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Perovskite materials have been one of the most important research objects in materials science due to their excellent
photoelectric properties as well as correspondingly complex structures. Machine learning (ML) methods have been
playing an important role in the design and discovery of perovskite materials, while feature selection as a dimensionality
reduction method has occupied a crucial position in the ML workflow.
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| 1. Introduction

Machine learning (ML), as an interdisciplinary technique covering multiple fields of statistics, computer science, and
mathematics, has been widely used in the medical, bioinformatics, financial, and agriculture fields LIRI4IE! Especially in
the materials field, ML technology has accelerated the design and discovery of new materials by constructing models for
the prediction of their properties EIlZ. |n recent years, perovskite materials have drawn the attention of many scholars due
to their excellent properties, such as excellent electrical conductivity, ferroelectricity, superconductivity, longer carrier
diffusion lengths, a tunable bandgap (Eg), and high light absorption that can be applied in solar cells, light-emitting diodes,
lasers, and photocatalysis materials fields BRI

| 2. Workflow of Materials Machine Learning

As shown in Figure 1, the workflow of ML in materials could be divided into four steps: data preparation, feature

engineering, model evaluation and selection, and model application 12,
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Figure 1. The general workflow of materials ML.

Data preparation includes data collection and data preprocessing. Materials data could be generally obtained through
publicly available materials databases, published papers, experimental data of the same standard, data journals, and
density functional theory (DFT) calculations L3IL4ISIAGIAT] The |atest data can be obtained by searching the publications,
but it is time-consuming and laborious. Data from data journals and databases can be obtained in a short time, but the
latest data are generally not available in a timely manner. Scientific Data by Springer Nature and Data in Brief by Elsevier



are the more representative data journals. Table 1 lists the commonly used material databases, including perovskites.
Experimental data may be a good source of data, but it could be costly. DFT calculations are susceptible to material
systems, which may lead to the doubling of time and computing resources. Data preprocessing is essential due to the
characteristics of multi-source data and the high noise of the material data. To ensure the availability of data, common
preprocessing operations include filling in missing values, removing duplicates and outliers, dimensionless processing,
treating data imbalances, and rationally dividing data (8119

Table 1. Commonly used materials databases, including perovskites.

Name URL Data Type

https:/iwww.perovskitedatabase.com (accessed on 19 March

The Perovskite Database Project (PDP) 2023) Exp.
Open Quantum Materials Database (OQMD) http:/lwww.oqmd.org/ (accessed on 19 March 2023) Comp.
Materials Project (MP) https://Imaterialsproject.org/ (accessed on 19 March 2023) Comp.
Computational Materials Repository (CMR) https:/lcmr.fysik.dtu.dk/ (accessed on 19 March 2023) Comp.
The Inorganic Crystal Structure Database https:llicsd.fiz-karlsruhe.delindex.xhtml (accessed on 19 Exp.
(Icsb) March 2023)
Materials Platform for Data Science (MPDS) https:/Impds.iol#modal/menu (accessed on 19 March 2023) Corg);::\nd
Automatic-FLOW for Materials Discovery http:/lwww.aflowlib.org/ (accessed on 19 March 2023) Comp.

(AFLOW)

Feature engineering, including feature construction and feature selection, is an extremely important part of the ML
workflow. In most ML processes, the quality of the data related to the sample size and feature dimensionality, as well as
the validity of the features, determines the upper limit of the model's performance. In general, a high ratio of sample size
to feature dimension would lead to better model performance. When the existing features do not contain enough valid
information to cause low model performance, new features can be either constructed based on domain knowledge or
generated by simple mathematical transformation of existing features through algorithms such as the Sure Independence
Screening Sparsifying Operator (SISSO) and genetic algorithm (GA) to improve model performance 2821, The properties
of materials are influenced by their composition, structure, experimental conditions, and environmental factors, but there
may be weakly correlated, uncorrelated, or redundant features in the data. For the original set of features in the data,
feature selection can remove the redundant features and keep the key features that are easily accessible and have a
significant impact on the target variable to further improve the model's performance while increasing the computational
efficiency.

Before the model construction, it is necessary to confirm the type of models corresponding to classification or regression
according to the target variables are discrete or continuous, respectively. There are many ML algorithms, but no perfect
algorithm exists. Although for a specific classification or regression task, the researchers could choose linear, nonlinear, or
ensemble algorithms preliminary based on their understanding or guessing of the potential “structure-property
relationship” of the materials. It is still difficult to determine the most suitable algorithm based on the limited data volume.
Even with the same data and algorithm, the trained model will not be the same with the different hyperparameters.
Therefore, it is necessary to evaluate a series of models to select the relatively optimal one. Model performance and
model complexity are the key factors that determine model selection. Model performance can be measured by evaluation
metrics calculated based on the true and predicted values of the target variable. Common evaluation metrics for
regression tasks include coefficient of determination (R?), correlation coefficient (R), mean square error (MSE), root mean
squared error (RMSE), mean absolute error (MAE), and average relative error (MRE), while common evaluation metrics
for classification tasks include accuracy (ACC), area under the curve (AUC), recall, precision, and F; score. To ensure the
reliability of the results, the hold-out method and cross-validation method are generally used to evaluate the models after
the evaluation metrics are determined. Common methods of cross validation include 5-fold cross validation (5-fold CV),
10-fold cross validation (10-fold CV), and leave-one-out cross validation (LOOCV). Furthermore, researchers tend to
choose the model with better performance and lower model complexity. After selecting a specific ML algorithm,
hyperparameter optimization is usually performed to further improve the performance of the model, and the final model is
determined after the determination of hyperparameters. Contemporary hyperparametric optimization algorithms can be
mainly classified into various types, including grid-search, Bayesian-based optimization algorithms, gradient-based
optimization, and population-based optimization.



The final aim of ML is to predict the target variables of unknown samples based on the trained model. The three major
scenarios of model application are high-throughput screening (HTS), inverse design, and the development of online
prediction programs. HTS uses the constructed model to predict the target variables of a huge number of virtual samples
in order to filter out samples with high performance potential to guide experimental synthesis 22231 The inverse design
can be used to obtain the features of designed samples via the inverse projection method, which is an effective way to
realize the material from properties to composition 2423 The prediction of designed samples helps screen out
candidates with breakthrough performance and improves computational efficiency. The development of an online
prediction program makes it possible to quickly achieve the prediction of target properties by simply inputting the
necessary information, such as a chemical formula, on the input page, which facilitates the extension of model application
and effectively realizes model sharing 28!,
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