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quantum chemical calculations have been performed to quanti-
tatively calculate configuration coordinate diagrams and absorp-
tion spectra.12 Constrained DFT calculations have also been
conducted to evaluate absorption and emission energies.13,14

However, these theoretical methods require time-consuming cal-
culations at both the ground and excited states. Because of the
high computational cost, high-throughput theoretical calculations
to screen candidate compounds are not currently feasible.

Machine learning to predict emission spectra instead of the
theoretical calculations has been investigated recently.6�8 Sohn
and his coworkers reported the pioneering machine-learning
study on a relationship among emission peak wavelength,
FWHM, and local environments of substitution sites in
host lattices,5 and recently reported comprehensive machine
learning to predict band gap, excitation energy, and emission
energy for Eu2+-activated phosphors.6 Nakano et al. reported
machine learning to predict emission peak energy from
chemical compositions of the host compounds for Eu2+-
activated phosphors.7 The reported prediction accuracy is not
directly comparable among the theoretical calculations and the
machine learning studies because they used different datasets.
But the results suggest that the machine learning models6,7

have comparable prediction accuracy to the DFT calculations.14

Based on the successful machine-learning studies to date, it
is expected that new phosphors with desirable luminescence
properties will be developed using machine learning. Although
several research groups have reported new phosphors by data-
driven approaches,9 discovery of new phosphors with a
designed luminescence color is still a big challenge. In this
paper, we report the discovery of three new green or blue-green
emitting phosphors, which a machine-learning model has
proposed as green emitting phosphors. First, we developed
a machine learning model to predict the emission peak wave-
lengths of Eu2+-activated phosphors from an in-house phos-
phor dataset. Next, we explored a materials database and
collected candidate host compounds predicted to show green
emissions by the machine learning model. Then, we synthe-
sized and characterized the candidates, and finally discovered
the three new Eu2+-activated phosphors, Li2Ca4Si4O13:Eu2+,
Na2Ca2Si2O7:Eu2+, and SrLaGaO4:Eu2+. The results clearly
demonstrate the power of the machine learning on the emis-
sion peak wavelength for rapid and e�cient development of
new phosphors with a designed luminescence color.

Methods
Data collection

Even though phosphors have been intensively investigated so
far, there is no readily available dataset of phosphor materials
and luminescence properties. Therefore, a dataset of host
compounds and emission peak wavelengths of Eu2+-activated
phosphors was collected from the literature.1,15 Only host
compounds with typical oxidation states and containing Ca,
Sr, or Ba elements were selected. These alkaline earth metals
are considered as substitution sites for Eu2+ ions because they

have the same valence and close ionic radii to Eu2+. Crystal
structures of the hosts were collected from the inorganic crystal
structure database (ICSD)16 and AtomWork-Adv.17 Some struc-
ture data were modified as follows. (1) Structure data with
chemical compositions that deviate from the ideal composi-
tions of the hosts, for example containing Eu2+, was corrected
to have the ideal compositions of the hosts. (2) Structure data
with partially occupied sites and di�erent site occupancies were
modified to have high occupancy sites only. Partially occupied
sites cause ambiguity in the representation of local environ-
ments of the substitution sites. Host compounds with awkward
site occupancy, which cannot be simply discretized as described
above, were dropped.

Emission peak wavelength is used as a target variable in this
study because the emission spectra of phosphors are usually
measured and reported in wavelength. The emission peak
wavelengths depend on the concentrations of activators and
other factors. The conditions in the literature are inconsistent,
and the reported values vary more or less. If multiple emission
peak wavelengths are reported for a single phosphor material
and the reported values di�er by more than 30 nm, the
phosphor is eliminated. In our opinion, a deviation of 10 nm
or more in the emission peak wavelength is conceivable due to
the di�erent conditions.

Finally, a dataset composed of 129 Eu2+-activated phosphors
was prepared. The distribution and statistics of the emission
peak wavelengths are respectively shown in Fig. 1a and Table 1.
Constituent elements of the host compounds are summarized
in Fig. 1b. Among the constituent elements, sulfur appeared as
both a cation (S6+) and an anion (S2�). N, O, F, Cl, Br, and I
elements were anions, and the other elements were cations.

Host representation

Two sets of features were used to represent host compounds of
Eu2+-activated phosphors. The first set is a representation of
chemical compositions (compositional features, hereafter), and
the second set is a representation of crystal structures, parti-
cularly local environments of substitution sites for Eu2+ activa-
tors, from both geometrical and chemical aspects (structural
features, hereafter).

As the compositional features, general-purpose features18

were adopted. The general-purpose features were a set of
statistics of elemental features to represent various aspects of
chemical compositions. Nakano et al. used the same scheme
for their machine learning.7 In this study, 22 elemental features
and seven statistics, namely, weighted arithmetic mean,
weighted geometric mean, weighted harmonic mean, weighted
standard deviation, minimum, maximum, and range, were
used. The elemental features and the statistics are respectively
listed in Tables S1 and S2 in the ESI.† In addition to the
elemental features, oxidation states were considered. As oxida-
tion states are both positive and negative values and satisfy
charge neutrality, the weighted arithmetic, geometric, and
harmonic means were excluded. Instead, the seven statistics
of absolute oxidation states were additionally included. As the
hosts in this study are all ionic compounds, the statistics of the
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elemental features and the absolute oxidation states were also
evaluated for each of the cations only and the anions only.
The compositional features consisted of 487 features.

To represent the local environments of the substitution
sites, Park et al. used geometrical and elemental features of

activator-anion and activator-cation polyhedra.6 This idea was
generalized, inspired by the general-purpose compositional
features. The structural features used in this study consisted
of three groups of features. The first group was a geometrical
aspect of the substitution sites. The numbers of neighboring
anions and cations, average distances to their neighboring
anions and cations, distortion index,19 and bond valence
sum20 were evaluated for individual Ca, Sr, and Ba sites. The
neighboring anions were determined using the CrystalNN
method.21 The neighboring cations were determined so that
they shared neighboring anions with the substitution sites. As
some of the host compounds used in this study have multiple
substitution sites, the average and standard deviation of each
feature among the substitution sites were evaluated and used
as features of the host structures. The number of symmetrically
inequivalent substitution sites was also included. The second
group was analogous to the compositional features but specia-
lized for the local environments of the substitution sites. The
seven statistics of the 22 elemental features and the absolute
oxidation states were calculated for the neighboring anions and
the neighboring cations of individual Ca, Sr, and Ba sites. The
average and standard deviation among the substitution sites
were used as the features of the hosts. Besides the features of
the substitution sites, density and numerical density were
added as the third group. The structural features consisted of
659 features.

The features were evaluated using the Pymatgen package22

and a customized version of the XenonPy package.23

Machine learning

The general-purpose features used in this study were system-
atically calculated to represent various aspects of the host
compounds, and thus a part of them were redundant and
irrelevant to the emission peak wavelength. Therefore, feature
selection was adopted before regression. First, features with low
variance were dropped, and the passed features were standar-
dized so that the means were zero and standard deviations were
one. After the standardization, the features were roughly
selected in the order of mutual information with the emission
peak wavelength. The features were further narrowed down
using recursive feature elimination (RFE) based on the impor-
tance of each feature obtained by a regression model. Finally,
regression was conducted. The ridge, automatic relevance
determination (ARD), random forest (RF), gradient boosted
regression trees (GB), and bootstrap aggregation (bagging) of
GB methods were applied for the regression. The regression

Table 1 Statistics of emission peak wavelengths of Eu2+-activated phos-
phors used in this study

Count 129
Mean (nm) 495
Median (nm) 478
Minimum (nm) 368
Maximum (nm) 681
Standard deviation (nm) 80
Mean absolute deviation (nm) 66

Fig. 1 (a) Histogram of emission peak wavelengths and (b) frequency of
constituent elements of Eu2+-activated phosphors used in this study. S is a
cation (S6+) and an anion (S2�). N, O, F, Cl, Br, and I are anions. The other
elements are cations.

Materials Advances Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

9 
N

ov
em

be
r 

20
22

. D
ow

nl
oa

de
d 

on
 1

/6
/2

02
3 

2:
11

:5
3 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d2ma00881e


method used in RFE was the same as the final regression,
except for the bagging of GB regression. For the bagging of GB
regression, a single GB model was used in RFE to reduce
computation time. The Scikit-learn package24 was used for
the machine learning.

The predictive performance of the machine learning models
was evaluated by 10-fold cross validation by means of the mean
absolute error (MAE), root mean squared error (RMSE), and
coe�cient of determination (R2). The scores were averaged
among the folds. The parameters of the regression models
and the numbers of selected features were selected to minimize
the average RMSE for the validation data. The parameter search
was performed in a manner of Bayesian optimization using the
Hyperopt25 and scikit-optimize26 packages with 1000 iterations
for each method. Default parameters were used for the regres-
sion models used in RFE to reduce the computation time for
the parameter search. The pipelines of the machine-learning
models and the optimized parameters are summarized in Table
S3 in the ESI.†

Experiments

Candidates of Eu2+-activated phosphors proposed by a machine
learning model were synthesized and characterized by experi-
ments. The phosphors were synthesized by a solid-state
method. The starting materials (oxides or carbonates) of the
host compounds were mixed with Eu2O3. The amount of Eu
element was fixed at 2 at% of the substitution sites, namely, Ca,
Sr, and Ba, in the hosts. The starting materials were fired in air,
and then fired in a reducing atmosphere (in a carbon heater
furnace filled with nitrogen). The firing temperatures and time
were altered depending on the host compounds.

The products were first characterized using a powder X-ray
di�ractometer (XRD) (Bruker, D8 ADVANCE, Cu Ka radiation)
and a spectrofluorometer (JASCO, FP-8600). The powder XRD
analysis indicated that some products were mixtures of the
target compounds and impurity phases. As the photolumines-
cence (PL) spectra of the powder samples are largely influenced
by impurity phases with bright luminescence, it was not clear
whether the PL spectra of the mixture products were derived
from the target compounds or the impurity phases. Therefore,
after the first screening using the powder samples, well-
crystallized particles were picked up from the products and
characterized by single crystal XRD and microspectroscopy in a
manner of the single-particle diagnosis approach.4 The single

crystal XRD data of the picked particles were collected using a
di�ractometer (Bruker-AXS, SMART APEX II Ultra) with Mo
Ka radiation. The data were integrated and corrected for
absorption using SADABS. The crystal structures were solved
and refined with SHELX. The PL spectra of the particles were
obtained using a spectrometer (Otsuka electronics, MCPD7700)
through a microscope (Olympus, BX51M) under 365 nm LED
excitation.

Results and discussion
Comparison of regression methods

Regression methods are compared in this section. MAE, RMSE,
and R2 for the training and validation data in the cross valida-
tion are summarized in Table 2. Fig. 2 illustrates predicted
emission peak wavelengths with respect to the reported values
in the cross validation. The ridge regression is the baseline
model in this study. The R2 of the ridge regression to the
validation data, 0.74, suggests that the prediction accuracy
was comparable to the previous studies,6,7 although the results
are not directly comparable due to the use of the di�erent
datasets.

To improve the predictive performance, other regression
methods were applied. The ARD regression is a Bayesian linear
model with an intrinsic feature selection capability, and this
method resulted in a slightly higher prediction accuracy to the
validation data compared with the ridge regression. The ridge
and ARD models showed relatively large fitting errors to the
training data. This indicates that the relationship between the
general-purpose features used in this study and the emission
peak wavelength is basically nonlinear, although the general-
purpose features are numerous and diverse. The small di�erences
in the predictive performance scores between the training and
validation data of these linear models imply that the obtained
predictive performance almost reached the optimal of linear
models.

Nonlinear regression methods were applied to obtain a
higher predictive performance. The RF model showed slightly
smaller MAE but larger RMSE to the validation data than the
ARD model. The GB model showed much smaller MAE and
RMSE to the validation data than the ARD and RF models.
However, the fitting errors of the GB model to the training data
were almost zero, and overfitting was concerned. To dispel the
concerns about the overfitting of the GB model, the bagging

Table 2 Mean absolute error (MAE), root mean squared error (RMSE), and coefficient of determination (R2) of the machine learning models for the
training and validation data in the cross validation. The scores were averaged among the folds of the cross validation. Standard deviations among the folds
are shown in parentheses

Regression method

MAE (nm) RMSE (nm) R2

Training Validation Training Validation Training Validation

Ridge 24 (1) 29 (7) 31 (1) 36 (9) 0.85 (0.01) 0.74 (0.13)
ARD 25 (1) 28 (6) 31 (1) 34 (9) 0.84 (0.02) 0.77 (0.12)
RF 10 (0) 27 (7) 14 (1) 35 (11) 0.97 (0.00) 0.75 (0.19)
GB 0 (0) 24 (9) 0 (0) 31 (12) 1.00 (0.00) 0.79 (0.18)
Bagging of BG 10 (0) 25 (7) 14 (1) 33 (10) 0.97 (0.00) 0.77 (0.17)
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technique was adopted to the GB regression. The bagging
technique is also used in the RF regression and is expected to
suppress the overfitting. The bagging of the GB model showed
intermediate predictive performance to the validation data
between the GB and RF models. The better predictive perfor-
mance of the bagging of the GB model compared with the RF
model is probably due to the higher predictive capacity of the
GB regression as a base learner compared with that of the
regression trees in the RF model.

The RF, GB, and bagging of GB models showed large
prediction errors for some specific compounds in the valida-
tion folds. A plausible cause of these large prediction errors is
that the phosphor dataset used in this study is not su�ciently
large with respect to the diverse phosphor materials. If a host
compound is unique in the dataset and is put in the validation
data in a fold of the cross validation, the training data does not
contain compounds like the unique host, resulting in a large
prediction error. Another possible cause of the large prediction
errors is the quality of the reported emission peak wavelengths.
Some phosphor materials have a deviation of tens of nm or

more in the reported emission peak wavelengths. Phosphors
with large deviations have been eliminated from the dataset as
mentioned in the Methods section, but the data might not be
fully curated yet. Further investigation for the large prediction
errors is beyond the scope of this study, whereas obtaining a
high-quality dataset that covers diverse materials is a big issue
in the data-driven materials research.

Emission peak wavelength is used as the target variable in
this study, while the energy of the emission peak was used
as the target variables in the previous studies.6,7 Note that in
principle, correction of intensity is required to convert an
emission spectrum from the wavelength to energy and vice
versa, and its peak top shifts. For comparison with previous
studies, the emission peak wavelengths were simply converted
into energy without such intensity correction, and regression
on the converted energy was conducted. The bagging of the GB
method was used. The prediction accuracy and the plot of the
predicted values with respect to the reported ones are shown in
Table S4 and Fig. S1 in the ESI.† The present results (0.13 eV
MAE, 0.16 eV RMSE) are slightly smaller (better) than those in

Fig. 2 Predicted emission peak wavelengths with respect to reported values for the training (blue) and validation (red) data in the cross validation using
(a) ridge, (b) automatic relevance determination (ARD), (c) random forest (RF), (d) gradient boosted regression trees (GB), and (e) bagging of GB methods.
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ref. 7 (0.139 eV MAE, 0.183 eV RMSE), and slightly larger (worse)
than ref. 6 (0.020 eV2 MSE corresponding to 0.14 eV RMSE).
Only the features derived from the chemical composition were
used in ref. 7, whereas features derived from the structure were
also considered in ref. 6 and in this study. This would have
resulted in the slightly poorer predictive performance in ref. 7.
In ref. 6, the data were restricted to phosphors with only a
single substitution site and to examples of the critical activator
concentrations corresponding to concentrations showing the
highest PL intensity. In contrast, some phosphors in the pre-
sent dataset had multiple substitution sites and the activator
concentrations depended on the literature. The restriction in
ref. 6 might have suppressed the data variability and reduced
the RMSE, but it also limited the coverage of the machine
learning model.

Test with additional literature data

To develop new phosphor materials, the AtomWork-Adv mate-
rials database was explored and candidate host compounds of
oxides, nitrides, and oxynitrides composed of main elements
and containing Ca, Sr, or Ba elements were collected. Emission
peak wavelengths of the collected compounds were predicted
using the bagging of GB model that was rebuilt using the whole
phosphor dataset with the optimized parameters. Compounds
with predicted wavelengths of about 500�550 nm were selected
as candidates of green-emitting phosphors. Some of the col-
lected compounds had already been reported as Eu2+-activated
phosphors, while they were not in the phosphor dataset.
Therefore, an additional test was performed on the machine
learning model with additional 21 Eu2+-activated phosphors.

The predicted and reported emission peak wavelengths of
the additional 21 phosphors are illustrated in Fig. 3, which are

overlaid on the cross-validation results (Fig. 2e). MAE and
RMSE to the test data were 33 nm and 42 nm, respectively.
The distribution of the prediction errors looks comparable with
that for the validation data in the cross validation, but the MAE
and RMSE were much larger than the values estimated by the
cross validation. The test data contained Sr2GeO4:Eu2+, which
looked like an outlier. Sr2GeO4:Eu2+ showed the largest predic-
tion error: 515 nm of the prediction versus 620 nm reported in
ref. 27. This host compound contains Ge element, which was
not in the phosphor dataset as shown in Fig. 1b. MAE and
RMSE to the other 20 test data except Sr2GeO4:Eu2+ were
respectively 30 nm and 37 nm, which were comparable to the
results from the cross validation. These suggest that it is
essential to extend the phosphor dataset to cover the diverse
phosphor materials for a higher predictive performance over a
wide range of candidate compounds.

Exploration of new phosphor materials

As described in the previous section, oxides, nitrides, and
oxynitrides composed of main elements and containing Ca,
Sr, or Ba elements were collected from the AtomWork-Adv
materials database to develop new phosphors. 20 candidate
compounds were selected by removing high-pressure phases
and selecting compounds with predicted emission peak

Fig. 3 Predicted emission peak wavelengths with respect to reported
values for the test data of the additionally collected Eu2+-activated
phosphors (green) using the bagging of the gradient boosted regression
trees method. The plot is overlaid on the cross-validation results (Fig. 2e).

Table 3 Compositions and space groups of candidate compounds,
predicted emission peak wavelengths, and summary of experimental
results. Multiple lines for a single composition denote that the candidate
composition has polytypes. The space groups and predictions for the
polytypes of the synthesized products are underlined

Index Composition Space group

Predicted
wavelength
(nm) Experimental results

1 Ba2MgGe2O7 P%421m (113) 501 No luminescence
2 Ba2ZnGe2O7 P%421m (113) 500 No luminescence
3 Ca2Ga2GeO7 P%421m (113) 513 No luminescence
4 Ca2GeO4 P63mc (186) 518

No luminescencePnma (62) 517
5 Ca2ZnGe2O7 P%421m (113) 510 Low-purity products
6 Ca3Al2Ge3O12 Ia%3d (230) 486 Eu3+ luminescence
7 Ca5Ge3O11 C2/m (12) 517

Eu3+ luminescenceP%1 (2) 523
8 CaGa2O4 Pna21 (33) 512 No luminescence

P21/c (14) 515
9 K4BaSi3O9 Ama2 (40) 520 Eu3+ luminescence
10 K4CaGe3O9 Pa%3 (205) 524 Eu3+ luminescence
11 K4SrSi3O9 pa%3 (205) 524 Eu3+ luminescence

Ama2 (40) 519
12 Li2Ca4Si4O13 P%1 (2) 529 Eu2+ luminescence,

520 nm
13 Na2Ca2Si2O7 C2/c (15) 544 Eu2+ luminescence,

527 nm
14 Na2SrSi2O6 R%3m (166) 519 Eu3+ luminescence
15 Na4SrSi3O9 C2 (5) 527 No luminescence
16 Sr2Al2GeO7 P%421m (113) 508 Eu3+ luminescence
17 Sr2MgGe2O7 P%421m (113) 494 No luminescence
18 Sr3Ga4O9 P%1 (2) 516 No luminescence
19 SrGeO3 C2/c (15) 485 No luminescence

P%1 (2) 496
20 SrLaGaO4 I4/mmm (139) 548 Eu2+ luminescence,

502 nm
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29 V. Kahlenberg and A. Hösch, Z. Kristallogr., 2002, 217, 155.
30 J. F. Britten, H. A. Dabkowska, A. B. Dabkowski, J. E.

Greedan, J. L. Campbell and W. J. Teesdale, Acta Crystallogr.,
Sect. C: Cryst. Struct. Commun., 1995, 51, 1975.

Materials Advances Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

9 
N

ov
em

be
r 

20
22

. D
ow

nl
oa

de
d 

on
 1

/6
/2

02
3 

2:
11

:5
3 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

https://atomwork-adv.nims.go.jp/
https://github.com/yoshida-lab/XenonPy/
https://scikit-optimize.github.io/
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d2ma00881e



