for potential high-
performance materials. The advantages of ML methods lie in their 
ability to deal with non-linear relationships of high complexity and 
their efficiency in quickly screening a large number of candidates. 
Standard machine learning algorithms include RF, NNs, SVM, and 
Gradient-boosting Regression Trees (GBRT) (Peng et al., 2024). 
Zhai et al. (2022) employed a neural network model in conjunction 
with elemental characterization to accurately predict the area-
specific resistance (ASR) of perovskite oxides and to screen 
out high-performing materials. Landini et al. (2022) achieved a 
reasonably accurate prediction of bandgaps by training a machine-
learning model on 200 structures. Wu and Wang (2019) screened 
230,808 HOIP candidates by combining ML and DFT techniques, 
identifying 132 promising materials. Thus, machine learning can 
efficiently screen perovskite candidates with excellent properties, 
providing strong support for experimental synthesis and practical 
applications. 

6 Examples of predictive studies on 
perovskite materials

When studying perovskite materials, traditional methods are 
inefficient and struggle to cope with the vast compositional 
space. Predictive research that combines high-throughput data and 
machine learning can accurately anticipate material properties and 
swiftly screen candidate materials. This section provides an overview 
of the predictive research on perovskite materials across seven 
core directions, including bandgap, stability, and photoconversion 
efficiency, covering mainstream algorithms, model accuracy, and 
challenges. 

6.1 Bandgap performance prediction

The bandgap is an electronic structural property of a material 
that reflects the energy separation between the highest energy level 
of the valence band and the lowest energy level of the conduction 
band of the material. The size of the bandgap determines how well 
the material can absorb and emit light: the wider the bandgap, the 
higher the energy of light absorbed by the material; the narrower 
the bandgap, the lower the energy of light absorbed. Figure 10a 
demonstrates the prediction process through the pathway of 
‘extracting material physicochemical characteristics→constructing a 
model→outputting bandgap prediction results, intuitively reflecting 
the practicality of machine learning in bandgap prediction. 
Researchers often use bandgap prediction to assess the suitability of 
materials for use in optoelectronic devices, such as solar cells, which 
require a suitable bandgap to maximize sunlight absorption, and 
light-emitting diodes, whose bandgap affects the color of the light 
they emit. Predicting the bandgap enables the rapid identification of 
potential materials and facilitates the development of new materials. 
The following text introduces the application of various machine 
learning models in predicting the perovskite bandgap.

Sabagh Moeini et al. (2024) investigated the application of 
machine learning in predicting the bandgap of low-symmetry 
perovskites. They utilized machine learning models to make 
predictions based on the characteristic features of 40 elements. 
Wu and Wang (2020) applied the GBR algorithm to predict 
the electronic bandgap of HOIPs. The model was optimized for 
hyperparameters by a grid search technique and a cross-validation 
procedure, and 32 features were created to describe the physical 
and chemical properties of HOIPs. Two hundred nine orthogonal 
analogs of HOIPs with suitable bandgaps were screened. The 
component diversity of 136 types of 2D HOIPs in Figure 10b 
represents the high-dimensional screening challenge that needs 
to be addressed by machine learning. This provides a diverse set 
of feature samples for the model and lays a data foundation for 
the subsequent screening of 2D HOIPs with suitable bandgaps. 
Figure 10c is key to validating the model’s accuracy. From the 
scatter distribution, it can be observed that the predicted values 
closely fit the experimental values, thereby validating the reliability 
of ML models. This also indirectly addresses the issue of low 
efficiency associated with traditional methods mentioned in the 
introduction of chapter 6, demonstrating that machine learning 
can replace certain repetitive experiments and expedite material 
screening. Sudha Priyanga et al. (2022) constructed a database 
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FIGURE 10
(a) Predicting the band gap of HOIPs via machine learning methods. Reproduced with permission from Ref. (Wan et al., 2021). (b) The composition of 
136 2D HOIPs. Reproduced with permission from Ref. (Wan et al., 2021). (c) Scatter plots comparing predicted and experimental values. Reproduced 
with permission from Ref. (Wan et al., 2021).

of 5,329 perovskite oxides and selected a variety of elemental 
attributes as features for predicting bandgap properties of perovskite 
oxides. The RF algorithm was identified as the best performer 
in predicting the bandgap type with an accuracy of 91%. This 
study reveals the effect of key features, such as average ionic 
properties and electronegativity, on the bandgap type and further 
explains the model prediction results using SHAP analysis. Figure 11 
shows an interpretable material bandgap prediction process with 
SHAP interpretation. Ghosh and Chowdhury (2024) employed the 
ML model and first-principles DFT calculations based on 1,563 
inorganic nitride perovskite (ABN3) data to investigate the bandgap 
prediction problem for these materials. Four ML models were 
used to carry out predictions, and the RFR model achieved the 
highest prediction accuracy. The bandgap values of two new nitride 
perovskites, CeMoN3 and CeWN3, were successfully predicted. 
Li Y. et al. (2021) predicted the bandgap of perovskite materials 
through machine learning, aiming to enhance the performance 
of solar cells and LEDs. Research indicates that machine learning 
algorithms can accurately predict the bandgap, particularly neural 
network algorithms, which exhibit high prediction accuracy (RMSE 
is 0.05 eV, and the Pearson coefficient is greater than 0.99). It was 
further indicated that the bandgap is affected by A-site cations and 
halide ions acting in concert, and altering these components can 
modulate the bandgap. Ren et al. (2024) applied an interpretable 
integrated learning approach to investigate bandgap prediction 

of halide perovskite materials using 245 trial data. The study 
indicated that the prediction accuracy of the integrated learning 
Decision Tree model was high. These studies have not only 
achieved high-precision prediction of the bandgap of hybridized 
perovskites through machine learning techniques but also revealed 
its quantitative relationship with physical covariates, providing 
new research methods and theoretical support for the field of 
materials science. Although these studies have made breakthroughs 
in high-precision prediction and interpretability, they still face 
challenges posed by the small size of the dataset and the complexity 
of the model.

6.2 Stability predictions

Stability is crucial for perovskite materials, as it directly 
affects the performance stability and reliability of the materials in 
practical applications. Stable perovskite materials can maintain their 
structural and functional properties under different environmental 
conditions. Usually, we predict the stability of perovskite materials 
by the Ehull value (Chen L. P. et al., 2022), which is an energy-
based stability index used to assess the thermodynamic stability of 
a material. The smaller the Ehull value, the more stable the material 
material is, and the less likely it is to decompose or undergo a phase 
transition. The prediction of Ehull enables the screening of perovskite 
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FIGURE 11
Prediction and interpretation of ABX3 type perovskite bandgap.

materials with high stability under specific conditions. Next, we will 
explore the application of stability prediction for different kinds of 
perovskites.

Emery and Wolverton (2017) applied an High-Throughput 
Density Functional Theory (HT-DFT) methodology and analyzed 
5,329 data on ABO3 perovskites. The investigation encompassed 
properties such as formation energy and stability, and 395 
compounds were identified as predicted to be thermodynamically 
stable. Zhao et al. (2024) analyzed 1,133 perovskite oxide data 
using an interpretable machine learning approach, focusing on 
investigating the predictions of thermodynamic stability and 
Ehull for these materials. The results show that the constructed 
classification model, eXtreme Gradient Boosting Classifier trained 
on 23 features (XGBC-23), successfully screened 682,143 stable 
perovskite oxides; the regression model, eXtreme Gradient Boosting 
Regressor trained on 144 features (XGBR-144), effectively predicted 
the Ehull values of stable perovskites. Zhao and Wang (2022) used 
a RF classifier based on 343 data of known ABO3 compounds to 
investigate the perovskite oxide formation capacity and stability. 
In investigating the lead-free organic-inorganic hybrid perovskite 
material A2BB’X6, Cai et al. (2022) analyzed 180,038 compound data 
using machine learning and HT-DFT calculation techniques. Wu 
and Wang (2020) first trained a database using a previously 
generated dataset from a round of machine learning, employing a 
gradient boosting regression model. After predicting 209 potentially 
stable HOIPs through charge neutrality and structural stability 
screening, they further verified them using DFT, ultimately 
confirming 96 materials with photovoltaic-compatible bandgaps 
and chemical, thermal, and environmental stability, achieving a 
prediction of stable HOIPs. Research shows that the selected HOIPs 
are stable at room temperature, and the perovskite structure remains 
unchanged in the simulation. In this study, the progressive machine 
learning method was employed to effectively screen out HOIP 
materials with suitable bandgaps, stability, and non-toxicity. 

6.3 Formation of energy forecasts

Their formation energy can be used to measure the stability of 
perovskite materials. By calculating and regulating the formation 
energy, the synthesis conditions and properties of materials can be 
optimized, guiding the application of perovskite materials in fields 
such as optoelectronic devices.

Xie and Grossman (2018b) employed the Graph Convolutional 
Neural Network (CGCNN) in combination with multiple material 
databases to investigate the methods for predicting the formation 
energy of materials. Alhashmi et al. (2023) employed a PBE 
functional calculation method based on DFT to establish a dataset 
comprising 81 perovskite compounds. Through Weka and Matlab 
program analysis, they found that compounds with cubic structures 
had the highest bandgap and formation energy but the lowest 
dielectric constant. Zhang et al. (2021) employed an interpretable 
machine learning approach to investigate the prediction of organic-
inorganic mixed perovskite structures, utilizing 102 experimental 
and theoretical calculation data. The results show that the trained 
XGBoost model excels in predicting HOIP formation. Through 
high-throughput screening, 198 non-toxic candidate HOIPs were 
screened from 18,560 virtual samples, and the probability of 
formation ability of all of them exceeded 0.99. Xu et al. (2018) 
investigated the formation ability of perovskite materials by using 
3,354 perovskite compound data through data cleaning and machine 
learning methods. The research expanded the perovskite data, 
corrected the errors in the previous data, and achieved a prediction 
accuracy rate of 96.3% through machine learning.

Breakthroughs have been made in the research on predicting 
the formation of perovskite materials, and machine learning has 
facilitated the design and screening of materials. However, issues 
such as data quality, model interpretability and experimental 
verification need to be addressed to promote its application 
in fields such as optoelectronic devices. Future research should 
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combine theoretical calculations with experiments to enhance the 
accuracy and reliability of prediction models, thereby laying a solid 
foundation for the development and application of new materials. 

6.4 Photoelectric conversion efficiency 
(PCE) performance prediction

The key performance indicator of perovskite materials is the 
photoelectric conversion efficiency, which demonstrates the ability 
to convert light energy into electrical energy. The efficiency of 
perovskite solar cells has been continuously improving in recent 
years thanks to the material’s excellent light absorption, carrier 
diffusion length and adjustable bandgap. Hussain et al. (2023) 
investigated the PCE of perovskite solar cells using a two-
step prediction methodology based on 42,000 experimental 
data points. Workman et al. (2020) explored the problem of 
predicting the photoelectronic properties of chalcogenide solar 
cells using ML methods like ANN, SVR, and RF with a dataset that 
contains various features of perovskite materials such as chemical 
composition, structural properties, and photovoltaic performance. 

6.5 Crystal structure prediction

The properties of perovskite materials are significantly affected 
by the crystal structure. The diversity of crystal structures can be 
utilized to optimize optoelectronic properties, such as bandgap, 
carrier mobility, and light absorption capacity, by adjusting the 
elemental combinations of A, B, and X sites to meet different 
application requirements. Meanwhile, the stability of the crystal 
structure also directly affects the durability of the material under 
thermal, chemical and mechanical environments, thus influencing 
its reliability and service life in practical applications. Additionally, 
the designability of crystal structures enables their widespread 
application in the energy and photovoltaic fields. Zhang and 
Xu (2021) investigated the problem of predicting the lattice 
constants of cubic perovskite oxides and halides based on 149 
cubic perovskite data using the Gaussian Process Regression 
(GPR) method. Chang et al. (2024) applied the ShotgunCSP 
method to investigate the problem of predicting stable or substable 
crystal structures based on 3,354 virtually generated crystal 
structure data. Zhang L. et al. (2023) utilized RF and Bond-valence 
Vector Sum (BVVS) features to identify the crystal structure of 
1,647 perovskite data sets automatically. These studies offer new 
approaches for rapidly, efficiently, and economically determining 
the structure of perovskites, thereby avoiding expensive DFT 
calculations, reducing computational load, and accelerating the 
design and discovery of new materials. 

6.6 Prediction of ferroelectric properties

The ferroelectric properties of perovskite materials originate 
from the displacement of ions or the arrangement of electric dipoles 
within their crystal structure, exhibiting spontaneous polarization 
and polarization reversal characteristics. This has application 
potential in fields such as non-volatile memory and sensors, which 

is crucial for understanding the relationship between structure and 
characteristics and optimizing material design. Lu et al. (2024) 
constructed a ferroelectricity classification model for ABO3-type 
perovskites, which can predict properties such as bandgap and 
dielectric loss of perovskite materials. This model designs perovskite 
materials with specific properties for different application scenarios. 
To identify new inorganic oxide perovskites that may possess 
ferroelectric properties, Min and Cho (2020) proposed an active 
learning model to estimate the bandgap and formation energy. The 
model was shown to be reliable using only an initial dataset of no 
more than 10% of the entire material space. By actively learning 30 
percent of the data from the entire dataset, more than 90 percent of 
satisfactory materials were successfully screened. 

6.7 Defect performance prediction

The properties of perovskite materials are significantly affected 
by the nature of the defects. Point defects, line defects, and surface 
defects are usual defects. These can have an impact on the material’s 
electrical, optical, and mechanical properties. Modulating defects 
by optimizing synthesis conditions or employing doping techniques 
can enhance the properties of the materials and strengthen their 
potential for applications in optoelectronics. Wu et al. (2023) 
developed a method using machine learning to predict and evaluate 
defect transfer energy levels and constructed multiple machine 
learning models to investigate the connection between perovskite 
defect energy levels and these models. It was found that the 
combination of artificial intelligence techniques can accurately 
predict the stability of perovskite defects and their physicochemical 
properties, providing theoretical guidance for enhancing highly 
efficient and perovskite-based optoelectronic devices with high 
performance.

7 Challenges and future directions

This section first analyses the existing issues in predictive 
research on perovskite materials, and then looks forward to 
cutting-edge technological directions such as multimodal learning, 
robotic-AI closed-loop systems, and the collaboration of quantum 
computing and AI, to provide insights for overcoming challenges 
and accelerating the development of new materials. 

7.1 Current limitations

The core challenge in perovskite research lies in the low 
quality of data and the lack of standards (Valencia et al., 2025): 
significant discrepancies between experimental processes and 
equipment, biases in DFT calculations (Li Z. et al., 2019) and 
noise/lack of data leading to wrong laws for model learning 
(Alzraiee and Niswonger, 2024; Ahmad et al., 2024; Gupta and 
Gupta, 2019; Talapatra et al., 2021). A major limitation of current AI-
based perovskite research is its excessive reliance on DFT-derived 
data, which further amplifies the aforementioned biases in DFT 
calculations and leads to biased machine learning models based on 
inaccurately predicted properties.
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FIGURE 12
Robotics-AI closed loop intelligent R & D cycle technology architecture.

DFT underestimates the bandgap of halide perovskites by 
0.8–1.2 eV. As a result, ML models trained solely on DFT data 
systematically underestimate the experimental bandgap, which 
also affects the accuracy of learning laws related to the bandgap 
in perovskite research. DFT fails to capture processes on long 
timescales, leading to a lack of training data for machine learning 
models aimed at long-term stability—further exacerbating the ‘small 
sample’ (Sum et al., 2016; Song et al., 2015) problem in perovskite 
research when investigating long-term stability. Experimental costs 
are high and time-consuming, and small samples are insufficient 
to support machine learning; transfer learning can alleviate the 
issue of data scarcity (Parker Tian et al., 2024), but cross-domain 
adaptation remains challenging (Jiang et al., 2022b). Although 
deep learning is highly accurate in predictions, it operates as a 
‘black box’ and cannot reveal the underlying physical mechanisms 
(Yao et al., 2025; Obada et al., 2023), making it difficult to guide 
experimental and theoretical developments. 

7.2 Frontier technology outlook

Multimodal learning fusion experiments and computational 
data (Shao et al., 2025) reveal structure-property relationships, 
enhancing prediction reliability. As illustrated in Figure 12, active 
learning (Du et al., 2017) and automated experiments form a 
robot-AI closed-loop system (Li et al., 2020; Moon et al., 2024; 
Sun et al., 2019), accelerating iteration, reducing costs, 
and improving efficiency through high-throughput synthetic 
characterisation and AI-driven screening of optimal formulations 
(Omidvar et al., 2024). To address the computational biases and 
data limitations of DFT mentioned in Section 7.1, multi-scale 
computational data fusion emerges as a core direction, whose 
implementation relies on multi-method data fusion and automated 
multi-scale data generation.

Multiscale computational data integration represents a core 
strategy for enhancing the accuracy of machine learning models. 
Two promising directions emerge: firstly, calibrating lower-level 
data (e.g., DFT, DFTB) using higher-level methods (e.g., GW, 
TD-DFT); secondly, combining data from diverse methodologies 

to address multi-property tasks. In the future, high-throughput 
platforms will integrate DFT, DFTB, and ReaxFF into a unified 
workflow to address the scarcity of long-time-scale DFT data. For 
instance, the ‘DFT→DFTB→ReaxFF’ pipeline can rapidly generate 
multidimensional training data, alleviating the small sample size 
issue in perovskite research. The synergistic application of quantum 
computing and artificial intelligence can expedite the discovery of 
novel material systems (Chu et al., 2020). 

8 Conclusion

AI has evolved from an early auxiliary tool to become the 
core driving force of perovskite research (Wu et al., 2020): shifting 
from passive fitting to active design, leading the ‘design-synthesis-
verification’ intelligent closed-loop (Xue et al., 2025), and achieving 
global optimisation of efficiency and stability. The complexity and 
multidisciplinary nature of perovskite materials research determines 
the indispensability of interdisciplinary collaboration (Zhu and 
Hu, 2023). This change requires deep collaboration among materials, 
algorithms, and experiments: materials scientists ask questions and 
prepare samples, algorithm engineers build optimisation models, 
and experimental teams validate and feedback data to form credible 
iterations. Interdisciplinary cooperation (Bi et al., 2024) will be the 
key to breakthrough.
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