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Composition-based machine learning for
predicting and designing Mn**-doped phosphors
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We present a data-driven approach to predict the excitation wavelength, emission wavelength, and crystal
field energy levels (*T4, *T,) in Mn**-doped phosphors based solely on elemental composition. For the first
time, we construct the largest and most compherensive experimental dataset of Mn**-activated phosphors

to train and accurately predict the properties without relying on complex structural descriptors. Among

several evaluated models, the K-Nearest Neighbors and Extra Trees Regressors achieved the highest

accuracy for predicting excitation and emission wavelengths, respectively. Importantly, to evaluate
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generalization, we test these models on Eu®*-doped systems and achieve high predictive accuracy. An

inverse design model is further developed to suggest candidate phosphor compositions for target optical
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1. Introduction

Phosphor materials, also referred to as luminescent materials,
are solids capable of converting various forms of energy into
electromagnetic radiation beyond simple thermal emission."
Due to their unique optical properties, phosphors have become
increasingly significant in both academic research and practical
applications. These materials are extensively employed across
diverse applications such as display technologies,** sensors,*”
biomedical imaging,” food quality analysis,® health moni-
toring,>'® and agriculture."* Phosphors typically consist of
a host material doped with luminescent activator ions. Among
these activators, Mn*" ions are well known as efficient red-light
emitters because of their excellent thermal and chemical
stability, low cost, and environmental friendliness.»*** Mn**-
doped phosphors exhibit broadband excitation and sharp red
emission lines that primarily arise from the >E — *A, transition.
Their optical properties can be interpreted using the Tanabe-
Sugano diagram, which describes electronic transitions from
the ‘A, ground state to the T, and T, excited states, as well as
the ?’E — “A, transition. To fully exploit their potential, it is
essential to investigate key spectroscopic and electronic
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outputs. By avoiding complex descriptors while preserving accuracy and interpretability, this work
provides a foundation for theory-informed discovery of luminescent materials.

properties that govern their behaviors. In particular, deter-
mining the excitation wavelength, emission peak, and elec-
tronic transitions (*T; and *T,) is crucial for controlling the
color, brightness, efficiency, and stability of these materials. By
studying them, researchers can better design phosphors to
meet specific requirements in lighting, imaging, sensing, and
other advanced applications.

Accurately predicting the excitation wavelength, emission
peak, and the *T; and T, energy levels is not only crucial for
optimizing the performance of phosphor materials, but also
fundamental to advancing our theoretical understanding of
their luminescent behavior.'»** These physical quantities
provide insights into the electronic structure and energy
transfer mechanisms that govern how materials interact with
light. In particular, the *T; and *T, energy levels are associated
with specific electronic transitions of dopant ions, which
influence both the position and intensity of emission bands. By
analyzing these transitions, researchers can infer the local
coordination environment, crystal field strength, and site
symmetry of activator ions within the host lattice.** This infor-
mation is essential for selecting suitable host materials and
dopants to achieve the desired emission and thermal stability.*
Similarly, the emission peak indicates the energy of photons
released as excited electrons return to lower energy states, while
the excitation wavelength represents the energy required to
trigger this luminescent process. Knowing these two quantities
helps select suitable excitation sources, enhance color quality,
and evaluate optical efficiency of phosphor materials.'® These
understanding plays a key role in facilitating fabrication and
application by identifying promising material systems prior to
synthesis.
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While experimental techniques such as photoluminescence,
photoluminescence excitation, time-resolved luminescence,
and temperature-dependent emission analyses have been
widely used,“*”** they require costly equipment, demanding
sample preparation, specialized environments, and time-
consuming procedures. These problems limit their use in
high-throughput or exploratory studies. In contrast, theoretical
methods based on using machine learning (ML) or deep
learning (DL) to analyze database give fast and accurate esti-
mation of key optical parameters using only compositional or
structural data.>®*' These computational approaches dramati-
cally reduce time and resources needed to screen and optimize
phosphor materials.

Machine learning and deep learning are increasingly being
applied to the research and design of luminescent materials,
particularly phosphors used in LED technologies.?*** These
models allow us to predict the emission wavelength,>*>*27,30-3>
thermal quenching temperature,*”**** spectral bandwidth, and
quantum yield** based on a material's composition and crystal
structure. Algorithms including artificial neural networks
(ANN),* Gradient Boosting Regression,******** and Random
Forest**>** have shown strong performance in accelerating the
discovery and optimization of phosphor materials. Among
various dopants, europium (Eu)-doped phosphors are the most
widely studied using machine learning because a large amount
of experimental data is available for them.?®*"**3* In contrast,
other dopant systems remain underexplored because of the lack
of comprehensive and publicly available data. Another major
challenge in this area is the use of many input features, which is
typically between 50 and 150, for most machine learning
models.?*?*?%%173* These features often include detailed infor-
mation at the atomic level such as atomic structure data,? ionic
radii,”**»**  atomic weights,**** and electronegativity
values.>*?*?7:30313¢ Furthermore, collecting full data for each
material is often difficult and takes time.

These challenges raise important questions about how to
improve the accuracy and usefulness of machine learning
models for designing phosphor materials. (1) Can the excitation
wavelength, emission peak, *T; and *T, energy levels of Mn**-
doped phosphors be accurately predicted using only elemental
composition without relying on experimental properties or
complex descriptors? (2) Which machine learning algorithms
provide the best predictive accuracy for excitation and emission
properties of Mn**-doped phosphors? (3) Are models trained
solely on Mn*"-doped compositions transferable to other
dopant systems with different luminescent behavior? (4) Lastly,
can an inverse-design approach be developed to propose
candidate phosphor compositions based on desired excitation
and emission wavelengths? Answering these questions will help
create more efficient and generalizable machine-learning tools
to better discover and design new phosphor materials.

In this work, we address these challenges by developing
a data-driven approach to predict and design phosphor mate-
rials. We first collect experimental data on Mn**-doped phos-
phors and use it to train machine learning models that predict
the excitation wavelength, the emission peak, and the wavelength
of the *T; and T, transition based solely on chemical
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composition. To evaluate the generalizability of our approach, we
apply the trained models to predict the optical properties of Eu**-
doped phosphors. Once reliable forward prediction models are
established, we construct an inverse design algorithm to suggest
phosphor compositions based on target properties.

2. Theoretical background

Our modeling workflow consists of six main steps as illustrated
in Fig. 1. First, a dataset of Mn**-doped phosphors is collected
from peer-reviewed papers and books. Second, the data is pre-
processed and transformed into numerical features based on
elemental composition. In the third step, six different machine
learning algorithms including Extra Trees (ET), Random Forest
(RF), K-Nearest Neighbors (KNN), Gradient Boosting (XGB),
Support Vector Regression (SVR), and Decision Trees (DT) are
trained to predict the excitation wavelength, emission wave-
length, and the “T, and “T, energy levels. The fourth step uses the
coefficient of determination (R*), root-mean-square error (RMSE),
and mean absolute error (MAE) to evaluate model performance.
In the fifth step, model generalization is tested using an inde-
pendent dataset of Eu’*-doped phosphors to assess trans-
ferability across different dopant systems. Finally, an inverse
design model is constructed to propose new phosphor compo-
sitions that match user-defined excitation and emission targets.

2.1. Data collection

Two datasets were used to develop and validate the predictive
models. The first dataset, constructed for the first time,
contains information on 1734 Mn**-doped phosphors reported
in 271 published studies. In all cases, the activator charge state
is taken from experimental papers where Mn is explicitly iden-
tified as Mn*". It was collected to train machine learning models
to predict excitation wavelength, emission wavelength, and the
T, and *T, energy levels. The host materials in this dataset
consist of three to six elements including 373 ternary, 1089
quaternary, 252 quinary, and 20 senary compositions. The
experimental data covered broad ranges: excitation wavelengths
from 253 to 500 nm, emission wavelengths from 600 to 731 nm,
T, energy levels from 224 to 487 nm, and *T, energy levels from
274 to 680 nm. In total, the dataset includes 1734 data points for
excitation and emission wavelengths and 1701 data points for
T, and *T, energy levels. The second dataset, used to test model
generalization, consists of 1665 data points for excitation and
emission wavelengths of Eu-doped phosphors taken from ref.
31. Following the source experimental literature, the Eu acti-
vator in this set is categorized as Eu®". All datasets used in this
study are provided in the SI.

2.2. Feature engineering

After collecting the datasets, the chemical compositions were
converted into a normalized input format suitable for the
predictive models. Each material was expressed as A,BpC.- -
Mn,,,, where A, B, C, and Mn are the constituent elements, and
a, b, ¢, and mn are their atomic percentages. These percentages
were calculated by dividing the number of atoms of each

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig.1 (Color online) Workflow for predicting the excitation, emission, and energy levels *Ty, *T, of Mn**-activated phosphor using six machine
learning algorithms, followed by an inverse design approach to determine the optimal chemical formula of the phosphor material.

element by the total number of atoms in the formula to ensure
that the sum equals 100%. The resulting representation is
a fixed-length vector comprising 44 features, each correspond-
ing to a possible element, where the feature value is set to zero
for elements not present in the composition.

2.3. Machine learning modeling

The dataset was randomly divided into training and testing
subsets using an 80:20 ratio, which is commonly used in
machine learning studies. In our previous work,* we examined
different splitting ratios ranging from 60:40 to 90:10 and
found that increasing the proportion of training data generally
improves the predictive accuracy. However, the improvement
becomes marginal when the training set increases from 80 to
90%. To validate our model and avoid overfitting, a 5-fold cross-
validation was used during training. Moreover, we performed
hyper parameter optimization for each machine learning algo-
rithm using a randomized search approach. In our work, all
regression models and the GridSearchCV-based hyper-
parameter tuning were implemented using the scikit-learn
library.*>*¢ This approach scans a broad range of parameter
values and selects those that give the best results under cross-
validation and improve predictive accuracy.

The model performance was evaluated using the coefficient
of determination (R?), root mean squared error (RMSE), and
mean absolute error (MAE), defined as

i i— ﬁi)z
1)

© 2026 The Author(s). Published by the Royal Society of Chemistry

1 & -
RMSE = ;Z(ywy,-), (2)

MAE = -3 -5 ®)
i=1

where y; and y; are the observed and predicted values for the ith

data point, y is the mean of the observed values, and n is the

total number of data points. A model with higher R* and lower

RMSE and MAE values is considered to have better predictive

accuracy.

3. Results and discussion

Table 1 provides a summary of previous studies that applied
machine learning and deep learning models to predict various
properties of phosphor materials. These works include both
experimental and DFT-based datasets and use a range of algo-
rithms to model optical and thermal properties such as emis-
sion wavelength, thermal quenching temperature, lifetime, and
quantum efficiency for different dopant systems. The values in
Table 1 serve only as literature benchmarks and are not used as
training or test data in our present study. While these studies
show the potential of machine learning for phosphor research,
they are generally limited by small datasets, narrow dopant
types, or the use of complex descriptors that are not always
available for new materials. The wide range of predictive accu-
racy, even when detailed structural or DFT-derived descriptors
are employed, indicates that phosphor structure-property
relationships remain challenging to capture accurately. There is
still significant room for improvement in both descriptors and
models. Notably, none of the prior studies analyzed a large and
comprehensive dataset for Mn**-doped phosphors. In this
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Table1l Summary of datasets, ML and DL models, and their corresponding R?, RMSE and MAE values reported in previous studies for predicting
various properties of phosphor materials

Size of data  Type of data  Type of doping  Predicted DL/ML models R? RMSE MAE Reference
39 Experiment ~ Mn** ’E energy (cm ) Linear regression  0.95 149.99  89.33 22
(lowest energy excited state) Robust regression  0.94 153.73  95.68
Lasso regression 0.95 149.86  91.05
Ridge regression 0.93 168.07  133.81
ElasticNet 0.66 383.54 281.9
DT 0.31 541.56 401.17
RF 0.72 348.04 249.26
116 Experiment Mn** Emission peak (nm) XGB 0.71 14.25 9.88 23
RF 0.80 16.65 10.77
Lasso regression 0.64 17.09 11.37
Ridge regression 0.69 18.93 12.82
KNN 0.85 13.08 8.13
SVR 0.81 13.6 9.39
33 Experiment Mn** Emission peak (nm) RF 0.87 0.7 24
65 Experiment Mn** Lifetime (ms) RF 0.432 25
2832 DFT ce® Relative permittivity (¢,) (eV)  XGB 0.93 0.65 26
219 Experiment ce** Centroid shift (eV) XGB 0.90 0.18
76 Experiment ce* Emission peak (nm) Kernel Ridge 0.79 12.64 27
Thermal quenching (K) 0.64 37
2610 DFT Eu”" and Ce**  Debye temperature (K) SVR 0.89 59.9 37.9 28
269 Experiment Eu** Thermal quenching (K) SVR 0.71 31 29
129 Experiment Eu” Emission peak (nm) XGB 0.78 42 30
1665 Experiment  Eu®" and Eu** Emission peak (nm) XGB 0.866 11.2 31
877 1st excitation max (nm) 0.775 8.83
951 Decay time (ns) 0.987 0.09
1252 CIE X coordinate 0.937 0.02
1252 CIE Y coordinate 0.814 0.02
183 Thermal quenching (K) 0.574 44.61
555 Internal quantum efficiency 0.674 9.8
56 External quantum efficiency 0.675 8.48
186 Experiment crt Emission peak (nm) SVR 0.821 8.761 32
KNN 0.85 9.125
95 Experiment Eu** Excitation wavelength (nm) CBP 0.999 1.68 33
Multiple linear 0.999 1.74
ANN 0.9999 1.83
296 Experiment Eu’ Asymmetry ratio () RF 0.90 1.03 0.77 34

work, we collect such dataset for the first time and use it to
develop composition-based machine learning models that
accurately predict the excitation wavelength, emission peak,
and “T; and *T, energy levels, as well as to facilitate inverse
design of new phosphor compositions.

3.1. Predicting the properties of Mn-doped phosphors

Fig. 2 shows the predictive performance of six machine learning
models for estimating the excitation wavelengths of Mn*'-
doped phosphors. Among these models, the K-Nearest Neigh-
bors Regressor achieves the best performance with an R*> of
0.88, an MAE of 8.70 nm, and an RMSE of 21.73 nm on the test
set. The remaining models present lower accuracy with R
values between 0.77 and 0.86, RMSE values from 23.24 to
29.67 nm, and MAE values from 8.5 to 11.44 nm. These results
indicate that KNN captures the relationship between phosphor
composition and excitation wavelength more effectively than
other models. However, as seen in Fig. 2, there is a smaller
subset of samples having noticeably larger deviations. These
outliers show that some key factors are not captured by our
composition-only representation. In reality, excitation

1418 | RSC Adv, 2026, 16, 11415-11425

wavelengths are strongly influenced by local coordination
geometry, site symmetry, charge-compensation defects,
possible multi-centre emission, and experimental issues such
as overlapping excitation bands. Because these effects are not
explicitly included in our descriptors, these outliers reveal the
limits of a purely composition-based model and point to the
need for future extensions.

Compared with previous work on Eu-doped phosphors (ref.
31), our models achieve higher R* values, which are typically
below 0.8 in earlier studies. In contrast, ref. 33 reported R
values close to 1 because the dataset is small, less noisy, and
based on simple luminescent materials with features strongly
related to the predicted property. The evaluation was mainly
performed on the training set with a small test set and without
rigorous cross-validation. In our case, the Mn** dataset is much
larger and chemically more diverse, so some residual scatter
and a limited number of outliers are unavoidable in a minimal-
input model. These outliers indicate that additional factors
beyond chemical composition such as local structure, defects,
or experimental uncertainties also influence the excitation
behavior. We therefore view the present results as a realistic

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 (Color online) Predictive performance of six regression models for excitation wavelength estimation of Mn**-doped phosphors on the
test dataset including (a) Extra Trees Regressor, (b) K-Nearest Neighbors Regressor, (c) Random Forest Regressor, (d) Support Vector Regressor,

(e) Decision Tree Regressor, (f) Gradient Boosting Regressor.

baseline for composition-only predictions and as a starting
point for future models that incorporate more detailed struc-
tural descriptors.

The emission-wavelength prediction accuracy of six machine
learning models for Mn**-doped phosphors is compared in
Fig. 3. All models show high accuracy with R* values between
0.94 and 0.98, MAE values ranging from 1.24 to 5.14 nm, and
RMSE values from 4.01 to 7.27 nm. Among them, the Extra
Trees Regressor exhibits the best performance with the highest
R? of 0.98, the lowest MAE of 1.24 nm, and RMSE of 4.37 nm.
The K-Nearest Neighbors, Random Forest, and Support Vector
Regression models also provide good predictions with R* values
above 0.96. Compared with emission peak predictions in earlier
studies*>*273932 (Table 1), our models achieve better accuracy
due to the larger and more comprehensive dataset and the use
of advanced algorithms. The maximum emission wavelengths
of Mn**-doped phosphors typically fall within two ranges: red
(620-640 nm) and deep-red/far-red (650-740 nm). The Extra
Trees Regressor is the most accurate in the red region, while the
Support Vector Regressor performs slightly better for deep-red
and far-red emissions. These results suggest that different
algorithms capture distinct composition-property relation-
ships, and that ensemble-based methods, particularly Extra
Trees, are highly effective for modeling emission behavior.

To gain chemical insight into these predictions, we analyze
the feature importance of the Extra Trees model for emission
prediction (Fig. S4 in the SI). The analysis shows that fluorine
(F), oxygen (O), lanthanum (La), and aluminum (Al) have the
highest importance scores, while the remaining elements

© 2026 The Author(s). Published by the Royal Society of Chemistry

contribute more weakly. This trend is consistent with physical
expectations. The presence of F and O anions significantly
affects the local anion environment around Mn*" and therefore
have a strong influence on the crystal-field strength, covalency,
and nephelauxetic effect.*” La and Al act as common host
cations that control the local coordination geometry and lattice
rigidity.*®*® By contrast, many other cations mainly play
secondary structural or charge-balancing roles. As a result, they
contribute less independent information to the model and thus
receive lower feature-importance scores.

The predictive performance of six machine learning models
for estimating the “T, energy levels of Mn*"-doped phosphors is
shown in Fig. 4. The Decision Tree Regressor achieves the
highest accuracy with an R* of 0.82, an MAE of 5.44 nm, and an
RMSE of 13.04 nm. The remaining models (Extra Trees, Support
Vector Regression, K-Nearest Neighbors, Gradient Boosting
Regressor and Random Forest) provide slightly lower predictive
performance with R®> values ranging from 0.77 to 0.81.
Compared with the emission-peak prediction, the accuracy for
T, is clearly reduced. This difference arises mainly from the
way *T; energies are determined and from their stronger
dependence on local structure. The *A, — “T, transition and
other electronic transitions such as the charge-transfer band
and the “A, — T, transition can spectrally overlap. This leads
to the experimental determination of “T; energies less precise
and introduces uncertainties into the training dataset. In
addition, the “T; energy is highly sensitive to local coordination
geometry, crystal-field distortions, and covalency, whereas our
descriptors do not fully capture these local effects.

RSC Adv, 2026, 16, 11415-11425 | 11419
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Fig. 3 (Color online) Predictive performance of six regression models for emission-peak estimation of Mn**-doped phosphors on the test
dataset including (a) Extra Trees Regressor, (b) K-Nearest Neighbors Regressor, (c) Random Forest Regressor, (d) Support Vector Regressor, (e)
Decision Tree Regressor, (f) Gradient Boosting Regressor.

Fig. 5 shows the predictive performance of the six machine
learning models for the “T, energy level. Unlike the results ob-
tained for the *T; energy level, the K-Nearest Neighbors
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Regressor outperforms other models with an R* of 0.86, MAE of
4.12 nm, and RMSE of 13.96 nm. The Decision Tree Regressor,
which previously provided the best results for predicting *T;

Fig. 4 (Color online) Predictive performance of six regression models for estimating the *T; wavelength of Mn**-doped phosphors on the test
dataset including (a) Extra Trees Regressor, (b) K-Nearest Neighbors Regressor, (c) Random Forest Regressor, (d) Support Vector Regressor, (e)
Decision Tree Regressor, (f) Gradient Boosting Regressor.
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Fig.5 (Color online) Predictive performance of six regression models for estimating the “T, energy levels of Mn**-doped phosphors on the test
dataset including (a) Extra Trees Regressor, (b) K-Nearest Neighbors Regressor, (c) Random Forest Regressor, (d) Support Vector Regressor, (e)

Decision Tree Regressor, (f) Gradient Boosting Regressor.

energies, shows significantly lower accuracy for the *T, level
with an R? of 0.75, MAE of 5.22 nm, and RMSE of 18.76 nm. The
remaining models present intermediate predictive performance
with R values ranging from 0.81 to 0.83. These findings suggest
that different electronic transitions exhibit distinct relation-
ships with compositional features and machine-learning
models may be particularly effective at modeling the *T,
energy level.

To further examine the generalization capability of the
emission model, we applied the trained Extra Trees regressor to
an independent set of Mn**-doped phosphors that were not
used in either training or testing. Specifically, we considered all
Mn*"-activated compositions in very recent works*** that (i)
exhibit a dominant red emission band and (ii) contain only
elements represented in our descriptor space. As shown in

Table 2 Comparison of emission peak wavelengths (nm) predicted by
the Extra Trees regression model with experimental values from recent
studies (published in 2025) on Mn**-doped phosphors

Formula Actual Predicted Ref.
LaMg;5Sbg.99907Mnyg 001 695 696.81 40
CaYMgNby.99706Mng 003 688 691.82 41
CaAl,Si; 99,0sMn 4 680 690.9 42
Mgr5Geg.4Sn1 1035F15,04MnN o5 659 638.37 43
Cag gNag ¢Gdo sMgWOGMNo.0005 685 698.2 44
LazGasSig.0908014MNg 0001 713 686.8 45
CsNaWO,F,;Mng o, 631 622.55 46
Cay 9oMng 01La38b;01,4 709 702.6 47
7Ny 99Mng 1L23Sb3014 690 704.75 47
Mg1.99Mng o1 La3Sb3014 705 703.87 47

© 2026 The Author(s). Published by the Royal Society of Chemistry

Table 2, the absolute differences between predicted and exper-
imental wavelengths range from 1.1 to 26.2 nm, with a mean
deviation of approximately 10.7 nm and an RMSE of about
13.2 nm. These errors are larger than the internal test-set, as
expected for an external validation set comprising newly re-
ported materials. But these findings indicate that the model is
able to provide reasonably accurate first-order estimates of
emission peaks for previously unseen Mn*'-doped phosphors.
Rather than serving as an exact line-position predictor, the
current model is therefore best viewed as a screening tool to
identify promising candidate compositions in the desired
spectral range.

3.2. Predicting the properties of Eu-doped phosphors

To examine whether a composition-based representation can
capture host-dependent trends that extend beyond a single
activator ion, we next performed a transferability test on Eu-
doped phosphors. Although Mn** and Eu®" differ in their elec-
tronic configurations and detailed emission mechanisms, the
positions of their emission bands are physically governed by the
host lattice. These host effects are encoded in the elemental
composition. Therefore, we apply the same composition-based
modeling approach, originally developed for Mn**-activated
phosphors, to an independent Eu**-doped dataset. This allows
us to evaluate whether the approach remains effective across
different activator ions.

After training the machine learning models on Mn**-doped
phosphor data, we evaluate their transferability by applying
them to a dataset of Eu-doped phosphors. The experimental

RSC Adv, 2026, 16, 11415-11425 | 11421
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dataset was obtained from a recent work of Jang,* and the
results are presented in Fig. 6. As shown in Fig. 6a, the Extra
Trees Regressor predicts the emission peaks with relatively high
accuracy, reaching R*> = 0.89, MAE = 7.6 nm, and RMSE =
20.58 nm. It is important to note that the model was trained
only on Mn**-doped phosphors, which emit in the 620-740 nm
range, yet it is able to provide reasonably accurate predictions
for a broader spectral range of 360-780 nm. In contrast, Fig. 6b
presents the excitation wavelength prediction using the
Gradient Boosting Regressor, which obtains an R® of 0.7, an
MAE of 30.03 nm, and an RMSE of 15.88 nm. These results
indicate that the cross-dopant excitation predictions are less
accurate than the emission predictions.

Compared with the results reported by Jang et al.,** where
emission-peak wavelength prediction achieved R> = 0.866 and
excitation prediction for the first peak reached R*> = 0.775, our
model performs competitively or better. Jang's excitation model
was trained only on the first excitation peak, while our model
was trained on a broader dataset. For a fair comparison, we also
retrain our model using only the first excitation peak data and
obtain R* = 0.88. Details of this analysis are provided in the SI.
In addition to the validation on Eu-doped phosphors, our
approach also shows superior performance on the Mn**-doped
dataset, where the best emission model reaches R* = 0.98. This
indicates a significant improvement over previous models,
which reported R* values between 0.78 and 0.87.232427:30-32

To further validate the generalizability of our model, we
compare its predictions with experimental data from several
recent studies on Eu’*-doped phosphors published in 2025.
Table 3 presents a direct comparison between predicted and
experimental emission peaks for a series of compositions not
included in the training and testing process. Across these 13
samples, the mean absolute deviation between predicted and
experimental values is on the order of 10-20 nm. The Extra
Trees model therefore remains reasonable predictive accuracy
for Eu*"-doped systems, even though it was trained exclusively
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Table 3 Comparison of emission peak wavelengths (nm) predicted by
the Extra Trees regression model with experimental values reported in
previous studies of Eu*"-doped phosphors

Formula Actual Predicted Ref.
Sr3CaNDb; 49405EUq o6 613 613.3 48
Ca,MgWOgEU, o1EUq o2 616 613.64 49
Y,ALOGEU, o5 611 595.45 50
La,LiNbOGEu, , 613 614.3 51
LiZnPO,Eug o3 594 572.57 52
LiSnPO,Eug.3 616 556.17 52
SryLagSig02,CLEu, 1 614 579.35 53
LaNb,VO.EU, 003 618 614.95 54
SrLaZnNbOgEu, 11 618 613.5 55
Ca,LaNbOgEu, o, 615 614.15 56
CazZr,SiGa,0,,Eug ¢ 610 572.15 57
Na,ZrO;Eu. 0z 613 602.57 58
Sr;3La,;W,0,,EU o0 616 608.82 59

on Mn**-doped data. Using very recent experimental data
provides an independent check on model performance and
indicates that the proposed framework can be applied to newly
reported luminescent materials that were not part of the orig-
inal training set.

3.3. Inverse design

In the final stage of this work, we propose a simple inverse-
design approach. Since the Extra Trees Regressor model has
been found to have the highest predictive performance for
emission wavelength prediction, we choose this model to
construct the inverse design framework. The inverse-design
calculations use the same datasets as the forward case but the
roles of inputs and outputs are reversed. Particularly, the exci-
tation and emission wavelengths are taken as predictors, and
the compositional vectors are used as targets. The continuous
predictions are then converted into chemical formulas by
rounding the atomic fractions to the nearest meaningful values.

b
( )500 Model GradientBoostingRegressor

MAE = 15.88 nm
S 450 | RMSE = 30.03 nm . J
© R?=0.70 . < og
2 400 | o © v ., ..o !. -
Lu o
® 350 . o 3 44 ]
= ° ° l. °
300+ “no o . o |
3
S 250 - y . |
g
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(Color online) Evaluation of prediction performance for (a) emission peak wavelength using the Extra Trees Regressor and (b) excitation

wavelength using the Gradient Boosting Regressor on the test dataset for Eu-doped phosphors.
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A predicted composition is regarded as correctly recovered
when the reconstructed formula exactly matches the reported
experimental one. The continuous predictions are then con-
verted into chemical formulas by rounding the atomic fractions
to the nearest meaningful values, and a predicted composition
is regarded correctly recovered when the reconstructed formula
exactly matches the reported experimental one. To the best of
our knowledge, applying a tree-ensemble regressor in this
composition-based inverse direction has not previously been
proposed for investigating materials.

Our inverse-design approach is then applied to two datasets,
one for Mn*"-doped phosphors and one for Eu-doped phos-
phors. The results show that on the Mn** dataset, the model
successfully predicts the compositions of 265 out of 347 test
samples. Similarly, on the Eu dataset, it correctly identifies 144
out of 333 compositions in the test set. Because the Extra Trees
regressor is an unconstrained continuous model, its outputs for
the atomic fractions are real numbers and are not mathemati-
cally forced to satisfy compositional constraints. In principle,
the predicted fractions may sum to slightly more or less than
100% or even become negative. In our calculations, we do not
observe negative fractions. To obtain chemically meaningful
formulas, we therefore discard any predicted composition with
a total atomic fraction that deviates from 100%. This screening
is applied only to the model outputs in the inverse-design stage.
All input compositions in the training and test sets are taken
directly from experiment and are already physically valid. Under
this constraint, about 96% of the suggested compositions
remain valid. This indicates that our inverse-design scheme can
propose phosphor compositions from desired optical targets.
Rather than serving as a purely generative model, it provides
a practical tool to rapidly screen and suggest new phosphor
candidates. Thereby, our calculations support experimental
synthesis and reduce the time and resources required for
materials discovery. The predicted compositions generated by
the inverse-design model are listed in SII for Mn*'-doped
phosphors and SIII for Eu-doped phosphors in the SI.

Our inverse-design calculations are carried out purely in
composition space under simple chemical constraints. All atomic
fractions are non-negative, renormalized to sum to 100%, and the
Mn or Eu dopant content is limited to the experimental range. The
present reverse-engineering scheme operates only at the compo-
sition level and is consequently more limited than structure-aware
inverse-design approaches that explicitly optimize lattice or
microstructural degrees of freedom. However, such structure-
resolved methods require reliable crystal structure models and
high-cost atomistic calculations. This causes their systematic
application to thousands of candidate phosphors to be chal-
lenging. Consequently, our inverse-design model is intended as
a fast-screening tool that can guide subsequent structure-based
simulations or experimental validation.

4. Conclusion

In conclusion, we have developed a composition-based machine
learning framework for predicting key optical properties of Mn**-
doped phosphors including the excitation wavelength, emission

© 2026 The Author(s). Published by the Royal Society of Chemistry
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peak, and “T; and T, transition wavelengths. For the first time, we
collected the largest experimental dataset of Mn*"-doped phos-
phors to train and evaluate multiple machine-learning models.
Among these models, the K-Nearest Neighbors and Extra Trees
Regressors provided the best predictive performance for excitation
and emission wavelengths, respectively. The trained models were
further validated on Eu**-doped phosphors to present promising
transferability across different dopant systems. An inverse design
approach was also developed to generate candidate phosphor
compositions based on user-defined optical targets. We note that
all Mn-doped compositions in our dataset have nominal Mn
contents below 10%, so the predictive performance reported here
is valid for the 0-10% Mn-doping range and should not be
extrapolated to higher concentrations without additional data.
Within the present Mn*" dataset, we do not observe any specific
host family or compositional class where the model consistently
fails. Prediction errors are distributed across different hosts.
Comparable accuracies are also obtained for Eu**-doped phos-
phors and in our other phosphor studies (under study and not
shown here). These observations indicate that the composition-
based approach works reliably across a broad range of chemis-
tries, while still leaving room for future structure-informed
models.

This work directly addresses the research questions raised in
the Introduction. We showed that accurate predictions of the
excitation wavelength, emission peak, and “T; and “T, transi-
tion wavelengths can be determined using only elemental
composition without requiring experimental properties or
complex descriptors. We further show that models trained
solely on Mn**-doped phosphors can generalize to Eu**-doped
systems, highlighting their transferability across different
dopant types. Additionally, our models can be optimized for
specific spectral regions and integrated into an inverse design
to propose candidate compositions that meet desired optical
targets. Compared with previous studies, our approach exhibits
higher predictive accuracy while requiring only simple compo-
sitional input. Our study provides a minimal-input and data-
driven approach for accelerating the discovery and design of
high-performance phosphors and expanding the search space
for next-generation luminescent materials.
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