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Abstract

Machine learning has promoted the rapid development of materials science. In this review, we provide an overview
of recent advances in machine learning for inorganic phosphors. We take two aspects of material properties
prediction and optimization based on iterative experiments as entry points to outline the applications of machine
learning for inorganic phosphors in terms of Debye temperature prediction and luminescence intensity and thermal
stability optimization. By analyzing the machine learning methods and their application objectives, current
problems are summarized and suggestions for subsequent development are proposed.
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INTRODUCTION

Data-driven machine learning (ML) has become the frontier of materials science since the Materials
Genome Initiative (MGI) for Global Competitiveness program was launched" . After several years of rapid
development, ML has yielded promising achievements in novel materials development”. Hart et al.
reviewed the progress of ML-assisted alloy research and summarized the typical applications of ML in
amorphous, high-entropy and shape memory alloys, magnetic materials and superalloys™. Liu et al.
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reviewed the recent progress and prospects of ML in assisting the design and discovery of rechargeable
battery materials””. Wang et al. examined the progress of ML in thermoelectric materials and discussed
possible strategies for using small databases to facilitate the development of materials science” . Lookman
et al. summarized the application of active learning in accelerating the exploration and discovery of new
materials by reviewing adaptive experimental sampling and Bayesian optimization methods"".

Inorganic phosphors are one of the most important components of light-emitting diode (LED)-based
lighting sources>"”. Currently, the chip technology used to excite phosphors has matured and the
properties of inorganic phosphors directly affect the performance of the LED device. The phosphors used in
LEDs should consider the basic criteria of high quantum efficiency, high thermal stability and appropriate
emission wavelength"*'*. So far, significant effort has been devoted to the design and discovery of novel
LED phosphors for solid-state lighting!”"*.. As for inorganic phosphors, more than 50% of the elements in
the periodic table can form luminescent material matrices, resulting in a huge optimization space. In the
past, trial-and-error optimization strategies have been the primary approach to the development of
luminescent materials, which can be divided into two categories, namely, new luminescent materials can be
discovered by doping the luminescent centers®”, taking the natural mineral structure (such as garnet,
perovskite, spinel and so on) as the matrix material and novel luminescent materials development through
ion substitution strategies based on already known luminescent materials**’. Due to the huge search space,
traditional trial-and-error experiments suffer from the disadvantages of low efficiency and high cost. The
emergence of ML provides opportunities for the efficient development of new inorganic phosphors and
some researchers have started to apply ML to the development of inorganic phosphors. Table 1 lists all the
recent work on ML for inorganic phosphors that we are aware of.

In this mini review, we summarize the recent advances in the application of ML for inorganic phosphors,
focusing on the ML methods used in these works and the results generated. According to the applied
methods, we divide it into two aspects, namely, material properties prediction and optimization based on
iterative experiments and provide an outlook for their future directions.

ML-ASSISTED INORGANIC PHOSPHOR DISCOVERY

Material properties prediction

Accurately predicting materials properties can help us rapidly identify materials that meet performance
requirements and reduce the cost of experiments. For phosphors, the key properties include emission
wavelength, thermal stability and quantum efficiency. It is known that a wide band gap of the matrix is
crucial to the luminescence efficiency of a phosphor and when the bandwidth is small, the 5d orbitals in the
excited state may be close enough to the conduction band of the matrix, leading to temperature-induced
photoionization or charge transfer. In contrast, the structural rigidity of a phosphor is closely related to its
thermal stability and a higher structural rigidity can effectively suppress the nonradiative transitions, which
in turn gives rise to a phosphor with high efficiency. However, it is often difficult to identify compounds
that are more structurally rigid than others'*”. A more tractable method for determining structural rigidity is
to evaluate the Debye temperature of the material".

To rapidly predict the Debye temperature of inorganic materials, Zhuo et al. constructed a Debye
temperature prediction model by support vector regression (SVR) with 150 material features and a 2610
training set calculated by DFT (R*= 0.89)"". By cross-referencing the DFT band gap information in the
Materials Project and the Pearson Crystal Database (PCD), 2071 compounds were screened out for Debye
temperature prediction. Finally, the NaBaB,O,, matrix was identified by the comprehensive screening of the
predicted Debye temperature and the bandwidth obtained from DFT calculations [Figure 1]. The
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Table 1. Overview of ML applications for inorganic phosphors

Year Description References

Material properties prediction

2018 Predicting Debye temperature of inorganic matrices [30]
2019 Predicting excitation wavelength of phosphors [31]
2020 Predicting 5d-level centroid shift of Ce3+—doped inorganic phosphors [32]
2020 Predicting thermal quenching temperature in Eu’"-substituted oxide phosphors [33]
2021 Predicting band gap, excitation and emission energies for Eu”"-activated phosphors [34]

Material properties optimization based on iterative experiments

2018 Optimizing luminous intensity of REOF:xEu*" [35]

2019 Optimizing luminous intensity of REOF:xCe, yTb (RE = Gd, La or Lu) [36]

2020  Optimizing luminous intensity of LuOF:Yb/Er/Mn/K/Li [37]

2021 Optimizing color temperature and color rendering index of white phosphors [38]

2022 Optimizing thermal stability of cyan-green garnet:Ce phosphors [39]
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Figure 1. (A) Phosphors predicted by Debye temperature and bandwidth. (B) Borates and sulfides; (C) nitrides and (oxy)halides; (D)
silicates and fluorides and (E) aluminates and phosphates. Reprinted with permission from Zhuo et al.®®, copyright 2019, Nature Press.

Eu*-doped NaBaB,O,, phosphor was prepared and characterized by high efficiency and excellent thermal
stability.

The Debye temperature is an intrinsic factor that affects thermal stability. In order to predict thermal
stability more intuitively, the quenching temperature (T50), which is commonly used to indicate thermal
stability, can be used as the prediction goal. In order to find oxide phosphors with excellent thermal
stability, Zhuo et al.” trained the SVR thermal quenching temperature (T50) model with 134 experimental
data as the training set. In the training process, 178 initial features were constructed and 51 optimal features
were obtained by the recursive feature elimination method with R* = 0.71 [Figure 2A]. The trained model
was used for the T50 prediction of 1331 oxides in the PCD. Based on the prediction results, the phosphors
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Figure 2. (A) T50 model performance. Reprinted with permission from Zhuo et al.”®®, copyright 2020, American Chemical Society. (B)

Predicted relative permittivity. (C) XGB model predicted centroid shift against experimentally measured centroid shift. (D) Feature
importance of XGB model in terms of gain and coverage. Reprinted with permission from Zhuo et al.®?, copyright 2020, AIP Publishing.

Eu*-doped Sr,ScO.F, Cs,MgSi.0,,, Ba,P,O,, LiBaB,O,, and Y,Al,O,, were prepared and characterized. Due
to the limited training data, the model does not perform very well compared to other models with rich data.
Nevertheless, it can help us to identify the possibility of thermal stability of a specific structure and enable
the rapid development of new materials.

In addition, the excitation and emission wavelengths of phosphors affect their application scenarios. The
5d-level centroid shift of rare earth ions can help us better understand their luminescence properties.
Phosphors with a larger centroid shift tend to have longer emission wavelengths and the luminescence color
can be estimated using the centroid shift. In order to predict the centroid shift of phosphors, Zhuo et al.
constructed the SVR relative permittivity prediction model based on 2832 relative permittivity data from the
Materials Project with 98 features, including 17 distinct compositional variables describing elemental
properties and 13 structural descriptors related to variables [Figure 2B]"?. The relative permittivity of over
27,000 compounds in the PCD was predicted. The XGB model was then trained based on 160 data extracted
from the literature with nine features, such as relative permittivity predicted by the SVR model and average
cation electronegativity, average anion polarizability, average cation electronegativity, and so on. The model
was validated with an accuracy of R* = 0.9 on the hold-out 10% of the training set [Figure 2C]. Feature
importance of the XGB model was evaluated based on gain and coverage matrix. The results show that the
average anion polarizability, elative permittivity and average cation electronegativity are the most essential
features related to the centroid shift [Figure 2D].
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Additionally, the 18 prediction models of the excitation band edge wavelength (EBEW), peak emission
wavelength (PEW) and band gap were trained by Park et al. based on 91 experimental data extracted from
the literature with 29 features, such as elemental and structural features, respectively. Four EBEW ML
models, seven PEW ML models and six Eg ML models were screened out by the screening metrics R* > 0.6,
MSE < 0.02 and overfitting index (R®/R% ) > 0.77, respectively™. Barai et al. trained excitation
wavelength least absolute shrinkage and selection operator (LASSO) and artificial neural network (ANN)
models based on 48 phosphors with a known host containing three elements™". There were 83 features used
to train the model, covering 15 properties of each atom in the compound, five calculated values and three
standard physical constants related to photon behavior. The accuracy R* of the trained LASSO and ANN
models on the training set reached 0.99 and 0.99, respectively. These two works trained the prediction
models but did not validate them in practice and their generalization ability for wavelength prediction is
therefore unclear.

Material properties optimization based on iterative experiments

ML techniques are based on materials data. However, the current data available for phosphors are typically
few and sparse, mostly in the range of tens to hundreds, and the accuracy of predictions is, therefore, usually
low. Active learning and heuristic algorithms are two commonly used methods for materials optimization
[Figure 3]. Active learning is applicable to ML models built on materials data with high dimensionality,
small size, high noise and uneven distribution, which usually exhibit low prediction accuracy, poor
generalization ability and high uncertainty. The heuristic optimization algorithm achieves efficient global
optimization of materials by searching for a locally optimal solution. It can be used for the exploration of
new materials with a huge search space.

Active learning

Active learning strategies can be used to effectively improve the model prediction accuracy through
experimental validation and data feedback iterations. Active learning establishes the utility function
(selector) that balances the predicted value with the uncertainty of the constructed model. The most
commonly used selectors are expected improvement (EI)"***), probability of improvement (PI)"** and upper
confidence bounds (UCB)"**", which can be expressed by Equations (1)-(3), respectively:

PIG) = P(f() 2 P(f(x) = & (K2 L220) (M

EI(x) = (u(x) — f(x")®(Z) + o (x)$(2) (2)

UCB(x) = u(x) + ko (x) 3)

where Z = (u (x) - f(x*)) / o(x), @ (Z) and ¢ (Z) are the cumulative distribution functions and standard
normal density, respectively, u (x) denotes the mean of the predictions, o(x) is the standard deviation of the
predictions, f (x*) is the maximum target value in the training set and « is a hyperparameter (a « value of
1.96 represents a 95% confidence level). The « value can be set according to the requirements, through
which exploration (the uncertainty in the model is large) and exploitation (where the model prediction is
high) can be balanced.

In order to optimize the color temperature (CCT) and color rendering index (CRI) of the
(TDMP)Pb(Br,Cl,,),;yMn phosphor system, Yuan et al. trained CCT and CRI polynomial regression ML
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models based on 55 sets of experimental data, with the material chemical compositions as features.

During the iteration, the (x, y) of randomly selected 15 CCTs at 3000-7000 K were determined by the CCT
model and then the maximum CRI corresponding to each CCT was determined by the CRI model. The (x,
y) corresponding to the maximum CRI was selected for synthesis. Under the guidance of the model, the
authors obtained a series of white phosphors with an ultrahigh CRI. To select the candidates for the
experiment, the authors made their choice based on predicted values and the results showed that this
selection strategy provides an effective guide for the optimization of CCT and CRI.

Recently, our group has applied active learning methods to the development of Ce-doped garnet
phosphors™’. We constructed a wavelength model with seven features and a thermal stability (T60) model
with six features based on 70 data instances obtained from literature through the process of feature and
model selection and model evaluation. In this process, the Pearson correlation coefficient was used to
remove highly linearly correlated and key features and optimal ML model combinations affecting the
wavelength and thermal stability were obtained by a wrapper feature selection method. Subsequently, the
wavelength model was used to screen out the phosphors in the wavelength range of 480-510 nm in the
constructed 171,636 compounds. The T60 model was then used in combination with an efficient global
optimization strategy to obtain the candidate experimental compounds [Figure 4]. EI was used as the
selector. The cyan-green phosphor (Lu, Sr, Al .Si, ;O,,:Ce) with excellent thermal stability was obtained by
only five iterations. Lu, ,Sr, ;AL _Si, ,0,,:Ce performs the best with excellent thermal stability (= 60% emission
intensity retained at 640 K, Figure 4E) and exhibits emission peaks of ~505 nm [Figure 4D].

Heuristic algorithm

Another category of optimization methods is heuristic algorithm optimization, including genetic algorithms
(GAs), simulated annealing algorithms and particle swarm optimization (PSO). Global optimization is
achieved by continuously searching for local optimal solutions in a finite materials feature space.

Lv et al. optimized the luminescence intensity of REOF:xEu’* down-conversion and LuOF:Yb/Er/Mn/K/Li
up-conversion phosphors with a heuristic GA®. In the optimization process, the first-generation
phosphors were prepared empirically as the initial population, the composition of prepared phosphors was
mapped into binary codes simultaneously and then the second-generation phosphors were obtained by
selection, crossover and mutation operations and cycled in this way. After optimization, the third
generation LuOF:Yb/Er/Mn/K/Li phosphor showed the best luminescence intensity, possessing stronger
brightness (4.91 times), higher relative quantum yield (6.40 times) and stronger depth of tissue penetration
(5 mm). The final brightness of REOF:xEu** was improved by 141%. In addition, they compared the
performance of four HAs for the luminescence intensity optimization of REOF:xCe, yTb (RE = Gd, La or
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Lu) phosphors, including SA, improved annealing with a harmony search algorithm (HSA), PSO and GA,
as shown in Figure 5. The results show that all algorithms present good guidance for the synthesis of
luminescent powders. The global searching ability of the HSA was significantly improved and obtained
better phosphors than the SA. The PSO algorithm obtained the best results with increased generation but
required a higher experimental cost. The GA could find the acceptable phosphor in a shorter time and
cost"?.

CONCLUSION AND PROSPECTS

Relevant studies have shown that ML can effectively achieve phosphor properties prediction and accelerate
the development of novel inorganic phosphors. ML will bring greater potential when more researchers put
in the effort. Simultaneously, compared to other material fields, the application of ML in inorganic
luminescent materials is relatively few and still in its infancy. Based on current research, we propose the
following suggestions for the future application of ML in inorganic phosphors:

Physical feature construction and interpretable models

To interpret the ML model of inorganic phosphors will bring more inspiration to materials design. At this
stage, the ML of phosphors is mainly based on the black-box model and the model features are mainly
elemental features and chemical composition. It is not available to understand the physical meaning behind
the models. More effective descriptors with physical meaning are expected to be explored. In the prediction
of centroid shift, Zhuo et al. trained the XGB model by nine features, such as relative permittivity, which is
beneficial for interpreting and predicting the luminescence properties and thermal quenching behaviors for
Ce*-doped phosphors™. Song et al. set up a novel structural indicator to characterize the crystal-field
splitting of Ce* in garnet-type compounds'*®. It has a simple form, which is the sum of oxygen coordinates
multiplied by the cell parameter. They also introduced a structural descriptor, the tolerance factor, for the
prediction and systematic description of the phase stability with the garnet structure®’. These structural
descriptors are promising for the ML of Ce**-doped inorganic phosphors. Therefore, the construction of
physically meaningful features, and thus interpretable ML models, are of great importance to the
development of luminescent materials.
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Database construction

After a long period of development, researchers have established the Inorganic Crystal Structure Database
(ICSD), Pearson Crystal Database (PCD) and Materials Project (MP) for the field of inorganic materials and
these databases have provided great convenience for ML. However, there is still a lack of a database of
luminescent materials, as well as their composition-structure-property relationships. At present, collecting
data from the published literature is an effective method. This helps to make full use of the existing
literature resources and reduce costs. Encouraging the unification of testing methods and testing techniques
would contribute to the construction of a database suitable for ML.

Multi-objective optimization

The application of materials requires the balance of multiple properties, such as the main properties of
inorganic phosphors, including wavelength, thermal stability, quantum efficiency, and so on. Achieving
multi-objective collaborative optimization is an important problem faced in materials applications.
Therefore, it is essential to conduct research on the application of ML multi-objective optimization in
inorganic luminescent materials. Considering the problem of a small dataset of luminescent materials, the
combination of multi-objective optimization and an active learning approach is still an effective method.
Consequently, the utility function applicable to the multi-objective optimization problem also needs to be
developed.
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