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Abstract: Phosphor materials are essential functional components in modern optoelectronics, playing a crucial role in
next-generation displays, solid-state lighting, biomedical imaging, and sensing applications. However, the properties of
materials are stringently required in multiple dimensions for practical applications. The conventional trial-and-error
approach impedes the development of novel high-performance phosphors due to its long cycles and high costs. In

recent years, the rapidly advancing machine learning (ML) methodology presents an innovative solution to addressing
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these bottlenecks. It not only dramatically accelerates the high-throughput virtual screening of candidate materials by
establishing complex mappings among “composition-structure-property”, substantially improving efficiency, but also
provides novel theoretical insights into structure-property correlations through algorithm-derived importance weights.
This review systematically outlines the methodological framework for ML-driven phosphor development, covering
key stages including data preparation, feature engineering, model selection, model evaluation and application. It
further discusses specific considerations and corresponding strategies for each stage of the process. Subsequently, it
reviews recent research progress in applying ML to predict key phosphor properties, encompassing critical metrics
such as emission wavelength, full width at half-maximum (FWHM), thermal stability, fluorescence lifetime, centroid
shift, and process optimization. Finally, this review addresses existing challenges in current research, such as scarcity
of reliable data, complexity of materials properties, and difficulties in parameter quantification. The article outlines
future development trends for the deep integration of artificial intelligence (AI) technology in luminescent materials
research, aiming to provide a valuable reference for promoting the establishment of an “Al for Science” paradigm in
the field of phosphor materials.
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Fig. 1 Key properties for phosphors
(a) Fluorescence spectrum (including excitation wavelength, emission wavelength, FWHM, Stokes shift); (b) Thermal stability of materials;
(¢) Quantum efficiency of phosphor; (d) Decay time; (¢) Chemical stability; (f) Particle size distribution
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Fig. 2 Conceptual framework of hierarchical relationship among artificial intelligence, machine learning, and deep learning
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Table 1 Major external libraries and databases®**!

Library Website Ref. | Database Website Ref.
Matminer https://hackingmaterials.lbl.gov/matminer/ [34] | MP https://materialsproject.org/ [39]
DScribe https://singroup.github.io/dscribe/ [35] | AFLOW  https://www.aflowlib.org/ [40]
ChemTools  https://www.chemistrytools.org/ [36] | NOMAD  https://nomad-lab.eu/nomad-lab/ [41]
RDKit https://www.rdkit.org/ [37] || ICSD https://icsd.nist.gov/ [42]
Pymatgen https://pymatgen.org/ [38] || COD https://www.crystallography.net/cod/ [43]
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Fig. 3 Application of ML models for emission wavelength prediction

[26, 54, 69, 72, 74]

(a) Emission spectra and A—X and A—A local structures for Ba,LiBsO: Eu®" and BaBsOy;3:Eu*"1’); (b) Theoretically predicted and

experimentally observed emission wavelengths of R, ,K,L.S0:0.01Eu** (0<<x< 1) phosphors
model on the dataset’”; (d) Comparison diagram between model predicted values and experimentally observed values
(e) Comparative plots of the experimentally observed and model predicted values
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Fig. 4 Application of ML models for emission FWHM prediction
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(a) Predicted emission wavelengths and FWHM of candidates™; (b) Relationship between emission
bandwidth and Eu*"4f band levels. When there are multiple Eu**4f levels within 0.1 eV from the highest band (left),
overlapping emissions result in a broad bandwidth. Conversely, a large energy splitting between the two
highest 4f bands (right) results in narrow-band emission®'); (c) 2D ¢-SNE plots of the local structures,
and enlarged image showing phosphors with similar local structures within the black region®*); (d) 2D #-SNE plots of local structures’®*!
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Fig. 5 Application of ML models for thermal stability prediction

[11, 25, 89]

(a) Schematic of thermally induced photoionization in phosphors that undergo 4f"'5d'—4f"5d° transitions!"'"’; (b) Schematic of the crossover

mechanism in which thermally induced non-radiative relaxation occurs at the intersection (crossover) point between the ground and excited state

(.

parabolas!""; (c) Predicted Tso by model versus experimental results®®’; (d) Thermal quenching curves of normalized emission intensity for

five candidate structures'®
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l; (e) Distribution of 2071 candidate structures with axes representing the model-predicted
Deybe temperature and the DFT-calculated bandgap"
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(a) Experimental versus predicted fluorescence lifetime from ML model™; (b) Comparison of ML-predicted versus DFT-calculated

dielectric constants for the validation set'®”); (c) Decision tree classification model for emission colors
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